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ABSTRACT

Artificial intelligence (AI) has become increasingly ubiquitous and powerful in recent years,

and the interaction patterns within AI inference systems have evolved with it. These patterns

have shifted from single-turn model-to-user exchanges to more complex interactions, such as

multi-turn model-to-user, model-to-model, and model-to-software workflows.

This shift greatly changes how inference systems should be designed and implemented.

In the classic machine learning era, the interface with a model was often a human-readable

object, such as text, images, audio, or video, because a human was commonly the final

consumer. In modern AI systems, however, interactions with models often do not involve

humans at all: model outputs are consumed by other inference requests, models, or software

control logic. This opens the possibility of interacting with models through model-native

state instead of only human-readable media, such as passing an LLM’s key-value (KV)

cache between inference components or converting software context into a di!erentiable

loss function that a model can optimize. When forced to communicate through human-

readable data, AI systems may repeat computation, increasing response delay, or miss what

downstream applications need, reducing decision quality.

This dissertation argues that, in these settings, the right media for interacting with AI

models are model-native states: internal or directly model-digestible states that incorporate

a model’s understanding of the input more directly than human-readable data. Once AI

systems communicate through such states, the central systems problem becomes how to

store, move, transform, and specialize them without losing the information that makes them

useful to the model. I study this problem through two forms of model-native state: the key-

value (KV) cache in large language model (LLM) inference, which represents input contexts

in a form the model can directly consume, and model behavior specialized to how software

uses the model’s outputs.

In this thesis, I first focus on KV cache. Traditionally, KV cache was used only within a
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single inference request and kept entirely in GPU RAM. Today, however, KV cache increas-

ingly exceeds available GPU memory, creating the need to move it out of the GPU and store

it in CPU DRAM or on disk. This shift creates a loading challenge: before a model can use

persisted KV cache, the system must fetch it back into GPU RAM, and that transfer can

incur substantial latency. I present CacheGen, a system that makes KV cache practical to

fetch and load from secondary storage devices by encoding it into compact bitstreams and

streaming it. A second challenge is interoperability: because KV cache is a model-specific

internal encoding of the input, it cannot be directly reused by another model. I then present

DroidSpeak, a system that enables KV cache reuse across di!erent models.

Finally, I show that model-native state is useful beyond LLM KV cache. ChameleonAPI

considers ML APIs that expose generic human-readable labels and scores even though appli-

cations care about whether those outputs lead to correct software decisions. ChameleonAPI

extracts how an application uses model outputs in control flow and converts that software

context into a model-native training objective, allowing the model to internalize which errors

matter for the application. Together, these systems demonstrate that the next generation

of AI infrastructure should manage not only models, prompts, and outputs, but also the

model-native states through which AI systems communicate and reuse computation.
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CHAPTER 1

INTRODUCTION: MODEL-NATIVE STATE AS AN AI

SYSTEMS INTERFACE

1.1 The Rise of Inference-Dominated AI

Artificial intelligence (AI) has become much more common in people’s daily lives. People

now use AI systems to answer questions, write and debug code, summarize documents, draft

messages, generate media, and support many kinds of work. As AI becomes more widely

used, the systems problem around AI is also changing.

Much of the future workload of AI systems is expected to be dominated by inference:

running trained models to answer user and application requests. Training remains expensive,

but it happens far less often than the many inference calls served after a model is deployed.

For large models, each inference request can require substantial computation, memory, and

data movement, especially when the request includes long context or conversation history.

As a result, inference is becoming a major source of latency and cost. Production-scale

studies and benchmarks already identify inference as a major AI systems workload, and

recent analyses of LLM deployment and data-center energy demand argue that repeated

inference at user scale will be a central driver of future AI infrastructure cost [Jouppi et al.,

2017, Reddi et al., 2020, Desislavov et al., 2021, Samsi et al., 2023, Luccioni et al., 2023, Fu

et al., 2024, International Energy Agency, 2025].

The key question is therefore: why can inference be so resource-intensive?

1.2 Why Modern AI Inference Repeats Work

Modern LLM inference has a prefill phase before the model can generate new tokens. During

prefill, the model processes the input prompt and constructs internal key-value (KV) cache
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states that will later be used during the token generation phase, which is also called decoding.

This prefill phase becomes expensive for long inputs because standard Transformer attention

compares tokens against other tokens in the context; as a result, the amount of attention

work in prefill grows super-linearly with context length [Vaswani et al., 2023, Dao et al.,

2022, Pope et al., 2023b]. A request with a short user query but a long document, chat

history, codebase, financial report, or collection of tool outputs can therefore spend much of

its latency before the first output token appears.

The problem becomes worse when many requests reuse the same long context. Consider

a chatbot that answers questions about a long document. The system typically prepends

the document to the user’s question so the model can answer with the full context. The first

question therefore requires the model to process the document during prefill. But the second

question, the third question, and every later question may also prepend the same document

again. The user question may change by only a few tokens, but the inference engine may

still repeat most of the same long-context prefill work. Thus repeated work and super-linear

prefill latency reinforce each other: the system repeatedly pays an expensive cost on almost

the same input.

The same pattern appears in multi-model workflows. An agentic coding system may

use one model to understand a repository, another model to write code, a third model to

generate tests, and a fourth model to produce documentation. All of these models may need

access to the same large codebase, or the same set of relevant files, and the same evolving

conversation state. In today’s systems, each model receives the context as code, then each

model must reconstruct its own internal representation (KV cache) from scratch. In such

systems, each simple user query may trigger multiple models to repeat the same prefill work

on the shared long contexts.

Together, these examples indicate several new interaction patterns in AI inference sys-

tems. The chatbot example is a multi-turn model-to-user interaction: the user asks a se-
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quence of questions, and each turn depends on the same long context. The agentic coding

example is a multi-model interaction: several models need access to the same codebase and

evolving conversation state while working toward one task.

1.3 New Interactions in AI Systems

The repeated-prefill examples above are not isolated implementation problems. They reflect

a broader change in how AI systems interact. Classic machine learning systems largely fit a

simple interaction pattern: a model receives an input and returns a prediction to a human

or to a software application in a single turn. A spam classifier returns “spam” or “not spam.”

An image classifier returns labels. A sentiment model returns a score. The model may be

embedded inside a larger application, but the model’s role is often a single-turn and stateless

interaction with a relatively small output.

Modern AI inference systems expand this pattern in at least three ways. The first two

are the ones illustrated in the previous section. First, model-to-user interaction has become

multi-turn. The model no longer answers one isolated query; it participates in an ongoing

session whose history and external context become part of later inputs. Second, model-to-

model interaction has become common. Compound AI systems use multiple models or agents

that specialize in di!erent tasks and exchange intermediate results while working toward a

shared goal. Third, model-to-software interaction has become deeper. Software does not

merely display model outputs to users; it branches on those outputs, invokes tools, schedules

work, updates state, and composes model calls into larger workflows.

These interaction types di!er from classic model serving because the consumer of a

model’s output is often another automated component, not only a human reader. In a

multi-turn chat system, each new request may include the earlier conversation and the same

retrieved document or other shared context. In a multi-agent system, the output of one

model may be used primarily to shape the input or execution path of another model. In
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an ML API application, output labels may matter only insofar as they drive downstream

control flow. In these cases, a human may not always be in the loop when information moves

from one component to the next. This raises a systems question: when models interact with

other models or software components, what should be the right interface for interacting with

models?

1.4 The Limits of Human-Readable Interaction Media

Human users have historically interacted with AI models directly, so human-readable data

has been an appropriate interaction medium. Text prompts, documents, labels, scores, and

API outputs are also easy for people to inspect, edit, log, and debug.

However, human-readable data is not always the best interaction medium inside AI infer-

ence systems, especially given the new interaction patterns described in the previous section.

It can be ine#cient because it does not preserve the internal computation that has already

been performed. When an LLM reads a long context, it constructs the KV cache tensors. If

the system throws away those tensors and later sends the same context as text, the model

must repeat the prefill computation. The text is readable, but it is not the most direct

representation for the downstream model.

This dissertation does not argue that human-readable interfaces should disappear. They

remain essential for human oversight and stable external APIs. Instead, the argument is

that when there is no human in the loop, what should be the right interface for interacting

with AI models?

1.5 Model-Native State as the Interaction Medium

I use the term model-native state to refer to internal or directly model-digestible state that

incorporates a model’s understanding of an input more directly than human-readable data.
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Model-native state is not defined by whether a human can interpret it. It is defined by

whether it captures information in a form that downstream AI computation can use without

reconstructing that information from scratch.

The most concrete example in this dissertation is the KV cache of an LLM. During prefill,

each transformer layer produces key and value tensors for the input tokens. During decoding,

the model uses these tensors to attend to the previous context while generating new tokens.

The KV cache is therefore the model’s internal representation of the context for the purpose

of future generation. It is not a readable document, but it is a high-dimensional tensor that

captures the same information in a form that the model can precisely what the model needs

to avoid recomputing the document.

Model-native state can also describe how software context should shape model behavior.

In ML API applications, the important question is often not whether the model returns the

exact human-labeled output, but whether the model’s output leads the application to the

correct decision. A training objective that encodes this software decision process becomes a

model-native representation of the software context: the model is optimized for the way its

output will be consumed.

Using model-native state as the medium for interacting with AI models changes the

design space of AI infrastructure. Instead of always communicating through text, labels, or

serialized objects, a system can store a model’s internal state, move it across storage tiers,

compress it for transfer, repair it when it crosses model boundaries, or specialize it to the

software that will consume the model output. The remainder of this dissertation explores

these possibilities.

1.6 Systems Challenges for Model-Native State

Model-native state is powerful because it avoids unnecessary translation through human-

readable data. However, it is also di#cult to use because of several unsolved system-level
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challenges, which this dissertation focuses on as described below.

The first challenge is size. KV cache is useful because it stores the model’s processed

representation of a context, but this representation is much larger than the original text.

For common LLMs, the KV cache of a context can be 10,000–100,000→ larger than the same

context in text form, because each token is expanded into key and value tensors across many

layers and channels. This size is di#cult to manage, especially at large inference scale where

many users, documents, conversations, and agents may create many such caches. Model-

native state therefore needs size-aware representations and management mechanisms that

make it practical to store, move, and load.

The second challenge is interoperability. Model-native state is tied to the model that

created it. A KV cache produced by one model is not directly usable by another model, even

if both models process the same input. Reuse therefore requires a validity condition: when

is the state good enough for the downstream model, and what recomputation or repair is

necessary when it is not?

The third challenge is specialization to software use. When a model’s output is consumed

by software control logic, generic human-readable labels and scores may not capture which

errors matter to the application. The system needs instead to express the software context

in a form the model can optimize, such as a di!erentiable training objective that reflects

downstream decisions.

Together, these challenges show why model-native state should not be handled as raw,

unmanaged tensors or generic outputs. The systems in this dissertation provide concrete

examples of such support.

1.7 Thesis Statement and Contributions

This dissertation argues that, when model outputs are consumed primarily by other models

or software components, the right media for interacting with AI models are model-native
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states. By storing, moving, compressing, repairing, and specializing these states, AI systems

can reduce redundant computation and communication while preserving or even improving

downstream quality.

I support this thesis through a measurement study and three systems.

I first study one important example of model-native states in modern AI inference sys-

tems: the KV cache in LLM serving. Although KV cache is not a new idea, it was long used

only within a single inference query and kept entirely in GPU RAM. However, as contexts

become longer and models become larger, KV cache increasingly needs to be reused across

di!erent user queries to skip redundant computation and significantly speed up inference,

as supported by the measurement study presented in Chapter 2. At the same time, the

growing size of KV cache makes it impossible to keep the caches of millions of user queries

inside GPU memory: they must instead be moved out of the GPU into CPU DRAM, local

storage, or remote storage. This shift elevates KV cache from an ephemeral tensor to a

state that needs to be carefully managed: a first-class abstraction that has been attracting

great interest in both academia and industry. However, there remain two unsolved system

challenges in using KV cache as the interaction medium.

The first challenge is the size of KV cache. KV cache can be 10,000–100,000→ larger

than the same context in text form, so once it is moved out of GPU memory, the delay

of loading it back becomes non-trivial—sometimes even longer than recomputing it from

text. To solve this challenge, CacheGen reduces the size of KV cache by encoding it into

compact bitstreams using layer-aware quantization, token-local delta representations, and

entropy coding, and then streams those bitstreams adaptively under changing bandwidth.

CacheGen makes KV cache practical to fetch and load from secondary storage devices while

preserving output quality.

The second challenge is that KV cache is a model-specific encoding of the input context,

so it cannot be directly reused by another model. However, as LLM applications become
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more and more complex, models increasingly talk to other models, exchanging the same

piece of context. Sharing the KV cache of such shared contexts across LLMs, as a result, can

significantly reduce both compute cycles and latency. To solve this challenge, DroidSpeak

recomputes the layers that are sensitive to the KV cache di!erence between models, and

reuses the remaining layers. This selective repair enables KV cache reuse across di!erent

models while avoiding much of the repeated prefill computation.

Finally, my thesis extends the model-native states argument beyond KV cache through

the third system, ChameleonAPI. ChameleonAPI targets model-to-software interaction in

applications built on ML APIs. The challenge there is that the models behind these APIs are

trained to label images or audio, while the applications calling them often consume the out-

puts in other ways, such as taking the correct control-flow branch. This mismatch can greatly

reduce the applications’ decision accuracy in practice. To solve this challenge, Chameleon-

API extracts how an application uses model outputs in its control flow and converts that

software context into an application-specific training objective. The resulting model internal-

izes which prediction errors matter to the application, reducing incorrect software decisions

without changing the external API.

Together, these systems show that AI infrastructure should manage not only models,

prompts, and outputs, but also the model-native states through which AI systems commu-

nicate and reuse computation.

1.8 Dissertation Roadmap

The rest of the dissertation is organized as follows.

Chapter 2 provides the background for the three systems in this dissertation. It reviews

how the KV cache is used in transformer inference, explains why contexts in LLM inputs are

both long and reused, presents deployment evidence that KV reuse is common in the real

world, and describes why loading the stored cache back fast enough is the key obstacle. It
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then introduces the non-LLM models served behind ML APIs, whose outputs applications

use to make control-flow decisions, and distills these backgrounds into the three challenges

addressed by the following chapters.

Chapter 3 presents CacheGen, a system for compressing and streaming KV cache. It

focuses on the loading challenge: model-native state can avoid recomputation only if it can

be fetched and loaded faster than it can be recomputed. CacheGen makes this possible by

changing the storage and transfer representation of KV cache.

Chapter 4 presents DroidSpeak, a system for cross-model KV-cache reuse. It focuses

on the interoperability challenge: state produced by one model is not automatically valid

for another. DroidSpeak shows that partial recomputation can repair the reused state well

enough to preserve quality while still reducing repeated computation.

Chapter 5 presents ChameleonAPI, which applies the same model-native-state perspec-

tive to software-model interaction. Rather than optimizing generic API outputs, Chameleon-

API encodes the software decision context into the model’s training objective.

Chapter 6 surveys prior work related to all three systems in this dissertation, organized by

theme: handling long contexts; KV cache management, reuse, and compression; faster LLM

serving; fine-tuned models and multi-agent systems; and ML APIs and application-aware

model serving.

Chapter 7 synthesizes the lessons from these systems and outlines a research agenda

for model-native AI infrastructure, including data distribution for the Internet of Agents,

analytics for model-native state, cross-architecture state sharing, and security and debugging

for non-human-readable state.
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CHAPTER 2

BACKGROUND

This chapter provides the background for the three systems in this dissertation. The first

two sections cover LLM inference: why long, reused contexts make the KV cache worth

storing and reusing (§2.1), and deployment evidence that such reuse is common in the real

world—and that the reusable cache must live outside GPU memory (§2.2). Section 2.3 then

turns to the non-LLM models served behind ML APIs, whose outputs applications use to

make control-flow decisions. Finally, Section 2.4 distills these backgrounds into the three

challenges that the following chapters address.

2.1 LLM Inference and Long, Re-usable Contexts

Transformer basics: Transformers Vaswani et al. [2023], Brown et al. [2020], Chowdhery

et al. [2022] are the de facto models for most language generative services. At a high level,

a transformer takes a sequence of input tokens1 and generates a sequence of output tokens

through two phases.

During the prefill phase, an attention neural network takes in the input tokens. Within

each of the l layers in the attention module, the layer’s input embedding (E) tensors are

projected into a key (K) tensor and a value (V) tensor (shown in Figure 2.1), and the layer’s

output becomes the input E of the next layer. The K and V tensors contain information

essential for the LLM to utilize the context later. All the KV tensors across di!erent layers

are together called the KV cache; similarly, all the E tensors are together called the E cache,

a term that will matter when Chapter 4 examines KV reuse across models.

During the generation phase, also called the decoding phase, the KV cache is used to

compute the attention score between every pair of tokens, which constitute the attention

1. A “token” can be a punctuation, a word, or a part of a word. Tokenizing an input is much faster than
the generation process.
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K tensor K @ token i
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Figure 2.1: An illustration of Key & Value tensors (KV cache).

matrix, and generate output tokens in an autoregressive manner. For a long time, the KV

cache, which has a large memory footprint Kwon et al. [2023b], is usually kept in GPU

memory during this phase and released after a single user query finishes. Some emergent

optimizations save and reuse the KV cache across di!erent LLM requests, as we explain in

the rest of this chapter.

Common system metrics for LLM inference performance: Two system metrics are

used throughout this dissertation when measuring LLM inference performance. The first is

Time-to-First-Token (TTFT), the duration from a query’s arrival to the generation of its first

output token. Since the prefill phase must be completed before the first output token can be

generated, TTFT is dominated by the prefill delay. The second is the inference throughput,

the number of queries (or tokens) a serving system processes per second; a variant, goodput,

counts only the queries served within a latency SLO Zhong et al. [2024b]. Because decoding

cannot start until prefill completes, a lengthy prefill phase hurts both metrics at once. How

much this cost matters depends on how long the inputs actually are—which brings us to

how LLMs are used in practice.

Context in LLM input: LLMs may generate low-quality or hallucinated answers when

the response requires knowledge not already embedded in the models. Thus, many LLM

applications and users supplement the LLM input with additional texts, referred to as the
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context Gao et al. [2024e], Lewis et al. [2021]. The LLM can read the context first and use

its in-context learning capability to generate high-quality responses2.

The contexts in LLM input can be used for various purposes. (i) a user question can be

supplemented with a document about specific domain knowledge, to produce better an-

swers cha [2024], Rubin and Berant [2023a], any [2023], including using latest news to

answer fact-checking inquiries per [2024], using case law or regulation documents to o!er

legal assistance Saleem [2023], Sydorenko [2023], etc.; (ii) code analysis applications retrieve

context from a code repository to answer questions or generate a summary about the repos-

itory Bairi et al. [2023], Jain et al. [2023a], Jimenez et al. [2023], and similarly financial

companies use LLMs to generate summaries or answer questions based on detailed financial

documents Name [Year of Publicationb]; (iii) gaming applications use the description of a

particular character as context so that the LLM can generate character dialogues or actions

matching the character personality Park et al. [2023b], Wu et al. [2023c], Shi et al. [2023b];

(iv) in few-shot learning, a set of question-answer pairs are used as context to teach the LLM

to answer certain types of questions Ahmed and Devanbu [2023a], Mani et al. [2023], Song

et al. [2023b]; (v) in chatting apps, the conversational history with a user is often prepended

as the context to subsequent user input to produce consistent and informed responses jwatte

[2023], AuthorName [Year].

In practice, contexts are often long and often reused to supplement di!erent user inputs.

Contexts are long: The contexts discussed above, such as case law documents, financial

documents, news articles, code files, and chat history accumulated in a session, easily contain

thousands of tokens or more. Intuitively, longer contexts are more likely to include the

right information and hence may improve the quality of the response. Indeed, FiD Izacard

and Grave [2021] shows that the accuracy increases from 40% to 48% when the context

2. An example of this process is retrieval-augmented generation (RAG), which uses a separate logic to
select the context documents for a given query. It is well-studied in the natural-language literature and
widely used in industry.
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increases from 1K tokens to 10K. Retro Borgeaud et al. [2022] similarly shows that the

generation quality (perplexity) improves significantly when the context increases from 6K

tokens to 24K. The rise of LLM agents pushes context lengths further by another order

of magnitude, because an agent accumulates instructions, tool outputs, file contents, and

intermediate results in its context as it works: a recent study of over 100 trillion production

tokens shows that the average prompt length has roughly quadrupled within two years, with

programming prompts exceeding 20K tokens on average Aubakirova et al. [2025], and a trace

analysis of Claude Code, a popular coding agent, shows a single task issuing 92 LLM calls

and consuming about 2 million input tokens in total LMCache Team [2025]. This demand

has fueled the ongoing race to train LLMs that accept ever longer inputs, from 2K tokens

in the early ChatGPT, to 100K in Claude lon, and to a million tokens or more in recent

frontier models Google DeepMind [2025].

Contexts are reused: These long contexts are often reused by di!erent inputs. In the

financial analysis example, consider two queries, “write a short summary based on the com-

pany’s earning report last quarter” and “what were the company’s top sources of revenue in

the last quarter”; the same earning report is likely to be supplemented to both queries as the

context. Similarly, the same case law document or latest news article can be used to answer

many di!erent queries in legal-assistant or fact-checking apps. As another example, during

a chat session, early chat content keeps getting reused as part of the context for every later

chat input. The reuse is even more pronounced in agentic workloads: in the Claude Code

trace above, 92% of all input tokens are prefixes reused from earlier LLM calls in the same

task LMCache Team [2025].

Contexts are increasingly reused across di!erent LLMs: The reuse discussed so far

happens across queries to the same LLM, but an emerging trend extends it further: the same

context is often processed by di!erent LLMs. In agentic workflows, multiple LLM agents—

often distinct models or fine-tuned variants, each specialized for one task—collaborate to
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solve complex, multi-step problems Li et al. [2024b], Hu et al. [2025b], Xi et al. [2025], and

they typically share a common context, such as the conversation history of other agents or

the same set of background documents, to stay coherent and consistent Hong et al. [2024b],

Wu et al. [2024f], Guo et al. [2024]. In a coding workflow, for instance, the testing agent

must read both the user’s instructions and the code produced by the coding agent to write

appropriate unit tests Hong et al. [2024b], Qian et al. [2024], Wu et al. [2024f]; in a trace of a

LangGraph-based multi-agent application, where four agents collaborate to generate research

ideas, 49% of the tokens in each conversation are prefixes reused from other LLM calls AI

[2025], Du et al. [2025b]. Similar cross-LLM reuse arises when personalized assistants, each

fine-tuned for a di!erent user, answer queries over shared conversation histories or knowledge

bases Li et al. [2024d], and when a deployed model is periodically replaced by a newer fine-

tuned version (e.g., ChatGPT APIs release new versions based on the same foundational

model about every two months Microsoft Docs [2025]) or served alongside many LoRA

adapters Sheng et al. [2024a], Chen et al. [2024d]—in both cases, the new or concurrent

models re-process the same popular contexts processed before. Chapter 4 examines how to

make KV cache reuse work across such di!erent models.

In short, longer contexts lead to higher prefill delays and hence longer TTFT, yet the

same contexts are shared by many inputs, so the same expensive prefill is repeated again and

again—once per query that carries the context. It is therefore promising to store the KV

cache of a shared context when it is first processed and reuse it for later queries, skipping the

repeated prefill entirely. Indeed, this idea has been explored recently Kwon et al. [2023b],

Anonymous [2024], Gim et al. [2023b], Zheng et al. [2023b], Gim et al. [2024] and shown its

potential. What has been missing is evidence of how much reuse actually happens in real

world —evidence I present next.
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2.2 Real-World Evidence for KV Reuse

KV cache has long been used in auto-regressive Transformer models to accelerate decoding by

caching the K and V tensors generated at the prefill phase and reusing them in the decoding

phase, within a single user query Vaswani et al. [2023]. This means that the lifecycle of KV

cache, defined as the time between when it is initially generated and when it is last accessed,

is limited to a single query.

Nowadays, as LLMs are used in more and more applications and the user base grows

significantly, this single-query view no longer holds. The same long context, such as a

system prompt, a retrieved document, or a code repository, is often shared across di!erent

queries, sometimes issued by millions of users Gim et al. [2024, 2023b], Zheng et al. [2023b],

Jin et al. [2025a]. In these cases, reusing the KV cache across the di!erent queries that share

the same long context skips the re-processing of that context and, in turn, greatly reduces

inference latency.

I observe this pattern in real deployments of LMCache Liu et al. [2025], Authors [2024], an

open-source KV caching layer that enables KV cache to be stored in di!erent storage devices,

such as CPU memory or disk, and reused across queries. LMCache has been deployed in a

wide range of enterprise services. Along the way, we also implemented a usage tracker, an

opt-in telemetry that the service operators can voluntarily turn on, which records the size,

reuse, and lifecycle of the stored KV cache, aggregated across many services and users over

several weeks. Note that this usage tracker does not record any actual content of the user

data; only the anonymized statistics of the KV cache are collected.

From the data collected by the usage tracker, we observe three interesting findings that

together motivate the need for a KV cache management layer that enables KV cache to be

moved out of GPU RAM. First, the KV cache generated by one query is increasingly reused

by other queries and users, so it is worth keeping around rather than discarding after a single

query. Second, the reusable KV cache quickly outgrows GPU memory, so it has to be stored
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Figure 2.2: Left: average reuse per token for the top-10 users, growing over successive weeks.
Right: distribution of reuse per token across users, where more than 19% reuse a stored token
over 1.5→.

across a hierarchy of tiers beyond the GPU. Third, a KV cache is often reused long after it is

generated, and how long it stays reusable should indicate which tier it sits on. We describe

each finding in turn.

How often the KV cache is reused: Figure 2.2 plots the reuse per token, i.e., the ratio

between reused tokens and all stored tokens. For the top-10 users, the reuse per token keeps

growing week over week (left), and across all users, more than 19% of them reuse a stored

token over 1.5→ (right). In other words, the KV cache generated by one query is increasingly

likely to be useful to another query, or another user.

This clearly demonstrates that the KV cache generated by one query is increasingly useful

to other queries. However, in order for the KV cache to be reused, it must be kept around

after its initial generation, rather than discarded after a single query. This leads to a natural

question: given that a KV cache needs to be kept around (stored) for reuse, should we store

it in GPU memory or elsewhere, and for how long? We answer these two questions using

more statistics gathered from the usage tracker.

Where to store the KV cache: The most natural place to keep the KV cache is the

GPU’s high-bandwidth memory (HBM), where it is created during prefill and where it will

be used again when it is needed by another user query. The problem is that GPU memory

is limited in capacity: modern GPUs have 80–140 GB of HBM, and when contexts are long
16



Figure 2.3: Weekly growth of the stored KV cache, split into the part that fits in GPU memory
and the part that exceeds it. The part that exceeds GPU memory grows the fastest.
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Figure 2.4: Distribution of KV cache lifecycle — the elapsed time between when a cache is
first stored and when it is last reused. About 40% of services re-access a cache at least one
hour (60min) after it is stored, and over 10% at least one day (1440min) later; both far
exceed the GPU residency of a cache.

and many inference requests run concurrently, the KV cache can easily exceed the available

GPU memory. Figure 2.3 shows the weekly growth of the stored KV cache, split into the

part that fits in GPU memory and the part that exceeds it. From the figure, we can see that

the part that exceeds GPU memory grows quickly, so keeping every reusable cache in the

GPU is simply impractical. The reused KV cache thus has to be moved out of the GPU,

e.g., o"oaded to CPU memory, local disk, or remote storage, and loaded back into HBM

when its context is queried again.

How long to keep the KV cache: The second finding is that a KV cache is often reused
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Figure 2.5: Distribution of KV cache lifecycle across five production services (log scale).
Lifecycles vary widely: some services reuse caches within minutes, while others reuse them
hours or days later. This spread means the storage tier for a cache has to be chosen per
service.

long after it is generated. We define the lifecycle of a KV cache as the time between when it

is first stored and when it is last reused. Figure 2.4 shows the distribution of lifecycles across

services: about 40% of the services re-access a cache at least one hour after it is stored, and

over 10% re-access it at least one day later. This is far longer than a cache can stay in GPU

memory. As a concrete example, when serving Qwen3-Coder-480B-FP8 on 8→H100 with

about 100 GB of GPU memory for the KV cache, at one query per second with 2K-token

inputs, the ↑1 GB KV cache of a query is evicted from the GPU in about 100 seconds. A

reuse one hour or one day later would then miss in GPU memory and pay the full prefill

again, unless the cache had already been moved to a lower tier. Since the lifecycle is much

longer than the time a cache can stay in GPU memory, the KV cache must live outside

the GPU, and its lifecycle decides which tier it should sit on—short-lived caches in CPU

memory, and long-lived caches on disk or remote storage.

More interestingly, there is no single lifecycle that fits all services. Figure 2.5 shows the

lifecycle distribution of five example services, and the di!erences across them span more than

three orders of magnitude. At one extreme, Service A re-accesses almost all of its caches

within a minute, a pattern typical of multi-turn chat where consecutive queries in the same

session arrive back to back; its caches only need a fast, short-lived tier such as GPU HBM.

At the other extreme, Service E has a median lifecycle of over a day, closer to a document-
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or repository-style workload where the same context is queried again much later; its caches

are useless unless they survive on disk or remote storage. Between them, Services B and C

sit at minutes to tens of minutes, and Service D is distinctly bimodal: one mass of caches

is reused within a few minutes while another is reused more than a day later, meaning

even a single service can mix both short- and long-lived caches. A single global retention

policy would therefore be wrong for most services: a policy tuned to Service A would evict

Service E’s caches long before their reuse arrives, while a policy tuned to Service E would

waste capacity holding Service A’s caches for days after their last access. The placement and

eviction decision thus has to be made per service based on the observed lifecycle distribution.

Put together, these statistics deliver one simple message: the KV cache is likely to be

re-used frequently, but reusable KV cache does not fit in GPU memory. It is reused too many

times to be discarded, too large to be held in HBM, and reused long after it would have

been evicted from the GPU. The KV cache therefore should be o"oaded to lower storage

tiers and loaded back into the GPU when its context is queried again. O"oading, however,

comes with a catch: reusing an o"oaded cache pays o! only if loading it back is faster than

recomputing it from the context text, and that Section 2.4 formulates as the first challenge

of this dissertation.

2.3 Beyond LLMs: ML Models Behind APIs

The background so far has focused on LLMs, but LLMs are only the newest family of models

that software interacts with. Long before the LLM wave, applications had been building

on non-generative models: image classification, object detection, sentiment analysis, entity

recognition, text classification, and more.

ML models as a service: Traditionally, using such a model in an application meant

designing, training, and managing it using frameworks like TensorFlow and PyTorch —

collecting labeled training data, picking an architecture, tuning it, and provisioning hardware
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to train and serve it — leaving a prohibitively high barrier for most application developers.

The rise of ML APIs has greatly changed this landscape: cloud providers, including Google,

Microsoft, and Amazon, train and host the models themselves and expose them through

generic, pay-per-query APIs that reduce a common ML task (e.g., object detection, facial

emotion analysis) to just one invocation of an ML API within a single line of code McEnroe

et al. [2022], Chang et al. [2021], Wan et al. [2021]. The developer never touches the model:

no dataset, no training loop, no GPU—just a remote procedure call.

How developers use ML APIs: These APIs cover the most common traditional vi-

sion and language tasks. On the vision side, Google’s label_detection and Amazon’s

detect_labels classify an image into categorical labels, and Google’s object_localization

additionally returns bounding boxes; on the language side, analyze_sentiment, analyze_entities,

and classify_text score or categorize a piece of text. The output is a small structured

value—typically a list of labels ranked by descending confidence score, or a pair of floating-

point values (e.g., a sentiment score and magnitude). This convenience gives rise to a

variety of ML applications on smartphones, tablets, sensors, and personal assistants Wan

et al. [2022], Chen et al. [2021a]: a garbage-classification application photographs a discarded

item and calls an image-classification API to decide how to dispose of it Matthew [2019]; a

plant-monitoring application checks whether a camera frame contains a plant Plant-Watcher;

a food-delivery application runs sentiment analysis on restaurant reviews to triage negative

feedback Martincu [2020]. In each case, the ML API largely eases developers’ burden to

deploy ML models.

One generic model serves every application: Behind each API, the service provider

(e.g., Google, Amazon) trains and serves one generic model for all the applications that

invoke it. Genericity is what makes the economics work: a single image-classification model

recognizing as many as 19.8K di!erent labels can answer queries from the garbage classifier,

the plant monitor, and thousands of other applications at once, and the provider optimizes
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this one model for average accuracy across all the 19.8K labels. The application, on the

other hand, has no channel to tell the provider what it actually needs—the API interface

accepts an input image/audio/text and returns an output, nothing more.

Applications branch on API outputs: Applications do not merely display the API

output; they branch on it, through a piece of logic that this dissertation refers to as the

application’s decision process (Chapter 5 defines it formally). The garbage-classification

application above, for instance, maps the returned labels onto three pre-defined actions,

with many di!erent labels leading to the same action: “Plastic”, “Glass”, and “Paper”

all route the item to Recycle, while “Shirt” and “Jacket” both route it to Donate. This

many-to-few collapse means the model’s raw accuracy and the application’s accuracy are

not the same thing: for a shirt image, misclassification as “Jacket” still yields the correct

decision of Donate, whereas misclassification as “Paper” routes it to Recycle—a wrong

decision. In other words, some API output errors are critical to a given application while

others are harmless, and which is which is determined by the application’s decision process—

written in its source code, in a form the generic model never sees. Chapter 5 studies this

mismatch empirically and shows how to resolve it.

2.4 Three Challenges Addressed in This Dissertation

Put together, this chapter has described two gaps between how models are served and how

they are used. For LLMs, the KV cache of long, reused contexts must live outside the

GPU, yet loading it back can be slower than recomputing it—and even fast loading only

helps when the same model reuses the cache. For ML APIs, one generic model serves every

application, yet each application has its own definition of which model errors matter. These

gaps translate into three concrete challenges, which structure the rest of this dissertation.

Challenge 1: loading the KV cache can be slower than recomputing it: The loading

bandwidth between secondary storage tiers and GPU is typically low (e.g., below ten GBps),
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while the KV cache consists of large floating-point tensors whose size grows with both the

context length and the model size. To make it concrete, consider serving the 111B-parameter

Cohere Command A model Cohere [2025] on 8→H100 GPUs, where a 100K-token context

produces about 30 GB of KV cache: loading this cache back from a local SSD at 4 GB/s takes

about 7.5 seconds, while recomputing it by re-running prefill takes only about 6 seconds. In

other words, the “shortcut” of reusing the cache can be slower than the computation it is

meant to skip—unless loading is made substantially faster, o"oading is pointless. The first

challenge is therefore to make loading fast. The key observation is that the KV cache does

not have to stay a tensor during transfer: LLM inference requires the KV cache to be in

its tensor format, but network transmission does not. Chapter 3 presents CacheGen, which

reduces the size of the KV cache by encoding it into compact bitstreams and streaming them

under varying bandwidth, so that the loading delay can be much shorter than recomputation

even over slow links.

Challenge 2: the KV cache is not reusable across models: Even with loading made

fast, a strong assumption of KV cache re-use still remains: KV cache can only be re-used if

two requests are quering the same model. As LLM applications become more complicated,

a single application increasingly involves multiple models—agentic pipelines where several

fine-tuned variants of a base model process the same document, or serving fleets that route

queries across many variants of one base model. Because the KV cache is the internal

representation of a specific model, the cache produced by one model cannot be directly fed

to another: doing so would greatly degrade generation quality, as shown in Chapter 4. The

consequence is that when two models share the same context, the KV cache reuse rate across

them drops to zero—every query served by the other model misses the cache and pays the

full prefill, no matter how much the context text overlaps. Chapter 4 presents DroidSpeak,

which enables the KV cache produced by one model variant to be reused by another at a

fraction of the recomputation cost, so that reuse can happen even across model boundaries.
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Challenge 3: generic model outputs are misaligned with application decisions: For

the models behind ML APIs, the problem is not moving state but the model’s ignorance of

the software that consumes its output: the generic model is trained as if all errors were equal,

while the application’s decision process makes some errors critical and others harmless (§2.3).

The third challenge is therefore to encode the application’s decision process into the model

itself, without changing the API interface or the application source code. Chapter 5 presents

ChameleonAPI, which extracts the decision process from application source code, compiles

it into an application-specific loss function, and re-trains the model behind the API so that

the errors the model does make are the ones the application can tolerate.

In short, the three challenges correspond to the size, interoperability, and specialization

challenges of model-native state laid out in Section 1.6: CacheGen makes the KV cache small

enough to move fast, DroidSpeak makes it reusable across the models that increasingly make

up a single application, and ChameleonAPI makes a model’s behavior reflect the software

context it serves. Together, they let AI applications interact with models through model-

native state in an e#cient and accurate manner.
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CHAPTER 3

CACHEGEN: KV CACHE COMPRESSION AND STREAMING

3.1 Introduction

With impressive generative quality, large language models (LLMs) are ubiquitously used llm

[a,b,c,d] in personal assistance, AI healthcare, and marketing. The wide use of LLM APIs

(e.g., OpenAI GPT-4 gpt) and the industry-quality open-source models (e.g., Llama lla [a]),

combined with popular application frameworks (e.g., HuggingFace hug [2024], Langchain lan

[a]), further boosts LLMs’ popularity.

To perform complex tasks, users or applications often prepend the LLM inputs with long

contexts containing thousands of tokens or more. In this paper, we regard a long prefix

used by di!erent LLM inputs as a context. For example, some context supplements user

prompts with domain-knowledge text so that the LLM can generate responses using specific

knowledge not embedded in the LLM itself. As another example, a user prompt can be

supplemented with the conversation histories accumulated during the interactions between

the user and the LLM. Though short inputs can still be useful Liu et al. [2023a], Sun et al.

[2021a], longer inputs often improve response quality and coherence Beltagy et al. [2020],

Tworkowski et al. [2023], Wu et al. [2022b], Dai et al. [2019b], Roy et al. [2021], Bertsch

et al. [2023], Izacard and Grave [2021], Borgeaud et al. [2022], which drives the ongoing

race to train LLMs that accept ever longer inputs, from 2K tokens in ChatGPT to 100K in

Claude lon.

Using long contexts poses a challenge to the response-generation latency, as no re-

sponse can be generated until the whole context is loaded and processed by the LLM. The

amount of computation in processing a long context grows super-linearly with the context

length Vaswani et al. [2023], Dao et al. [2022], Beltagy et al. [2020], Zaheer et al. [2021],

Roy et al. [2021]. While some recent works increase the throughput of processing long con-
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text Agrawal et al. [2023], the delay of processing the context can still be several seconds

for long contexts (2 seconds for a 3K context) Agrawal et al. [2023], Gim et al. [2023b].

Many systems reduce the context-processing delay by storing and reusing the KV cache of

the context to skip redundant computation when the context is used again (e.g., Kwon et al.

[2023b], Anonymous [2024], Gim et al. [2023b]).

Yet, the KV cache of a reused context may not always be in local GPU memory when the

next input comes; instead, the KV cache may need to be retrieved from another machine(s)

first, causing extra network delays. For instance, a database of background documents might

reside in a separate storage service, and the documents (i.e., context) assisting LLM inference

are only to be selected and fetched to the LLM when a relevant query is received lan [b],

arx, gen, aut, Beltagy et al. [2020].

The extra network delay for fetching the KV cache has not yet received much attention.

Previous systems assume the KV cache of a context is always kept in the same GPU memory

between di!erent requests sharing the same context Gim et al. [2023b], or the KV cache is

small enough to be sent quickly by a fast interconnection Zhong et al. [2024a]. Yet, as

elaborated in §3.3, the delay for fetching a KV cache can be non-trivial, since a KV cache

consists of large high-dimensional floating-point tensors, whose sizes grow with both the

context length and model size and can easily reach 10s GB. The resulting network delay can

be 100s milliseconds to over 10 seconds, hurting the interactive user experience lat [2023,

2021], Lew et al. [2018].

Some emergent systems reduce the run-time size of KV cache in order to fit in GPU

memory constraint or LLM’s input-window constraint. One line of prior works drop unim-

portant tokens from KV cache or context text Liu et al. [2023d], Zhang et al. [2023f], Jiang

et al. [2023a,b], and another line of prior works apply smart quantization on KV cache Kang

et al. [2024], Liu et al. [2024f], Hooper et al. [2024]. On the other hand, we want to re-

duce the transmission-time size of KV cache to reduce network delay, thus do not need to
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Technique KV cache size Accuracy
(in MB, Lower the better) (Higher the better)

CacheGen 176 0.98
8-bit quantization 622 1.00
CacheGen on H2O 71 0.97
H2O Zhang et al. [2023f] 282 0.97
CacheGen on LLMLingua 183 0.94
LLMLingua Jiang et al. [2023b] 492 0.94

Table 3.1: Performance of CacheGen and the baselines on Mistral-7B with LongChat
dataset Li* et al. [2023]. Full results are shown in §3.7.

keep the tensor format of KV cache, and can encode it into more compact bitstreams. In

short, when loading contexts from other machines, solely optimizing computational delay

may cause higher response latency, as loading the KV cache increases the network delay.

We present CacheGen, a fast context-loading module in LLM systems for reducing the

network delay in fetching and processing long contexts. It entails two techniques.

KV cache encoding: CacheGen encodes a precomputed KV cache into more compact

bitstream representations, rather than keeping the tensor shapes of the KV cache. This

greatly saves the bandwidth and delay for sending a KV cache. Our KV cache encoder

employs a custom quantization and arithmetic coding strategy to leverage the distributional

properties of KV cache, such as locality of KV tensors across nearby tokens and di!erent

sensitivities towards quantization losses at di!erent layers of a KV cache. Moreover, the

KV cache encoder incurs negligible compute overhead compared to LLM inference, and the

encoding is pipelined with network transmission to minimize its impact on the end-to-end

delay.

KV cache streaming: CacheGen streams the encoded bitstreams of a KV cache in a way

that adapts to changes in available bandwidth. Similar to video streaming, before a user

query arrives, CacheGen splits a long context into chunks and encodes the KV of each chunk

separately at various compression levels. When streaming a context, CacheGen fetches the

chunks one by one and adapts the per-chunk compression level to maintain high generation
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quality while keeping the network delay within a Service-Level Objective (SLO). When the

bandwidth is too low, CacheGen can also fall back to sending a chunk in text format and

leave it to the LLM to recompute the KV cache of the chunk.

In short, unlike prior systems that optimize the KV cache in GPU memory, CacheGen

focuses on the network delay for sending the KV cache. We compare CacheGen with a range

of baselines, including KV quantization Sheng et al. [2023], loading contexts in text form,

and state-of-the-art context compression Jiang et al. [2023b], Zhang et al. [2023f], using four

popular LLMs of various sizes (from 7B to 70B) and three datasets of long contexts (662

contexts with 1.4 K to 16 K tokens) (Table 3.1 gives a preview of results). Our key findings

are:

• In terms of the delay of transmitting and processing contexts (i.e., time-to-first-token),

CacheGen is 3.2-3.7→ faster than the quantization baseline at the similar generation

quality (F1 score and perplexity), and 3.1-4.7→ faster than loading the text contexts

with less than 2% accuracy drop. Notably, under lossless compression, CacheGen is

able to reduce the delay of loading context by 1.67-1.81→.

• In terms of the bandwidth usage for sending KV cache, CacheGen achieves the same

generation quality while using 3.5-4.3→ less bandwidth than the quantization baseline.

• Compared with applying quantization on context compression methods Zhang et al.

[2023f], Jiang et al. [2023b], CacheGen further reduces the bandwidth usage for sending

their KV caches by 3.3-4.2→.

Our code is publicly available at: https://github.com/UChi-JCL/CacheGen.

3.2 Background and Motivation

Chapter 2 introduced the two trends that CacheGen builds on. First, LLM inputs increas-

ingly carry long contexts—retrieved documents, code repositories, few-shot examples, chat
27
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histories—and processing a long context inflicts a prefill delay that grows superlinearly with

its length (§2.1). Second, the same contexts are often reused across di!erent queries and

users, as confirmed by the deployment statistics in Section 2.2. Together, the two make

it promising to store the KV cache of a shared context and reuse it to skip the repeated

prefill Kwon et al. [2023b], Anonymous [2024], Gim et al. [2023b], thereby reducing TTFT.

This chapter targets the point where that promise meets the storage hierarchy: the KV

cache of a reused context often cannot stay in the GPU—or even the machine—where it

was produced (§2.2), so it must be fetched over a network whose bandwidth is orders of

magnitude below that of GPU memory. The next section quantifies this network bottleneck

and explains why existing KV cache optimizations do not remove it.

3.3 The Hidden Network Bottleneck

While reusing the KV cache of a long context could drastically reduce TTFT, this benefit

comes with an catch—the reused KV cache must be in the local GPU memory in the first

place Kwon et al. [2023b], Anonymous [2024], Gim et al. [2023b], Zheng et al. [2023b].

Why KV cache needs to be loaded: In practice, however, the reused KV cache may

need to be fetched from another machine(s). This is because GPU memory is likely not

enough to store the KV caches of many repeated contexts. For example, in a financial

assistance application, an LLM performs data analysis on long financial reports Nucci [2024],

which can have thousands or tens of thousands of tokens, leading to a large KV cache

size. To make it concrete, processing Amazon’s annual report for 2023, which has ↑80,000

tokens Amazon.com Inc. [2023], with the model of Llama-34B produces a KV cache of 19 GB,

which is on par with the size of the LLM itself. As di!erent queries that reuse a KV cache

may be several hours apart, the reused KV cache may have to be o"oaded to make space

for fresh chat sessions. Moreover, as newer LLMs can accept ever longer contexts Wu et al.

[2024a], Lin et al. [2024a], Ge et al. [2024], Ding et al. [2024], Hsieh et al. [2024], storing
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them on dedicated storage servers, rather than CPUs or GPU, would be more practical and

economical. Besides, di!erent requests that reuse KV cache may not always hit the same

GPU, which also requires the KV cache to be moved between machines.

Fetching KV cache from another machine causes a substantial delay, yet this network

delay has not received su#cient attention.

Is it a new problem? Although some recent e!orts also send KV cache across GPUs to

run multi-GPU inference, these systems assume that the KV cache is shared via high-speed

links Zhong et al. [2024a], Patel et al. [2023a], e.g., direct NVLinks, which has bandwidth

of up to several hundred Gbps. In these settings, the network delay to fetch KV cache can

be negligible. However, KV caches also need to be fetched over lower-bandwidth links, such

as between regular cloud servers, where the bandwidth is usually in the single-digit Gbps

range Jain et al. [2023b]. As illustrated in Figure 3.1b, in this setting, the delay of fetching

KV cache into GPU memory can be as long as (or even longer than) prefill without the KV

cache.

Our approach: This paper focuses on reducing the network delay in fetching the KV

cache. To this end, we compress the KV cache by encoding it into more compact bitstream

representations (shown in Figure 3.1c). This goal may seem similar to the recent works

that drop words (tokens) from the text context or quantize the KV cache tensors Zhang

et al. [2023f], Liu et al. [2023d], Hooper et al. [2024], Kang et al. [2024], Liu et al. [2024f].

However, there is a key di!erence. These techniques reduce the run-time GPU memory

footprint of KV cache, thus retaining the tensor shapes of KV cache. In contrast, we reduce

the transmission-time size of KV cache by encoding it into compact bitstreams to reduce

the network delay of sending it. Moreover, there is a natural synergy—the KV cache shrunk

by these recent works can still be encoded to further reduce the KV cache size and the

network delay of sending KV caches.
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3.4 CacheGen: KV Cache Encoding and Streaming

The need to reduce KV cache transmission delay motivates a new module in LLM systems,

which we call a KV cache streamer. The KV cache streamer serves three roles:

• (1) Encoding a given KV cache into more compact bitstream representations — KV

bitstreams. This can be done o"ine.

• (2) Streaming the encoded KV bitstream through a network connection of varying

throughput.

• (3) Decoding the received KV bitstream into the KV cache.

At first glance, our KV cache streamer may look similar to recent techniques (e.g., Jiang

et al. [2023b], Zhang et al. [2023f], Liu et al. [2023d]) that compress long contexts by dropping

less important tokens. Yet, they di!er in crucial ways:

Those recent techniques aim at reducing the run-time size of the KV cache to accom-

modate the GPU memory-size constraint or LLM input-window constraint, and yet we aim

at reducing the transmission-time size of the KV cache to reduce network delay. As a re-

sult, previous techniques have to maintain the KV caches’ shapes of large floating-point

tensors so that the shrunk KV caches can be directly consumed by the LLM at the run-time;

meanwhile, they can use information during the generation phase to know which tokens in

the context are more important to the particular query under processing. In contrast, we

need not to maintain the original tensor shapes, and can encode them into more compact

bitstreams and adapt their representation to network bandwidth. Meanwhile, we have to

decide which compression scheme to use before a particular query is processed and hence

cannot use information from the generation phase.

This paper presents CacheGen, a concrete design of the KV cache streamer. First,

CacheGen uses a custom KV cache codec (encoder and decoder) to minimize the size of KV

bitreams, by embracing several distributional properties of KV cache tensors (§3.5.1). This
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greatly reduces the bandwidth demand to transmit the KV cache, thus directly reducing

TTFT. Second, when streaming the KV bitstreams under dynamic bandwidth, CacheGen

dynamically switches between di!erent encoding levels or computing the KV cache on de-

mand, in order to keep the TTFT within a given deadline while maintaining a high response

quality. The KV encoding/decoding incurs a negligible compute overhead and is pipelined

with network transmission to minimize the impact on end-to-end delay.

3.5 CacheGen Design

We now describe the design of CacheGen, starting with the insights on KV cache (§3.5.1)

that inspires KV cache encoder (§3.5.2), followed by how CacheGen adapts to bandwidth

(§3.5.3).

3.5.1 Empirical insights of KV cache

We highlight three observations on the characteristics of KV cache values. Though it is

intrinsically hard to prove they apply to any LLM on any context, here, we use a represen-

tative workload to empirically demonstrate the prevalence of these observations. The work-

load includes two LLMs of di!erent capacities (Llama-7B and Llama-13B) and LongChat

dataset Li* et al. [2023] (which contains 100 long contexts between 9.2K and 9.6K tokens,

randomly sampled from the whole set of 200 contexts), one of the largest datasets of long

contexts. Details of this workload can be found in §3.7.1.

Token-wise locality

The first observation is about how the K and V tensor values change across tokens in a

context. Specifically, we observe that

Insight 1. Within the same layer and channel, tokens in closer proximity have more similar
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Figure 3.2: Contrasting the distribution of the original values and the delta values. We model
two Llama models with various long contexts (§3.5.1). We show absolute values for clarity.

K/V tensor values compared to tokens that are further apart.

For each model, we contrast the distribution of K (or V) tensors’ original values and the

distribution of the deltas—the di!erences between of K (or V) tensors’ values at the same

layer and channel between every pair of consecutive tokens in the contexts. Figure 3.2 shows

the distribution of absolute values in the original tensor and the deltas of one layer across

all the contexts1. In both models across the contexts, we can see that the deltas are much

more concentrated around zero than the original values. Consequently, the variance of the

deltas is 2.4-2.9→ lower than that of the original values. The token-wise locality of K and V

tensors inspires CacheGen to encode deltas rather than original values.

This token-wise locality can be intuitively explained by the transformer’s self-attention

mechanism, which computes the KV tensors. Though KV cache is computed in a layer-by-

layer manner, this is mathematically equivalent to calculating the KV tensors of one token

based on the KV tensors of the previous token. This means KV tensors at one token are

intrinsically correlated with those of the previous token.

1. We randomly sampled a single layer from the K tensor because the values in the di!erent layers have
di!erent ranges.
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Figure 3.3: Applying data loss to di!erent layers of a KV cache has di!erent impact on
accuracy. (Same workload as Figure 3.2).

Layer-wise sensitivity to loss

The second observation concerns how sensitive di!erent values in the K and V tensors are

to data loss. Our observation is the following.

Insight 2. The output quality of LLM is more sensitive to losses in the KV cache values of

the shallower layers than to those in the deeper layers.

The heterogeneous loss sensitivity on di!erent layers suggests that our KV cache encoder

should compress di!erent layers di!erently. Figure 3.3 shows how much accuracy is a!ected

by applying data losses to the values of a specific layer group in the K and V tensors. Here,

we apply rounding as the data loss, and we compute the average resulting response accuracy

(defined in §3.7.1) across 100 contexts in the dataset. We can see that the average response

accuracy drops significantly when the loss is applied to the early layers of a model while

applying the same loss on the deeper layers has much less impact on the average response

accuracy. This result holds consistently across di!erent models we tested.

Intuitively, the deeper layers of a KV cache extract higher-level structures and knowledge

than the shallower layers of a KV, which embed more primitive information Wang et al.

[2023b], Shao et al. [2024]. As a result, the loss of information by removing precision on

the early-layer cache might propagate and a!ect the later-layer cache and thus hinder the
34



model’s ability to grasp the higher-level structures necessary to produce quality responses.

������
�������
���

���

��	
�
�#
!�
 %

��
�#"
� 
�!
��
��
�
��

#�

����!�$ ��� �%�#���� �%�������� �%���%�!

�������
�������
���

��	

���

Figure 3.4: Entropy (bits per element) when using di!erent grouping strategies. (Same work-
load as Figure 3.2.) Grouping values by token position (red) reduces entropy much less than
grouping by channel (yellow) or by layer (green).

Distribution along layers, channels, and tokens

Finally, regarding the distributions of values along the three dimensions of KV cache—layers,

channels, and token positions—we make the following observation.

Insight 3. Each value in a KV cache is indexed by its channel, layer, and token position.

The information gain of grouping values by their channel and layer is significantly higher

than the information gain of grouping values by their token position.

Intuitively, this can be loosely interpreted as: di!erent KV values in the same channel (or

layer) are more similar to each other than di!erent KV values belonging to the same token

position. A possible explanation is that di!erent channels or layers capture various features

in the input Lin et al. [2021], Devlin et al. [2018]. Some channels capture subject-object

relationships, while others focus on adjectives. As for di!erent layers, later layers capture

more abstract semantic information than earlier ones according to prior works Lin et al.

[2021], Devlin et al. [2018]. On the other hand, within a given layer and channel, the KV

values for di!erent tokens are similar, likely because of the self-attention mechanism, wherein
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each token’s KV is derived from all preceding tokens. We leave a more detailed examination

to future work.

To show the insight empirically, we first group the values in the KV caches produced

by the two models and 100 contexts based on their layers, channels, or token positions,

and compute the entropy of each group. Figure 3.4 shows the average entropy (bits per

element) when di!erent grouping strategy is applied, including no grouping, grouping by

tokens positions, grouping by channels, and grouping by layers.

3.5.2 KV cache encoding

The aforementioned insights inspire the design of CacheGen’s KV cache encoder. The en-

coding consists of three high-level steps (elaborated shortly):

First, it calculates the delta tensors (defined later) between the K and V tensors of nearby

tokens. This is inspired by the token-wise locality observation (§3.5.1) which suggests deltas

between tokens might be easier to compress than the original values in the KV tensors.

Second, it applies di!erent levels of quantization to di!erent layers of the delta tensors.

The use of di!erent quantizations at di!erent layers is inspired by the observation of hetero-

geneous loss sensitivity (§3.5.1).

Third, it runs a lossless arithmetic coder to encode the quantized delta tensors into bit-

streams. Specifically, inspired by the observation in §3.5.1, the arithmetic coder compresses

the values in each layer and channel separately (§3.5.1).

These steps may seem similar to video coding, which encodes pixels into bitstreams.

Video coding also computes the delta between nearby frames, quantizes them, and encodes

the delta by arithmetic coding Sze and Budagavi [2012]. Yet, blindly applying existing video

codecs could not work well since they were only optimized for pixel values in natural video

content. Instead, the exact design of CacheGen is inspired by domain-specific insights on

LLM-generated KV cache (§3.5.1).
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Next, we explain the details of each step.

…

Tokens

…

A group of tokens

Per-token 
KV tensors

Delta tensors

Anchor

…… …

Delta tensors

Anchor

A group of tokens

Figure 3.5: Within a token group, CacheGen computes delta tensors between KV tensors of
the anchor token and those of remaining tokens.

Change-based encoding: To leverage the token-wise locality, we first split the context

into groups of tokens each containing ten contiguous tokens. As shown in Figure 3.5, in each

group, we independently (i.e., without referencing other tokens) compress the KV tensor of

the first token, called the anchor token, and then compress and record the delta tensors with

respect to the anchor token for every other token.

This process is analogous to video coding, where the frames are separated into groups

of pictures, within which it runs similar delta-based encoding. The di!erence, however, is

that instead of compressing the delta between each pair of consecutive tokens, we reference

the same anchor token for every token in the chunk. This allows us to do compression and

decompression in parallel and saves time.

Layer-wise quantization: After partitioning the tokens into groups, CacheGen uses quan-

tization to reduce the precision of elements (floating points) in a KV cache so that they can

be represented by fewer bits. Quantization has been used recently to reduce attention ma-

trices to pack longer contexts in GPU memory Sheng et al. [2023]. However, in previous

work, elements are uniformly quantized with the same number of bits without leveraging

any unique properties of KV cache. Driven by the insight of heterogeneous loss sensitivity

(§3.5.1), we apply more conservative quantization (i.e., using more bits) on the delta tensors
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of earlier layers. Specifically, we split the transformer layers into three layer groups, the first

(earliest) 1/3 of layers, the middle 1/3 of layers, and the last 1/3 of layers, and apply di!er-

ent amounts of quantization bin size on the delta tensors at each layer group respectively.

The size of the quantization bin grows larger (i.e., larger quantization errors) from earlier to

later layer groups. Following previous work Dettmers et al. [2022], we use the vectorwise

quantization method, which has been usually used for quantizing model weights.

Note that we still use 8-bit quantization, a relatively high precision, on the KV cache

of the anchor token (the first token of a token chunk). This is because these anchor tokens

account for a small fraction of all tokens, but their precision a!ects the distribution of all

delta tensors of the remaining tokens in a chunk. Thus, it is important to preserve higher

precision just for these anchor tokens.

Arithmetic coding: After quantizing the KV cache into discrete symbols, CacheGen uses

arithmetic coding Witten et al. [1987] (AC) to losslessly compress the delta tensors and

anchor tensors of a context into bitstreams. Like other entropy coding schemes, AC assigns

fewer bits to encode more frequent symbols and more bits to encode less frequent symbols.

For it to be e#cient, AC needs accurate, low-entropy probability distributions of the elements

in the KV cache.

Driven by the observation of the KV value distributions along layers, channels, and

token positions (§3.5.1), we group KV values by channel and layer to obtain probability

distributions. Specifically, our KV encoder o"ine profiles a separate probability distribution

for each channel-layer combination of delta tensors and another for anchor tensors produced

by an LLM, and uses the same distributions for all KV caches produced by the same LLM.

CacheGen uses modified AC library Mentzer et al. [2019] with CUDA to speed up encoding

and decoding (§3.6). In §3.7.5, we empirically show that our method reduces the bitstream

size by up to 53% compared to the strawman of using one global symbol distribution.
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3.5.3 KV cache streaming adaptation
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Figure 3.6: Time Series demonstrating CacheGen’s adaptation logic under bandwidth varia-
tion.

Since the transmission of a KV cache may take up to hundreds of milliseconds to a few

seconds, the available bandwidth may fluctuate during a transmission. Thus, streaming the

encoded KV bitstreams at a fixed encoding level may violate a given service-level objective

(SLO) Beyer et al. [2016] of fetching the KV cache.2 In Figure 3.6, for example, at the start

of the transmission, the available throughput is 2 Gbps, and if the bandwidth remains at

2 Gbps, sending a KV stream of 1 GB can meet the SLO of 4 seconds. However, at t = 2s,

the throughput drops to 0.2 Gbps and only increases to 1 Gbps at t = 4s, so the actual

transmission delay increases from 4 seconds to 7 seconds, which violates the SLO.

Workflow: To handle variations in bandwidth, CacheGen splits a context into multiple

2. In practice, SLO is defined on TTFT. Once the KV cache of the long context is loaded in GPU, the
remaining delay of one forward pass is marginal Kwon et al. [2023b].
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context chunks (or chunks for short) of consecutive tokens and uses the KV cache encoder

to encode each chunk into multiple bitstreams of di!erent encoding (quantization) levels

that can be decoded independently (explained shortly). This can be done o"ine. When

fetching a context, CacheGen sends these chunks one by one, and each chunk can choose

one of several streaming configuration (or configurations for short): it can be sent at one

of the encoding levels or can be sent in the text format to let the LLM recompute K and V

tensors.

CacheGen adapts the configuration of each chunk while streaming the KV cache to keep

the transmission delay within an SLO. Figure 3.6 illustrates an example adaptation where

CacheGen switches to sending text context and recomputing KV cache from the text at

t = 2s due to the bandwidth drop, and at t = 4s, since the bandwidth increases back to

1 Gbps, and CacheGen switch to sending KV bitstreams of subsequent chunks at smaller

size. With our adaptation logic (specific algorithm in §A.3.1), CacheGen can meet the SLO.

However, to adapt e#ciently, several questions remain.

First, how to stream multiple chunks at di!erent streaming configurations without a!ecting

compression e#ciency? To encode the chunks o"ine, CacheGen first computes the KV cache

of the entire context (i.e., prefill) and splits the K and V tensors of the KV cache along the

token dimension into sub-tensors, each of which contains the layers and channels of the

tokens in the same chunk. It then uses the KV encoder to encode the K or V sub-tensor of

a chunk with di!erent encoding (quantization) levels. Each chunk is encoded independent

to other chunks without a!ect the compression e#ciency as long as a chunk is longer than a

group of tokens. This is because encoding the KV tensor of a token only depends on itself

and its delta with the anchor token of the group of tokens (§3.5.2). Thus, chunks sent with

di!erent encoding levels can be independently decoded and then concatenated to reconstruct

the KV cache. In the case that a chunk is sent in text format, the LLM will compute its

K and V tensors based on the previous chunk’s KV tensors that have been received and
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decoded.3

Would streaming chunks at di!erent configurations a!ect generation quality? If one chunk

is sent at a smaller-sized encoding level than other chunks (due to low bandwidth), it will

have high compression loss on that single chunk, but this will not a!ect the compression loss

of other chunks. That said, we acknowledge that if the bandwidth is too low to send most

chunks in a high encoding level, the quality will still su!er.

Second, how long should a context chunk be? We believe that the chunk length depends

on two considerations.

1. The encoded KV bitstream of a chunk size should not be too big because, otherwise, it

cannot react to bandwidth changes in a timely manner.

2. The chunk should not be too small either since then we can not fully utilize the batching

ability of GPU to compute KV tensors if text format is chosen.

With these considerations in mind, we empirically pick 1.5K tokens as the default chunk

length in our experiments4, though more optimization may find better chunk lengths.

Thirdly, how does CacheGen decide the streaming configuration of the next chunk? CacheGen

estimates the bandwidth by measuring the throughput of the previous chunk. It assumes

this throughput will remain constant for the remaining chunks and calculates the expected

delay for each streaming configuration accordingly. If there are bandwidth fluctuations,

CacheGen’s reaction will be delayed by at most one chunk. Since one chunk is a small sub-

set of the entire KV cache, this reaction is su#ciently fast to meet SLO (details in §3.7.4).

The delay of sending an encoded KV bitstream is calculated by dividing its size by the

throughput (more details in §A). It then picks the configuration that has the least com-

pression loss (i.e., text format or lowest encoding level) with an expected delay still within

3. A similar concept has been used to split LLM input into prefill chunks for more e"cient batch-
ing Agrawal et al. [2023].

4. The chunk length is also long enough for the KV bitstream of each chunk to fill the sender’s congestion
window in our experiment setting.
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the SLO, and uses the configuration to send the next chunk. For the first chunk, if some

prior knowledge of the network throughput is available, CacheGen will use it to choose the

configuration of the first chunk the same way. Otherwise, CacheGen starts with a default

medium encoding level (140 MB per chunk for Llama 7B, detailed setting in §A.3.2).

Finally, how does CacheGen handle the streaming of multiple requests? When multiple

requests arrive concurrently within T seconds, CacheGen batches and streams them together.

It can batch up to B requests, which is the maximum number that the GPU server can handle

simultaneously. Each request is divided into chunks of the same size, even though the total

number of chunks may di!er among requests. For each chunk index c, CacheGen determines

the number of requests Nc that include chunk c. Using the throughput measured for the

previous chunk c ↓ 1, CacheGen calculates the expected delays for each configuration by

multiplying Nc by the delay for a single request. On the GPU servers, the requests are

batched by padding their KV caches and processing them together.

3.6 Implementation

We implement CacheGen with about 2K lines of code in Python, about 1K lines of CUDA

kernel code, based on PyTorch v2.0 and CUDA 12.0.

Integration into LLM inference framework: CacheGen operates the LLM through

two interfaces:

• calculate_kv(context) -> KVCache: given a piece of context, CacheGen invokes

LLM through this function to get the corresponding KV cache.

• generate_with_kv(KVCache) -> text: CacheGen passes a KV cache to the LLM and

lets it generate the tokens while skipping the attention computation (prefill) of the

context.

We implement these two interfaces in HuggingFace models using the transformers li-
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brary hug [b] with about 500 lines of Python code. Both interfaces are implemented based

on the generate function provided by the library. For calculate_kv, we let LLM only cal-

culate the KV cache without generating new text, by passing the options of max_length = 0

and return_dict_in_generate = True when getting the KV cache. The generate_with_kv

is implemented by simply passing the KV cache through the past_key_values argument

when calling the generate function. Similar integrations are also applicable to other LLM

libraries, such as FastChat Zheng et al. [2023a], llama.cpp lla [b], and GGML ggm.

We have also integrated CacheGen in LangChain lan [a], a popular LLM application

framework. CacheGen is activated in the _generate function of LangChain’s BaseLLM mod-

ule. CacheGen first checks whether the KV cache of the current context already exists

(explained shortly). If so, CacheGen will invoke generate_with_kv to start generating new

texts. Otherwise, CacheGen will invoke calculate_kv to create the KV cache first before

generating new texts.

KV cache management in CacheGen: To manage the KV cache, CacheGen implements

two modules:

• store_kv(LLM) –> {chunk_id: encoded_KV}: calls

caculate_kv, splitting the returned KV cache into context chunks, and encodes each

chunk. Then, it stores a dictionary on the storage server, where it maps the chunk_id

to the encoded bitstreams for the K and V tensors for the corresponding chunk.

• get_kv(chunk_id) –> encoded_KV fetches the encoded KV tensors corresponding to

chunk_id on the storage server and transmits it to the inference server.

Whenever a new piece of context comes in, CacheGen first calls store_kv, which first gen-

erates the KV cache, and then stores the encoded bitstreams on the storage server. At run

time, CacheGen calls get_kv to fetch the corresponding chunk of KV cache and feed into

generate_with_kv.
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Speed optimization for CacheGen: To speed up the decoding of KV cache in GPU,

we pipeline the transmission of context chunk i with the decoding of context chunk i ↓ 1.

We implemented a GPU-based AC library Mentzer et al. [2019] with CUDA to speed up

encoding and decoding. Specifically, each CUDA thread is responsible for decoding the KV

cache from bitstreams for one token. The probability distributions are obtained by counting

the frequencies of quantized symbols in the KV feature for the corresponding context.

3.7 Evaluation

The key takeaways of our evaluation are:

• Across four datasets and models, CacheGen can reduce TTFT (including both network

and compute delay) by 3.1-4.7→ compared to prefill from text context, and by 3.2-3.7→

compared to the quantization baseline (§3.7.2).

• CacheGen’s KV encoder reduces the bandwidth for transferring KV cache by 3.5-4.3→

compared to the quantization baseline (§3.7.2).

• CacheGen’s reduction in bandwidth usage is still e!ective when applied to recent con-

text compression baselines Zhang et al. [2023f], Jiang et al. [2023b]. CacheGen further

reduces the bandwidth usage by 3.3-4.2→, compared to applying quantization on context

compression baselines (§3.7.2).

• CacheGen’s improvement is significant across various workloads, including di!erent con-

text lengths, network bandwidths, and numbers of concurrent requests (§3.7.3).

• CacheGen’s decoding overhead is minimal, in delay and compute, compared with LLM

inference itself (§3.7.5).
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Dataset Size Med. Std. P95
LongChat Li* et al. [2023] 200 9.4K 164 9.6K

TriviaQA Joshi et al. [2017] 200 9.3K 4497 15K

NarrativeQA Ko!isk" et al. [2017] 200 14K 1916 15K

WikiText Merity et al. [2016] 62 5.9K 4548 14.8K

Table 3.2: Size and context lengths of datasets in the evaluation.
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Figure 3.7: Time-to-first-token (TTFT): Across di!erent models and di!erent datasets,
CacheGen reduces TTFT with little negative impacts on quality (in accuracy, perplexity or
F1 score).

3.7.1 Setup

Models: We evaluate CacheGen on four models of di!erent sizes, specifically the fine-

tuned versions of Mistral-7B, Llama-34B, Llama-70B. All models are fine-tuned such that

they can take long contexts (up to 32K). We did not test CacheGen on other LLMs (e.g.,

OPT, BLOOM) because there are no public fine-tuned versions for long contexts to our best

knowledge.

Datasets: We evaluate CacheGen on 662 contexts from four di!erent datasets with di!erent

tasks (Table 3.2):

• LongChat: The task is recently released Li* et al. [2023] to test LLMs on queries like

“What was the first topic we discussed?” by using all the previous conversations as the
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context. Most contexts are around 9-9.6K tokens.

• TriviaQA: The task tests the reading comprehension ability of the LLMs Bai et al.

[2023], by giving the LLMs a single document (context), and letting it answer questions

based on it. The dataset is part of the LongBench benchmark Bai et al. [2023] suite.

• NarrativeQA: The task is used to let LLMs answer questions based on stories or scripts,

provided as a single document (context). The dataset is also part of LongBench.

• Wikitext: The task is to predict the probability of the next token in a sequence based on

the context consisting of relevant documents that belong to a specific Wiki page Merity

et al. [2016].

The dataset we used to design CacheGen’s encoder is a subset of the datasets we used to

evaluate CacheGen. This is for showing the insights in §3.5.1 are generalizable to di!erent

datasets.

Quality metrics: We measure generation quality using the standard metric of each dataset.

• Accuracy is used to evaluate the model’s output on the LongChat dataset. The task

predicts the first topic in the conversational history between the user and the LLM.

The accuracy is defined as the percentage of generated answers that exactly includes

the ground-truth topic.

• F1 score is used to evaluate the model’s response in the TriviaQA and NarrativeQA

datasets. It measures the probability that the generated answer matches the ground-

truth answer of the question-answering task.

• Perplexity is used to evaluate the model’s performance on the Wikitext dataset. The

perplexity is defined as the exponentiated average negative log-likelihood of the next

token Azzopardi et al. [2003], Chen et al. [2008]. A low perplexity means that the

model likely generates the next token correctly. While perplexity does not equate to

text-generation quality, it is widely used as a proxy Adiwardana et al. [2020] to test
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the impact of pruning or quantizing LLMs on generation performance Dettmers et al.

[2022], Xiao et al. [2023], Liu et al. [2023c], Roy et al. [2021].

System metrics: We compare CacheGen with baselines with two system-wise metrics.

• Size of KV cache is the size of the KV cache after compression, this measures the

bandwidth needed to load KV caches.

• Time-to-first-token (TTFT) is the time from the arrival of the user query to the gener-

ation of the first token. This includes the loading delay of the KV cache and the prefill

delay of the new questions. This is a metric widely used in industry Anyscale Team

[2023], Kadous et al. [2023], Agarwal et al. [2023] and recent works Gim et al. [2023b],

Liu et al. [2024a].

Baselines: We compare CacheGen with baselines that do not change the contexts or model

(more baselines in §3.7.5).

• “Default quantization” uses the uniform quantization of KV cache, specifically the same

quantization level (i.e., 3, 4, 8 bits) for every layer in the LLM (which was used in Sheng

et al. [2023]).

• “Text context” fetches the text of the context and feeds it to LLM to generate the

KV cache for it. It represents the design of minimizing data transmission but at the

expense of high computation overhead. We use the state-of-the-art inference engine,

vLLM Kwon et al. [2023b], to run the experiments. vLLM’s implementation already

uses xFormers Lefaudeux et al. [2022], which includes speed and memory-optimized

Transformers CUDA kernels and has shown much faster prefill delay than HuggingFace

Transformers. This is a very competitive baseline.

• “Context compression” either drops tokens in the text context (LLMlingua Jiang et al.

[2023b]) or in the KV cache (H2O Zhang et al. [2023f]).
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Figure 3.8: Reducing KV cache size: Across various models, CacheGen reduces size of
KV cache with little accuracy decrease on various datasets.

Hardware settings: We use an NVIDIA A40 GPU server with four GPUs to benchmark

our results. The server is equipped with 384GB of memory and two Intel(R) Xeon(R) Gold

6130 CPUs with Hyper-threading and Turbo Boost enabled by default.

3.7.2 Overall improvement

We first show the improvement of CacheGen over the baselines, as described in §3.7.1.

TTFT reduction: Figure 3.7 demonstrate CacheGen’s ability to reduce TTFT, across four

models and four datasets. Under bandwidth of 3 Gbps, compared to text context, CacheGen

is able to reduce TTFT by 3.1-4.7→. Compared to default quantization, CacheGen is able

to reduce TTFT by 3.2-3.7→.

It is important to note that even when the compression is lossless, specifically applying

our AC on the KV cache after 8-bit quantization, CacheGen can still reduce the TTFT by

1.67-1.81→. CacheGen’s reduction in TTFT is a result of a shorter transmission delay to

send the smaller KV caches.

Reduction on KV cache size: Figure 3.7 show that, across three datasets and four

models, CacheGen’s KV encoder reduces the KV cache size by 3.5-4.3→ compared to default

quantization when achieving similar performance for downstream tasks after decoding. Thus,

it achieves better quality-size trade-o!s across di!erent settings. The degradation caused by

lossy compression is marginal—the degradation is no more than 2% in accuracy, less than

0.1% in F1 score, and less than 0.1 in perplexity hug [a].
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Some example text outputs for di!erent baselines are available in §A.

Gains over context compression baselines: We also apply CacheGen to further reduce

the size of context compression baselines’s KV cache, including H2O and LLMlingua. Note

that H2O drops tokens from KV cache which have low attention scores. Specifically, it

requires the query tensors of the prompt to compute the attention scores in order to determine

which tokens to drop. The query tensors of the prompts are not present in the o"ine

compression stage. In our experiments, we implement an idealized version of H2O, where

the query tensors of the prompts are used in the o"ine compression stage.
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Figure 3.9: Reducing KV cache size on top of H2O Zhang et al. [2023f] and
LLMlingu Jiang et al. [2023b]: Across di!erent models, CacheGen further the size of
KV cache, compared to the KV cache shortened by H2O, with little accuracy decrease on
di!erent datasets.

As shown in Figure 3.9, compared to the context compression baseline, H2O Zhang et al.

[2023f], CacheGen can further reduce compressed KV cache (in floating point). Specifically,

CacheGen reduces the size of KV cache by 3.5–4→ compared to the H2O’s quantized KV

caches, and 3.3–4.2→ compared to LLMlingu’s quantized KV caches, without losing quality.

This suggests that even after condensing contexts by H2O and LLMlingua, the resulting KV

caches may still have the statistical observations behind CacheGen’s KV encoder. Thus,

the techniques used in CacheGen’s encoder remain beneficial when we encode the KV cache

after applying these techniques.

Understanding CacheGen’s improvements: CacheGen outperforms various baselines

for slightly di!erent reasons. Compared to the text context baseline, CacheGen has lower

TTFT, because it reuses KV cache to avoid the long prefill delay for processing long contexts.
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Compared to the basic quantization baseline, CacheGen compresses KV cache with layer-

wise dynamic quantization and further encodes the KV cache tensors into bitstreams, thus

able to reduce the transmission delay.

Finally, compared to H2O and LLMlingua, two recent context-condensing techniques,

CacheGen can still compress the KV cache produced by H2O. In short, H2O and other

context-condensing techniques all prune contexts at token level and their resulting KV caches

are in the form of floating-point tensors, so CacheGen is complementary and can be used to

further compress the KV cache into much more compact bitstreams.
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Figure 3.10: CacheGen improves TTFT under a wide range of di!erent bandwidths. Plotted
with Mistral-7B. y-axis is log scale.

3.7.3 Sensitivity analysis

Available bandwidth: The left and right figures in Figure 3.10 compares the TTFT

of CacheGen with baselines under a wide range of bandwidth from 0.4–10 Gbps and 10–

400 Gbps, while we fix the context length at 16K tokens. We can see that CacheGen

consistently outperforms baselines under almost all bandwidth situations. Arguably, the

absolute reduction in TTFT becomes smaller under high bandwidth (over 20Gbps), compared

to the quantization baseline, since both the quantization baseline and CacheGen can transfer

KV caches much faster.

Number of concurrent requests: Figure 3.11a shows the TTFT under di!erent num-

bers of concurrent requests. When the number of concurrent requests increases (i.e., fewer
50
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Figure 3.11: CacheGen consistently reduces TTFT when there are multiple concurrent re-
quests on one GPU. Plotted with Mistral-7B.

available GPU cycles for one individual query), CacheGen significantly reduces TTFT than

the baselines. This is because the amount of computation required for prefilling on a long

input (9.6K in this case) is huge, as discussed in §3.2. §A.4 shows CacheGen’s improvement

over a complete space of workloads of di!erent bandwidth and GPU resources.

Context lengths: Figure 3.11b compares CacheGen’s TTFT with the baselines under

di!erent input lengths from 0.1K to 15K tokens under a fixed network bandwidth of 3 Gbps.

When the context is long, the gain of CacheGen mainly comes from reducing the KV cache

sizes. And when the context is short (below 1K), CacheGen will automatically revert to

loading the text context as that yields a lower TTFT.

3.7.4 KV streamer adaptation
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Figure 3.12: CacheGen reduces SLO violation rate over CacheGen without adaptation and
the quantization baseline. Plotted with Mistral-7B model.
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The adaptation logic described in §3.5.3 allows CacheGen to adapt to bandwidth changes

and achieve good quality while meeting the SLO on TTFT. In Figure 3.12, we generate band-

width traces where each context chunk’s bandwidth is sampled from a random distribution

of 0.1 – 10 Gbps. Each point is averaged across 20 bandwidth traces on the LongChat

dataset. We can see that CacheGen significantly outperforms the quantization baseline and

CacheGen without adaptation. Specifically, given an SLO on the TTFT of 0.5s, CacheGen

reaches the same quality as the quantization baseline with an 60% lower SLO violation rate.

Under an SLO of 1s, CacheGen reaches the same quality as the quantization baseline, while

reducing the SLO violation rate from 81% to 8%. The reason why CacheGen has a lower

SLO violation rate is that when the bandwidth drops, CacheGen can dynamically reduce

the quantization level or fall back to the configuration of computing text from scratch, while

the quantization baseline and CacheGen without adaptation cannot.

3.7.5 Overheads and microbenchmarks
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Figure 3.13: (a) The breakdown of TTFT for text context, quantization baseline, and
CacheGen for Llama 13B. (b) Computation overhead of the text baseline and CacheGen.
(c) O"ine delay breakdown for baseline quantization and CacheGen. (d) The storage cost
for CacheGen, quantization baseline and the uncompressed KV cache.
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Decoding overhead: While having a better size-quality and TTFT-quality trade-o!,

CacheGen requires an extra decoding step compared to the quantization baseline. CacheGen

minimizes the decoding overhead by pipelining the decoding of context chunks with the

transmission of the context chunks, so as shown in Figure 3.13a, the decoding has minimal

impact on the end-to-end delay. It is also important to note that although CacheGen’s

decoding is performed on GPU (see §3.6), the amount of computation needed by CacheGen’s

decoding module is negligible compared to the baseline that generates KV cache from text

context.

O"ine encoding and storage overheads: Unlike prior methods that compress each

context only once, CacheGen compresses it into multiple versions (§3.5.3). CacheGen com-

presses each context almost as fast as the baselines because the encoding delay is very small

(200 ms), as shown in Figure 3.13c. Figure 3.13d evaluates the overhead in storage. We can

see that despite needing to encode and store multiple bitstream representations, the total

storage cost for CacheGen is on par with the quantization baseline.

���	 ��	� ��
	 ����
�������

��	�

��
	

����

�
��
��
��
�


�������������

�����������

�����������
��������

��������

Figure 3.14: Contributions of individual ideas behind KV encoder: change-based encoding,
layer-wise quantization, and AC based on channel-layer grouping.

Ablation Study: To study the impact of individual components in CacheGen’s KV en-

coder, Figure 3.14 progressively adds each idea into the baseline of uniform quantization

and default AC, starting with the use of our AC that uses probability distribution for each

channel-layer combination, then change-based encoding, and finally layer-wise quantization.

As shown in the figure, CacheGen’s AC and change-based encoding significantly improve
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Figure 3.15: Real user study shows CacheGen improves QoE significantly over other base-
lines.

upon the uniform quantization. This indicates that removing the constraint of maintaining

the tensor format of KV caches, and encoding them into bitstreams with our change-based

encoding and AC can further reduce the size of KV cache after quantization.

Quality of Experience: We performed an IRB-approved user study to validate the e!ec-

tiveness of CacheGen. We selected three conversation history from the LongChat dataset

used in previous evaluations. For each user, we first present the conversation history with

ChatGPT. Then we show the same response but produced by di!erent pipelines by adding

di!erent TTFT and let users rate the quality of response. With 270 ratings collected from

Amazon MTurk mtu, we show that CacheGen consistently outperforms other pipelines in

QoE with shorter TTFT in Figure 3.15.

Evaluation results of CacheGen with more baselines is available §A.2, including using a

smaller-sized model to speed up TTFT and Gisting, another context-shrinking technique.

3.8 Discussion and future work

CacheGen’s Compatibility with KV Cache Compression Techniques: Emerging

techniques like smart quantization Kang et al. [2024], Liu et al. [2024f], Hooper et al. [2024]

can be integrated with CacheGen. After quantization, CacheGen can still apply delta en-

coding and arithmetic coding.
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Incremental KV Cache Streaming: Future work includes extending CacheGen to stream

KV caches incrementally, akin to Scalable Video Coding (SVC) Hellwagner et al. [2011], by

initially sending low-quality KV caches and then incrementally improving quality by sending

di!erences.

Context Reuse in Real-World LLM Systems: In §3.2, we explain why contexts are

likely reused across requests but lack real-world datasets to illustrate this. Future work

includes finding or creating such datasets.

Evaluating on Higher-Power GPUs: In §3.7, we use NVIDIA A40 GPUs to conduct

the experiments. We acknowledge that with very high-power GPUs and relatively low band-

width, CacheGen might not significantly improve over the text context baseline. Evaluating

CacheGen on more powerful GPUs is left for future work.

Other System Designs: §3.5 covers CacheGen’s encoder and streamer design. Other

aspects such as which storage device(s) to store KV cache, caching policies, and locating KV

cache quickly are discussed in concurrent works Yao et al. [2024a], Gao et al. [2024a], Jin

et al. [2024a]. We leave combining CacheGen with these works for future work.
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CHAPTER 4

DROIDSPEAK: KV CACHE SHARING ACROSS MODEL

VARIANTS

4.1 Introduction

Nowadays, LLM inference has become one of the most resource-consuming workloads in

industry, demanding ever larger clusters of GPU machines vLLM Production Stack Team

[2025], ai-dynamo [2025], vLLM Project [2025], Wu et al. [2023b], Patel et al. [2024], Zhong

et al. [2024b]. To reduce the computation demand, a common optimization is for GPU

machines that run the same LLM to share KV caches of reused input prefixes over the

network Chen et al. [2024e], Hu et al. [2024a], Li et al. [2024a], Liu et al. [2024d]. However,

how to make that optimization work across di!erent LLMs is yet to be studied.

Indeed, an emerging trend is hosting multiple di!erent LLMs in one GPU cluster. The

reason is that with LLMs used in more complex or personalized tasks, multiple LLMs, often

fine-tuned from the same foundational model, are needed to serve di!erent users, tasks, or

roles. These LLMs work together to perform one complex task or to o!er di!erent customized

services Fang et al. [2024], Mineiro [2024], Borzunov et al. [2023], Yang et al. [2024], Arslan

et al. [2024]. Since standard prefix-caching techniques work only when the KV cache is

reused by the same LLM, the use of multiple LLMs poses a direct challenge — how to reuse

KV cache e#ciently across di!erent LLMs in distributed settings.

To motivate this challenge, we highlight three common use cases of multiple fine-tuned

models working together in a system. The first one is multi-agent systems, which use di!erent

fine-tuned models to serve as the agents and to accomplish collaborative tasks Chen et al.

[2023a], Hong et al. [2024b]. The second use case is serving multi-LoRA or multiple fine-

tuned models, such as models that are continuously updated over time with newer data

Huang et al. [2025], or concurrently serving LoRA adapters Chen et al. [2024d], Xia et al.
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[2024], Sheng et al. [2024a]. The third use case is personalized assistant systems, where a

model is fine-tuned for each user (or user type) according to their personal preferences in

coding or writing.

Baseline 
agent

Expert
 agent

A) Workflows with multiple LLM 
agents

Model BModel A

B) Multiple models working on 
same content, storing their own 

KV cache

KV cache KV cache

User

C) Personalized agents accessing 
the same content

Coding
agent

Validation 
agent

User Debugging
agent

E Cache transfer

Q
Q+A

Figure 4.1: Various scenarios in which same context is shared by multiple LLMs. DroidSpeak
brings down the computation latency by up to 3.1→, increases throughput by 4→.

In all of these scenarios, prefix sharing is common. For example, in multi-agent systems

(Figure 4.1A), when the coding agent talks to the validation agent, the conversation history

of the coding agent will be prepended to the input of the validation agent, to ensure the co-

herence of the conversation. In a multi-LLM or multi-LoRA inference system (Figure 4.1B),

an updated model in a chatbot application could refer to the same piece of conversation

history produced by an older version of the model. In a personalized assistant system (Fig-

ure 4.1C), where each assistant is fine-tuned for a di!erent user’s preference, the same news

(i.e., the query prefix) can be used to answer di!erent users’ queries.

Based on the observations above, we pose the question: can we share the intermediate

states (i.e., KV cache) produced by one LLM on a given context to accelerate the prefill for

another LLM? In this paper, we seek to answer this question under the assumption that the

two LLMs have di!erent weights but the same architecture.
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Intuitively, the potential performance benefit of such intermediate state sharing is huge —

previous work on single-LLM KV cache sharing has shown up to 8→ latency and throughput

improvement by speeding up the expensive prefill phase of LLM inference, particularly for

long context workloads Gao et al. [2024b], Gim et al. [2024], Liu et al. [2024d], Jin et al.

[2025a]. However, just like a video decoder could not decode a video encoded with another

codec, naively sharing the KV cache across di!erent LLMs would cause generation quality

to drop greatly.

Our hypothesis is that there should be a way to re-compute a small portion and reuse

a large portion, although not all, of the KV cache between two models that are fine-tuned

from the same base model — since the models are only fine-tuned, they should share similar

understanding of the same input context and hence help accelerate each other’s inference. Of

course, the challenge is to validate this hypothesis, and to figure out which part to re-compute

or re-use without incurring much delay overhead or degradation of quality.

Through a thorough empirical study (§4.3.2), we measured eight representative model

pairs and found that only a small subset, often around 10%, of layers are sensitive to the

KV cache di!erence between two models in a pair. The identities of these layers vary with

di!erent model pairs, but are largely consistent across di!erent inputs for the same model

pair. We refer to these layers as critical layers in this paper. Therefore, for each pair of

LLMs, we propose to selectively recompute these critical layers in the KV cache.

We build our insights into DroidSpeak, the first distributed multiple-LLM inference sys-

tem that enables e#cient sharing of KV caches across di!erent LLMs. First, DroidSpeak

identifies the critical layer groups through o"ine profiling on a held-out training set, ensur-

ing su#cient re-computation for accuracy purposes while reusing as many layers’ KV cache

as possible. Second, DroidSpeak implements smart KV cache loading, which pipelines the

loading of KV cache with the re-computation of critical layers, to hide the loading delay

from remote nodes as much as possible.
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We should note that the high-level idea of selectively recomputing KV cache is not exactly

new. DroidSpeak di!ers with prior work Gao et al. [2024b], Gim et al. [2024], Liu et al.

[2024d], Yao et al. [2025] in why and how to re-compute KV cache: DroidSpeak is designed

for KV cache reuse across di!erent LLMs, while prior work assumes a single LLM; due to the

di!erent purposes, none of the prior work chooses to re-compute or re-use a group of layers

like in DroidSpeak. For example, CacheBlend Yao et al. [2025] updates a reused KV cache,

but it still feeds the KV cache to the same LLM that generated the KV cache. Moreover, it

updates the KV cache of certain tokens, rather than certain layers like in DroidSpeak.

We evaluate DroidSpeak on six datasets across three di!erent tasks, including ques-

tion answering, text summarization, and coding, across eight di!erent model pairs. We

compare DroidSpeak with various baselines, including direct KV reuse Gao et al. [2024b],

CacheBlend Yao et al. [2025], and smaller models. Across these setups, we can reduce the

latency by up to 3.1→, improve throughput by up to 4→ with negligible drop in quality

(measured in F1 score, Rouge-L, or code similarity score).

While the concept of “translating” KV caches between models involves a machine-learning

challenge, our primary contribution lies in making it practical in a distributed system set-

ting, which requires the transfer and computation of such KV-cache translation to be done

e#ciently. Specifically, we identify a key system-level insight: once the E cache of the transi-

tion layer has been transferred, selective re-computation can start independently of the KV

cache transfer for reused layers. This decoupling allows transfer and re-computation to be

pipelined e#ciently.

4.2 Background & Motivation

Throughout this chapter, we follow the terminology of Section 2.1 (KV cache and E cache);

the quality of these E/Q/K/V tensors directly a!ects the model’s ability to understand and

process the input context e!ectively. Furthermore, in this section, we give a more detailed
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introduction to the background of the emerging workload of context sharing between di!erent

fine-tuned model versions and the motivation for DroidSpeak.

4.2.1 Fine-Tuned LLMs

(a) (b)

Figure 4.2: (a) Fine-tuned model produces higher quality than baseline. (b) Shorter input
leads to smaller end-to-end time.

Despite being versatile, foundational LLMs’ capabilities on specific tasks can improve

through fine-tuning on specialized domain data. For example, one can turn a foundational

LLM into a customer-support agent by finetuning on troubleshooting requests Predibase

[2023], or into a legal assistant by finetuning on case law and statutes Yue et al. [2023].

Fine-tuning can greatly improve the accuracy of an LLM on a target domain, as shown

in Figure 4.2(a), where the fine-tuned models (Llama-3-70B-Instruct AI@Meta [2024],

Mistrallite Song et al. [2023a], Llama-3-8B-Instruct AI@Meta [2024], and MAmmoTH2 Yue

et al. [2024]) greatly outperform the foundational models they originate from, on the Hot-

potQA dataset Yang et al. [2018].

Recent works in parameter e#cient fine-tuning, like LoRA Hu et al. [2022] have made

fine-tuned models even more accessible by updating part of the model weights, reducing

computational and memory resources during fine-tuning.
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4.2.2 Context Sharing Across LLMs

As Section 2.1 describes, prefix contexts1 are increasingly shared across di!erent LLMs

in compound AI systems: agents in agentic workflows share conversation histories to stay

coherent and consistent, personalized assistants answer queries over shared knowledge bases,

and updated model versions or concurrently served LoRA adapters re-process the same

popular contexts. In all these use cases, the di!erent LLMs are typically fine-tuned versions

of a common foundational model or of one another: a single LLM often lacks the diversity

in learned data distribution or the specialized capabilities that complex tasks demand, so

multiple fine-tuned LLMs collaborate to solve them Feng et al. [2025], Subramaniam et al.

[2025], Ye et al. [2025], Li et al. [2025]—in CAMEL, a very popular multi-agent framework,

di!erent agents can be models fine-tuned on independent data domains Hu et al. [2025a].

Indeed, compared with using di!erent prompts on the same model for di!erent agents, using

fine-tuned models as di!erent agents can better improve output quality Chen et al. [2023a],

Song et al. [2024].

In this chapter, for convenience, we use the following terminology:

• Sender model produces the KV cache of a context;

• Receiver model reuses the KV cache (with limited recomputation) of the reused context.

For example, in the coding agentic workflow of Section 2.1, the testing agent (receiver model)

reuses the context produced by the coding agent (sender model) Hong et al. [2024b], Qian

et al. [2024], Wu et al. [2024f].

These emerging workloads fuel the need for e#cient context sharing across fine-tuned

LLMs and motivate DroidSpeak.

1. Since a shared context is often the prefix of di!erent inputs, we use prefix (caching/sharing) and context
(caching/sharing) interchangeably.
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4.2.3 Distributed LLM Inference Systems

As the demand for LLM inference continues to grow, it has become common to serve LLMs

in a cluster of GPU nodes. Many companies have developed their own distributed inference

systems, such as vLLM Production Stack vLLM Production Stack Team [2025], NVIDIA

Dynamo ai-dynamo [2025], and ByteDance AIBrix vLLM Project [2025]. Among all these

frameworks, KV cache sharing across nodes is one of the most important features for reducing

prefill computation and increasing overall throughput. Specifically, when there are multiple

requests to the same model querying a common prefix context, these systems can transfer

KV cache generated by another user request, either from another GPU node or through a

centralized storage backend Jin et al. [2025b], Gao et al. [2024b], Chen et al. [2024e].

However, current distributed inference systems have not optimized for multiple-LLM

inference yet–they do not explore the opportunity to share KV cache across GPU nodes

when the requests are querying di!erent models.

4.2.4 Prefill interference

Since TTFT grows super-linearly with input length and decoding cannot start until the

prefill phase completes (Section 2.1), long inputs often turn prefill delays into the end-to-

end bottleneck, greatly reducing an inference system’s goodput. For example, as shown in

Figure 4.2(b)—where Llama-3-8B runs on a single A100 GPU with synthetic input lengths

of 5K and 20K tokens—setting a 3-second latency SLO reveals that increasing the input size

by only 4→ can reduce goodput by as much as 32→.

4.3 Reusing KV cache across LLMs

A simple way to eliminate the overhead of repetitively re-computing the KV cache that

another LLM has generated before is to reuse the KV cache produced by another model.
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As a concrete example, on an A100 GPU and using Llama-3.1-8B-Instruct, reusing the

KV cache for a 40K-token input can reduce prefill latency from 4s to 0.08 seconds. This

naturally leads to the key question: What e!ect does directly reusing another LLM’s KV

cache have on generation quality?

In this section, we present the first empirical study of how reusing another model’s KV

cache impacts output quality, and we further examine whether these e!ects vary across

individual layers of the cache.
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Figure 4.3: Directly reusing the full KV cache greatly degrades generation quality.
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Figure 4.4: Di!erent layers have di!erent sensitivities to deviation in KV cache. Plotted
by reusing only one layer’s KV cache from the sender model on the receiver model. The red
dashed line is the original accuracy of the receiver model. The bars colored red are those that
have an F1 score drop of over 10% compared to the original receiver model.
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4.3.1 Building the benchmarks and datasets

Before getting into the KV cache sharing and patterns, we describe the benchmark set we

build for DroidSpeak. The study needs pairs of models that share the context provided by

the datasets. The following assumptions are also made when building the benchmark.

• The pair of models should share the same foundational model. Specifically, the pair can

either consist of the foundational model and a fine-tuned model based on it, or, two

fine-tuned models based on the same foundational model.

• The dataset selected should be related to the task for which one of the models has been

fine-tuned. This is important since in any context-sharing scenario, the receiver model

is performing the specialized task.

• The receiver model fine-tuned on the task in the corresponding dataset should yield

better quality than the sender model in the pair.

Using these assumptions, we formulate the benchmark as shown in Appendix Table B.1.

We use 8 pairs of models across 6 datasets (including HotpotQA Yang et al. [2018], multi-

fieldQA_en Zhao et al. [2024], 2wikimQA Ho et al. [2020], multi_news Fabbri et al. [2019],

lcc Guo et al. [2023], and repobench-p Liu et al. [2024c]). The receiver models are fine-tuned

on datasets spanning chat, coding, instruction tuning, and long-context tasks. The quality

metric used is taken directly from the dataset.

We focus on the use case where the sender model generates the intermediate states for

the context and the receiver model reuses its intermediate states. This is a challenging use

case because the sender model has worse accuracy than the receiver model, so achieving high

quality requires properly refreshing the KV cache.

64



� 	 �� �	 �� �	 ��

�
���

���

��	

���


���
���
��
��
��
��
�

Figure 4.5: Variation in F1 score per input within a single dataset (HotpotQA) for model pair
Llama-3-8B-sft-lora-ultrachat reusing fingpt-llama-3-8B. We plot the 25 and 75 percentiles.
Except layer 23, the 25 and 75 percentiles overlap, indicating a low variance of error sensi-
tivity across all layers except 23.

4.3.2 Empirical insights of KV cache

Naive reusing is suboptimal: The first observation is about naively reusing the sender

model’s KV cache on the receiver model. Specifically, we observe that:

Insight 4. Reusing the whole KV cache between models leads to a huge loss in accuracy.

A naïve way to reuse the intermediate state between models is to reuse the KV cache

as is. In this case, the receiver model receives the KV cache for the whole input prompt

from the sender model. It then uses this to generate the output tokens in the decode phase,

thereby skipping the prefill phase.

We show the impact of this on quality in Figure 4.3. For each pair of models and dataset,

we show the F1 score (higher is better) of a) the receiver model, b) the receiver model while

reusing the KV cache generated by the sender model, and c) the sender model alone.

Although the quality of the receiver model with the sender model’s KV cache is still

better than the sender model alone, we lose a lot of accuracy. HotpotQA tends to lose more

than 50% of the accuracy points across most of the model pairs, while the other datasets

show varying amounts of changes across model pairs.

Layer-wise sensitivity to KV cache reuse: Our second observation is about whether

KV cache reusing leads to the same impact across all layers.

Insight 5. Only a small subset of layers are sensitive to KV cache reuse in terms of accuracy.
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Figure 4.4 shows the quality drop by reusing part of KV cache from the sender model.

Specifically, each bar represents the quality achieved by the receiver model reusing the KV

cache for that corresponding layer from the sender model, with everything else being recom-

puted.

For most of the model pairs, we find only a small subset of layers are sensitive to the

deviation in KV cache (i.e., F1 score drops significantly), and we refer to these layers as

critical layers, which are colored red. On average across all pairs of models, we identify 11%

of layers to be critical.

Similarity of sensitivity across di!erent inputs: Our third observation is about

whether di!erent inputs show similar patterns in layer-wise sensitivity.

Insight 6. The variation in KV cache patterns across inputs is only notable for critical

layers.

Figure 4.5 shows the violin plot of the normalized change in F1 score per input in hot-

potQA dataset, when llama-3-8b-sft-lora-ultrachat reusing fingpt-llama-3-8b’s KV

cache of each layer only. Layer 23, which is also marked as the most critical for this model

pair in Figure 4.4 (i.e., the largest F1 score change), shows a wider variation across di!erent

data points from the dataset, with a lot of them observing F1 score change > 50%. However,

for all the non-critical layers, the variance in the F1 score change is insignificant, meaning

that such non-critical layers do not change across various inputs.

This phenomenon is also observed across other model pairs. Intuitively, this can be

because critical layers are essential for the reasoning capabilities Chen et al. [2020b] or

the ability to accomplish specific downstream tasks Chen et al. [2023c]. These reasoning

capabilities must remain accurate to interpret any input to the LLMs.
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4.4 DroidSpeak Design

Building on the insights in the previous section, we designed DroidSpeak to enhance the

context sharing between two LLMs. The central questions that DroidSpeak targets are the

following: how do we determine the layers to re-compute to reduce latency, while keeping the

quality loss minimal?

4.4.1 Challenges with Selective KV Cache Reuse

Insight 5 suggests selectively reusing the KV cache while recomputing it for critical layers

might preserve quality. However, selecting all critical layers scattered across di!erent parts

of the LLM is suboptimal for both e#ciency and quality.

The e#ciency challenge: Recomputing critical layers that are non-contiguously placed

is ine#cient.

During the prefill phase, the output of a layer where the KV cache is reused only contains

information about the first generated token. In contrast, recomputing the KV cache needs

to start from the E cache of this layer for the whole context. While it is possible to obtain

the E cache for layer l by performing a full prefill from the context starting from the first

layer till layer l, this approach completely defeats the purpose of KV cache reuse.

To address this, we use the E cache from the sender model to start the recomputing at

the layer when transitioning from KV cache reuse to recompute. We refer to this layer as

a transition layer. As depicted in Figure 4.6, for any transition layer (between reuse and

recompute), the sender model must store and transmit the E cache to the receiver model.

The E cache is typically large, reaching up to twice the size of the KV cache for the

Mistral-7B or Llama-3-8B model families, and up to four times larger for Llama-3.1-70B

since the KV cache size is optimized by group-query attention Ainslie et al. [2023]. Thus,

the overhead of storing the E cache in GPU memory and the delays caused by loading it

from remote GPU nodes can be substantial, far exceeding the cost of storing and loading
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Figure 4.6: DroidSpeak chooses the critical layer groups (layers 4-5) to re-compute, and
reuse KV cache for other layers.

KV cache alone.

The accuracy challenge: Furthermore, reusing the sender model’s E cache at the tran-

sition layer also hurts the accuracy of the final output. This is because the E cache loaded

from the sender model (starting point of the recomputation) already di!ers from the receiver

model. Such di!erence eventually will introduce deviation from the point of recomputation

and propagate over all later layers. It is crucial to minimize the error caused by such devia-

tion.

If we pick all the critical layers, which are often not appearing in contiguous groups

(Figure 4.4), there will be multiple transition layers from reuse to recompute, introducing

multiple deviations in E cache.

Figure 4.7(a) illustrates this. If we choose to recompute only critical layers (i.e., layers

16–18, 20, and 25–27), we need to load E cache at layers 16, 20, and 25. However, whenever

we load E cache, the error from E cache will be propagated to subsequent critical layers (e.g.,

loading E cache at layer 16 populates errors to 16–18) and eventually to the output. Thus,
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even if all the critical layers are recomputed, this will lead to a substantial output error.

In contrast, recomputing a contiguous group of layers from 16 to 27 avoids this problem by

recomputing the KV cache of non-critical layers that are located between critical layers. As

shown in Figure 4.7(a), re-computing a contiguous group of layers has much lower output

error than only re-computing the critical layers.

4.4.2 Profiling for re-computation configuration

Pa
ret
o f
ron
tie
r

Reusing E

(a) (b)

Figure 4.7: (a) More transition points lead to higher output error. (b) An example result
obtained by o"ine profiling. Each point represents the F1 score achieved when re-computing
a specific group of contiguous layers. The Pareto frontier shows the maximum F1 score
attainable for each number of re-computed layers.

A key question still remains: how to determine the critical layer groups to be re-

computed?

Based on Insight 6, the critical layers that are sensitive to KV cache di!erences vary little

with the inputs. This motivates our design to choose the critical layer group based on some

example inputs, and then apply to other new inputs. Specifically, for each model pair, we use

a training dataset to determine the critical layer group. We refer to the critical layer group

as the re-computation configuration. The goal is to understand the relationship between the

critical layer groups to perform re-computation and its impact on generation quality.

Figure 4.7(b) shows an example profiling result for the glue_sst2 and conllpp model

pair. Each point in the scatter plot represents the F1 score achieved for a specific number
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of re-computed layers. From these points, we obtain the Pareto frontier, which captures the

highest F1 score achieved at a specific group of layers. For instance, a configuration with

11 re-computed layers is a good example on the Pareto frontier, since the F1 score drop is

within 5% of the original accuracy of the receiver model, while the number of re-computed

layers is minimized. Here, 5% is a hyperparameter that users can freely adjust according to

their requirements.

Note that although the exact set of layers that need to be re-computed may di!er between

the training dataset and testing dataset, the key is that the Pareto frontier is similar across

di!erent datasets (§4.5.4).

Training data selection: We choose the training dataset to be similar to the domain of

the task that the testing datasets target. In practice, we can use the fine-tuning dataset for

profiling, as the inference requests of a specialized model should align with the data domain

used to fine-tune it.

Profiling Overhead: The profiling overhead has a complexity of O(l2) where l is the

number of layers in the LLMs. For example, for Llama-3-8B with 32 layers, it takes three

hours on an A100 GPU. This one-time cost is negligible since these models are deployed

at a very large scale Patel et al. [2024], Zhong et al. [2024b]. Furthermore, this cost can

be substantially reduced by grouping layers when profiling. Profiling at the granularity of

2-layer groups, for instance, reduces the profiling time by about 3x. In the evaluation we

show soon in §4.5, we use the 2-layer group profiling granularity.

4.4.3 DroidSpeak runtime design

As shown in Figure 4.8, DroidSpeak consists of two stages. The o"ine stage (as detailed

in §4.4.2) uses a training dataset to profile the relationship between the value change of

each layer on the generation quality. This step allows DroidSpeak to dynamically choose the

right re-computation configuration based on available resources. Next, we detail the online
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Figure 4.8: Overall system design of DroidSpeak, including the o"ine stage (top) that profiles
the critical layers of each pair of sender and receiver models (§4.4.2); and the online stage
(bottom) that uses the profile to dynamically pick the critical layers and KV-cache loading
strategy for each job (§4.4.3).

stage that uses the o"ine profile to dynamically decide the critical layers of the KV cache

and executes the partial recomputation on these critical layers to preserve high generation

quality.

Specifically, in the online stage, DroidSpeak dynamically decides which point on the

Pareto frontier should be used based on the latency SLO (details in Appendix§B.3). We

assume the E cache and KV cache at each transition point are precomputed and stored,

but they can also be generated by the sender model in real-time and sent directly from the

sender model. Then, the receiver model selectively recomputes critical layer groups while

reusing others, achieving a balance between computational e#ciency and quality.

Although storing the E cache introduces extra GPU memory overhead on the sender

model’s side, only the E cache for a single layer – the transition layer – needs to be kept.

This overhead is negligible compared to storing the KV cache across all layers by default.

For example, in Llama-3.1-8B-Instruct, storing the KV cache for all layers for 10K tokens

requires 1.2 GB of GPU memory, whereas storing the E cache for just one layer only needs
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0.08 GB – about 6% of the total KV cache memory usage.

Time

Re-compute

Load reused

(a) Send all layers of KV cache

(b) Only sends the KV cache
of reused layers

Time(c) Pipelining compute and loading

Time
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Load reused
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L1-L3

L1-L3
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Figure 4.9: Illustration of di!erent KV cache transferring strategies. Each color represents
the work (KV cache recomputation and loading reused KV caches) for the same query for
one model.

Smart KV Cache Loading: Since GPUs hosting di!erent LLMs may reside in separate

nodes, DroidSpeak needs to fetch KV cache from remote nodes frequently. Without careful

design, this transfer can significantly increase the end-to-end latency, particularly when fewer

layers are recomputed (i.e., more KV cache layers need to be transferred).

Consider an example with two receiver models A and B. Each model has ten layers.

Model A recomputes layers 4–10 and reuses KV cache for layers 1–3, while model B recom-

putes layers 1–3 and reuses KV cache for layers 4–10.

Figure 4.9 illustrates the timeline of three di!erent loading and recomputation strategies.

We assume that a request arrives at A at time=0, followed by a request to B after 2 time

units, and that recomputing or transferring one layer (KV or E cache) takes 1 unit of time.

The most naive approach is to load all layers of the KV caches before recomputation begins

in each job. For example, in model A (orange), this means first loading the E cache for

layer 4 and the entire KV cache, followed by 7 units of re-computation time, similarly for B,

resulting in a total TTFT of 47 (Figure 4.9(a)).
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A slight improvement is to load only the reusable layers’ KV cache for A and B, right

before recomputation. This reduces the total TTFT to 30, as shown in Figure 4.9(b).

However, both approaches miss the opportunity to overlap recomputation and the loading

of reused KV caches. Recomputation can start immediately after receiving the E cache

of the transition layer. The optimal solution, shown in Figure 4.9(c), pipelines loading

and recomputation. For model A, the E cache for layer 4 is transmitted first, enabling

recomputation of layers 4–10 to start while the KV cache for layers 1–3 transfers in parallel.

Similarly, for B, the loading of E/KV cache can begin before A finishes recomputation. This

pipelined strategy reduces the total TTFT to 17—approximately a 2→ improvement over

the baseline in (b).

4.4.4 Implementation

We implement DroidSpeak with about 3K lines of code in Python, based on PyTorch v2.0,

CUDA 12.0, and LMCache 0.1.4 Authors [2024], Cheng et al. [2024]. DroidSpeak operates

the LLM inference serving engines through these interfaces:

• store(Cache, context, LLM): We split the KV or E cache into layers, and store it

in a key-value store in GPU memory.

• fetch(context, LLM, layer_id) -> Cache: Depending on what was stored previ-

ous store() call, this loads layer’s KV or E cache of the corresponding LLM.

• partial_prefill(recompute_config, context)-> text: it takes in the recomputa-

tion configuration and the context, including which layers to recompute during prefill,

and then generates the output text.

We implement these three interfaces in vLLM Kwon et al. [2023a] and LMCache Authors

[2024]. For store_kv, after an LLM generates the KV cache for a piece of context, we

calculate the hash of the context text, and put it into the key-value store if the context
73



does not exist in the current store. Before we run the inference for any LLM, we obtain

the re-computation configuration from the o"ine profiling (§4.4.2), which includes the layer

numbers for recompute and KV cache reuse. During the online inference stage, we call

the partial_prefill function, which calls fetch_kv for the layers for KV cache reusing,

and fetch_e at the transition layers. Both fetch_kv and fetch_e are implemented with

torch.distributed PyTorch Contributors [2024] to fetch KV or E cache from a remote

GPU node. All transmission will be placed on a CUDA Stream di!erent from PyTorch’s

default computation stream PyTorch Team [2024], enabling us to overlap transmission of

KV cache with recomputation and hiding the transmission delay.

4.5 Evaluation

The key takeaways from the evaluation are:

• Across three datasets and eight model pairs, DroidSpeak can reduce the prefill latency

by 1.7–3.1→ without compromising accuracy, with an average prefill speedup of 2.1→.

• In the online serving system, DroidSpeak achieves up to 4→ improvement in through-

put.

• DroidSpeak’s profiling of recomputing layers is robust across di!erent datasets and

model types.

We also show more results in Appendix §B.2 including comparison of DroidSpeak with

smaller models, and applying DroidSpeak on math tasks.

4.5.1 Experiment Setup

Models: We evaluate DroidSpeak on eight pairs of models (Table B.1) of di!erent sizes,

specifically the fine-tuned versions of Mistral-7B, Mistral-24B, Llama-3.1-8B, Llama-3-8B,
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Figure 4.10: Prefill delay and F1 score trade-o!. DroidSpeak greatly reduces prefill latency
while maintaining generation quality.
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Figure 4.11: The impact of arrival rate on TTFT, TBT, and E2E, when the DroidSpeak’s
quality is same as full prefill.

Phi-3.5-mini-instruct, Llama-3-70B and Llama-3.1-70B, selected with the criteria in §4.3.1.

These models are fine-tuned on the base foundation model for chat-enhancing tasks, coding

tasks, and long context reasoning et al.. For Llama-3.1-70B and Llama-3-70B models, we

use 4-bit quantized models with AWQ Lin et al. [2024c] to fit on one A100 GPU.

Note that the receiver models are not all directly fine-tuned from the sender model; they

also include two fine-tuned variants derived from the same foundation model.

Hardware setting: We run the experiments on two A100 virtual machines connected with

200 Gbps NVIDIA Mellanox HDR InfiniBand links, namely Standard_ND96amsr_A100_v4,

which contains 8 → 80GB A100 GPUs on each virtual machine.

Datasets: We evaluate DroidSpeak on six datasets, spanning three di!erent tasks includ-

ing multi-hop question-answering, summarization, and code completion, with their context

length statistics summarized in Table B.2. For each model pair, we report results on three of

these datasets, following the criteria that the receiver model must achieve higher generation

quality than the sender model on the chosen datasets.

Train/test split: As discussed in §4.4.2, DroidSpeak profiles the critical layer groups that

has quality drop within 5% of the original quality with a training dataset o"ine. Specifically,
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we use 50 contexts from HotpotQA dataset as the training dataset to obtain the critical layer

groups with the profiling mechanism mentioned in §4.4.2. We apply the critical layer groups

on all the other testing datasets in the benchmark.

Quality metrics: We measure generation quality using the standard metric of each dataset,

following prior work Bai et al. [2024], Liu et al. [2024d], Yao et al. [2025]. Specifically, we

use F1 score for QA tasks (hotpotQA, 2wikimQA, multifieldQA_en), which measures the

probability that the generated answer matches the ground-truth answer for the question-

answering task; Rouge-L score for summarization tasks (multi_news), which measures the

longest common subsequence between the generated summarization and the ground-truth

answer; and finally the code similarity score for code completion tasks (lcc, repobench-p),

which measures the edit distance between the generated completed code and the ground-

truth code.

System metrics: We evaluate DroidSpeak against the baselines using time-to-first-token

(TTFT, defined in Section 2.1), time-between-tokens (TBT), i.e., the average time between

two consecutive generated tokens, and end-to-end latency (E2E), i.e., the duration from a

query’s submission to its last generated token. In §4.5.2 we also measure prefill latency,

which includes the prefill computation time on GPU and the loading delay to fetch KV and

E cache through InfiniBand bandwidth link across two GPU nodes.

Baselines: We compare with the following baselines:

• Full prefill: the receiver model prefills the text of the context with vLLM Kwon et al.

[2023a], representing the baseline of the highest computation overhead but the best

quality we can get.

• Full KV cache reuse Gao et al. [2024b]: the receiver model directly reuses the KV cache

from the sender model, and the receiver model runs decoding with the transferred KV

cache.

• CacheBlend Yao et al. [2025]: we extend CacheBlend’s algorithm to determine the
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important tokens to re-compute for cross-LLM KV cache sharing, based on the di!erence

between the re-computed KV cache and sender model’s original KV cache for the first

layer.

• Smaller models: In §B.2.2, we also compare Llama-3.1-70B-Instruct’s accuracy and

latency trade-o! with DroidSpeak with Llama-3.1-8B-Instruct, which is fine-tuned

with the same instruct-tuning dataset.

4.5.2 Lower Latency with Preserved Accuracy

We first demonstrate DroidSpeak’s reduction in prefill delay and accuracy trade-o! in Fig-

ure 4.10. Across 8 pairs of models on three datasets, DroidSpeak achieves 1.7–3.1→ reduction

in prefill delay over the full prefill method, without compromising generation quality. On

the other hand, when compared with reusing all of sender model’s KV cache, DroidSpeak

successfully preserves the improved quality of the receiver model despite a slightly higher

delay. Compared to CacheBlend, DroidSpeak can achieve much better latency and quality

trade-o!. Specifically, DroidSpeak has 5–33% (average 16%) higher quality than CacheBlend

at a similar prefill latency.

Understanding DroidSpeak’s improvement: DroidSpeak outperforms the baselines

for various reasons. Compared to the full prefill baseline, DroidSpeak achieves significantly

lower prefill delay as only a small fraction of layers are prefilled. In contrast to full KV

reuse, DroidSpeak has a longer prefill latency because it does not perform prefill at all.

However, it greatly reduces accuracy because it misses the opportunity to leverage layer-

wise sensitivity in the KV cache di!erence. DroidSpeak is better than CacheBlend in quality

because DroidSpeak re-computes the critical layer groups that are most sensitive to KV cache

deviation between models, while CacheBlend fails to spot the critical layers since it selects

the tokens to re-compute based on the first layer.

78



4.5.3 Inference Throughput and Latency Improvement

To see the impact of DroidSpeak on improving the inference throughput2 of an online LLM

inference system, we emulated an online inference scenario by pairing the datasets with re-

quest arrival times following a Poisson distribution under di!erent incoming rates to evaluate

the performance of DroidSpeak in more practical workloads.

For the experiment, we deployed a Kubernetes cluster running vLLM Production Stack vLLM

Production Stack Team [2025], using DroidSpeak ’s customized Docker image. The cluster

consisted of two nodes, each equipped with 8 A100 GPUs. We configured eight replicas for

each model across these nodes. Model placement followed a simple strategy: for each model

pair, we deployed four replicas of both the sender and receiver models on each node. Re-

quest routing was handled by vLLM Production Stack’s round-robin algorithm, which splits

incoming requests evenly across all model replicas.

As demonstrated in Figure 4.11, we compare the TTFT, TBT, and E2E impact under

various request rates on the HotpotQA dataset. Due to the limit in space, we only show

four pairs of models to illustrate. For DroidSpeak, we chose the configuration within 1%

accuracy drop for these pairs of models.

TTFT: Since the full-recompute baseline has much higher prefill latency than DroidSpeak,

the queuing delay a!ects (knee in the curve) its TTFT at a much lower QPS than what

DroidSpeak can support.

TBT and E2E: Although we are only reducing the TTFT directly in DroidSpeak, the

second-degree e!ect through less interference and better scheduling brings down the TBT

and E2E latency too, as shown in Figure 4.11.

Throughput: Assuming an SLO that avoids the e!ects of high queuing delays (knee of full

prefill) on TTFT, TBT, and E2E latency, DroidSpeak can support 2-4→ higher throughput.

2. Here, inference request throughput refers to the number of requests the system can process per second,
not network bandwidth throughput.
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Although DroidSpeak can only reduce prefill computation, it becomes a bottleneck in the

system, especially under long contexts, as long TTFTs cause the subsequent decoding to be

queued for a long time. By reducing the TTFT bottleneck, DroidSpeak can thus increase

the inference throughput.
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Figure 4.12: Impact of the arrival rate on the TTFT and E2E delays of code agentic work-
flow.

4.5.4 Robustness across datasets

As discussed in §4.4.3, DroidSpeak profiles the KV cache reuse pattern using a single profiling

run on a training dataset during the o"ine stage and then generalizes the profile results to

other datasets during the online stage.

Figure 4.13 illustrates whether the profile obtained on one dataset o"ine generalizes well

to other datasets. In each subfigure, we plot the Pareto frontier of the F1 score versus the

number of reused layers, obtained through profiling on the original testing dataset vs two

other datasets in our benchmark using glue_sst2 and conllpp model pair.

The figure demonstrates that the Pareto frontier obtained using the profile from the

training dataset on the testing dataset closely resembles the frontier obtained using the profile

directly from the testing dataset. Across all the pertinent configurations, the maximum

di!erence in the score is 4 points, with the average being 2 points. This result further

validates the su#ciency and robustness of our profiling strategy.

Case study on coding agentic workflow: Next, we study how DroidSpeak performs

under a real agentic workflow by orchestrating a coding agent system using MetaGPT Hong
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Figure 4.13: Using the recompute layers profiled on training datasets works well on testing
datasets.

et al. [2024b], a state-of-the-art multi-agent framework. The system consists of two agents,

a coder using evolcode model and a tester using tool-8b model. The coder is responsible for

implementing Python functions according to the input prompt, and the tester is responsible

for testing the coder’s code and providing comments to the coder agent for the next round’s

modification.

We send the problems from the HumanEval dataset at various rates. In Figure 4.12, we

plot the TTFT and E2E impact under di!erent QPS, similar to the setup in §4.5.3, where

DroidSpeak is plotted with the re-computation configuration that maintains the generation

quality (pass@1 score of 52.5). DroidSpeak significantly improves the TTFT by 2.7→ and

brings down the E2E delay to finish the problem as well.

Mixture-of-Experts Model: We also evaluate DroidSpeak on a Mixture-of-Experts

(MoE) model. As shown in Figure 4.14, where the sender model is Mixtral-8x7B and the re-

ceiver is Mixtral-8x7B-Instruct, DroidSpeak is able to achieve significant reductions in prefill

latency as well. While MoE models may activate di!erent experts for di!erent inputs, this

selection occurs only at the linear layers after the attention modules—where the KV cache

is used in. Thus, DroidSpeak ’s KV cache sharing remains e!ective for MoE architectures.
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Figure 4.14: Applying DroidSpeak on Mixtral-8x7B-Instruct sharing Mixtral-8x7B’s KV
cache, which are MoE models based on Mistral model architecture.
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Figure 4.15: Pipelining re-compute and loading the reused layers greatly reduces the total
TTFT compared to the baselines of sequentially send and re-computes the KV cache.

4.5.5 Impact of di!erent network bandwidth

Figure 4.15 compares DroidSpeak and the baselines where the re-computation and loading of

KV cache are not pipelined. We can see that DroidSpeak outperforms baselines under almost

all bandwidth situations. Arguably, the absolute reduction in TTFT becomes smaller under

high bandwidth, because the transmission delay becomes a smaller amount of the overall

delay when the bandwidth is very high. We acknowledge that as networking speed increases,

the advantage of loading KV caches in parallel with recomputation decreases compared to

simply loading all or reused layers.

4.5.6 Profiling Overhead

Figure 4.16 shows the trade-o! between profiling cost and generation quality. Profiling one

layer at a time for the glue_sst2 and conllpp model pair with 32 layers takes 3.6 hours,
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Figure 4.16: DroidSpeak’s profiling delay on glue_sst2 and conllpp model pair, on the mul-
tifieldQA dataset. Grouping the profiling layers at the granularity of multiple layers reduces
profiling delay, without losing quality.

while grouping layers cuts this to 1 hour for 2-layer groups and 0.375 hours for 3-layer groups.

The left side shows that coarser grouping maintains similar F1 scores and layer reuse trade-o!

compared to per-layer profiling. We observe the same trend for the evolcode and tool-8b

pair in §B.2.3.

4.6 Limitation and Future Work

KV cache sharing across di!erent foundation models: DroidSpeak as-is only works

for KV cache sharing across models originated from the same foundational model. Exploring

the possibility and solution of KV cache sharing across di!erent foundational models is a

challenging problem that we leave for future work.

Re-computation adaptation with network bandwidth: In §4.4.3, we only consider

adjusting the re-computation ratio based on system load. Future work may extend the

adaptation algorithm to consider changes in network bandwidth, for example, expanding

the range of critical layer groups when network bandwidth is limited.

Data drift in the re-computation configuration: DroidSpeak profiles the re-computation

configuration for di!erent models o"ine. We acknowledge that this profiling approach may

result in quality degradation if the real test data drifts greatly from the training data used

for profiling. To alleviate this issue, periodic re-profiling can be performed to update the

re-computation configuration with newer data, which has closer distribution to the testing
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dataset. We leave this challenge to future work.

Applicability of DroidSpeak: Since DroidSpeak relies on the empirical insight that only

a subset of layers are sensitive to KV cache reuse errors, it may not work for all model

pairs, even those sharing the same foundation model. That said, we have validated that for

model pairs in Section 4.5 and Section 4.3, DroidSpeak is able to significantly reduce prefill

computation with little impact on generation quality.

KV cache reuse across multiple LLMs: Our current evaluation focuses on KV cache

reuse between two models. Currently, KV cache reuse among multiple models needs to treat

them as a collection of model pairs. We leave the optimizations of multi-model reuse to

future work, such as maximizing shared layers across models with little impact in generation

quality.

4.7 Conclusion

In this work, we identified the core challenge of reducing repetitive computation in systems

where multiple models work on a shared context. We presented DroidSpeak, a framework

for KV cache sharing in compound AI systems. We identified only a subset of layers that

require recomputation to maintain quality and show the robustness of our solution for a

diverse range of model pairs, model types, and datasets.
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CHAPTER 5

CHAMELEONAPI: ENCODING SOFTWARE CONTEXT INTO

MODEL BEHAVIOR

5.1 Introduction

The landscape of ML applications has greatly changed, with the rise of ML APIs significantly

lowering the barrier of ML application developers. Instead of designing and managing neural

network models by themselves via frameworks like TensorFlow and PyTorch, application

developers can now simply invoke ML APIs, provided by open-source libraries or commercial

cloud service providers, to accomplish common ML tasks like object detection, facial emotion

analysis, etc. This convenience thus gives rise to a variety of ML applications on smartphones,

tablets, sensors, and personal assistants McEnroe et al. [2022], Chang et al. [2021], Hua et al.

[2022], Wan et al. [2021].

Although ML APIs have eased the integration of ML tasks with applications, they are

suboptimal by serving di!erent applications with the same neural network models. This

issue is particularly striking when applications use the ML API results to make control-flow

decisions (also referred to as application decisions in this paper). Di!erent applications may

check the result of the same ML API using di!erent control-flow code structures and di!erent

condition predicates, a process that we refer to as the application’s decision process (see §5.2

for the formal definition). Due to the heterogeneity across applications’ decision processes,

we make two observations.

• First, some incorrect ML API outputs may still lead to correct application decisions,

with only certain critical errors of API output a!ecting the application’s decision.

• Second, among all possible output errors of an ML API, which ones are critical vary

significantly across applications that use this API. That is, the same API output error

may have a much greater e!ect on one application than on another.
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Figure 5.1 illustrates the decision process of Heapsortcypher Matthew [2019], a garbage-

classification application. It first invokes Google’s classification API upon a garbage image.

Then, based on the returned labels, a simple logic is used to make the application decision

about which one of the pre-defined categories (Recycle, Compost, and Donate) or others

the image belongs to. For example, for an input image whose ground-truth label is “Shirt”,

the correct application decision is Donate, as shown in Figure 5.1 (b).

For this application, when the classification API fails to return “Shirt”, the application

decision may or may not be wrong. For example, Figure 5.1 (c) and (d) show two possible

wrong API output: if the output is “Paper”, the application will make a wrong decision of

Recycle; however, if the output is “Jacket”, the application will make the correct decision

of Donate despite not matching the ground-truth label. More subtly, if the API returns

a list of two labels, “Shirt” and “Paper”, the application would make a correct decision if

“Shirt” is ordered before “Paper” by the API, but would make a wrong decision if “Paper”

is ordered before “Shirt”. The reason is that the application logic, the for loop in Figure

5.1 (a), checks one API-output label at a time. As we will see later, there are also other ways

that applications check the API-output list, which will a!ect application decision di!erently.

As we can see, for a specific application, some errors of an ML API may be critical, like

mis-classifying the shirt to “Paper” in the example above, and yet some errors may be non-

critical, like mis-classifying the shirt image as “Jacket” or classifying the shirt image as both

“Shirt” and “Paper” in the examples above. Which errors are critical varies, depending on

the application’s decision process.

These observations regarding the critical errors specific to each application suggest sub-

stantial room for improvement by customizing the ML API, essentially the neural network

model underneath the API, for individual application’s decision process. In particular, for

a given application, the customized model can a!ord having more errors less critical to

the application for the benefit of having fewer critical errors that cause wrong application
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decisions.

Thus, our goal is to allow ML APIs and their underlying neural network models to be

automatically customized for a given application, so as to minimize incorrect application

decisions without changing the application’s source code or interface between ML API and

software exposed to developers. This way, application developers who do not have the

expertise to design and train customized ML models can still enjoy the accessibility of generic

ML APIs while getting closer to the accuracy of ML models customized for the application.

No prior work shares the same goal as us. The closest line of prior work specializes DNN

models for given queries Kang et al. [2018, 2017], Koudas et al. [2020], Cao et al. [2022, 2021],

but they require application developers to use a domain specific language (e.g., in SQL Kang

et al. [2018]) instead of general programming languages, like Java and Python, and mostly

focus on reducing the DNN’s size. In contrast, we keep both the ML API interface and the

application source code intact while avoiding incorrect decisions for ML applications.

With the aforementioned goal, this paper makes two contributions. First, we run an

empirical study over 77 real-world applications that collectively use six ML APIs to reveal

several common patterns of how the outputs of ML APIs a!ect the application decisions

(§5.2).

Our study identifies two types of ML API output that are used by applications to make

control-flow decisions (categorical labels and sentiment scores), and three types of decision

types (True-False, Multi-Choice, and Multi-Selection) with di!erent implications regarding

which ML API output errors are critical to the application.

Our study also quantitatively reveals opportunities of model customization. (1) Although

popular image-classification models are trained to recognize as many as 19.8K di!erent labels,

the largest number used by any one application for decision making is only 54. Consequently,

mis-classification among the remaining tens of thousands of labels are completely irrelevant

to an application. (2) More importantly, applications tend to treat multiple labels (4.7 on
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Recycle = [`Plastic’,`Wood’,`Glass’,`Paper’,`Cardboard’]
Compost = ['Food','Produce','Snack']
Donate = ['Clothing','Jacket’,'Shirt','Pants','Footwear','Shoe’]

response = client.label_detection(Image)
for obj in response.label_annotations:

if obj.name in Recycle:
return ”recycle”

elif obj.name in Compost:
return “compost”

elif obj.name in Donate:
return “donate”

return “It is others.”

(a) Code snippet of app Heapsortcypher

Image MLaaS

[“P
ape

r”]Image

App App decision: 
“recycle”

Image MLaaS

[“J
ack

et”
]

Image

App App decision: 
“Donate”

Image
(Ground-truth: ”Shirt”)

App
Correct app 
decision
“Donate”

(b) Correct app decision based on input image’s ground-truth label

(c) ML API output error leads to wrong app decision

(d) ML API output error still leads to correct app decision

ML API invocation

Application decisions

Figure 5.1: An example ML application whose decision depends on the output of ML API
(multi-label classification), but not all errors of ML API output have the same e!ect.
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average) as one equivalence class in their decision making, such as labels Plastic, Wood,

Glass, Paper, and Cardboard in Figure 5.1(a). Mis-classification among those labels inside

one equivalence class does not matter. (3) Which labels are relevant to an application’s

decision making vary greatly across applications, with only 12% of application pairs share

any labels used for their decision making.

Second, inspired by the empirical study, we propose ChameleonAPI, which customizes

and serves ML models behind the ML API for each given application’s decision process, with-

out any change to the existing ML API or the application source code (§5.3). ChameleonAPI

works in three steps. First, it provides a parser that analyzes application source code to ex-

tract information about how ML inference results are used in the application’s decision

process. Based on the analysis result, ChameleonAPI then constructs the loss function to

reflect which ML model output is more relevant to the given application as well as the dif-

ferent severity of ML inference errors on the application decisions. The ML model will be

retrained accordingly using the new loss function. Finally, when the ML API is invoked by

the application at runtime, a customized ML model will be used to serve this query.

We evaluate ChameleonAPI on 57 real-world open-source applications that use Google

and Amazon’s vision and language APIs. We show that ChameleonAPI’s re-trained models

reduce 48% of incorrect decisions compared to the o!-the-shelf ML models and 50% compared

to the commercial ML APIs. Even compared with a baseline that selects the best-of-all

commercial ML API, ChameleonAPI reduces 43% of incorrect decisions. ChameleonAPI

only takes up to 24 minutes on a GeForce RTX 3080 GPU to re-train the ML model.

Our code is publicly available at https://github.com/UChi-JCL/chameleonAPI.

5.2 Understanding Application Decision Process

Section 2.3 gave a brief introduction to ML APIs and how developers invoke them in their

applications. Here, we conduct an empirical study to understand how applications make
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decisions based on ML APIs (§5.2.3), and how this decision making logic implies the di!erent

severity of ML inference errors (§5.2.4). This study will reveal why and how to customize the

ML API backend for each application. As a representative sample of ML APIs, this study

focuses on cloud AI services due to their popularity.

5.2.1 Definitions

Preliminaries: We begin with basic definitions.

• Application decision: the collective control-flow decisions (i.e., which branch(es) are

taken) made by the application under the influence of a particular ML API output.

• Incorrect ML API output: a situation when the API output di!ers from the API input’s

human-labeled ground truth. We refer to such ML API outputs as API output errors.

• Correct decision: the application decision if the API output is the same as the human-

labeled ground-truth of the input.

• Application decision failure: a situation when the application decision is di!erent from

the correct decision, also referred to as application failure for short in this paper.

Software decision process: Given these definitions, an application’s software decision

process (or decision process for short) is the logic that maps an ML API output to an

application decision. The code snippet in Figure 5.1 shows an example decision process,

which maps the output of a classification ML API on an image to the image’s recycling

categorization specific to this application.

Critical and non-critical errors: For a given decision process, some API output errors

will still lead to a correct decision, whereas some API output errors will lead to an incorrect

decision and hence an application failure. We refer to the former as non-critical errors, and

the latter as critical errors.
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5.2.2 Methodology

ML API name ML task Provider # of apps

label_detection Vision::Image classification Google 29
detect_labels Vision::Image classification Amazon 11
object_localization Vision::Object detection Google 8
analyze_sentiment Language::Sentiment analysis Google 14
analyze_entities Language::Entity recognition Google 6
classify_text Language::Text classification Google 9

Table 5.1: Summary of applications used in our empirical study.

Our work focuses on applications that use ML API output to make control-flow decisions.

To this end, we look at 77 open-source applications which collectively use six widely used

vision and language APIs Wan et al. [2021], Chen et al. [2021a] o!ered by two popular cloud

AI service providers, as summarized in Table 5.1.

These applications come from two sources. First, we study all 50 applications that

use vision and language APIs from a recently published benchmark suite of open-source

ML applications Wan et al. [2022]. Second, given the popularity of image classification

APIs Chen et al. [2020a, 2022b], we additionally sample 27 applications from GitHub that

use Google and Amazon image classification APIs (16 for the former and 11 for the latter).

We obtain these 27 by checking close to 100 applications that use image classification APIs

and filtering out those that directly print out or store the API output. Every application in

our benchmark suite uses exactly one ML API for decision making.

Threats to validity: While many applications use the APIs listed in Table 5.1, there

are a few other APIs not covered in our study. A few vision and language-related ML

tasks are not as popular and hence are not covered in our study (e.g., face recognition and

syntax analysis). Speech APIs are not covered, because their outputs are rarely used to

a!ect application control flow based on our checking of open-source applications. Finally,

our study does not cover applications that use ML APIs o!ered by other cloud or local

providers.
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5.2.3 Understanding the decision mechanism

(b) FoodDelivery
(Float-point value output, Multi-Choice)

Protein = [”Hamburger”,”Meat”,
“Patty”]

Grain = [“Noodle”,”Pasta”,”Bread”]
Fruit = [“Apple”,”Orange”,”Pear”]
res = client.label_detection(Img)
returned_set = set()
for obj in res.label_annotations:
if obj.name in Protein:
returned_set.add(“protein”)

elif obj.name in Grain:
returned_set.add(“grain”)

elif obj.name in Fruit:
returned_set.add(“fruit”)

return returned_set

(d) The-Coding-Kid
(Label output, Multi-Select)

(a) Aander-ETL
(Label output, Multi-Choice, App-Order)

Landmark = [“Landmark, “Sculpture”] 
Building = [“Building”, “Estate”, 

“Mansion”]
Person = [“Person”, “Lady”] 
res = client.label_detection(Img)
annotations = res.label_annotations
labels = [obj.name for obj in annotations]
if any([l in Landmark for l in labels]):
return ”Landmark”

elif any([l in Building for l in labels]):
return ”Building”

elif any([l in Person for l in labels]):
return ”Person”

else: ## obj.name not in any list
return “It is others.”

text = types.Document(content=Text)
res = client.analyze_sentiment(text)
sentiment = res.document_sentiment
sentiment_score = sentiment.score
if sentiment_score < 0.3:
print(“It's a negative sentence!”)

elif sentiment_score > 0.6:
print(“It's a positive sentence!”)

else: ## between 0.3 and 0.6
print(“It's a neutral sentence!”)

(c) Plant-watcher
(Label output, True-False)

Branch condition that uses API output Structure indicating decision typesInvocation of ML API

Plant = [”Houseplant”,“Bonsai”,
“Plant”, “Flowerpot”]

res = 
client.label_detection(Img)

for obj in
response.label_annotations:
if obj.name in Plant:
return “Plant found!”

return “No plant found.”

Figure 5.2: Code snippets from five example applications where ML API output a!ects control
flow decisions in di!erent ways.

Q1: What types of ML API outputs are typically used by applications to make deci-

sions?

ML APIs produce output of a variety of types. The sentiment analysis API outputs a list

of floating-point value pairs (score and magnitude), describing the sentiment of the whole

document and every individual sentence; the other five APIs in Table 5.1 each produces a

list of categorical labels ranked in descending order of their confidence scores, which is also

part of the output. Some APIs’ output also contains other information, like coordinates of

bounding boxes, entity names, links to Wikipedia URLs, and so on. Among all these, only

two types have been used in application decision processes of our studied application: the

floating-point pair (score and magnitude) and the categorical labels.

For the 63 applications that use categorical-label output from the five APIs (all except

analyze_sentiment in Table 5.1), they each define one or more label lists and check which

label list(s) an API output label belongs to. The code snippet of a landmark classification

application in Figure 5.2(a) is an example of this. It calls the label_detection API with a

sight-seeing image and checks the output labels to see if the image might contain Landmark,

or just ordinary Building, or Person.

For the 14 applications that use the analyze_sentiment API, they each define several
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value ranges and check which range the sentiment score and/or magnitude falls in. The

code snippet of FoodDelivery Martincu [2020] in Figure 5.2(b) is an example. This applica-

tion calls analyze_sentiment with a restaurant review text, and then checks the returned

sentiment score to judge if the review is negative, positive, or neutral.

Q2: What type of decisions do applications make?

We observe three categories of ML-based decision making, which we name following

common question types in exams:

(1) True-False decision, where a single label list or value range is defined and one selection

is allowed: either the ML API output belongs to this list/range or not. This type occurs

in about one third of the applications in our study. For example, the plant management

application Plant-watcher Plant-Watcher (Figure 5.2(c)) checks to see if the image contains

plants or not.

(2) Multi-Choice decision, where multiple lists of labels or value ranges are defined, and

one selection is allowed. The ML API output will be assigned to at most one list or range; the

application’s decision making logic determines which of these lists/ranges the output belongs

to, or determines that the output belongs to none of them. This type of decision is the most

common, occurring in about 45% of benchmark applications. The garbage classification

application discussed in §5.1 makes such a Multi-Choice decision. It decides which one of the

following classes the input image belongs to: Recycle, Compost, Donate, or none of them.

(3) Multi-Select decision, where multiple label lists or value ranges are defined, and multi-

ple selections are allowed about which label lists or value ranges the ML API output belongs

to. This type of decisions occur in close to a quarter of the applications. Figure 5.2(d)

illustrates such an example from the nutrition advisor application The-Coding-Kid The-

Coding-Kid. This application defines three label lists to represent nutrition types: Protein,

Grain, and Fruit, and it checks to find all the nutrition types present in the input image.

In the remainder of the paper, we will use target class to refer to a label list (or a
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value range) that is used to match against a categorical label (or a value). For instance,

the code snippet in Figure 5.2(a) has three label lists as its target classes ([Landmark,

Sculpture], [Building, Estate, Mansion], and [Person, Lady]), and the code snippet

in Figure 5.2(b) has three value ranges as its target classes (<0.3, >0.6, and in between).

Q3: How do applications reach Multi-Choice decisions?

When the ML API outputs multiple labels, the outcome of a Multi-Choice decision varies

depending on which matching order is used. First, the matching order can be determined by

the API output. For example, the garbage classification application (Figure 5.1) first checks

whether the first label in the API output matches any target class. If so, later API output

labels will be skipped, even if they might match with a di!erent class. If there is no match

for the first label, the second output label is checked, and so on. These labels are ranked

by the API in the descending order of their associated confidence scores, so we refer to such

a matching order as API-order. It is used by 80% of applications that make Multi-Choice

decisions.

The matching order can also be specified by the application, referred to as App-order. For

instance, regardless the API output, application Aander-ETL Aander-ETL (Figure 5.2(a))

always first checks if the Landmark class matches with any output label. If there is a match,

the decision is made. Only when it fails to match Landmark, will it move on to check the

next choice, Building, and so on. This matching order is used by 20% of applications that

make Multi-Choice decisions.

5.2.4 Understanding the decision implication

Q4: Does an application need ML APIs that can accurately identify thousands of labels?

ML models behind popular ML APIs are well trained to support a wide range of appli-

cations. For example, Google and Microsoft’s image-classification APIs are capable of iden-

tifying more than 10000 labels Kuznetsova et al. [2020], while Amazon’s image-classification
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API can identify 2580 labels Amazon [2022b]. However, for each individual application, its

decision making only requires classifying the input image into a handful of target classes:

7 at most in our benchmark applications. The largest number of image-classification labels

checked by an application is 54, a tiny portion of all the labels an image-classification API

could output.

Clearly, for any application, a customized ML model that focuses on those target classes

used by the application’s decision process has the potentially to out-perform the big and

generic ML model behind ML APIs. How to accomplish the customization without damaging

the accessibility of ML APIs will be the goal of ChameleonAPI.

Q5: Are there equivalence classes among ML API outputs in the context of application

decision making?

For the 63 applications that make decisions based on API output of categorical labels,

they present 121 target classes in total, each containing 4.7 labels on average (3 being

the median). Only 35 target classes in 22 applications contain a single label. For the 14

applications that make decisions based on floating-point sentiment score and magnitude,

their target classes all contain an infinite number of score or magnitude values. In other

word, no class contains just a single value.

Clearly, the wide presence of multi-value target classes creates equivalence classes among

output returned by the API—errors within one equivalence class are not critical to the

corresponding application. This o!ers another opportunity for ML customization.

Q6: How much di!erence is there between di!erent applications’ target classes?

Overall, the di!erence is significant. We have conducted pair-wise comparison between

any two applications in our benchmark suit, and found that 88% of application pairs share

no common labels in any of their target classes. Similarly, among the 381 labels that appear

in at least one application’s target classes, 88% of them appear in only one application (i.e.,

335 out of 381 labels).
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Clearly, there is little overlap among the target classes of di!erent applications, again

making a case for per-application customization of the ML models used by the ML APIs.

Q7: Do di!erent decision mechanisms imply di!erent sensitivity to output errors of ML

APIs?

Even for two applications that have the same target classes, if they try to make di!erent

types of decisions, they will have di!erent sensitivity to ML API output errors—some API

errors might be critical to one application, but not to the other. For example, errors that

a!ect the selection of di!erent target classes are equally critical to Multi-Select decisions.

However, this is not true for Multi-Choice, where only the first matched target class matters.

Furthermore, the matching order of a Multi-Choice decision a!ects which errors are critical.

When the API-output order is used (e.g., HeapsortCypher in Figure 5.1), an error on the

first label in the API output is more likely to be critical than an error on other labels in the

output. However, when App-order order is used (e.g., Aander-ETL in Figure 5.2(a)), errors

related to labels in the first target class (e.g., Landmark) are more likely to be critical than

those related to labels in later target classes (e.g., Person).

Clearly, to customize ML models for each application, we need to take into account what

is the decision type and what is the matching order (for Multi-Choice decisions).

5.3 Design of ChameleonAPI

Inspired by the study of §5.2, we now present ChameleonAPI which automatically customizes

ML models for applications.

5.3.1 Problem formulation

Goal: For an application that uses ML APIs, our goal is to minimize critical errors

in the API outputs for this application by e#ciently re-training the original generic neural

network models underneath these APIs into customized models; our approach stands in
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code

extraction of decision-
process summary (3.3)
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Creation of app-specific
loss function (3.2)

App-specific 
loss function DNN
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Training DNN using app-specific

loss function

ML API 
backend

Figure 5.3: The logical steps of how ChameleonAPI customizes d for individual applications.

contrast to typical approaches that minimize all inference errors. In other words, the new

ML model should return outputs that lead the application process to the same decision as

if the ground-truth of the input is returned by the ML API.

To formally state this objective, we denote how an application makes a decision by

App(API(x)), where x is the input to the ML API and API(x) is the API output. Then

for a given application decision process of App(·) and an input set X1, our goal is to train

an ML model DNN(·) such that

min
xi↔X

∣∣∣{xi|App(API(xi)) ↗= App(⊋API(xi))}
∣∣∣ ,

where API(xi) = F (DNN(xi)) (5.1)

Here, ⊋API(xi) is a hypothetical API function that always returns the ground truth

of input xi, and F (·) represents the postprocessing used by the API to translate a DNN

output to an API output. For instance, an image classification model’s output is a vector of

confidence scores between 0 and 1 (each for a label), but the ML API will use a threshold ω

to filter and return only labels with scores higher than ω, or the top k labels with the highest

confidence scores.

1. A careful reader might notice that the formulation in Eq. 5.1 also depends on the input set. Though the
input set should ideally follow the same distribution of real user inputs of the application, this distribution
is hard to obtain in advance and may also vary over time and across users. Instead, we focus our discussion
on training the ML model to minimize Eq. 5.1 with an assumed input distribution. Our evaluation (§5.5)
will test the resulting model’s performance over di!erent input distributions.
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Our goal in Eq 5.1 di!ers from the traditional goal of an ML model, which minimizes

any errors in the API output, i.e.,

min
xi↔X

∣∣∣{xi|API(xi) ↗= ⊋API(xi)}
∣∣∣ . (5.2)

Given that it is hard to obtain a DNN with 100% accuracy, the di!erence between the

two formulations is crucial, since not all API output errors in Eq. 5.2 will cause incorrect

application decisions in Eq. 5.1. Thus, compared to optimizing Eq. 5.2, optimizing Eq. 5.1

is more likely to focus the DNN training on reducing the critical errors for the application.

To train a DNN that optimizes Eq. 5.1, we need to decide if a DNN inference output

DNN(x) is a critical error or not (i.e., App(DNN(x)) ↗= App(⊋API(x))) at the end of every

training iteration. This decision needs to be made automatically and e#ciently. For example,

repeatedly running the entire ML application after every training iteration would not work,

as it may significantly slow down the training procedure.

Logical steps of ChameleonAPI: To customize and deploy the DNN for an application,

ChameleonAPI takes three logical steps (Figure 5.3). First, ChameleonAPI extracts from

an application’s source code a decision-process summary (explained shortly), a succinct

representation of the application’s decision process, which will be used to determine if a

DNN inference error is critical (details in §5.3.3). Second, ChameleonAPI converts a decision-

process summary to a loss function, which can be directly used to train a DNN (details in

§5.3.2). This loss function only penalizes DNN outputs that lead to critical errors with

respect to a given application. Finally, the loss function will be used to train a customized

DNN for this particular application’s ML API invocations (§5.3.4).

A decision-process summary is a succinct abstraction of the application that contains

enough information to determine if a DNN inference output causes a critical error or not.

Specifically, it includes three pieces of information (defined in §5.2.3):
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• Composition of target classes: the label list or value range of each target class;

• Decision type: True-False, Multi-Choice, or Multi-Select;

• Matching order: over the target classes, API-order or App-order, if the application makes

a Multi-Choice decision.

For a concrete example, the decision-process summary of the garbage classification applica-

tion in Figure 5.2(a) contains (1) three label lists representing three target classes: Recycle,

Compost, and Donate; (2) the Multi-Choice type of decision; and (3) the matching order of

API-order.

What is changed, what is not: ChameleonAPI does not change the ML API or the

application source code. Unlike recent work that aims to shrink the size of DNNs or speed

them up Mullapudi et al. [2019], Kang et al. [2018, 2017], we do not change the DNN archi-

tecture (shape and input/output interface); instead, we train the DNN to minimize critical

errors. That said, deploying ChameleonAPI has two requirements. First, the application

developers need to run ChameleonAPI’s parser script to automatically extract the decision-

process summary. Second, an ML model needs to be retrained for each application, instead

of serving the same model to all applications.

The remainder of this section will begin with the design of the application-specific loss

function based on decision-process summary, followed by how to extract the decision-process

summary from the application, and finally, how the customized ML models are used to serve

ML API queries.

5.3.2 Application-specific loss function

Given Eq 5.1, ChameleonAPI trains a DNN model with a new loss function, which only

penalizes critical errors of an application, rather than all DNN inference errors. Since deci-

sion processes vary greatly across applications (§5.2.4), we first explain how to conceptually
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capture di!erent decision processes in a generic description, which allows us to derive the

mathematical form of ChameleonAPI’s loss function later.

C1 = [“Landmark, “Sculpture”]
C2 = [“Building”, “Estate”]
res = client.label_detection(Image)
annotations = res.label_annotations
labels = [obj.name for obj in

annotations]
if any([l in C1 for l in labels]):
return ”C1”

elif any([l in C2 for l in labels]):
return ”C2”

(c) Generic description of the decision process
on DNN output ! = [0.1, 0.2, 0.8, 0.6] & score threshold # = 0.3

(a) Application source code

1st check: <[0.8, “Building”],    C1       >  à False (mismatch)

2nd check: <[0.6, “Estate”],        C1       >  à False (mismatch)

3rd check: <[0.2, “Landmark”],    C1       >  à False (score below !)

4th check: <[0.1, “Sculpture”],  C1       >  à False (score below !)

5th check: <[0.8, “Building”],    C2       >  à True

6th check: <[0.6, “Building”],    C2       >  à True

7th check: <[0.2, “Landmark”],    C2       >  à False

8th check: <[0.1, “Sculpture”],  C2       >  à False

⟸ EOD

DNN output " (score, label) Target class #(") Matched? $(")

Target classes:
[“Landmark,“Sculpture”]
[“Building”,“Estate”]

Decision type:
Multi-Choice

Matching order: 
App-order

(b) Decision-process summary

Figure 5.4: The generic description (shown in (c)) of an application (whose source code is
shown in (a) and decision-process summary in (b)) on a DNN inference output y.

Generalization of decision processes: For each application in our study (§5.2.2), our

insight is that its decision process can always be viewed as traversing a sequence of conditional

checks until an end-of-decision (EOD) occurs:

1st check: < y, c(1) >↘ M (1)

. . .

jth check: < y, c(j) >↘ M (j) ≃ EOD

. . .
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where the j-th check takes as input the DNN output y and one of target classes c
(j), and

returns a binary M
(j) indicating whether y(j) matches the condition of c(j) and a binary

decision whether this check happens before the EOD. The set of target classes successfully

matched before the EOD will be those selected by the application.

Figure 5.4 shows (a) an example application, (b) the decision-process summary, and (c)

the generic description for this application’s decision process and a DNN output.

This generic description (e.g., the traversal order of the target classes, how a match is

determined in a check, and when the EOD occurs) will depend on the information in the

decision-process summary and the DNN output y. We stress that this generic description

may not apply to all applications, but it does apply to all applications in our study (§5.2.2).

Categorization of critical errors: Importantly, this generic description helps to catego-

rize critical errors:

• Type-1 Critical Errors: A correct target class c is not matched before EOD, but will be

so if EOD occurs later.

• Type-2 Critical Errors: A correct target class c is never matched, before or after the

EOD.

• Type-3 Critical Errors: An incorrect target class c is matched before EOD.

A useful property of this categorization is that any wrong decision (a correct target class

not being picked, or an incorrect target class being picked) falls in a unique category, and

non-critical errors do not belong to any category. In other words, as long as the loss function

penalizes the occurrences of each category, it will only capture critical errors.

ChameleonAPI’s first attempt of a new loss function: To understand why it is

di#cult to penalize critical errors and critical errors only, we first consider the common

practice of assigning a higher weight to the loss of a DNN output if the ground-truth of

the input will lead to a selection of some target classes (e.g., Han et al. [2016], Jung et al.
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[2015], Vasan et al. [2020]). Henceforth, we refer to this basic design of loss function as

ChameleonAPIbasic.

At best, ChameleonAPIbasic might improve the DNN’s label-wise accuracy on inputs

whose ground-truth decision selects some target classes. However, as elaborated in §5.2.3, we

also need to consider which labels belong to the same target class, the decision type, and the

matching order of an application decision process in order to capture the three types of critical

errors. For instance, in the garbage-classification application (Figure 5.1), without knowing

the label lists of each target class, ChameleonAPIbasic will give an equal penalty to a critical

error of mis-classifying a Paper image to Wood and a non-critical error of mis-classifying a

Paper image to Shirt. Similarly, without knowing the matching order, ChameleonAPIbasic

will equally penalize the output of [Plastic, Jacket] and [Jacket, Plastic], but only the

latter leads to correct output because Jacket is matched first.

ChameleonAPI’s loss function: ChameleonAPI leverages the categorization of critical

errors to systematically derive a loss function that penalizes each type of critical error.

To make it concrete, we explain ChameleonAPI’s loss function of “label-based API, Multi-

Choice type of decision, and App-order” (e.g., Figure 5.4). Appendix§C.2 will detail the loss

functions of other decision processes. The loss function of such applications has three terms,

each penalizing one type of critical error:

L(y) =

Type-1 Critical Errors︷ ︸︸ ︷

Sigmoid
(
min

(
max

l→↑c<ĉGc

y[l],max
l→Gĉ

y[l]

)
↓ ω

)
(5.3)

+

Type-2 Critical Errors︷ ︸︸ ︷

Sigmoid
(
ω ↓max

l→Gĉ

y[l]

)
+

Type-3 Critical Errors︷ ︸︸ ︷
∑

c<ĉ

Sigmoid
(
max
l→Gc

y[l]↓ ω

)

Here, y[l] denotes the score of the label l, Gc denotes the set of labels of target class c, ĉ

denotes the correct (i.e., ground-truth) target class, and the sigmoid function Sigmoid(x) =
1

1+ex will incur a higher penalty on a greater positive value.
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Why does it capture the critical errors? Given this application is Multi-Choice, the EOD

will occur right after the first match of a target class, i.e., the first check with a c such that

maxl↔Gc
y[l] ⇐ ω.

• A Type-1 critical error occurs, if (1) the correct target class ĉ is matched and (2) it is

matched after the EOD. First, the correct target class ĉ is matched, if and only if at

least one of its labels has a score above the confidence threshold, so maxl↔Gĉ
y[l] ⇐ ω).

Second, this match happens after the break, if and only if some target class c before ĉ

(i.e., c < ĉ) is matched, so maxl↔Gc
y[l] ⇐ ω). Put together, the first term of Eq 5.3

penalizes any occurrence of these conditions.

• A Type-2 critical error occurs, if no label in the correct target class ĉ has a score high

enough for ĉ to be matched, i.e., maxl↔Gĉ
y[l] < ω, so the second term of Eq 5.3 penalizes

any occurrence of this condition.

• A Type-3 critical error occurs, if any incorrect target class c before ĉ (i.e., c < ĉ) has a

label with a score high enough for c to be matched, i.e., maxl↔Gc
y[l]↓ ω, so the third

term of Eq 5.3 penalizes any occurrence of this condition.

To train a DNN, the loss function must be di!erentiable with respect to the DNN ouput

y. Eq 5.3 uses the max function several times. Though max is not naturally di!erentiable,

it can be closely approximated in well-known di!erentiable forms provided by PyTorch’s

di!erentiable operators Paszke et al. [2017]).

5.3.3 Extracting applications’ decision process

The current prototype of ChameleonAPI program analysis supports Python applications

that make decisions based on categorical label output or floating point output of ML APIs.

We first discuss how it works for ML APIs with categorical label output, like all the APIs

in Table 5.1 except for analyze_sentiment. We will then discuss a variant of it that works
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for most use cases of analyze_sentiment.

Given application source code, ChameleonAPI first identifies all the invocations of ML

APIs. For every invocation I in a function f , ChameleonAPI then identifies all the branches

whose conditions have a data dependency upon the ML API’s label output. We will refer to

these branches as I-branches. If there is no such branch in f , ChameleonAPI then checks the

call graph, and analyzes up to 2 levels of callers and up to 5 levels of callees of f until such

a branch is identified. If no such branch is identified after this, ChameleonAPI considers the

ML API invocation I to not a!ect application decisions and hence does not consider any

optimization for it. If some I-branches are identified, ChameleonAPI records the top-level

function analyzed, F , and moves on to extract the decision-process summary in following

steps.

What are the target classes? ChameleonAPI figures out all the target classes and their

composition in two steps.

The first step leverages symbolic execution and constraint solving to identify all the labels

that belong to any target classes. Specifically, ChameleonAPI applies symbolic execution

to function F , treating the parameters of F and the label output of I as symbolic (i.e., the

symbolic execution skips the ML API invocation I and directly uses I’s symbolic output in

the remaining execution of F )2. Since applications typically match only one label in API

output at a time (as observed in §5.2.3), we set the label array returned by I to contain

one element (label) and use a symbolic string to represent it. Through symbolic execution,

ChameleonAPI obtains constraints for every path that involves an I-branch, solving which

tells ChameleonAPI which labels need to be in the output of the ML API in order to execute

each unique path, essentially all the labels that belong to any target class.

One potential concern is that a solver may only output one instead of all values that

satisfy a constraint. Fortunately, the symbolic execution engine used by ChameleonAPI,

2. Recall that an API output contains several fields not used to influence control flow in any applications.
We set them with pre-defined dummy values.
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NICE Irlbeck et al. [2015], turns Python code into an intermediate representation where

each branch is in a simplest form. Take Figure 5.2(d) as an example, the source-code branch

if obj.name in Protein is transformed into three branches where obj.name is compared

with “Hamburger”, “Meat”, and “Patty” separately, allowing us to capture all three labels

by solving three separate path constraints.

The second step groups these labels into target classes by comparing their respective

paths: if two API output, each with one label, lead the program to follow the same execution

path at the source-code level, these two labels belong to the same target class. For example, in

Figure 5.2(d), the execution path is exactly the same when the label_detection API returns

[“Hamburger”], comparing with when it returns [“Meat”], with all function parameters and

other API output fields being the same. Consequently, we can know that label Hamburger

and label Meat belong to the same target class. To figure out the path, ChameleonAPI

simply executes function F using each input produced by the constraint solver and traces

the source-code execution path using the Python trace module.

One final challenge is that ChameleonAPI needs to identify and exclude the path where

none of the target classes are matched (e.g., the “It is others.” path in Figure 5.2(a)).

We achieve this by carefully setting the default solution in the constraint solver to be an

empty string, which is impossible to output for any ML APIs in this paper. This way,

whenever this default solution is output, ChameleonAPI knows that the corresponding path

matches no target class.

What is the type of decision? When only one target class is identified, ChameleonAPI

reports a True-False decision type. Otherwise, ChameleonAPI decides whether the decision

type is Multi-Choice or Multi-Select by checking the source-code execution path associated

with every target class label obtained above. If any execution evaluates an I-branch af-

ter another I-branch is already evaluated to be true, ChameleonAPI reports a Multi-Select

decision type; otherwise, ChameleonAPI reports a Multi-Choice decision type.
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What is the matching order over the target classes? To tell whether a Multi-Choice

decision is made through API-Order like in Figure 5.1 or App-Order like in Figure 5.2(a),

ChameleonAPI first identifies all the for loops that iterate through the label array output

by the ML API and have control-dependency with I-branches, e.g., the for l in labels

in Figure 5.2(a) and the for obj in response.label_annotations in Figure 5.1.

ChameleonAPI then checks how many such output-iterating loops there are. If there is

only one and this loop is not inside another loop, like that in Figure 5.1, ChameleonAPI

considers the matching order to be API-Order, as the application only iterates through each

output label once, with the matching order determined by the output array arranged by

the ML API. Otherwise, ChameleonAPI considers the matching order to be App-Order.

This is the case for the example shown in Figure 5.2(a), where three output-iterating loops

are identified, each of which matches with one target class in an order determined by the

application: the Landmark target class, followed by the Building, and finally the Person.

How to handle floating-point output of ML APIs? Recall in §5.2.3 that some

ML APIs, e.g., analyze_sentiment, have floating-point output and the application defines

several value ranges to put each floating-point output into one category. To handle this type

of API, ChameleonAPI needs to identify the value range of each target class, which is not

supported by NICE and other popular constraint solvers. Fortunately, many applications

directly compare API output with constant values in I-branches, giving ChameleonAPI a

chance to infer the value range. For these applications, ChameleonAPI first extracts those

constant values that are compared with API output in I-branches, e.g., 0.3 and 0.6 in Figure

5.2(b). ChameleonAPI then forms tentative value ranges using these numbers, like -1 – 0.3,

0.3 – 0.6, and 0.6 – 1 for Figure 5.2(b) (-1 and 1 are the smallest and biggest possible score

output of analyze_sentiment based on the API manual). To confirm these value ranges

and figure out the boundary situation, ChameleonAPI then executes function F with all the

boundary values, as well as some values in the middle of each range. By comparing which
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values lead to the same execution path, ChameleonAPI finalizes the value ranges. For the

example in Figure 5.2(b), after executing with score set to -0.35, 0.3, 0.45, 0.6, and 0.8,

ChameleonAPI settles down on the final value ranges to be: (-1,0.3), [0.3,0.6), and [0.6,1).

Limitation The static analysis in ChameleonAPI does not handle the iterated object of

while loops, unfolded loops, and recursive functions. For complexity concerns, Chameleon-

API only checks caller and callee functions with limited levels, and hence may miss some

I-branches far away from the API invocation. ChameleonAPI’s ability of identifying tar-

get classes is limited by the constraint solver. ChameleonAPI assumes di!erent source-code

paths correspond to di!erent target classes, which in theory could be wrong if the application

behaves exactly the same under di!erent execution paths.

5.3.4 Putting them together

Developer
Application Development ChameleonAPI’s

optimized backend

Run parser plugin

Upload decision-process 
summary with App ID

Querying ML API

User
App

Python code

Input, credential (App ID)

ML API output
ML API

No change

Model
Selector

Model
re-training

Customized
ML models

No change

No change

Generic
model

Figure 5.5: Workflow of ChameleonAPI.

We put these components together into a ML-as-a-Service workflow shown in Figure 5.5.

First, when an application (A) is developed or updated, the developers run a parser

(described in §5.3.3) provided by ChameleonAPI on A’s source code to extract the decision-
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process summary for A. The developers can then upload the decision-process summary to

ChameleonAPI’s backend together with a unique application ID3 (which will later be used

to identify queries from the same application).

ChameleonAPI’s backend then uses the received decision-process summary to construct

a new application-specific loss function (described in §5.3.2). When a DNN is trained using

the new loss function, its inference results will lead to fewer critical errors (i.e., incorrect

application decisions) for application A. In our prototype, ChameleonAPI uses the new loss

function to re-train an o!-the-shelf pre-trained DNN, a common practice to save training

time (see §5.5 for quantification). The DNN re-training uses an application-specific dataset

sampled from the dataset used by the pre-trained generic DNN (see Table 5.2 and §5.4), so

that each target/non-target class is selected by ground-truth decisions of the same number

of inputs.

Finally, ChameleonAPI backend maintains a set of DNN models, each customized for an

application and keyed by the application ID. When application A invokes an ML API at

run time, the ChameleonAPI backend will use the application ID associated with the API

query to identify the DNN model customized for A, run the DNN on the input, and return

the inference result of the selected model to the application.

Note that, ChameleonAPI can also be used to customize ML models that run locally

behind the ML APIs, instead of those in the cloud through ML service providers. In this

case, developers run the ChameleonAPI parser on their application and save the parser’s

result into a local file. This local file will then be consumed to help re-train an o!-the-shelf

DNN into a customized DNN to serve the application.

3. In many MLaaS o!erings Google [2022], Amazon [2022a], a connection between the application and
the MLaaS backend is commonly created before the application issues any queries. Existing MLaaS already
allows applications to specify the application ID via the connection between the application and backend.
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5.4 Implementation

Extractor of decision-process summary: The current prototype of ChameleonAPI is

implemented for Python applications that use Google or Amazon ML APIs. It takes as

input the application source code and returns as output the decision-process summary in

the JSON format. It uses NICE symbolic execution engine Irlbeck et al. [2015] and CVC5

constraint solver Barbosa et al. [2022] to identify target classes, and uses Python static

analysis framework Pyan Marby and Yonskai and Jedi Halter to identify the decision type

and the matching order. Particularly, it identifies the object that is iterated through by a

for-loop through the iter expression in each for-loop header, which is used to distinguish

Multi-Choice and Multi-Select decisions and the matching order.

ML re-training: The re-training module is implemented in PyTorch v1.10 and CUDA

11.1. It uses a decision-process summary to construct a new loss function (see §5.3.2), and

then replaces the builtin loss function in Pytorch with the new loss function, and uses the

common forward and backward propagation procedure to re-train an o!-the-shelf pre-trained

DNN model (explained next).

Dataset Generic model
Image Classification OpenImages Kuznetsova et al. [2020] TResNet-L Ben-Baruch et al. [2020]
Object Detection COCO COCO [2017] Faster-RCNN Ren et al. [2015]
Sentiment Analysis Amazon review Keung et al. [2020] BERT Devlin et al. [2018]
Text Classification Yahoo Huangzhao [2018] BERT Devlin et al. [2018]
Entity Recognition conll2003 Tjong Kim Sang and De Meulder [2003] BERT Devlin et al. [2018]

Table 5.2: The ML APIs and datasets in evaluation.

Generic models: Without access to the models and the training data used by commercial

ML services, we use open-sourced pre-trained DNNs and their training datasets as a proxy,

which are summarized in Table 5.2. These DNNs are trained on the “training” portion of

their respective datasets. They are trained to achieve good accuracy over a wide range of

labels, and we have confirmed that their accuracies in terms of application decisions are

similar to the real ML APIs (§5.5.2).
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Training data: We make sure that the labels included in these datasets cover the labels

used in the decision processes of the applications in our study. An exception is text clas-

sification: to our best knowledge, there is no open-source dataset that covers the classes

in Google’s text classification API. Instead, we use the Yahoo Question topic classification

dataset Huangzhao [2018], whose classes are similar to those used in the applications.

Instead of training DNNs on all training data, most of which do not match any target

classes of an application, we create a downsampled training set for ChameleonAPI and

ChameleonAPIbasic. For each application, we randomly sample (without replacement) its

training data such that each target class and the non-target class (not matching any target

class) is the correct decision for the same number of training inputs, which depending on

applications, ranges from 12K to 40K. With such training set, ChameleonAPIbasic will be

equivalently implemented by training on the downsampled training set using the conventional

loss function (i.e., cross-entropy loss for classification tasks). Moreover, the downsampled

training set significantly speedups DNN re-training (§5.5.2).

5.5 Evaluation

Our evaluation aims to answer following questions: How much can ChameleonAPI reduce

incorrect application decisions? How long does it take ChameleonAPI to customize DNN

models for applications? and Why does ChameleonAPI reduce incorrect application decisions

where ChameleonAPIbasic falls short?

5.5.1 Setup

Applications: We have applied ChameleonAPI on all the 77 applications summarized in

Table 5.1. Due to space constraints, our discussion below focuses on the 57 applications that

involve three popular ML tasks, image-classification, object-detection, and text-classification,

and omits the remaining 20 applications that involve sentiment analysis and entity recogni-
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(c) Applications making Multi-Select decisions.

Figure 5.6: ChameleonAPI reduces the incorrect decision rate (IDR) on the 57 applications
that use Google’s or Amazon’s image-classification, text-classification, and object-detection
APIs.

tion. The results of the latter show similar trends of advantage from ChameleonAPI and are

available in Appendix §C.4.

Metrics: For each scheme (explained shortly) and each application, we calculate the in-

correct decision rate (IDR): the fraction of testing inputs whose application decisions do not

match the correct application decisions (i.e., decisions based on human-annotated ground

truth).

Schemes: We compare the results of these schemes:

• Various commercial ML APIs : the results returned by ML APIs of three service providers

(Google Google [2022], Amazon Amazon [2022a] and Microsoft Microsoft [2022a]).

• Best-of-all API* : a hypothetical method that queries ML APIs from those three service

providers on each input and picks the best output based on the classic definitions of

accuracy: label-wise recall for classification tasks and mean-square-error of floating-

point output for sentiment analysis. This serves as an idealized reference of recent
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work Chen et al. [2020a, 2022b], which tries to select the best API output with high

label-wise accuracy.

• Generic models : the open-sourced generic model based on which the next three schemes

are re-trained. They serve as a reference without customization and achieve similar

accuracy as commercial APIs. Their details are explained in Section 5.4.

• Categorized models : This scheme pre-trains a number of specialized models. Each

specialized model replaces the last layer of the generic model so that it outputs the

confidence scores for a smaller number of labels representing a common category (e.g.,

“dog”, “animal”, “person” and a few other labels represent the “natural object” category),

and is fine tuned from the generic model accordingly. A simple parser checks which labels

are used by an application. If all the labels belong to one category, the corresponding

model specialized for this category is used to serve API calls from this application.

If the labels belong to multiple categories, multiple specialized models will be used,

which we will explain more later. We set up 35 categories for image classification and 7

categories for object detection based on the Wikidata knowledge graph Wikidata [2022],

as well as 15 categories for text classification based on the inherent hierarchy in Google

text-classification output. More details of how we have designed these categories are

available in the Appendix §C.3.

Note that, we have designed this scheme to represent a middle-point in the design space

between the generic model and the ChameleonAPI approach: on one hand, this scheme

o!ers some application customization, but not as much as ChameleonAPI (e.g., which

labels belong to the same target class, what is the decision process, and what is the

matching order used by the application are all ignored); on the other hand, this scheme

requires a simpler parser compared to ChameleonAPI.

• ChameleonAPIbasic: the model is re-trained with ChameleonAPI’s training data, which

concentrates on labels used by the application, but with the conventional loss function.
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Like Categorized models, this scheme only needs a simple parser that extracts which

labels are used by the application, and does not make use of other application infor-

mation that ChameleonAPI uses. Unlike Categorized models, this scheme prepares a

customized model for each application, instead of relying on a small number of catego-

rized models.

• ChameleonAPI (our solution): the model re-trained with our training data and loss

function.

Testing data: For the same application, all schemes are tested against the same testing

input set. The testing set of an application is randomly sampled from the “testing” portion

of the dataset associated with the application’s generic model (Table 5.2). We make sure

that no testing input appears in the training data. Like the creation of training data of

ChameleonAPI (§5.4), by default, we randomly sample the testing data such that each

target class and the non-target class (not matching any target class) appear as the correct

decision for the same number of testing inputs, which ranges from 1.2K to 4K. This is similar

to the testing sets used in related work on ML API (e.g., Kang et al. [2018, 2017], Wan et al.

[2022], Chen et al. [2022b]). Such data downsampling is commonly used in ML ElRafey and

Wojtusiak [2017], Liu et al. [2020]. Other than Figure 5.9, we will use this as the default

testing dataset.

Hardware setting: We evaluate ChameleonAPI and other approaches on a GeForce RTX

3080 GPU, and an Intel(R) Xeon(R) E5-2667 v4 CPU, with 62GB memory.

5.5.2 Results

Overall gains: Measured by the average incorrect decision rate (IDR) across all appli-

cations, the most accurate scheme is ChameleonAPI, with an IDR of 0.16, and the least

accurate scheme is Generic models, with an IDR of 0.31. In other words, ChameleonAPI
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True-False Multi-Choice Multi-Select

Google API 0.29 0.32 0.35
Microsoft API 0.30 0.33 0.32
Amazon API 0.31 0.33 0.36

Best-of-all API* 0.26 0.27 0.31
Generic models 0.29 0.30 0.34

Categorized models 0.24 0.27 0.31
ChameleonAPIbasic 0.19 0.22 0.27

ChameleonAPI 0.13 0.16 0.21

Table 5.3: Average incorrect decision rate (IDR) among apps that make di!erent types of
decisions. The lower the better. The top half represents commercial APIs and their idealistic
combinations; the bottom half represents open-source models.

Single-category Multi-category
Generic models 0.32 0.28

Categorized models 0.28 0.27
ChameleonAPIbasic 0.24 0.18

ChameleonAPI 0.17 0.14

Table 5.4: Average IDR among single-category and multi-category applications. The lower
the better.

successfully reduces the number of incorrect decisions of its baseline model by almost 50%.

ChameleonAPIbasic (0.22), Categorized models (0.28), and Best-of-all API* (0.28) have IDR

rates in between.

The advantage of ChameleonAPI, and even ChameleonAPIbasic, over the other schemes

is consistent across all three types of applications that make di!erent types of decisions, as

shown in Table 5.3. In fact, ChameleonAPI o!ers the highest accuracy by a clear margin

for every single application in our evaluation, as shown in Figure 5.6.

To better compare the ChameleonAPI approach with Categorized models, we divide the

57 applications into two types: (1) 39 single-category applications — each application uses

labels that belong to one category and hence can benefit from one specialized model in the

Categorized models scheme; (2) 18 multi-category applications — each application uses labels

that belong to multiple categories. For these applications, the Categorized models scheme
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feeds the API input to multiple specialized models and combines these models’ output to

form the API output. As shown in Table 5.4, the Categorized models scheme does o!er

improvement from Generic models by considering which labels belong to an application’s

target classes, particularly for single-category applications. However, both ChameleonAPI

and ChameleonAPIbasic perform better than Categorized models for both single-category

and multi-category applications—the per-application customization in ChameleonAPI and

ChameleonAPIbasic has paid o!.

The above advantage of ChameleonAPI over ChameleonAPIbasic and Categorized models

shows that the static analysis used in ChameleonAPI to extract not only what labels are

used by the application, but also which labels belong to the same target class, the decision

type, and the matching order, as described in Section 5.3.3, is worthwhile.
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Figure 5.7: Re-training time for applications in Figure 5.6(a).

Cost of obtaining customized models: The customization e!ort of ChameleonAPI

includes two parts (1) extracting the decision-process summary from application source code,

and (2) re-training the ML model. The first part takes a few seconds: on an Intel(R)

Xeon(R) E5-2667 v4 CPU machine, our parser extracts the decision-process summary from

every benchmark application within 10 seconds.

The second part takes a few minutes, much faster than training a neural network from

scratch. As shown in Figure 5.7, re-training DNNs for the 21 applications in Figure 5.6(a)
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on a single RTX 3080 GPU takes 8 to 24 minutes. Focusing on a small portion of all possible

labels (§5.2.4), ChameleonAPI fine-tunes pre-trained models using much less training data

than the generic models and thus needs fewer iterations to converge.

Considering that a V100 GPU with similar processing GFLOPS as our RTX 3080 GPU

only costs $2.38 per hour on Google Cloud Google [2023], re-training an ML model for one

application costs less than $1.

Cost of hosting customized models: For cloud providers, ChameleonAPI would incur

a higher hosting cost than traditional ML APIs by serving a customized DNN for every

application instead of a generic DNN for all applications.

The extra cost includes more disk space to store customized neural network models. For

example, each image-classification model in ChameleonAPI uses 115 MB of disk space. So,

for n applications, 115·n MB of disk space may be needed to store ChameleonAPI customized

models.

The extra cost also involves more GPU resources. A naive design of using one GPU

to exclusively serve requests to one customized neural network model will likely lead to

underutilization of GPU resources. To serve di!erent applications’ customized models on

one GPU, we need to pay attention to memory working set and performance isolation issues.

In our experiments on an RTX 3080 GPU, loading an image-classification model from CPU

to GPU RAM takes 18 to 40 ms (inference itself takes 10 to 35 ms with a batch size of 1).

Fortunately, modern GPU has su#ciently large RAMs to host several requests to di!erent

customized models simultaneously: in our experiments, the peak memory consumption of one

inference request is less than 2GB. Furthermore, the majority of the model inference memory

consumption comes from intermediate states, instead of the model itself. Consequently, the

memory consumption of multiple inference requests on di!erent models is similar to that on

the same model.

Of course, ChameleonAPI can take advantage of recent proposals to improve GPU shar-
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ing Zhang et al. [2023b], Corporation [2023], Yu and Chowdhury [2019], Padmanabhan et al.

[2023] as well as to reduce the footprint of serving multiple DNNs Jiang et al. [2018]. These

techniques could be advantageously employed by ChameleonAPI to determine the optimal

degree of sharing among customized DNNs, and we leave them to future work.

Finally, there is also the extra cost of needing more complex software to manage the

DNN serving. For instance, ChameleonAPI needs to dynamically route each request to a

GPU that serves the DNN of the application (see §5.3.4).
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Figure 5.8: Precision-recall trade-o! for HeapsortCypher.

Precision-recall tradeo!s: Traditionally, for a trained ML model, it is common to vary

the confidence-score thresholds in order to find the best precision-recall tradeo! of a trained

model. Thus, it is important that ChameleonAPI also achieves better precision-recall trade-

o!s. Figure 5.8 shows the precision-recall results in each target class of a particular appli-

cation, by varying the detection threshold ω (defined in §5.3.2) of two baselines (real APIs

are excluded, because we cannot change their thresholds and their IDR is not as low as

ChameleonAPIbasic). ChameleonAPI’s tradeo!s are better than both baselines (and we ob-

serve similar results in other applications). Note that since ChameleonAPI’s loss function

uses an assumed ω, we do not vary the ω when testing it; instead, we re-train five DNNs of

ChameleonAPI, each with a di!erent ω and test them with their respective thresholds.

Understanding the improvement: ChameleonAPI’s unique advantage is that it factors
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in the decision process of an application, including not only the target classes but also the

decision type and the matching order. Next, we use two case studies to further reveal the

underlying tradeo!s made by ChameleonAPI to achieve its improvement on application-

decision accuracy.

First, ChameleonAPI reduces errors related to di!erent target classes di!erently de-

pending on their di!erent roles in the application decision process. This e!ect is particularly

striking in Multi-Choice applications with the matching order of App-Order, where the first

target class is always matched against API output. Thus, when the correct target class is not

the first one, falsely including a label that belongs to the first target class will more likely

be a critical error than other mis-classifications, because it will block the match of other

target classes. To illustrate this, we consider the Multi-Choice application of Aander-ETL.

We increase the percentage of testing inputs whose correct action is the first target class

or the last target class. Figure 5.9 shows that increasing the portion of inputs of the last

target class (Person) generally leads to bigger gains of ChameleonAPI, whereas increasing

the portion of the first target class (Landmark) does the opposite. This shows the application

itself already has good tolerance to mis-classification on inputs that belong to the first target

class, but not to mis-classification on the inputs that belong to later target classes, which is

exactly where ChameleonAPI can help.
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Figure 5.9: How the accuracy advantage of ChameleonAPI changes with di!erent input dis-
tribution.

Second, recall from §5.3.2 that our loss function helps to minimize critical errors, even at

the cost of missing labels that do not a!ect application decisions (i.e., non-critical errors). To
118



show this, we define label error rate on an image as the fraction of the image’s ground-truth

labels that are missed by the DNN output (a label list). We consider IoTWor (explained

in Table C.1), which similar to Anander-ETL makes Multi-Choice decisions with App-Order

matching order. The average label missing rate of ChameleonAPI on our testing images is

0.21, which is slightly higher than ChameleonAPIbasic’s 0.18. This means ChameleonAPI

makes more label-level mistakes than ChameleonAPIbasic. However, our IDR (0.17) is 44%

lower than ChameleonAPIbasic, which means ChameleonAPI makes far fewer critical errors.

5.6 Conclusion

ML APIs are popular for its accessibility to application developers who do not have the

expertise to design and train their own ML models. In this paper, we study how the generic

ML models behind ML APIs might a!ect di!erent applications’ control-flow decisions in

di!erent ways, and how some ML API output errors may or may not be critical due to the

application decision making logic. Guided by this study, we have designed ChameleonAPI

that o!ers both the accuracy advantage of a custom ML model and the accessibility of the

traditional ML API.
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CHAPTER 6

RELATED WORK

This chapter surveys the work related to the three systems in this dissertation. Rather than

discussing related work separately for each system, I organize it by theme, since the three

systems draw on overlapping bodies of work. The first four sections cover the LLM side:

techniques for handling long contexts (§6.1), systems that manage, reuse, and compress the

KV cache (§6.2)—the line of work closest to this dissertation—general techniques for faster

LLM serving (§6.3), and the fine-tuned models and multi-agent systems that motivate cross-

model reuse (§6.4). The last section covers the non-LLM side: ML APIs and application-

aware model serving (§6.5).

6.1 Handling Long Contexts

Longer LLM contexts: Recent e!orts aim at enabling LLMs to process very long con-

texts Xu et al. [2024a]. The challenge is to fit the large attention matrices of longer contexts

into limited GPU memory. This is enabled by o"oading parts of the attention matrices Sheng

et al. [2023], using external knowledge via KNN Wu et al. [2022b], retraining self-attention

to only attend to top-k keys Bertsch et al. [2023], Ainslie et al. [2020], mapping long in-

puts to smaller latent spaces Hawthorne et al. [2022], and using local windowed, dilated, or

sparse Ding et al. [2023a], Beltagy et al. [2020], Zaheer et al. [2021] attention to scale to

inputs of ↑1 billion tokens. Longer contexts inflate the KV cache, and CacheGen addresses

the resulting loading delay by fast remote loading of the KV cache.

Retrieval-augmented generation (RAG): RAG Borgeaud et al. [2022], Izacard et al.

[2022], Izacard and Grave [2021], Rubin and Berant [2023a], Lewis et al. [2020], Wang et al.

[2023c], Ram et al. [2023] focuses on retrieving documents relevant to the query, via vector-

based Chen et al. [2017], Yang et al. [2019], Nie et al. [2019] or DNN-based Lewis et al. [2020],
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Karpukhin et al. [2020], Xiong et al. [2021], Yang et al. [2022] similarity search, and feeding

them as context to generate the answer. RAG is a fitting use case for the systems in this

dissertation: many LLM inference platforms support feeding KV caches instead of text as the

retrieved context Wolf et al. [2020a], Chase [2022], and some works define systematic ways

to choose which KV cache to reuse Gim et al. [2023a]. Another approach caches a query’s

generated answers to reduce repetitive query costs Technology [2023], Martinez [2023]; while

caching answers is useful, KV cache reuse provides a more generic way to incorporate context

reuse and can generate better-quality answers.

6.2 KV Cache Management and Reuse

A common approach for faster inference without modifying the LLM is to cache the KV

of previously used inputs within one LLM query Sheng et al. [2023], Zhang et al. [2023e],

Liu et al. [2023d], Pope et al. [2022], Miao et al. [2023], Wolf et al. [2020b]. Going one

step further, many systems support KV cache reuse across di!erent requests to accelerate

inference Kwon et al. [2023b], Agrawal et al. [2023], Gim et al. [2023b], Zheng et al. [2023b],

Gim et al. [2024], Qin et al. [2025], Jin et al. [2025a], Gao et al. [2024b], Chen et al. [2024e,

2025a], Yu et al. [2025], Hu et al. [2024a], for example by building multi-tier caching systems

that place the KV cache across storage tiers based on request recency or importance, or by

o"oading the cache out of GPU memory Hu et al. [2024a], Gao et al. [2024b], Jin et al.

[2025a], Lee et al. [2024]. The measurement study in Chapter 2 provides real-world evidence

for the reuse patterns that these systems, and this dissertation, build on.

KV cache compression: Since the KV cache of a long context is large, another line

of work compresses it, along three main directions. The first quantizes the KV cache to

lower numeric precision Kang et al. [2024], Liu et al. [2024f], Hooper et al. [2024]. The sec-

ond drops tokens: selecting the most important text segments by their similarity to the user

query Borgeaud et al. [2022], keeping only the tokens heavily attended to by the prompt (i.e.,
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heavy-hitter tokens) Liu et al. [2023d], Zhang et al. [2023e], using hybrid policies that also

keep nearby tokens Ge et al. [2023a], or applying query-aware compression with document

reordering Jiang et al. [2023b], Ribar et al. [2023]; these methods need to know the query—

otherwise they risk dropping potentially important tokens—and some require retraining the

LLM to use contexts rewritten by gisting Mu et al. [2023] or auto-encoding Ge et al. [2023b].

The third applies low-rank decomposition, a form of general tensor compression Zhao et al.

[2016], Oseledets [2011] that has also been used to compress gradient updates in DNN train-

ing Wang et al. [2023d], Agarwal et al. [2022, 2020]—although gradient compressors often

exploit sparsity Chen et al. [2023e], Zehui et al. [2019], Child et al. [2019], which the KV

cache is not known to exhibit in general. Whichever the direction, the compressed KV cache

remains a tensor—of lower precision, fewer tokens, or lower rank—that the LLM consumes

directly in GPU memory.

Yet, all of these systems rest on two implicit while strong assumptions. First, they keep

the KV cache in its tensor format wherever it is stored—compressed or not—so fetching a

cache over a slow link can take longer than recomputing it; CacheGen (Chapter 3) is the

first system to abandon the tensor format altogether, encoding the KV cache into compact

bitstreams for transmission, and it achieves better delay-quality trade-o!s than token drop-

ping, as shown in the evaluation of Chapter 3. Second, they assume the KV cache is reused

by the same model that produced it; DroidSpeak (Chapter 4) removes this assumption by

enabling reuse across di!erent fine-tuned versions of a foundation model.

KV cache blending: Another line of research reduces the prefill delay when blending

non-prefix KV caches from multiple contexts for the same model Yao et al. [2025], Gim et al.

[2024]. Although CacheBlend also performs selective re-computation, DroidSpeak di!ers in

both how and why the KV cache is re-computed: CacheBlend repairs the cross-attention

between concatenated contexts for one model, whereas DroidSpeak repairs the layers most

sensitive to reuse across two di!erent models.
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6.3 Faster LLM Serving

Most LLM systems research aims to speed up LLM training Rasley et al. [2020], Shoeybi

et al. [2019] or make serving systems faster. On the serving side, prior work explores ap-

proximately parallelizing generation Leviathan et al. [2022], Miao et al. [2023], accelerating

inference on edge devices Yi et al. [2023], quantizing LLM weights Aminabadi et al. [2022],

reducing the memory I/O of GPU on-chip SRAM Dao et al. [2022], reducing the compu-

tation complexity of self-attention Roy et al. [2021], better scheduling strategies Wu et al.

[2023a], Yu et al. [2022], Zhong et al. [2024a], Agrawal et al. [2024], Sheng et al. [2024b],

Miao et al. [2024], Kwon et al. [2023a], Lin et al. [2024b], Patel et al. [2024], and better

GPU memory utilization Kwon et al. [2023b]. Another line of work speeds up the serving

of many fine-tuned models by hosting many LoRA adapters in memory at the same time

and managing their memory e#ciently Wu et al. [2024b], Sheng et al. [2024a], Chen et al.

[2024d]. These techniques are orthogonal and complementary to the systems in this disserta-

tion: they accelerate the computation itself, whereas CacheGen (Chapter 3) and DroidSpeak

(Chapter 4) reduce TTFT by re-using KV cache to reduce repeated prefill computation in

the first place.

Transmitting KV cache between GPUs: A related line of work optimizes the communi-

cation delay of transmitting the KV cache between GPUs, either by smart model-parallelism

strategies Zhong et al. [2024a] or by implementing a new attention operation that transmits

query vectors to the GPUs hosting smaller blocks of KV cache during decoding Lin et al.

[2024a]. These systems assume high-bandwidth interconnects between GPUs; CacheGen

instead targets the lower-bandwidth links between GPU servers and storage, where the

transmission delay dominates.

Trading quality for speed with compact models: Another closely related line of work

also trades speed for quality but uses more compact model architectures Liu et al. [2024e],

Sarah et al. [2024], Xia et al. [2020]. However, to smoothly adapt the amount of computation,
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they need to host multiple models of di!erent sizes in GPU memory at the same time, which

degrades the serving capacity of the system. DroidSpeak does not su!er from this, as it

simply changes the number of recomputed layers.

6.4 Fine-Tuned Models and Multi-Agent Systems

Fine-tuning: Fine-tuning LLMs for specific tasks has gained importance, but it remains

resource-intensive. Parameter-e#cient fine-tuning methods, including LoRA and LISA Hu

et al. [2022], Pan et al. [2024b], Yao et al. [2024b], Wu et al. [2024b], Sheng et al. [2024a], re-

duce the memory and computation needed for fine-tuning, making fine-tuned model variants

ever more accessible—and ever more numerous in deployment.

Multi-agent systems: Multi-agent systems show promise in areas such as coding Holt

et al. [2024], Chen et al. [2024a], Hong et al. [2024b], Team [2024], Islam et al. [2024], Huang

et al. [2023], Qian et al. [2024], gaming Zhang et al. [2024c], Gong et al. [2024], Agashe et al.

[2025], Zhang et al. [2024a], Chen et al. [2024b], Liu et al. [2024b], Mosquera et al. [2025],

and social simulations Park et al. [2023a, 2022]. Using fine-tuned LLMs as agents further

improves outcomes in question answering Chen et al. [2023a], tool learning Shen et al. [2024],

and personalization Li et al. [2024d].

Together, the two trends mean that a single application increasingly spans multiple fine-

tuned models that share the same context—the workload that motivates cross-model KV

cache reuse. DroidSpeak (Chapter 4) reduces the repeated prefill delays in such systems by

letting one model variant reuse the KV cache produced by another.

6.5 ML APIs and Application-Aware Model Serving

Optimizing storage and throughput of traditional DNN serving: Various techniques

have been proposed to optimize the delay, throughput, and storage of ML models via model
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distillation Mullapudi et al. [2019], Shen et al. [2017], Kim and Choi [2021b], pruning Han

et al. [2016], or cascading Cao et al. [2021], Anderson et al. [2019]. This line of work

explores a di!erent design space than ChameleonAPI (Chapter 5): they design ML models

with higher inference speed or smaller model size with minimum loss in accuracy, whereas

ChameleonAPI re-trains existing ML models such that the rate of incorrect decisions of a

given application is reduced. The closest line of prior work specializes DNN models for given

queries Kang et al. [2018, 2017], Koudas et al. [2020], Cao et al. [2022, 2021], but it requires

application developers to use a domain-specific language (e.g., SQL Kang et al. [2018])

instead of general programming languages, and mostly focuses on reducing the DNN’s size.

In contrast, ChameleonAPI keeps both the ML API interface and the application source

code intact while avoiding incorrect decisions.

Application-side optimization: Recent work also proposes to change the applications

to better leverage existing ML APIs. One line of work Chen et al. [2020a, 2022b], Xie et al.

[2022] invokes ML APIs from di!erent service providers to achieve high accuracy within

a query cost budget. Another aims to eliminate misuse of ML APIs in applications Wan

et al. [2021, 2022], which requires changes to the application source code (e.g., changing the

API input preparation, or switching from an image-classification API to an object-detection

API). These are complementary to ChameleonAPI, which customizes the model behind the

API and does not require changes to the application’s source code.

Measurement studies of ML services: For their rising popularity, ML-as-a-service

platforms have attracted many measurement studies to understand their accuracy Chen et al.

[2021a], performance Yao et al. [2017], robustness Hosseini et al. [2017], and fairness Koenecke

et al. [2020]. However, they have so far not taken into account the ML applications that

use the ML APIs, which di!erentiates them from the empirical study of application decision

processes in Chapter 5. Previous work that studies ML applications Wan et al. [2021] did not

look into the decision process or how ML API errors a!ect di!erent applications di!erently.
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Finally, a myriad of techniques have been studied to better manage and schedule GPU

resources in ML training and serving systems (e.g., Crankshaw et al. [2017], Romero et al.

[2021], Crankshaw et al. [2020], Weng et al. [2022], Zhang et al. [2018], Holmes et al. [2019],

Zhang et al. [2019], Kosaian et al. [2019], Shen et al. [2019b], Gujarati et al. [2020b], Lee

et al. [2018], Mohan et al. [2022], Jang et al. [2019], Han et al. [2022], Choi et al. [2022]).

They aim for di!erent goals than ChameleonAPI, but these techniques can be used to help

ChameleonAPI train and serve the application-specific ML models.
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CHAPTER 7

LESSONS AND FUTURE WORK: TOWARD MODEL-NATIVE

AI INFRASTRUCTURE

7.1 Summary of the Thesis

Nowadays, AI inference has become one of the most resource-consuming workloads in in-

dustry, and the interactions within inference systems have also changed with its rise. As

described in Chapter 1, classic model serving largely fit a simple pattern: a model receives

an input and returns a prediction to a human in a single turn and stateless manner. Modern

AI systems expand this pattern in at least three ways: model-to-user interaction has be-

come multi-turn, repeatedly engaging with long shared contexts; model-to-model interaction

has become common, with multiple models share the same long contexts; and model-to-

software interaction where application control flow branches on model outputs. In all three,

the consumer of a model’s output is increasingly another automated component, not a hu-

man reader. However, these components still communicate through human-readable media,

including text, labels, and scores, which hurts in two ways. First, every consumer must

re-process the producer’s understanding from scratch, causing redundant computation: the

same long context will be prefilled again and again. Second, human-readable inputs (e.g.,

images, audios) may fail to capture the software context, discarding exactly the information

the consuming AI model needs to predict correct outputs.

This dissertation argued that, in these settings, the right media for interacting with AI

models are model-native states: internal or directly model-digestible states that incorporate

a model’s understanding of an input more directly than human-readable data. By storing,

moving, compressing, translating, and specializing these states, AI systems can reduce re-

dundant computation and communication while preserving or even improving downstream

quality. I supported this thesis through a measurement-driven motivation study and three
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systems.

Chapter 2 motivated the problem by showing that one concrete form of model-native

state, KV cache in LLM inference, has already outgrown its traditional home – GPU memory.

The KV cache was long treated as an ephemeral tensor that lives in GPU memory for the

duration of a single request and is discarded afterward. Using telemetry from real enterprise

deployments of LMCache Liu et al. [2025], Authors [2024], I showed that this single-request

view no longer holds: the KV cache produced by one query is increasingly reused by other

queries and users, with reuse per token growing week over week; the reusable cache quickly

exceeds GPU memory; and a cache is often reused long after it is generated, such as days

after it is initially created. In short, the KV cache must be stored somewhere outside GPU

memory, in CPU DRAM, local disk, or remote storage, in order for it to be e#ciently re-used

by other requests. However, storing in lower-tier storage devices also comes with a catch:

KV cache can easily grow to tens of gigabytes in size, so loading KV cache from lower-tier,

such as local SSD, can be even slower than re-computing the KV cache from scratch. Unless

loading is made substantially faster, the “shortcut” of reusing the cache loses the race against

the very computation it is meant to skip.

Chapter 3 addressed this loading delay challenge with CacheGen. The key observation

is that LLM inference requires the KV cache to be in its tensor format, but network trans-

mission does not. CacheGen therefore encodes the KV cache into compact bitstreams, using

delta encoding across nearby tokens, layer-wise quantization that spends more bits on more

sensitive layers, and smart arithmetic coding; it then streams the bitstreams in a way that

adapts to changes in available bandwidth on token-chunk basis, and fall back to text when

the bandwidth is too low. Our evaluation shows that loading a stored KV cache becomes con-

sistently faster than recomputing it, reducing the time-to-first-token by 3.1–4.7→ compared

to loading the text context and re-compute, with less than 2% drop in response quality.

CacheGen tackles the system challenges in the multi-turn model-to-user interaction: the
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same context shared by multiple rounds is persisted in the format of KV cache, so later

rounds do not need to re-process that context again and again. The next challenge is that

in model-to-model interaction, multiple LLMs often need to read the same piece of shared

context. For example, agents of di!erent roles that process the same long context. The

natural next question is whether the KV cache produced by one LLM can be reused by

another. Chapter 4 addressed this interoperability challenge with DroidSpeak. Because the

KV cache is a model-specific encoding of the input, the cache produced by one LLM cannot

simply be fed to another: naively sharing it across models degrades generation quality by

up to 60%. However, an empirical study across eight model pairs revealed that only a small

subset of layers, often around 10%, are sensitive to the KV cache di!erence between two

models, and the identities of these critical layers are largely consistent across inputs for the

same model pair. DroidSpeak therefore profiles the critical layers o"ine, and at serving time

re-computes only those layers while reusing the rest, reducing prefill latency by up to 3.1→

and improving throughput by up to 4→ with negligible quality drop.

Finally, in chapter 5, I present the last piece of my thesis work which addressed the

accuracy challenge in model-to-software interaction, and in doing so showed that model-

native state extends beyond the KV cache. In ML API applications, the challenge is that

how the AI model is trained and optimized for doing (i.e., labeling images) is often not what

the software applications want the model to perform (i.e., going to the right decision branch).

This mismatch may lead to unexpectedly low software accuracy. To address this challenge,

ChameleonAPI extracts how an application’s decision logic consumes model outputs and

compiles that software context into an application-specific, di!erentiable loss function. The

resulting model internalizes which prediction errors matter to the application, a model-native

representation of the software context, and reduces incorrect application decisions without

changing the API of how developers call the AI model.

In short, the motivation study and the three systems together cover the full journey of
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model-native state through an AI system: why it should live outside the GPU (Chapter 2),

how it moves (Chapter 3), how it crosses model boundaries (Chapter 4), and how it absorbs

the context of the software that consumes it (Chapter 5). Each of the central challenges

identified in Section 1.6, including size, interoperability, and specialization, is answered by a

concrete, evaluated system. The rest of this chapter outlines the lessons of this work (§7.2)

and outlines the research agenda it opens (§7.3).

7.2 Lessons from This Dissertation

Beyond the individual systems, this dissertation suggests two broader lessons. They corre-

spond to the two halves of the thesis: how AI inference systems should support model-native

state, and how models should be shaped by the software that consumes their outputs with

the help of model-native state.

Lesson 1: Model-native state is not a black box, nor merely another "cache": A

tempting view is to treat the KV cache the way classic systems treat any cache: an opaque

blob whose only useful property is that a hit is faster than a miss. Under this view, the

serving system’s job ends at storing the bytes and looking them up Kwon et al. [2023b],

Zheng et al. [2023b], Yu et al. [2025], Gao et al. [2024a], Authors [2024], or performing

higher-level request scheduling based on where or which tier KV cache sits in Qin et al.

[2025], Hu et al. [2024a]. Yet, this view leaves most of the opportunity on the table. In my

view, KV cache is the model’s encoding of the input context, and like any other encoding,

it has internal structure. The recurring methodology of this dissertation is to study that

encoding in detail, token by token and layer by layer, and to let the patterns found there

guide the system design.

Studying the KV cache token by token and layer by layer revealed the structure that

CacheGen exploits. Within the same layer and channel, tokens in closer positions have more

similar K/V values than tokens far apart, so the deltas between nearby tokens concentrate
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around zero and can be encoded into far fewer bits than the original values. Moreover,

the tensor format itself is only required at inference time, not during transmission, which

is what frees the system to encode the cache into compact bitstreams in the first place.

Studying the KV cache layer by layer revealed the second pattern. In CacheGen, applying

the same quantization error to di!erent layers a!ects response quality very di!erently, with

the shallower layers far more sensitive to loss; this motivates keeping more bits on the layers

that need them. In DroidSpeak, the key observation is also made by studying the KV cache

layer by layer. Specifically, we found that the di!erences between two fine-tuned LLMs’ KV

cache di!er greatly by layer. Only a small subset of layers, which are referred to as critical

layers, are sensitive to the di!erence between the two LLM’s KV cache. This drives our

system design of only re-computes the KV cache for the critical layers while re-using other

layers’ KV cache as much as possible. None of these designs would follow from treating the

cache as an opaque blob; each fell out of measuring the encoding first.

Lesson 2: Models should be aligned with their downstream tasks: When a model’s

output is consumed by software rather than read by a human, a generic training objec-

tive leaves quality on the table: it treats all errors alike, while the application does not.

ChameleonAPI was an early demonstration of this principle. By parsing how an applica-

tion’s decision logic consumes model outputs and compiling that software context into an

application-specific, di!erentiable loss, the model internalizes which errors matter, reducing

incorrect application decisions without changing the external API. What was a contrarian

position then has since become mainstream practice: today’s models are routinely aligned

with their downstream tasks via post-training, e.g., coding models post-trained with rein-

forcement learning in agentic software-engineering environments, where the reward is derived

from how the surrounding software consumes the output—whether the generated patch ap-

plies, passes the repository’s tests, or matches how real developers resolved the issue Gehring

et al. [2024], Pan et al. [2024a], Wei et al. [2025]—rather than from generic next-token accu-
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racy alone. The general principle is that the alignment target should be the consumer’s task,

and a model-digestible encoding of the consumer’s context, such as a di!erentiable objective,

is the mechanism for expressing it.

7.3 Future Work

The systems in this dissertation treat model-native state as an optimization inside one serving

deployment. Looking ahead, I believe the more consequential question is: what happens when

model-native state becomes the default medium through which networks of models and agents

communicate? I refer to this emerging setting as the internet of agents: agents built on

di!erent models, operated by di!erent parties, exchanging model-native states rather than

only human-readable text. Two layers of that stack are yet to be built: how model-native

state is distributed between agents (§7.3.1), and how it is analyzed (§7.3.2).

7.3.1 Data Distribution for the Internet of Agents

Agentic workloads are quickly becoming networks of models: pipelines, planner–worker hier-

archies, and agents that call other agents as services. Today, these agents exchange human-

readable data, such as text prompts and tool outputs, so every agent (hop) pays the full

prefill cost on largely the same context – the redundancy this dissertation identified within a

single deployment, multiplied across every edge of the agent network. The natural endpoint

is for the payload itself to become model-native state: an agent that has already processed

a context ships its (compressed) KV cache to the next agent instead of re-sending text.

The fundamental building blocks exist: CacheGen shows that KV cache can be encoded

and streamed under varying bandwidth, and DroidSpeak shows that agents powered by fine-

tuned models of the same architecture can be bridged, but the distribution fabric in between,

a content delivery system whose clients are agents rather than humans, is yet to be built.

Building such a fabric first requires rethinking what “quality of experience” means: clas-
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sical content delivery is engineered around human perception, including startup delay, re-

bu!ering rates, perceptual quality, while what an agent experiences during content delivery

is yet to be defined and measured. Beyond metrics, the delivery system itself breaks in

two instructive ways. The first is whether replication is justified at all. CDNs replicate

hot content to edge servers because user interest exhibits strong regional locality; whether

model-native states exhibit similar locality, i.e., do agents in the same region more likely

reuse the same contexts, is yet to be studied. Also, unlike a CDN object, the value of a

placed cache depends on which models run nearby. The second is the direction of tra#c.

Traditional CDN tra#c is dominated by user-side reads from edge servers, but agents also

update the states they read: each turn of an agentic interaction extends the shared context,

appending to and revising the KV cache stored at the edge. The fabric must therefore sup-

port e#cient in-place updates and replica consistency, not just serve static objects. Once

model-native states accumulate in such a network, they also become a data asset worth

mining: the subject of the next future direction.

7.3.2 Analytics for Model-Native State

The systems in this dissertation make individual decisions well—how much to compress each

layer, which layers to re-compute—but each relies on hand-designed heuristics and o"ine

profiling. At fleet scale, these decisions should instead be driven by the measured behavior

of the state itself: the analytics layer that classical data systems have long had, but model-

native state still lacks. Lesson 1 argued that the leverage comes from studying the encoding;

an analytics system makes that study continuous, comprehensive and automatic.

Such a system must answer three questions. What data to collect: such as the lifecycle

data identified in Chapter 2; but the state is prohibitively large, so the telemetry must

record compact sketches of tensors rather than raw dumps. How to store it: analysis wants

queryable access across many caches at once, unlike storage for reuse, and the retention and
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indexing policies of such a “warehouse” remain an open design space. What to analyze: does

an agent pay more attention to certain parts of the state? How does the perception of the

same input di!er across agents built on di!erent models? Answering these requires analytics

primitives that operate on tensors the way traditional big data analytics operates on strings

or videos.

7.4 Closing Vision

Every maturing computing stack has eventually promoted its intermediate artifacts into

first-class managed objects. Operating systems came to manage memory pages, not just

programs. Databases came to manage indexes and materialized views, not just queries. The

web came to manage cached content, not just servers. AI infrastructure today manages

models, prompts, and outputs—but not yet the internal states through which AI systems

actually communicate.

This dissertation argued that model-native state deserves the same promotion. The ar-

gument was motivated by evidence from real deployments —the KV cache already outgrows

GPU memory and must live somewhere else (Chapter 2)—and demonstrated through three

systems: model-native state can be compressed and streamed like media (CacheGen, Chap-

ter 3), translated and repaired like a protocol (DroidSpeak, Chapter 4), and specialized to

its consumer like an interface (ChameleonAPI, Chapter 5).

The stakes of this promotion are growing. As AI shifts from isolated models answering

humans to networks of models and software working together, the dominant cost shifts from

training to inference, and within inference, from computation to re-computation. Managing

model-native state is how the infrastructure eliminates that redundancy. It is the di!erence

between an internet of agents that re-reads everything at every hop, and one that remembers.

In short, future AI infrastructure should manage not only what models say, but what

they know while saying it.
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APPENDIX A

CACHEGEN APPENDIX

A.1 Text Output Examples of CacheGen

Figure A.1 visualizes an example from the LongChat dataset Li* et al. [2023] used in §3.7.2.

The context fed into the LLM is a long, multi-round conversation history between the LLM

and the user. An abridged context is shown in the upper box, where the first topic is about

the role of art in society. The prompt to the LLM asks “What is the first topic we discussed?

” CacheGen correctly generates the answer, whereas the default quantization baseline, which

has a similar compressed KV cache size as CacheGen, generates the wrong answer.

Response:

USER: I would like to discuss the topic of the 
role of art in society.

...
Question: What is the first topic we discussed?

Input:

The role of 
art in society

Ground truth
The first topic 
we discussed was 
the impact of 

social media on 
mental health.

Default quantization CacheGen
The first topic 
we discussed was 
the role of art 

in society.

Wrong ❌ Right ✅

Figure A.1: An example of CacheGen’s output on the LongChat dataset with LongChat-7b-
16k model.

A.2 CacheGen vs. more intrusive methods

So far, all methods we have evaluated, including CacheGen, do not modify the LLM or

context. As a complement, Figure A.2 tests CacheGen against recent methods that change

the context or LLM.
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Figure A.2: Comparing CacheGen and more intrusive methods, including smaller models,
token dropping (left), context selection (middle), and gisting (right).

• Smaller models: Replacing the LLM with smaller models may speed up the computation.

Figure A.2a replaces the Llama-7B model with a smaller Llama-3B and applies di!erent

quantization levels.

• Token selection: Figure A.2b uses Scissorhands as an example of removing tokens with

low self-attention scores from the LLM input Liu et al. [2023c]. Since the self-attention

scores are only available during the actual generation, it cannot reduce TTFT, but we

make an e!ort to create an idealized version of Scissorhands (Scissorhands*) by running

the self-attention o"ine to determine which tokens to drop and provide this information

to Scissorhands* online.

• Gisting Finally, we test Gisting as an example of a more advanced method that shortens

contexts into gist tokens and changes the LLM to accept the gist tokens Mu et al.

[2023]. In Figure A.2c, we test the pre-trained gisting model, which is based on Llama-

7B. The gisting model retrains the LLM’s attention model in order to run inference

on a compressed version of the input prompts. Since the gisting model can compress

arbitrary long contexts into one token, we vary the compression ratio of the gisting model

to obtain a trade-o! in size and accuracy. This is done by adapting the fraction of input

tokens that are compressed into one token. We apply CacheGen on the original Llama-

7B model on the PIQA Bisk et al. [2019] dataset, which is one of the most popular

question-answering datasets. We did not apply CacheGen on other datasets in our

evaluation because the public pre-trained gisting model can only take up to 512 tokens,
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and truncating the dataset into smaller will not be able to preserve the information in

the context.

We can see that CacheGen outperforms these baselines, reducing TTFT or KV cache size

while achieving similar or better LLM’s performance on the respective tasks. In particular,

CacheGen is faster than smaller models (which are slowed down by transformer operations),

and can reduce KV cache better than context selection or gisting because it compresses the

KV features to more compact bitstream representations. We want to stress that even though

CacheGen is compared head-to-head with these methods, it makes no assumption about the

context and the model, so one can combine CacheGen with these methods to potentially

further improve the performance.
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A.3 CacheGen System Settings

A.3.1 KV Streamer Adaptation Logic

We present the pseudo-code for the KV streamer logic that adapts to bandwidth here.

Algorithm 1 CacheGen Streaming Adapter Logic
chunks_to_send ⇒ context chunks
while chunks_to_send ↗= empty do

get chunk_data

throughput ⇒ network throughput
remaining_time ⇒ SLO ↓ time_elapsed

if time_recompute ⇑ remaining_time then
cur_chunk ⇒ text of chunk_data

else
level ⇒ max(level|size(chunks_to_send, level)÷ throughput ⇑ remaining_time

cur_chunk ⇒ encode(chunk_data, level)
end if
send cur_chunk

chunks_to_send ⇒ chunks_to_send \ chunk_data

end while

A.3.2 Default Encoding Level

By default, CacheGen encoding is done with the following parameters: we partition the

layers in the LLM into three groups with equal distance, and set quantization bins to be 0.5,

1, 1.5 respectively.

A.4 CacheGen’s improvement under various workloads

Figure A.3 shows CacheGen’s improvement over the best baseline (between quantization and

text context) over a complete space of workloads characterized along the two dimensions of

GPU available cycles ( i.e., 1/n with n being the number of concurrent requests) and available

bandwidth (in log scale). Figure 3.10 and Figure 3.11 can be seen as horizontal/vertical

cross-sections of this figure.
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Figure A.3: Heatmap showing CacheGen’s improvement over the best baseline over a com-
plete space of workloads. Brighter cells means more TTFT reduction.

A.5 Cost of storing KV cache

Our main focus in this paper is to reduce TTFT to achieve service SLO with minimal impact

on the generation quality of LLM. However, context loading systems, especially CacheGen,

could be an economical choice for LLM service providers as well. For example, one piece of

8.5K-token context in Llama-13B takes roughly 5GB to store di!erent versions compressed

with CacheGen. It costs $0.05 per month to store this data on AWS sto [2024]. On the

other hand, recomputing the KV cache from text costs at least $0.00085 (input only) every

time tog [2024], any [2024], ama [2024], rep [2024]. If there are more than 150 requests

reusing this piece of context every month, CacheGen will also reduce the inference cost. The

calculation here only serves as a rough estimation to highlight CacheGen’s potential. We

leave the design of such a context loading system targeting cost-saving to future work.
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APPENDIX B

DROIDSPEAK APPENDIX

Receiver Model Sender Model

evolcode-3.1-8b toolace-3.1-8b
glue_sst2 conllpp
mistral-blitz mistral-24b
phi3.5-mini-instr-adapter-v2 phi-3.5-mini-instr-task15
llama-3-8b-sft-lora-ultrachat fingpt-llama-3-8b
llama-3-70b-instruct llama-3-70b
mistrallite mistral-7b
llama-3.1-70b-instruct llama-3.1-70b

Table B.1: The model pairs used in our paper. For each pair of models, we use the datasets
that meet the requirements listed in §4.3.1 ( i.e., the receiver model has better quality than
the sender model).

E

Transformer 
Layer 1

Transformer 
Layer 2

E

Wk

Wv

Wq Q

K

V

((Q x K)/√d) x V
...

Figure B.1: Illustration of the use of embedding (E), query (Q), key (K), and value (V)
tensors in self-attention in transformer-based LLMs.

B.1 Detail statistics of the datasets

Table B.2 shows the size of the datasets and the lengths of the contexts for these datasets.
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Dataset Task Size Med. Std. P95

hotpotQA Yang et al. [2018] QA 300 10933 5160 18650
2wikimQA Ho et al. [2020] QA 200 7466 3976 10705

multifieldQA_en Bai et al. [2024] QA 150 8084 3849 14680
multi_news Fabbri et al. [2019] Summ. 200 7624 5923 17547

lcc Guo et al. [2023] Coding 200 12562 9220 26066
repobench-p Liu et al. [2024c] Coding 200 14285 8665 30376

Table B.2: Size, context lengths, the tasks the dataset belongs to and evaluation metrics
of datasets in the evaluation. Among the tasks, “QA” stands for question-answering, and
“Summ.” stands for summarization.

Figure B.2: (a) Prefill delay and accuracy trade-o! for MAmmoTH2 (fine-tuned on math
reasoning tasks). (b) DroidSpeak applied on Llama-3.1-70B-Instruct has higher accuracy
than Llama-3-8B-Instruct. (c) DroidSpeak applied on Ultrachat-8B has higher accuracy on
TinyLlama-1.1B-Chat.

B.2 More results

B.2.1 Case study of other tasks and other models

Math task: To demonstrate that the mechanisms of DroidSpeak apply to other types of

datasets, we apply DroidSpeak on a model pair where the receiver model is fine-tuned on

math reasoning, and test on a math reasoning task.

In Figure B.2(a), we run GSM8K Yue et al. [2024] dataset on MAmmoTH2 Yue et al.

[2024]. We profile the re-computation configuration on the Math dataset Yue et al. [2024].

Note that the Pareto frontier obtained follows a very similar pattern compared to the Long-

Bench models and dataset, demonstrating the wide applicability of DroidSpeak.
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B.2.2 Comparison against a smaller model

Since DroidSpeak trades o! minimal accuracy impact for latency, we compare using Droid-

Speak on a larger model with a smaller model of the same architecture to show our superior

performance in the quality and delay trade-o!.

In Figure B.2(b), we compare DroidSpeak on Llama-3.1-70B-Instruct and Llama-3.1-8B-Instruct

in the HotpotQA dataset, which is a smaller version of Llama-3.1-70B-Instruct and fine-

tuned on the same dataset to enhance the base LLM’s ability to follow instructions. As

shown, Llama-3.1-8B achieves approximately a 4→ reduction in prefill delay but su!ers a re-

duction in F1 score of about half compared to the original F1 score of Llama-3.1-70B-Instruct.

In Figure B.2(c), we compare DroidSpeak on Ultrachat-8B and TinyLlama-1.1B-Chat

on the 2wikimQA dataset, which is a smaller version of Ultrachat-8B while both fine-

tuned on ultrachat_200k dataset Ding et al. [2023b]. Similary, we can see that compared

with Ultrachat-8B, TinyLlama-1.1B-Chat reduces the prefill delay by 4.7→, while greatly

reduces the F1 score. DroidSpeak, on the other hand, has much higher F1 score when applied

to the Ultrachat-8B model.

One significant drawback of using a smaller model to achieve speedup is the overhead of

switching between small and large models. For example, when additional resources become

available, switching back to the larger model to improve serving quality incurs the overhead

of loading the larger model back onto the GPU. In contrast, DroidSpeak can easily adapt to

the available compute resources by adjusting the number of layers to be recomputed. This

enables more possibilities for e#cient scaling up or down on demand.

B.2.3 More results on profiling delay

In Figure 4.16, we run the same experiment as in §4.5.6 on the evolcode and tool-8b model

pair. We observe similar pattern as in §4.5.6 that profiling the recomputation configuration

at a coarser granularity reduces profiling cost while maintaining generation quality.
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Figure B.3: DroidSpeak’s profiling delay on evolcode and tool-8b model pair, on the
2wikimQA dataset. Grouping the profiling layers at the granularity of multiple layers re-
duces profiling delay, without losing quality.

B.3 Dynamic Re-computation Configuration Adaptation

34

36

38

40

42
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ra
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multifieldQA
CacheSync w/o ada CacheSync Full prefill

Figure B.4: DroidSpeak reduces SLO violation rate over DroidSpeak without adaptation and
full prefill. Plotted with ultrachat-8B and fingpt model pair.

DroidSpeak initially checks the current workload intensity by monitoring the running

and waiting requests in the vLLM engine Kwon et al. [2023a]. If there are requests that

are waiting to be executed, it indicates that the current workload is high and triggers an

increase in the reuse ratio. In this case, DroidSpeak chooses a re-computation configuration

that has the lowest number of re-computed layers above an accuracy target. When there

are no queuing requests in the system, DroidSpeak estimates prefill latency based on the

number of tokens of each request. The parameters for estimation can be obtained through

the profiling phase. DroidSpeak then selects the highest recomputation ratio satisfying the

latency SLO for each request to maximize accuracy.
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APPENDIX C

CHAMELEONAPI APPENDIX
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C.1 Applications

Table C.1: The statistics of 77 applications in empirical study. (Multi-Choice-* refer to Multi-
Choice (*-Order).)

Application name

(Link to Github repo)

Decision

Type

(Matching

Order)

# of Target

Classes

(# of labels per

class)

Branch Conditions

(Class lists or value ranges are

separated by semicolons.)

Image Multi-Label Classification (Google label_detection, AWS detect_labels)

2019-iot-ai-workshop Multi-Choice-

App

2 (7, 2) [Capuchin monkey, ...]; [Wildlife

biologist, ...]

Aander-ETL Multi-Choice-

App

3 (9, 6, 5) [Landmark, Sculpture, ...];

[Building, Estate, ...]; [Human, ...]

ArtGuide Multi-Choice-

API

2 (6, 3) [Painting, Picture frame, ...];

[Building, Architecture, ...]

AWS_CloudComputing Multi-Select 2 (1, 1) [Hot dog]; [Food]

DoorWatch True-False 1 (6) [Clothing, Person, Human,

Furniture, Child, Man]

AWSRekognition Multi-Select 2 (3, 3) [Person, People, Human]; [Art,

Drawing, Sketch]

GraduateProject True-False 1 (5) [Orator, Professor, Projection

Screen, ...]

Voice-Assistant Multi-Select 3 (5, 3, 1) [Highway, Lane, ...]; [Car, ...];

[Classroom]

callforcode True-False 1 (5) [Water, Waste, Bottle, Plastic,

Pollution]

( To be continued )
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Table C.1: The statistics of 77 applications in empirical study (Continued).

Application Decision

Type

(Matching

Order)

# of Target

Classes

(# of labels per

class)

Branch Conditions

(Class lists or value ranges are

separated by semicolons.)

Car-Image-search True-False 1 (6) [Sedan, Mini SUV, Coupe utility,

Truck, Van, Convertible]

cloudComputing_project2 Multi-Choice-

API

3 (1, 3, 1) [Person]; [Dog, Cat, Mammal];

[Flower]

CSC847_GAE_Proj2 Multi-Choice-

API

3 (2, 2, 1) [Mammal, Livestock]; [Human,

People]; [Flower]

cutiehack Multi-Select 2 (1, 3) [Banana]; [Lemon, Citrus fruit,

Apple]

CycleGAN-

tensorflow_pixie

Multi-Choice-

API

3 (1, 6, 4) [Food]; [Girl, Boy, Man, ...]; [Room,

Living room, House, ...]

DisasterRelief True-False 1 (8) [Hurricane, Flood, Tornado,

Landslide, Earthquake, Volcano, ...]

Dogecoin_musk True-False 1 (4) [Dog, Mammal, Carnivore, Wolf]

flaskAPI True-False 1 (3) [Food, Recipe, Ingredient]

food-assessment-system Multi-Choice-

API

5 (35, 22, 54, 4,

6)

[Dessert, ...]; [Grilling, ...];

[Strawberries, ...]; [Cigarette, ...]; ...

Foodier Multi-Select 2 (13, 1) [Building, Logo, Menu, Person,

Vehicle, People, ...]; [Food]

Hack-At-Home-II Multi-Choice-

API

2 (3, 3) [Food, Junk food, Plastic];

[Drinkware, Wood, Metal]

( To be continued )
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Table C.1: The statistics of 77 applications in empirical study (Continued).

Application Decision

Type

(Matching

Order)

# of Target

Classes

(# of labels per

class)

Branch Conditions

(Class lists or value ranges are

separated by semicolons.)

HeapSortCypher Multi-Choice-

API

3 (8, 5, 11) [Food, Food grain, ...]; [Clothing,

Shirt, ...]; [Paper bag, ...]

IngredientPrediction Multi-Select 3 (1, 1, 1) [Spaghetti]; [Bean]; [Naan]

FESMKMITL True-False 1 (1) [Face]

milab Multi-Choice-

App

3 (1, 1, 1) [Sign]; [Nature]; [Car]

BirdSwe Multi-Choice-

API

1 (5) [Smoke, Bird, ...]

ai-server-proto Multi-Choice-

API

3 (3, 14) [Eye, Eyeball, Eyes]; [Landmark,

Sculpture, Monument, ...]

Pheonix True-False 1 (1) [Fire]

photo_book Multi-Choice-

API

3 (10, 10, 2) [Mammal, Bird, Insect, ...]; [Skin,

Lip, ...]; [Flower, Plant]

Plant-Watcher True-False 1 (5) [Plant, Flowerpot, Houseplant,

Bonsai, Wood]

RecBot Multi-Choice-

App

2 (11, 8) [Tin, Paper, Magazine, Carton, ...];

[Food, Bread, Pizza, ...]

roblab-hslu True-False 1 (7) [Raincoat, Coat, Jacket, T-shirt,

Trousers, Jeans, Shorts]

senior-project Multi-Choice-

API

3 (2, 3, 1) [Landscape, Landmark];

[Self-portrait, Portrait, ...]; [Flower]

( To be continued )
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Table C.1: The statistics of 77 applications in empirical study (Continued).

Application Decision

Type

(Matching

Order)

# of Target

Classes

(# of labels per

class)

Branch Conditions

(Class lists or value ranges are

separated by semicolons.)

smart-can True-False 1 (9) [Paper, Bottle, Plastic, Container,

Tin can, Glass, ...]

smart-trash-bin Multi-Choice-

API

2 (14, 5) [Aviator sunglass, Beer glass, ...];

[Plastic arts, ...]

smartHamper Multi-Choice-

API

3 (7, 4, 3) [Shirt, T-shirt, ...]; [Trousers,

Denim, ...]; [Brand, Text, ...]

StudySpaceAvailability True-False 1 (4) [Hardware, Power Drill, Drill,

Electronics]

The-Coding-Kid Multi-Select 6 (9, 6, 9, 3, 6,

3)

[Noodle, ...]; [Meat, ...]; [Produce,

...]; [Fruit, ...]; [Milk, ...]; ...

Tinyml Multi-Select 3 (4, 6, 5) [Car, Truck, ...]; [Gun, Weapon

Violence, ...]; [Cat, Dog, ...]

UofTHacksBackend Multi-Choice-

API

4 (3, 3, 7, 4) [T-shirt, ...]; [Outerwear, ...]; [Pants,

...]; [Footwear, ...]

garbage-sort Multi-Choice-

API

2 (1, 20) [Food];[Metal, ...];

Image Object Detection (Google object_localization)

equipment-detection-poc Multi-Select 1 (1) [Shoe]

flood_depths Multi-Select 1 (5) [Car, Van, Truck, Boat, Toy vehicle]

SBHacks2021 Multi-Select 1 (1) [Person]

( To be continued )
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Table C.1: The statistics of 77 applications in empirical study (Continued).

Application Decision

Type

(Matching

Order)

# of Target

Classes

(# of labels per

class)

Branch Conditions

(Class lists or value ranges are

separated by semicolons.)

SeeFarBeyond Multi-Select 1 (2) [Spoon, Coin]

shecodes-hack Multi-Select 1 (2) [Dress, Top]

SunHacks2019 Multi-Select 1 (3) [Person, Chair, Table]

thgml Multi-Select 1 (7) [Pizza, Food, Sushi, Baked goods,

Snack, Cake, Dessert]

Verlan Multi-Select 1 (2) [Dog, Animal]

Text Sentiment Classification (Google sentiment_detection)

animal-analysis Multi-Choice-

API

4 (1, 1, 1, 1) [0.5, 1]; [0, 0.5]; [-0.5, 0]; [-1, -0.5]

calhacksv2 Multi-Choice-

API

6 (1, 1, 1, 1, 1,

1)

[0.5, 1]; [0.5, 1]; [0.1, 0.5]; [-0.1, 0.1];

[-0.5, -0.1]; [-1, -0.5]

carbon_hack_sentiment Multi-Choice-

API

3 (1, 1, 1) [0.3333, 1]; [-0.3333, 0.3333]; [-1,

-0.3333]

FoodDelivery Multi-Choice-

API

3 (1, 1, 1) [0.6, 1]; [0.3, 0.6]; [-1, 0.3]

devfest Multi-Choice-

API

4 (1, 1, 1, 1) [0.6, 1]; [0.4, 0.6]; [0.2, 0.4]; [-1, 0.2]

EC601_twitter_keyword Multi-Choice-

API

3 (1, 1, 1) [0.25, 1]; [-0.25, 0.25]; [0.25, 1]

( To be continued )
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Table C.1: The statistics of 77 applications in empirical study (Continued).

Application Decision

Type

(Matching

Order)

# of Target

Classes

(# of labels per

class)

Branch Conditions

(Class lists or value ranges are

separated by semicolons.)

ElectionSentimentAnalysis Multi-Choice-

API

3 (1, 1, 1) [0.05, 1]; [0, 0.05]; [-1, 0]

Hapi Multi-Choice-

API

2 (1, 1) [-1, 0]; [0, 1]

JournalBot Multi-Choice-

API

3 (1, 1, 1) [0.5, 1]; [0, 0.5]; [-1, 0]

Mind_Reading_Journal Multi-Choice-

API

4 (1, 1, 1, 1) [0.15, 1]; [0.1, 0.15]; [-0.15, 0.1]; [-1,

-0.15]

Sarcatchtic-MakeSPP19 Multi-Choice-

API

2 (1, 1) [-0.5, 1]; [-1, -0.5]

stockmine Multi-Choice-

API

2 (1, 1) [-1, 0]; [0, 1]

Tone Multi-Choice-

API

3 (1, 1, 1) [-1, -0.5]; [-0.5, 0.5]; [0.5, 1]

UOttaHack_2019 Multi-Choice-

API

3 (1, 1, 1) [0.25, 1]; [-0.25, 0.25]; [-1, -0.25]

Text Entity Detection (Google entity_detection)

GeoScholar True-False 1 (1) [LOC]

HackThe6ix Multi-Choice-

API

7 (1, 1, 1, 1, 1,

1, 1)

[PERSON]; [LOC]; [ADD]; [NUM];

[DATE]; [PRICE]; [ORG]

( To be continued )
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Table C.1: The statistics of 77 applications in empirical study (Continued).

Application Decision

Type

(Matching

Order)

# of Target

Classes

(# of labels per

class)

Branch Conditions

(Class lists or value ranges are

separated by semicolons.)

Klassroom Multi-Choice-

API

2 (2, 2) [PERSON, PROPER]; [LOC, ORG]

newsChronicle True-False 1 (1) [OTHER]

ocr-contratos True-False 1 (1) [NUM]

uofthacks6 True-False 1 (1) [OTHER]

Text Topic Classification (Google text_classify)

DMnMD True-False 1 (1) [Health]

HLPFL True-False 1 (8) [Public Safety, Law & Government,

Emergency Services, News, ...]

MirrorDashboard True-False 1 (7) [Jobs & Education, Law &

Government, News, ...]

noteScript True-False 1 (1) [Food]

pennapps_2019f True-False 1 (2) [News/Politics, Investing]

soap Multi-Choice-

API

2 (2, 2) [Sensitive Subjects, ...];

[Discrimination & Identity

Relations, ...]

SocialEyes Multi-Choice-

API

2 (2, 1) [people & society, sensitive subjects];

[adult]

Twitter_Mining_GAE True-False 1 (1) [Sentitive]

vfriendo True-False 1 (1) [Restaurants]
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C.2 Loss function for other decision-process summaries

True-False:

L(y) =

Penalize Type-1 Critical Errors︷ ︸︸ ︷
Sigmoid(max

l↔Gĉ

(y)↓ ω)

+

Penalize Type-1 Critical Errors︷ ︸︸ ︷
Sigmoid(ω ↓max

l↔Gc
(y)) (C.1)

Multi-Select:

L(y) =

Penalize Type-1 Critical Errors︷ ︸︸ ︷∑

c↔T̂

Sigmoid(ω ↓max
l↔Gc

y[l])

+

Penalize Type-3 Critical Errors︷ ︸︸ ︷∑

c↔⇓cGc\T̂

Sigmoid(max
l↔Gc

y[l]↓ ω)

(C.2)

Multi-Choice API-order: Here we explain why this loss function captures the critical

errors:

• A Type-1 error occurs, if (1) the correct target class is matched, thus at least one of

its labels has a score above the confidence threshold (maxl↔Gĉ
y[l] ⇐ ω), and (2) it is

matched after the EOD because all of the labels belonging to the correct target class

have scores below the maximum score of labels in the incorrect target classes.

• A Type-2 error occurs if the maximum score for labels in a correct target class falls

below threshold ω, thus it is never matched (before or after EOD).

• A Type-3 error occurs if any labels belonging (maxl /↔Gĉ
y[l]) to incorrect target classes

appears before labels in the correct target class.
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L(y) =

Type-1 Critical Errors︷ ︸︸ ︷

Sigmoid

(
max

l↔⇓c ↓=ĉGc
y[l]↓max

l↔Gĉ

y[l]

)

+

Type-2 Critical Errors︷ ︸︸ ︷

Sigmoid

(
max

l↔⇓c ↓=ĉGc
y[l]↓ ω

)

+

Type-3 Critical Errors︷ ︸︸ ︷
∑

c ↗=ĉ

Sigmoid
(
max
l↔Gc

y[l]↓max
l↔Gĉ

y[l]

)

(C.3)

Value ranges: As for APIs that output a score y to describe the input, applications typically

define several value ranges as target classes to make decisions, where the lower bound of the

c
th target class is denoted as lc and the upper bound of the c

th target class is denoted as uc.

L(yi) =

Type-1 Critical Errors︷ ︸︸ ︷
Sigmoid (y ↓ uĉ) + Sigmoid (lĉ ↓ y)

+

Type-3 Critical Errors︷ ︸︸ ︷∑

c ↗=ĉ

Sigmoid(uc ↓ y) + Sigmoid(y ↓ lc)

(C.4)

where ĉ is the index of the correct target class. A Type-1 error occurs (i.e., a correct target

class is matched after EOD) when the output score y exceeds the upper bound of the ground-

truth value range (uc), or falls below the lower bound of the ground-truth value range (lc).

A Type-3 error occurs when the upper bound of an incorrect value range exceeds y and

its lower bound falls below y, leading it to be selected. Type-2 errors are absent in this

application because all the target classes span the whole output range, thus a target class

must be matched.
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C.3 Setup of Categorized models

Here, we describe in detail how we construct the label categories to support the scheme

of Categorized models, which is one of the schemes in comparison with ChameleonAPI

(Section 5.5).

Image-classification Image-classification APIs typically contains many thousands of la-

bels without providing their categorization or hierarchy. Therefore, we create categories

leveraging the Wikidata knowledge graph Wikidata [2022], a widely used knowledge graph

database that has been referred to during the creation of many popular ML training datasets Haller

et al. [2022], Kuznetsova et al. [2020], Jund et al. [2017]. In this knowledge graph, each node

is a named entity, covering all the labels used in popular image-classification APIs Google

[2022], Amazon [2022a], Microsoft [2022b], and each edge represents a relationship between

two entities (e.g., “subclass of”, “di!erent from”, “said to be the same as”).

Extracting “subclass of” edges in Wikidata knowledge graph, we get a directed acyclic

graph (DAG) of label hierarchy. We believe it o!ers a principled foundation to create label

categories based on two observations: (1) If an entity/node e is reachable from another

entity/node e
⇔ through several subclass-of edges, e⇔ is also covered by the category of e (e.g.,

entity “motor vehicle” is directly connected to “land vehicle”, entity “land vehicle” is directly

connected to “vehicle”, so “motor vehicle” is also covered by the “vehicle” category); (2) The

distance, measured in the number of subclass-of edges, between an entity/node and the

DAG root indicates the specificity of the concept behind this node, with shorter distance

representing coarser-grained categories. We will refer to a node that is k edges away from

the root as a Level-k node.

Based on these observations, we formally define a set of categories Ck for all the image-

classification labels L at a specificity level k as follows: Ck is the minimum set of Level-k

nodes such that every label l ↔ L is covered by at least one category node ck ↔ Ck. We could
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categorize all the applications into single-category and multi-category applications using any

level of specificity settings. In this paper, we adopt Level-2 specificity setting, since the

number of single-category applications drops a lot when moving from Level-2 to Level-3,

indicating Level-3 categories may be too fine-grained.

Under Level-2, we set up 35 categorized models that cover all the image-classification

labels. Six of them are used by applications in our benchmark, including natural object, tem-

poral entity, artificial entity, system, phenomenon, and continuant. With this categorization,

27 of the 40 image-classification applications are single-category, and the rest 13 applications

are multi-category.

Object-detection Similar as image-classification API, every object-detection API label

also corresponds to an entity node in the Wikidata knowledge graph. Therefore, we use the

same methodology and the same specificity Level-2 to define categories for object detection

labels.

Seven categorized models are set up to cover all object-detection labels. The object-

detection labels used by 8 object-detection benchmark applications belong to 3 categories:

natural object, artificial entity, and system. Under this setting, there will be 7 single-category

applications, and 1 multi-category applications.

Text-classification The Google text-classification API Google [2022] o!ers the hierarchy

tree of all its labels. We simply follow their categorization and get 15 categories to covering

all text-classification labels. Nine categories are used by applications in our benchmark,

including business & industrial, people & society, health, food & drink, jobs & education,

news, sensitive subjects, adult, and law & government. Under this categorization, there

are 5 single-category text-classification applications, and 4 multi-category text-classification

applications.
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Other types of applications There are two other types of applications in our benchmark

that are not suitable for designing pre-specialized models: sentiment analysis and named

entity recognition.

For sentiment analysis API, the corresponding applications typically define several value-

ranges and determine which range the API output (a sentiment score) falls into. Since the

API output is a floating point number, there are infinite ways of defining value-ranges.

Therefore, it is impracticable to create pre-categorized models.

For named entity recognition API, it only has 6 labels: person, location, organization,

number, date, and misc Google [2022]. They are already high-level categories. There is no

need to create pre-categorized models for each category.
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C.4 Results of other applications

As mentioned in §5.5.1, the results of the 20 applications that involve sentiment analysis

and entity recognition were not included in the evaluation section. Their results are shown

in Figure C.1 and C.2. As we can see, the advantage of ChameleonAPI is consistent across

these applications, similar to what we presented in§5.5. Note that, the scheme of Categorized

models does not apply to applications that involve these two types of ML tasks, and hence

is not included in Figure C.1 and C.2.
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Figure C.1: Results on entity-recognition applications.
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Figure C.2: Results on sentiment-analysis applications.
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