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SUMMARY

Large language models (LLMs) have revolutionized a wide range of natural language

processing tasks. However, their practical utility faces resource challenges in two dimensions:

data efficiency and model efficiency. For post-training, LLMs face data curation challenges

where high-quality labeled data is scarce and expensive to obtain, and data utilization

challenges where existing methods fail to optimize model performance on limited available

data. During deployment, LLMs encounter model parameter efficiency challenges from

their enormous size, and inference efficiency constraints from memory-intensive operations.

This thesis addresses these resource bottlenecks through two complementary thrusts:

Thrust 1: How to enhance data efficiency in the post-training stage? LLM adaptation

to specific tasks and human values remains data-intensive. Two obstacles dominate this

landscape: first, the scarcity of high-quality labeled data creates bottlenecks for domain

adaptation; second, existing methods fail to extract maximum value from limited training

examples. I introduce PRBOOST, an interactive weakly-supervised framework that discovers

high-quality labeling rules, and DORM, which optimizes preference data weights to reduce

data requirements for model alignment by 10 to 40 times.

Thrust 2: How to improve model efficiency in the deployment stage? LLMs’ parame-

ter counts and memory demands restrict deployment across diverse computing environments.

I tackle this through two approaches: improving knowledge distillation for more efficient

models, and optimizing inference-time memory usage. PTLOSS, a perturbation-based distil-

lation framework, enhances student model generalization by generating more accurate proxy

teacher distributions. LORC progressively compresses KV cache, substantially reducing

GPU memory requirements while preserving performance.

These complementary thrusts form a framework for efficient, deployable language

models. The findings demonstrate that targeted resource optimization enables broader LLM

deployment across diverse applications and computational environments.

xvii



CHAPTER 1

INTRODUCTION

Large language models (LLMs) have revolutionized various tasks, including text genera-

tion, question answering, complex reasoning, and decision-making. Recent breakthroughs,

exemplified by models such as GPT [1], Claude [2], Gemini [3], and DeepSeek [4], have

demonstrated remarkable, often human-level, capabilities previously considered beyond

the reach of artificial intelligence. These successes have been made possible by enor-

mous resources, including vast training data, billions of model parameters, and substantial

computational infrastructure.

However, these resource requirements create two critical bottlenecks: data efficiency in

the post-training stage and model efficiency in the deployment stage. In the post-training

stage, adaptation to specific tasks or alignment with human values demands large quantities

of high-quality labeled data—a process both costly and time-consuming due to the limited

availability of expert annotators. Furthermore, annotations collected through crowdsourcing

or generated by LLMs often contain significant noise, undermining the reliability of the

post-training process.

During deployment, the use of LLMs in resource-limited environments is constrained

by their enormous parameter counts and memory requirements. Transformer architectures

rely on Key-Value (KV) caches whose memory usage increases linearly with sequence

length and batch size, quickly becoming impractical for large-scale inference. Additionally,

conventional knowledge distillation methods typically force student models to replicate the

unreliable or biased output distributions of teacher models, causing a discrepancy with the

ground truth and consequently leading to degraded generalization performance.

This thesis addresses these challenges through two complementary aspects: improving

data efficiency for the post-training stage and enhancing model efficiency for the deployment

1



stage, enabling broader and more effective use of LLMs across resource-limited scenarios.

1.1 Challenges

The pursuit of resource efficiency in LLMs faces the following challenges, spanning across

the post-training stage and the deployment stage.

• Data Curation Challenges. The scarcity of high-quality labeled data presents a

fundamental obstacle to LLM post-training. Conventional supervised learning requires

extensive manual annotations, which are prohibitively expensive and time-consuming

to collect. Domain experts’ availability is limited, while crowdsourced annotations

frequently contain significant noise—up to 40% in common datasets [5]. These

constraints create a bottleneck in the post-training pipeline, restricting the adaptation

of LLMs to new domains and specialized applications where high-quality labeled data

is sparse or costly to obtain.

• Data Utilization Challenges. Beyond acquisition difficulties, existing approaches

fail to maximize the value extracted from available training data. Weakly supervised

methods rely on labeling rules that are typically incomplete and inconsistent, and

learning methods in the post-training stage often treat all data points uniformly despite

their varying quality and informativeness. Current methodologies lack effective

mechanisms to identify the most informative instances or differentiate between reliable

and unreliable annotations. This inefficient utilization compounds the data scarcity

problem, requiring larger datasets than theoretically needed.

• Model Parameter Efficiency Challenges. The enormous parameter counts of state-

of-the-art LLMs—often ranging from billions to trillions—severely limit their deploy-

ment in diverse computing environments. While knowledge distillation provides a

promising solution to reduce model size, existing methods often transfer biased or

2



unreliable knowledge from teacher models, resulting in student models with degraded

performance and limited generalization.

• Model Inference Efficiency Challenges. Even when model size is manageable,

inference-time computational demands—particularly memory consumption—present

significant deployment barriers. Transformer architectures require extensive memory

for KV caches that scale linearly with sequence length, quickly exhausting avail-

able resources during generation. Existing optimization approaches either demand

prohibitive computational costs through extensive retraining or implement token man-

agement strategies that ignore crucial architectural dependencies. These limitations

prevent efficient deployment of LLMs in resource-constrained environments and

real-time applications.

1.2 Contributions

This thesis introduces targeted solutions to these challenges, organized into two complemen-

tary parts:

1.2.1 Part I: Data Efficiency in the Post-Training Stage

• Interactive Rule Discovery and Boosting (chapter 2). To improve data curation

efficiency in the fine-tuning stage of pre-trained language models (PLMs), I intro-

duce PRBOOST, an interactive weakly-supervised learning framework that iteratively

discovers high-quality labeling rules through PLM prompting and human valida-

tion. PRBOOST employs a boosting-based ensemble strategy that explicitly targets

high-error instances to adaptively propose new rules, continuously refining the la-

beling process. Evaluations on relation extraction, ontology classification, and topic

classification demonstrate significant performance improvements—up to 7.1% over

state-of-the-art weakly-supervised methods.
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• Dynamic Data Weights Optimization (chapter 3). To improve data utilization effi-

ciency in LLM alignment, I propose DORM, a two-stage approach that dynamically

adjusts preference data weights. By integrating epistemic uncertainty estimation with

prediction disagreement measures, DORM systematically identifies and prioritizes

informative and reliable data points. A bilevel optimization framework further refines

these weights, dramatically improving data efficiency and achieving 90.5% accuracy

on RewardBench with 10–40× less data than conventional approaches.

1.2.2 Part II: Model Efficiency in the Deployment Stage

• Perturbation-Based Knowledge Distillation (chapter 4). To enhance model param-

eter efficiency for resource-constrained deployment environment, I develop PTLOSS,

a perturbation-based distillation framework that improves student model generaliza-

tion. PTLOSS reformulates the traditional KL-based distillation objective using a

Maclaurin series expansion, introducing targeted perturbations to generate a proxy

teacher distribution closer to ground truth. Theoretical analyses and empirical results

across multiple datasets confirm that PTLOSS significantly reduces distillation risks

and outperforms conventional knowledge distillation techniques.

• Progressive KV Cache Compression (chapter 5). To enhance LLM inference

efficiency, I present LORC, a progressive KV cache compression strategy based

on low-rank approximations of KV weight matrices. LORC explicitly accounts for

inter-layer dependencies and sensitivity, compressing KV caches without extensive

retraining or task-specific tuning. Evaluations demonstrate substantial GPU memory

savings across various model sizes and tasks, with minimal performance degradation.
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Part I

Data Efficiency in the Post-training Stage
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CHAPTER 2

IMPROVING DATA CURATION EFFICIENCY VIA RULE DISCOVERY AND

BOOSTING

2.1 Introduction

Weakly-supervised learning (WSL) has recently attracted increasing attention to mitigate the

label scarcity issue in many NLP tasks. In WSL, the training data are generated by weak

labeling rules obtained from sources such as knowledge bases, frequent patterns, or human

experts. The weak labeling rules can be matched with unlabeled data to create large-scale

weak labels, allowing for training NLP models with much lower annotation cost. WSL has

recently achieved promising results in many tasks including text classification [6, 7, 8, 9],

relation extraction [10], and sequence tagging [11, 12, 13].

Despite its success, WSL is limited by two major factors: 1) the labeling rules, and 2) the

static learning process. First, it is challenging to provide a comprehensive and high-quality

set of labeling rules a priori. Labeling rules are often human-written [14, 15], but the process

of writing labeling rules is tedious and time-consuming even for experts. A few works

attempt to automatically discover labeling rules by mining labeled data [16], or enumerating

predefined types. However, the pre-extracted rules are restricted to frequent patterns or

predefined types, which are inadequate for training an accurate model. Second, most existing

WSL methods are static and can suffer from the noise in the initial weak supervision [14,

10, 9, 8, 17]. As the labeling rule set remains fixed during model training, the initial errors

can be amplified, resulting in an overfitted end model. Interactive rule discovery has been

explored in two recent works [18, 19], which solicits human feedback on candidate rules to

refine the rule set. Unfortunately, their rule forms are limited to simple repetitive structures

such as n-grams [18], and the huge rule search space makes an enumerating-pruning pipeline
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not scalable for large datasets [19].

Due to the above reasons, state-of-the-art WSL methods still underperform fully-

supervised methods by significant gaps on many NLP tasks. As shown in a recent study [20],

the best WSL methods fall behind the best fully-supervised methods in 15 out of 18 NLP

benchmarks; and the average performance gap is 18.84% in terms of accuracy or F1 score.

To bridge the gap between weakly-supervised and fully-supervised approaches, we pro-

pose an iterative rule discovery and boosting framework, namely PRBOOST for interactive

WSL. Compared to existing works on WSL and active learning, PRBOOST features three

key designs:

First, we design a rule discovery module that uses rule templates for prompting pre-

trained language models (PLMs). By feeding difficult instances and rule templates into

PLMs, the module distills knowledge from PLMs via prompting and generates candidate

rules that capture key semantics of the input instances. Compared to prior works based on

n-grams [18], our prompt-based rule discovery is more expressive and applicable to any

tasks that support prompting.

Second, we design a boosting-style ensemble strategy to iteratively target difficult

instances and adaptively propose new rules. In each iteration, we reweigh data by the

boosting error to enforce the rule discovery module to focus on larger-error instances. This

avoids enumerating all the possible rules and implementing post-filtering for novel rules, but

directly targets rule discovery on large-error instances to provide complementary information

to the current model.

Third, we strategically solicit human feedback to evaluate the candidate rules. Humans

are asked to judge whether a candidate rule should be accepted or abstained. The accepted

high-quality rules are then used to generate new weak labels that are fed into boosted model

training. As the prompt-generated rules are highly interpretable, the rule evaluation is

simply a binary choice task for human experts and thus effortless. Unlike traditional active

learning methods that annotate individual instances, such a rule-level annotation is more
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label-efficient because the annotated rules can match large amounts of instances.

We compare our method with supervised, weakly-supervised and interactive learning

baselines on four tasks: relation extraction, ontology classification, topic classification, and

chemical-protein interaction prediction. The results show: 1) Our method outperforms state-

of-the-art weakly-supervised baselines by up to 7.1%; 2) The rule-level annotation helps the

model achieve higher model performance compared to the instance-level annotation under

the same budget; 3) The machine-discovered and human-evaluated rules are of high quality,

which consistently refine the weak labels and the model in each iteration.

Our key contributions are: (1) a prompt-based rule discovery framework for interactive

WSL, which provides flexible rule representation while capturing subtle semantics in rule

generation; (2) an iterative boosting strategy for discovering novel rules from hard instances

and strengthening the model by an ensemble of complementary weak models; (3) an

interpretable and easy-to-annotate interactive process for rule annotation; (4) comprehensive

experiments demonstrating the effectiveness of our framework.

2.2 Related Work

Weakly-Supervised Learning. WSL has recently attracted much attention in various NLP

tasks. Despite their promising performance on various tasks, manually designing the rules

can be time-consuming. Moreover, the noise and incompleteness of the initial rules could be

propagated in model training [20]. A few works attempt to reduce human efforts in manually

designing labeling rules by discovering rules from data. For example, Snuba [16] generates

heuristics based on a small labeled dataset with pre-defined rule types; TALLOR [21] and

GLaRA [22] study rule expansion for NER problem based on lexical information and then

select rules based on a hand-tuned threshold. However, these methods discover rules in

a static way and are constrained to task-specific rule types. In contrast, our framework

discovers rules iteratively from the entire unlabeled dataset, which can refine the rule set

and enlarge its diversity on-the-fly.
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Interactive Learning. Our work is related to active learning (AL) as both involve human

annotators in the learning process. However, the key difference is that AL labels instances

based on various query policies [23, 24, 25, 26, 27, 28], while our method does not annotate

individual instances, but uses annotated rules to match unlabeled data. This makes our

method more label-efficient in leveraging human feedback for creating large-scale labeled

data. To the best of our knowledge, only a few works have studied interactive WSL [18,

19, 29, 30] as in our problem. However, they either use simple n-gram based rules [18,

30] that fail to capture sentence-level semantics, or suffer from a huge searching space

for context-free grammar rules [19]. Unlike these works, our method uses flexible rule

representations based on prompts, and also uses boosting for targeted rule discovery to avoid

enumerating all possible rules and performing post-filtering for novel rules.

Language Model Prompting. Our work is also related to prompt-based learning for

PLMs, which converts the original task to a cloze-style task and leverages PLMs to fill

the missing information [31, 32]. Prompting has been explored in various tasks, including

text classification [33, 34, 35, 36], information extraction [37, 38] and text generation [39,

40]. Recent works focus on generating better prompt templates or learning implicit prompt

embeddings [41, 42, 43]. However, none of these works studied prompting for generating

weak labels. Our work is orthogonal to them since we do not aim to optimize prompts for

the original task, but uses prompts and PLMs as a knowledge source for rule discovery.

2.3 Preliminaries

Problem Formulation. Weakly-supervised learning (WSL) creates weak labels for model

training by applying labeling rules over unlabeled instances Du. Given an unlabeled instance

x ∈ Du, a labeling rule r(·) maps x into an extended label space: r(x)→ y ∈ Y∪{0}. Here

Y is the original label set for the task, and 0 is a special label indicating x is unmatchable

by r. Given a setR of labeling rules, we can apply each rule inR on unlabeled instances to

create a weakly labeled dataset D′
l.
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However, the initial weak labels D′
l can be highly noisy and incomplete, which hinder

the performance of WSL. We thus study the problem of interactive WSL: how can we

automatically discover more high-quality labeling rules to enhance the performance of WSL?

Besides Du and D′
l, we also assume access to a small set of clean labels Dl (|Dl| ≪ |Du|),

and the task is to iteratively find a set of new rules for model improvement. In each iteration

t, we assume a fixed rule annotation budget B, i.e., one can propose at most B candidate

rulesRt = {rj}Bj=1 to human experts for deciding whether each rule should be accepted or

not. The accepted rulesR+
t are then used to create new weakly labeled instances D′

t. From

D′
t ∪ D′

l, a model mt : X → Y can be trained to boost the performance of the current WSL

model.

Rule Representation. Multiple rule representations have been proposed in WSL for NLP

tasks. For example, keyword-based rules are widely used to map certain keywords to their

highly correlated labels [18, 8, 7, 44]. Regular expression is another common rule format,

which matches instances with pre-defined surface patterns [6, 9, 10]. Logical rules [45, 21]

perform logical operations (such as conjunction ∧ and negation ¬) over atomic rules and

can thus capture higher-order compositional patterns.

We adopt a prompt-based rule representation (Section Table 2.4.1), which is flexible to

encompass any existing rule representations. Our prompt-based rule relies on a rule template

τ(·) for the target task, which contains a [MASK] token to be filled by a PLMM along with

an unlabeled instance x. From the rule template τ , each candidate rule can be automatically

derived by r = g(M, τ,x). Such a prompt-based rule representation is highly flexible and

can be applied to any NLP tasks that support prompting (see examples in Table Table 2.1).

2.4 Methodology

Overview. PRBOOST is an iterative method for interactive WSL. In each iteration, it

proposes candidate rules from large-error instances, solicits human feedback on candidate

rules, generates weak labels, and trains new weak models for ensembling. Figure Figure 2.1
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Large-error Instance 𝒙𝒆𝒊
Microsoft is an American technology corporation founded by Bill Gates.

founded
started
called







Rule1: PERSON [founded] ORGANIZATION

Prompt Template 𝒙𝒑𝒊

[Input] The PERSON Bill Gates [MASK] the ORGANIZATION Microsoft.

Rule2: PERSON [started] ORGANIZATION

Clean Data 𝒟𝑙 Data Weights 𝒘𝒊

Unmatched Data 𝒟𝑢 Rule-matched Data 𝒟𝑟

Model 𝑚𝑡−1

Model 𝑚𝑡

Self-training

Model Ensemble

𝒑 MASK = ෝ𝒗 𝒙𝒑𝒊) Human-selected Rules ℛ+

ℛ+

1. Candidate Rules Generation

2. Interactive Rule Evaluation

3. Weakly Supervised Model Training & Ensemble

Human Annotators 

𝒟𝑟 ∪ 𝒟𝑡−1

Figure 2.1: Overall framework for PRBOOST. In each iteration, PRBOOST (1) identifies
large-error instances from the limited clean data and converts each large-error instance to a
prompt template for prompting-based rule discovery; (2) presents candidate rules to human
experts for annotation and uses accepted rules to generate new weak labels; (3) trains a new
weak model with self-training and ensembles it with the previous models.

shows the process in one iteration of PRBOOST, which relies on three key components:

1. Candidate rule generation. This component proposes candidate rules to be evaluated by

human annotators. Using the small labeled dataset Dl, it measures the weakness of the

current model by identifying large-error instances on Dl, and proposes rules based on

these instances using PLM prompting.

2. Rule annotation and weak label creation. This component collects human feedback to

improve the weak supervision quality. It takes as input the candidate rules proposed

by the previous component, and asks humans to select the high-quality ones. Then the

human-selected rulesRt are used to generate weak labels for the unlabeled instances Du

in a soft-matching way.
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3. Weakly supervised model training and ensemble. We train a new weak model mt+1 on

the updated weakly labeled dataset Dr. Then we self-train the weak model mt+1 and

integrate it into the ensemble model.

2.4.1 Candidate Rule Generation

Target rule proposal on large-error instances. We design a boosting-style [46] strategy

for generating prompt-based candidate rules. This strategy iteratively checks feature regimes

in which the current model mt is weak, and proposes candidate rules from such regimes.

We use the small labeled dataset Dl to identify hard instances, i.e., where the model tends to

make cumulative mistakes during iterative learning. The discovered rules can complement

the current rule set R and refine the weak labels, so the next model mt+1 trained on the

refined weakly labeled data can perform better in the weak regimes.

We initialize the weights of the instances in Dl as wi = 1/|Dl|, i = 1, 2, · · · , |Dl|.

During the iterative model learning process, each wi is updated as the model’s weighted loss

on instance xi ∈ Dl. Specifically, in iteration t ∈ {1, · · · , n}, we weigh the samples by

wi ← wi · eαtI(yi ̸=mt(xi)), i = 1, 2, . . . , |Dl|. (2.1)

In Equation 2.1, αt is the weight of model mt, which will be used for both detecting

hard instances and model ensembling (subsection 2.4.3). We compute αt from the model’s

error rate on Dl:

αt = log
1− errt
errt

+ log(K − 1), (2.2)

where errt is given by

errt =

|Dl|∑
i=1

wiI (yi ̸= mt (xi)) /

|Dl|∑
i=1

wi. (2.3)

Intuitively, a sample xi receives a larger weight wi (Equation 2.1) if the model ensemble

consistently make mistakes on xi. A large error is often caused by poor coverage (unlabeled

instances matched by few or no rules) or dominating noise in the local feature regimes

(rule-matched labels are wrong). The weights can thus guide the rule generator to target the
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Table 2.1: The examples of prompt-based rules for relation extraction, ontology classifi-
cation, and news topic classification. Here [Input] denotes the original input, [Mask]
denotes the mask token, and ∧, ∨ are the logical operators. We use bold words to show the
ground-truth label of the original input.

Input : Microsoft is an American technology corporation founded by Bill Gates.
Prompt : [Input] The Person Bill Gates [Mask] the Organization Microsoft.

Rule : {Entity Pair == (Person, Org)} ∧ {[Mask] == founded} ∧ {st,j ≥ threshold} →
per:found

Input : Marvell Software Solutions Israel is a wholly owned subsidiary of Marvell Technology
Group.

Prompt : [Input] The Marvell Software Solutions Israel is a [Mask].
Rule : {[Mask] == subsidiary ∨ corporation ∨ company} ∧ {st,j ≥ threshold}→ Company
Input : Liverpool short of firepower for crucial encounter. Rafael Benitez must gamble with

Liverpools Champions League prospects tonight but lacks the ammunition to make it a fair
fight.

Prompt : [Mask] News: [Input]
Rule : {[Mask] == Liverpool ∨ Team ∨ Football ∨ Sports} ∧ {st,j ≥ threshold}→ Sports

top-n large-error instances Xe = {xei}ni=1. By proposing rules from such instances, we aim

to discover novel rules that can complement the current rule set and model ensemble most

effectively.

Prompt-based rule proposal. For a wide range of NLP tasks such as relation extraction

and text classification, we can leverage prompts to construct informative rule templates,

which naturally leads to expressive labeling rules for WSL.

Motivated by this, we design a rule proposal module based on PLM prompting. We

present concrete examples of our prompt-based rules in Table 2.1. The input instance comes

from the large-error instances identified on the clean dataset Dl. For each task, we have

a task-specific template to reshape the original input for prompting PLMs. The resulting

prompt typically includes the original input as the context and a mask token to be filled by

the PLMs. The final rule encompasses multiple atomic parts to capture different views of

information. Each rule is accompanied by a ground-truth label of the original input instance,

such a label will be assigned to the unlabeled instances matched by this rule.

For example, as shown in Table 2.1, the prompt of the relation extraction task can be

"entity [MASK] entity", which rephrases the original input using relation phrases while
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keeping the key semantics. Take news topic classification as another example, by filling

the masked slot in the prompt, PLMs propose candidate keyword-based rules for topic

classification. Different from the rules extracted from surface patterns of the corpus (e.g.,

n-gram rules), such a prompt-based rule proposal can generate words that do not appear in

the original inputs—this capability is important to model generalization.

Given a large-error instance xei ∈ Xe, we first convert it into a prompt by xpi = τ(xei).

Such a prompt consists of the key components of the original input and a [MASK] token. By

inheriting the original input, we construct context for the [MASK] token to be predicted by

a pre-trained LMM. To complete the rule, we feed each xpi toM to obtain the probability

distribution of the [MASK] token over the vocabulary V:

p(MASK = v̂ | xpi) =
exp (v̂ · M(xpi))∑

v∈V
exp (v · M(xpi))

, (2.4)

where M(·) denotes the output vector of M, v is the embedding of the token in the

vocabulary V , and v̂ is the embedding of the predicted masked token. We collect the top-k

predictions with highest p(MASK = v̂ | xpi) to form the candidate rules. By filling the rules

based on xei with the prompt predictions, we obtain the candidate rule set in iteration t,

denoted asRt = {rj}Bj=1.

2.4.2 Rule Annotation and Matching

Interactive rule evaluation. As the candidate rulesRt can be still noisy, PRBOOST thus

presents Rt to humans for selecting high-quality rules. Specifically, for each candidate

rule rj ∈ Rt, we present it along with its prompt template xpj to human experts, then they

judge whether the rule rj should be accepted or not. Formally, rj is associated with a label

dj ∈ {1, 0}. When a rule is accepted (dj = 1), it will be incorporated into the accepted rule

setR+ for later weak label generation.

Weak Label Generation. After human evaluation, the accepted rulesR+
t are used to match
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unlabeled instances Du. We design a mixed soft-matching procedure for matching rules

with unlabeled instances, which combines embedding-based similarity and prompt-based

vocabulary similarity. The two similarities complements each other: the embedding-based

similarity captures global semantics, while the prompt-based similarity captures local

features in terms of vocabulary overlapping. Given a rule rj ∈ R+
t and an unlabeled

instance xu ∈ Du, we detail the computations of the two similarities below.

First, the embedding similarity is computed as the cosine similarity between the rule and

instance embeddings [10]:

saj = (eu · erj)/(∥eu∥ · ∥erj∥), (2.5)

where eu is the instance embedding of xu and erj is the rule embedding of rj , both embed-

dings are obtained from a PLM encoder.

Next, to compute the prompt-based similarity, we feed τ(xu) into the prompting model

(Equation 2.4) and use the top-k candidates of the [MASK] position as the predicted

vocabulary for instance xu. We measure the vocabulary overlapping between Vu and Vrj as

sbj =| Vu ∩ Vrj | /k, (2.6)

where Vu is the vocabulary of instance xu and Vrj is the vocabulary of rule rj . Note that

for the unlabeled instance, we have |Vu| = k, while for the rule, we have |Vrj | ≤ k because

human annotators may abstain some candidate predictions.

The final matching score is computed by combining the above two similarities:

sj = αsaj + (1− α)sbj. (2.7)

The instance xu is matched by the rule rj if sj is higher than the matching threshold

σ obtained on the development set. When xu is matched by multiple rules that provide

conflicting labels, we use the one with the highest matching score to assign the weak label. If

∀j ∈ 1, · · · , k, the matching score sj is lower than σ, we abstain from labeling the instance

xu.
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2.4.3 Model Training & Ensemble

In iteration t, with the new rule-matched data Dr, we obtain an enlarged weakly labeled

dataset Dt = Dt−1 ∪ Dr. We fit a weak model mt on Dt by optimizing:

min
θ

1

|Dt|
∑

(xi,ŷi)∈Dt

ℓCE (mt(xi), ŷi) , (2.8)

where ŷi is the weak label for instance xi, and ℓCE is the cross entropy loss.

While the weakly labeled dataset has been enlarged, there are still unmatched instances in

Du. To exploit such unlabeled and unmatched instances, we adopt the self-training technique

for weak model training [47]. The self-training process can propagate information from

the matched weak labels to the unmatched instances to improve the model mt. Following

previous models [48, 9], for each instance xi ∈ Du, we generate a soft pseudo-label ỹij

from the current model mt:

ỹij =
q2ij/fj∑

j′∈Y(q
2
ij′/fj′)

, fj =
∑
i

qij (2.9)

where qi = mt(xi) is a probability vector such that qi ∈ RK , and qij is the j-th entry,

j ∈ 1, · · · , K.

The above process yields a pseudo-labeled D̃u. We update mt by optimizing:

Lc(mt, ỹ) =
1

|D̃u|

∑
x∈D̃u

DKL(ỹ∥mt(x)), (2.10)

where DKL(P∥Q) =
∑

k pk log(pk/qk) is the Kullback-Leibler divergence.

Finally, we incorporate the self-trained weak model into the ensemble model. The final

model is a weighted ensemble of the weak models:

fθ(·) =
n∑
t

αtmt, (2.11)

where a weak model mt with a low error rate errt will be assigned a higher coefficient αt

according to Equation 2.2.
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Table 2.2: Main results on four benchmark datasets. †: we use different proportions of
clean data for fine-tuning as described in Section subsection 2.5.1. We use gray background
to show the results of WLS baselines fine-tuned on the clean data. We highlight the best
fine-tuned results with purple font, and the best WSL results with blue font.

Method (Metrics) TACRED (F1) DBpedia (Acc.) ChemProt (Acc.) AG News (Acc.)

Supervised Baselines
PLM w. 100% training data 66.9 (66.3/67.6) 99.4 79.7 94.4
PLM w. limited training data† 32.9 (40.8/27.6) 98.0 59.4 86.4

Weakly Supervised Baselines
Rule Matching 20.1 (85.0/11.4) 63.2 46.9 52.3
Snorkel [14] 39.7 (39.2/40.1) 69.5 56.4 86.2
LOTClass [8] — 91.1 — 86.4
COSINE [9] 39.5 (38.9/40.3) 73.1 59.8 87.5
Snorkel + fine-tuning† 40.8 (41.0/40.6) 97.6 64.9 87.7
LOTClass + fine-tuning† — 98.1 — 88.0
COSINE + fine-tuning† 41.0 (40.4/41.7) 97.9 65.7 88.0

PRBOOST 48.1 (42.7/55.1) 98.3 67.1 88.9

2.5 Experiments

2.5.1 Experiment Setup

Tasks and Datasets We conduct experiments on four benchmark datasets, including TA-

CRED [49] for relation extraction, DBPedia [50] for ontology classification, ChemProt [51]

for chemical-protein interaction classification and AG News [50] for news topic classification.

For the initial weak supervision sources, we use the labeling rules provided by existing

works: [10] for TACRED, [8] for DBPedia, and [20] for Chemprot and AG News. The

statistics of the four datasets are shown in Table C.1. For the development set, we do

not directly use the full development set as suggested by the recent works [41, 52]. This

prevents the model from taking the advantage of the massive number of labeled data in the

development set. Instead, we create a real label-scarce scenario and keep the number of

sample in validation set Dv the same as the limited clean labeled set Dl, namely |Dv| = |Dl|.

Baselines. We include three groups of baselines:

Fully Supervised Baseline: PLM: We use the pretrained language model RoBERTa-

base [53] as the backbone and fine-tune it with the full clean labeled data except for
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ChemProt. On ChemProt, we choose BioBERT [54] as the backbone for all the baselines

and our model to better adapt to this domain-specific task. The performance of fully

supervised methods serves as an upper bound for weakly-supervised methods.

Weakly Supervised Baselines: (1) Snorkel [14] is a classic WSL model. It aggregates

different labeling functions with probabilistic models, then fed the aggregated labels to

PLM for the target task. (2) LOTClass [8] is a recent model for weakly-supervised text

classification. It uses label names to probe PLMs to generate weak labels, and performs

self-training using the weak labels for classification. (3) COSINE [9] is a state-of-the-art

method on fine-tuning PLMs with weak supervision. It adopts self-training and contrastive

learning to fine-tune LMs with weakly-labeled data.

Interactive Learning Baselines: (1) Entropy-based AL [23] is a simple-yet-effective

method for AL which acquires samples with the highest predictive entropy. (2) CAL [27]

is the most recent method for active learning. It selects samples has the most diverge

predictions from their neighbors for annotation. (3) IWS [18] is an interactive WSL model.

It firstly generates n-gram terms as candidate rules, then selects quality rules by learning

from humans’ feedback. Note that IWS is designed for binary classification, which makes it

hard to adapt to classification with multiple labels.

Evaluation Protocol. To propose rules on large-error instances, we assume access to a

dataset Dl with a limited number of clean labeled data. For our method, such a clean dataset

is only used for identifying large-error instances. For fair comparison, for the WSL baselines,

we further fine-tune them using the same clean data and compare with such fine-tuned results.

Specifically, we use 5% clean data for TACRED and ChemProt, 0.5% for AG News and

0.1% for DBPedia. We then implement a 10-iteration rule proposal and weak model training.

In each iteration, we identify the top-10 large-error instances and propose 100 candidate

rules in total (i.e., 10 candidate rules per instance). Each rule is annotated by three humans,

and the annotated rule labels are majority-voted for later weak label generation. Following

the common practice [49, 20], we use F1 score for TACRED and accuracy for other datasets.
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2.5.2 Main Results

Table 2.2 shows the performance of PRBOOST and the baselines on the four datasets. The

results show that PRBOOST outperforms the weakly supervised baselines on all the four

datasets. When the weakly supervised baselines are not fine-tuned on Dl, PRBOOST out-

performs the strongest WSL baseline by 8.4%, 7.2%, 7.3%, 2.4% on the four benchmarks.

Even when the WSL models are further fine-tuned using clean labeled data, PRBOOST still

outperform them by 2.4% on average. Compared against supervised baselines, PRBOOST is

significantly better than the fine-tuned model on TACRED, ChemProt and AG News when

the training data is limited. For the model fine-tuned with 100% training data, we narrow

the gap to fully supervised learning, compared to other WS approaches.

Comparing the performance gains across datasets, the performance gap between PR-

BOOST and the baselines is the largest on TACRED, which is the most challenging task

among the four with 41 different relation types. ChemProt is the smallest dataset with only

5400 training data, so the gain is larger when the WSL methods are fine-tuned with clean

labels. The performance gaps among different methods are small on DBPedia, especially

after they are fine-tuned using clean labeled data. DBpedia, being a relatively simple dataset,

using only 0.1% clean data for fine-tuning RoBERTa already achieves 98% accuracy, and

the other WSL methods after fine-tuning perform similarly.

It is worth noting that PRBOOST performs strongly across all the tasks because we can

easily design a task-specific prompt template to adapt to each task. In contrast, some WSL

baselines are difficult to apply to certain tasks. For example, LOTClass achieves strong

performance for DBpedia and AGNews as its weak sources are tailored for text classification.

However, it is hard to apply it to relation extraction tasks. Similarly, IWS performs well on

binary classification problems using n-gram based rules, but the method is only designed for

binary classification, making it unsuitable for complex multi-class tasks.
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Figure 2.2: Comparison of PRBOOST and interactive methods on AG News.

2.5.3 Rule Annotation Agreement and Cost

In this set of experiments, we benchmark model performance and annotation cost against

interactive learning baselines (detailed in section B.1): IWS, CAL, and Entropy-based AL.

As shown in Figure 2.2, PRBOOST outperforms IWS that also features rule-level annotation

by 1.2% with very close annotation cost. Our method outperforms the best interactive

baseline CAL by 1.1% in terms of accuracy, while using about 0.6× annotation cost. While

annotating model-proposed rule or instances, we asked all the three annotators to time their

annotation. On average, it takes each annotator less than 3 seconds to annotate one rule,

while it takes nearly 10 seconds to annotate one instance. Rule-level annotation is much

more efficient than instance-level annotation because 1) we show the prompt rather than

the original instance to humans, which is shorter and easier to read; 2) upon scanning the

prompt, the annotators can swiftly select qualified rules as they only differ at the [MASK]

position. This shows that rule-level annotation is an efficient and suitable paradigm for

interactive WSL.

For the annotation agreement, we compute Fleiss’ kappa κ [55] to evaluate the agreement

among multiple human annotators. This statistic assesses the reliability of agreement among
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Figure 2.3: Rule performance and model accuracy vs. iterations on AG News.

Table 2.3: Annotation agreement measured by the Fleiss-Kappa κ on AG News. P̄ measures
annotation agreement over all categories; P̄e computes the quadratic sum of the proportion
of assignments to each category.

Iteration 1 2 3 4 5 6 7 8 9 10 Overall

P̄ .89 .90 .93 .90 .87 .92 .91 .91 .87 .90 .90
P̄e .63 .59 .73 .71 .62 .73 .66 .56 .68 .68 .65
κ .71 .77 .73 .66 .65 .71 .75 .79 .60 .68 .71

multiple annotators. κ = 1 indicates complete agreement over all the annotators, and no

agreement results in κ ≤ 0. As shown in Table 2.3, we obtained an average κ = 0.71,

which means the annotators achieve substantial agreement. For each iteration, the κ ranges

between [0.60, 0.79] indicating the stability of the annotation agreement.

2.5.4 Rule Quality in Iterative Learning

In this set of experiments, we evaluate the quality of the rules discovered by PRBOOST.

Figure 2.4 visualizes the discovered rules on AG News dataset. We observe that 1) the rules

can rectify some mis-classified data, and 2) the rules can complement each other. For the

first observation, we can take Figure 2.4a and Figure 2.4b for example. In iteration 0 where

new rules have not been proposed, it is obvious that some green data points and purple data

points are mixed into the orange cluster. After the first-round rule proposal, PRBOOST has
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(a) Iteration 0 (b) Iteration 1 (c) Iteration 4 (d) Iteration 10

Figure 2.4: T-SNE visualization [56] of rule-matched data that are mis-classified by the
model on AG News dataset. The four classes are represented by different colors, and the
black cross denotes the rule-matched data.

already rectified parts of wrong predictions via rule-matching. This is because our rule

proposal is targeted on the large-error instances, such adaptively discovered rules can capture

the model’s weakness more accurately compared to the simply enumerated rules. For the

second observation, we found that more mis-classified data points get matched by the newly

discovered rules as the iteration increases. It demonstrates PRBOOST can gradually enlarge

the effective rule set by adding complementary rules, which avoids proposing repetitive

rules that can not improve the rule coverage.

Figure 2.3 shows the changes in rule accuracy, rule coverage, and model performance

in the iterative learning process on AG News. As shown, the model’s accuracy increases

steadily during learning, which is improved from 86.7% to 88.9% after 10 iterations. This

improvement arises from two key aspects of PRBOOST. First, the enlarged rule set continu-

ously augments weakly labeled data, which provides more supervision for the weak model

training. Second, the model ensemble approach refines the previous large errors step by

step, resulting in increasing ensemble performance.

Regarding the rule coverage and accuracy, we observe the coverage of the rule set is im-

proved from 56.4% to 77.8%, and rule accuracy from 83.1% to 85.6%. Such improvements

show that PRBOOST can adaptively propose novel rules to complement the previous rule set,

which can match more instances that were previously unmatchable. Note that the increased

rule converge has not compromised rule accuracy, but rather improved it. The reason is two-

fold: (1) the human-in-the-loop evaluation can select high-quality rules for generating new
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Figure 2.5: Ablation study on AG News. The three horizontal lines represent the no-iterative
methods. We use COSINE as the initial WS baseline. For the supervised baseline, we
fine-tune RoBERTa on 5% clean data.

weak labels; (2) for the instances with wrong initial weak labels, PRBOOST can discover

more rules for the same instances and correct the weak labels through majority voting.

2.5.5 Ablation Study

We study the effectiveness of various components in PRBOOST and show the ablation study

results in Figure 2.5. We have the following findings:

First, the boosting-based iterative rule discovery strategy is effective. For the "w/o

ensemble" setting, we fix the annotation budget B but discover candidate rules from large-

error samples in one iteration. The results show the superiority of the iterative strategy

in PRBOOST , which brings 1.2% performance gain. PRBOOST iteratively identifies the

current model’s weaknesses and proposes rules to strengthen itself, therefore it adaptively

discovers more effective rules than static rule discovery.

Second, ensembling alone without new rule discovery is not as effective. For the

"w/o rule" variant, we do not propose new rules, but ensemble multiple self-trained weak

classifiers instead. The final performance drops significantly under this setting by 1.5%. It
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demonstrates the newly proposed rules provide complementary weak supervision to the

model. Although simply ensembling multiple weak classifiers also helps WSL, it is not as

effective as training multiple complementary weak models as in PRBOOST.

Third, self-training benefits learning from new weak labels. For the "w/o self-training"

setting, we do not use the self-training technique when learning each weak classifier. The

performance deteriorates by 0.6%. This is because part of the data are still unmatched after

we propose new rules, and self-training leverages the unlabeled data to help the model

generalize better.

2.6 Conclusion

We proposed PRBOOST to iteratively discover prompt-based rules for interactive weakly-

supervised learning. Through a boosting-style ensemble strategy, it iteratively evaluates

model weakness to identify large-error instances for new rule proposal. From such large-

error instances, its prompt-based rule discovery module leads to expressive rules that

can largely improve rule coverage while being easy to annotate. The discovered rules

complement the current rule set and refine the WSL model continuously. Our experiments

on four benchmarks demonstrate that PRBOOST can largely improve WSL and narrow the

gaps between WSL models and fully-supervised models.
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CHAPTER 3

IMPROVING DATA UTILIZATION EFFICIENCY VIA DATA WEIGHTS

OPTIMIZATION

3.1 Introduction

Aligning large language models (LLMs) with human preferences is crucial to ensure LLMs

adhere to human values. Recent advances in LLM alignment have primarily focused

on algorithmic innovations, ranging from reinforcement learning from human feedback

(RLHF) [57] to alternative preference learning approaches like sequence likelihood calibra-

tion (SLiC) [58] and direct preference optimization (DPO) [59]. Although such algorithmic

advancements have enhanced LLM alignment, the quality of preference data used for reward

modeling has received limited attention.

Recent studies highlight two key challenges in reward modeling for LLM alignment:

(1) Preferene data are often noisy: [60] report 19-37% preferences provided by crowd

workers are noisy. [5] reveal that preference noise is observed in a wide range of tasks,

including QA, Summarization, and Dialogue, where the noise rate ranges between 20-40%.

(2) Not all preference data contributes equally: Noisy preference data forces reward

models to require more training data to achieve desired performance. For instance, [61]

categorize preference data into groups based on preference strength and find that some

groups negatively impact reward modeling, which highlights the need for selective data

curation to boost reward model performance.

Existing works addressing preference data quality fall into two categories, each with

significant limitations. The first category, heuristic-based filtering, employs predefined

quality criteria to remove low-quality data. For example, [62] retains only top-scored data

points based on reward model predictions, potentially discarding informative examples that

25



could aid in learning decision boundaries. [63] develop dataset-specific filtering rules based

on response length, semantic similarity, and sentiment analysis. While effective, these rigid,

manually crafted criteria often fail to capture the nuanced aspects of preference quality and

require substantial human effort to adapt to new domains. On the other hand, denoising

techniques attempts to mitigate the impact of noisy samples during model training. [64]

leverage LLMs to self-refine the reward difference between positive and negative pairs based

on the data quality assessed through the LLMs-as-judges framework. [65] compute the KL

divergence between predicted preferences and annotated labels to retain reliable preference

labels and flip unreliable ones. However, these methods struggle in achieving both robust

denoising performance and high data efficiency.

These existing approaches face three key limitations: (1) they often rely on heuristics or

expensive oracle feedback, (2) they treat ambiguous preferences as unreliable samples rather

than potential learning opportunities, and (3) they fail to adaptively adjust data importance

based on the reward modeling progress. These limitations raise a critical research question:

Can we develop a learning-based approach to automatically estimate the importance of

preference data, thereby enhancing reward modeling?

We address this challenge by introducing DORM (preference Data weights Optimization

for Reward Modeling) – a two-stage approach that combines preference data quality estima-

tion with adaptive data weighting. The key intuition of the first stage is that data points where

the model is uncertain are often informative and should be emphasized, whereas mislabeled

or unreliable samples should be down-weighted. To this end, we estimate preference data

weights by integrating model uncertainty and prediction disagreement. Specifically, we

employ approximate Bayesian inference techniques for uncertainty estimation [66], while

measuring disagreement by the discrepancy between predictions and labels. This procedure

prioritizes informative and reliable data and mitigates the impact of unreliable data.

The second stage further refines data weighting by dynamically adjusting weights

through a bilevel optimization framework. This approach maximizes validation performance
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while using initial uncertainty-based data weights as regularization. The framework consists

of two levels: (1) The upper-level optimization adjusts data weights to minimize validation

loss, guided by initial weight estimates; (2) The lower-level optimization trains a reward

model using the weights determined by the upper-level problem. This learning process auto-

matically identifies which data points are most useful for improving validation performance

while mitigating overfitting through uncertainty-based regularization.

To evaluate our method, we conduct experiments on both the reward model and policy

model levels. Our 12B reward model, trained with only 50k preference data samples,

achieves 90.2% overall performance on RewardBench, matching the performance of similar-

sized models trained with significantly more data. Analysis of data weight tracking reveals

that high-quality datasets are progressively assigned greater weights, while noisy samples

are gradually down-weighted. Furthermore, the policy model aligned using our reward

model shows 61.2% win rates compared to using the baseline reward model.

Our contributions can be summarized as follows: 1) Preference Data Quality Estima-

tion: We introduce a method for estimating preference data quality by combining epistemic

uncertainty and disagreement measures, providing an uncertainty-based assessment of data

importance. 2) Bilevel Optimization Framework: We formulate learning to weigh prefer-

ence data as a bilevel optimization problem, enabling data-driven refinement of data weights

while incorporating initial quality estimates. 3) Data-Efficient Reward Model Training:

Our approach achieves 90.5% accuracy on RewardBench, with 10 – 40× less preference

data compared to baselines.

3.2 Related Work

3.2.1 Preference Learning for LLM Alignment

Preference learning is a fundamental component of aligning LLMs with human intent,

enabling models to rank and prioritize responses based on human feedback. Reinforcement

Learning from Human Feedback (RLHF) [57, 67, 68] is the most widely used approach,
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where a reward model is trained on human preferences and used to guide policy optimization.

However, RLHF is prone to issues such as reward hacking [69, 70] and unstable training [71,

72].

To address the limitations of RLHF, alternative preference learning methods have been

proposed. Direct Preference Optimization (DPO) [59] directly optimizes policy models

based on human preferences without requiring an explicit reward model, reducing reward

over-optimization. Sequence Likelihood Calibration (SLiC) [58] refines preference learning

by leveraging likelihood-based objectives to better align model outputs. Additionally,

methods such as RLAIF [73] and reward model distillation [74] propose refining alignment

by integrating preference signals without the instability associated with reinforcement

learning.

A few recent works have explored incorporating uncertainty estimation into reward mod-

els to improve alignment reliability. The Uncertainty-aware Reward Model (URM) [75] in-

troduces a probabilistic value head to model aleatoric uncertainty and leverages an ensemble-

based approach (URME) to quantify epistemic uncertainty by examining discrepancies

among individual reward models. However, URME requires multiple reward models, mak-

ing it costly for deployment. Differently, our method performs uncertainty estimation with a

single reward model, ensuring deployment efficiency. Additionally, our approach is com-

patible with various uncertainty estimation methods and extends beyond uncertainty-based

quality estimation by incorporating dynamic data weighting throughout reward modeling.

The above methods primarily focus on learning from available preference data rather

than addressing its quality. In contrast, our work introduces a quality-aware preference

weighting mechanism that dynamically adjusts data importance, enhancing reward modeling

without reliance on external heuristics or oracle feedback.
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3.2.2 Quality-aware LLM Alignment

Recent studies have highlighted the impact of preference data quality on alignment per-

formance [76, 77, 78]. [5] demonstrated that a significant portion of preference pairs in

LLM alignment datasets contain noise, affecting alignment outcomes. [61] emphasized

the importance of identifying and prioritizing informative preference data for effective

alignment.

To address these data quality issues, heuristic-based filtering methods aim to select high-

quality data based on predefined creteria. [62] deploy a reward model to score preference

data samples and keep only the top-scored ones, potentially discarding informative examples

that could aid in learning decision boundaries. [63] employ dataset-specific rules based on

lexical or semantic patterns to filter low-quality data from preference collections. While

effective to some extent, these approaches often require considerable human effort and may

not generalize well across diverse datasets.

Denoising techniques have also been explored to improve data quality. [64] leverage

LLMs to self-refine reward differences between positive and negative pairs. [65] introduce a

denoising discriminator for robust reward learning, where the discriminator filters preference

labels by using a dynamic lower bound on the KL divergence between predicted preferences

and annotated labels to retain trustworthy samples, while applying an upper bound to flip

unreliable labels. These methods aim to improve data quality during the training process but

face challenges in balancing sample efficiency and robustness.

An alternative direction is synthetic data generation. Methods proposed by [79] and

[80] replace human feedback with AI-generated feedback conditioned on human-written

principles. While this can potentially scale the creation of preference data, it introduces new

challenges in ensuring the quality and diversity of synthetic data.

Despite their advantages, existing approaches remain constrained by key limitations

as discussed in section 3.1: they often depend on heuristic rules or external oracle feed-

back, struggle to leverage ambiguous preferences as informative training signals, or lack
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mechanisms to dynamically adjust data importance throughout training. To overcome these

challenges, DORM equips a quality-aware preference data weighting strategy and enables

dynamic weighting in the reward modeling process.

3.3 Preliminaries

Multi-Objective Reward Modeling. Let X and Y denote the space of prompts and

responses, respectively. Unlike traditional reward models that rely solely on pairwise

preferences [81, 57, 74, 59], multi-objective reward modeling leverages fine-grained ratings

across multiple reward attributes [82, 83, 84] to capture richer preference signals. In this

setup, human feedback is collected in the form of structured ratings, where each response

y ∈ Y is assigned a rating vector r ∈ Rm, with each dimension corresponding to a different

reward attribute.

Given a dataset D = {(xi, yi, ri)}|D|
i=1, where xi represents the input prompt, yi is the

generated response, and ri is the associated multi-dimensional rating, the objective is to learn

a reward model rθ that predicts these ratings accurately. Specifically, given an input pair

(x, y), we concatenate the prompt and response as x⊕ y and pass it through a pre-trained

decoder-only LLMMψ, extracting a d-dimensional representation from the final decoder

layer. A linear regression head V ∈ Rd×m is then applied to produce the predicted rating

vector, which is optimized using the following regression loss:

min
ψ,V

Ex,y,r∼D

∥∥∥V ⊤fψ(x⊕ y)− r
∥∥∥2
2
. (3.1)

Projection for Scalar Metrics. Since the reward model operates in a multi-objective

setting, where each response y is evaluated across m different reward attributes, it is often

necessary to project the reward vector r ∈ Rm onto a scalar space. To achieve this, we

introduce a projection vector λ ∈ Rm, which allows us to map the multi-dimensional reward

vector onto a single scalar value by r = λ⊤r.
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Quality-based Data Weighting. Given the dataset D, we aim to estimate the quality of

each data point to derive appropriate weights for reward modeling. Let si ∈ R denote the

estimated quality score for each sample (xi, yi, ri). The corresponding data weight wi is

derived as wi = h(si), where h : R → R+ is a monotonically increasing function that

maps quality measures to data weights. These weights are then incorporated into the reward

modeling objective:

min
ψ,V

E(x,y,r)∼Dw
∥∥∥V ⊤fψ(x⊕ y)− r

∥∥∥2
2
. (3.2)

This formulation allows the model to adaptively focus on samples based on their estimated

quality during training.

Direct Preference Optimization. To align a policy model πϕ with human preferences,

RLHF [57] employs a reward model to score generated responses, followed by policy

optimization using Proximal Policy Optimization (PPO) [85]. However, PPO-based training

is often unstable [71, 72], requires extensive hyperparameter tuning, and demands significant

computational resources.

To mitigate these challenges, DPO [59] provides a more efficient alternative. For a

preference dataset D = {(xi, ywi , yli)}
|D|
i=1, where each triplet consists of a prompt xi, a

preferred response ywi , and a less preferred response yli, DPO defines an implicit reward

function derived from the log-probabilities of the policy πϕ relative to a reference policy

πref . The optimization objective is:

LDPO (πϕ;πref) = −E(x,yw,yl)∼D[
log σ

(
β log

πϕ (y
w | x)

πref (yw | x)
− β log

πϕ
(
yl | x

)
πref (yl | x)

)]
,

(3.3)

where σ(·) denotes the sigmoid function, and β is a temperature parameter controlling the

sharpness of preference modeling.
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The second stage refines these weights in a bilevel optimization process, using a validation
set and the initial weights as regularization.

3.4 Preference Data Weight Optimization with Estimated Quality

In this section, we formulate the weight optimization for preference data as a bilevel opti-

mization problem. Our approach operates in two stages. In the first stage, we estimate initial

data weights based on epistemic uncertainty [66, 86] and a disagreement function. These

measures help identify more reliable and informative data points, guiding the model towards

higher-quality examples. The second stage employs a bilevel optimization framework [87].

The lower level optimizes reward model parameters using weighted preference data, while

the upper level refines these weights to minimize loss on a high-quality validation set. Criti-

cally, we incorporate the initial weights as regularization terms in the upper-level problem,

anchoring the optimization to the prior quality estimates and stabilizing the process. We

present our method overview in Figure 3.1.
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3.4.1 Quality-aware Preference Data Weighting

In the context of preference data optimization, it is crucial to account for the varying quality

of data samples [61]. Assigning appropriate weights to each data point based on its estimated

quality can enhance model performance by emphasizing informative samples and down-

weighting noisy or unreliable ones. To achieve this, we propose a method to estimate prior

weights for each data point by leveraging measures of epistemic uncertainty and prediction

disagreement.

Estimating Epistemic Uncertainty. For each data point xi, we estimate the epistemic

uncertainty using Monte Carlo (MC) dropout [66]1. We perform N stochastic forward passes

through the reward model, where dropout introduces randomness by deactivating different

subsets of neurons in each pass. This process yields a set of predictions {r̂i,1, r̂i,2, . . . , r̂i,N}

for the data point xi.

To compute the uncertainty, we first compute the mean prediction by r̄i =
1
N

∑N
n=1 r̂i,n,

and then take the variance as uncertainty:

ui = σ2
i =

1

N

N∑
n=1

(r̂i,n − r̄i)
2 . (3.4)

Here, ui represents the epistemic uncertainty associated with xi. A higher variance ui

indicates that the model’s predictions are more sensitive to changes in its internal parameters,

reflecting less confidence in its output for that data point.

Measuring Prediction Disagreement. To assess the alignment between the model’s

predictions and labels, we define a disagreement function qi for each data point as:

qi =
|ri − r̄i|

maxn r̂i,n −minn r̂i,n
, (3.5)

1While we use MC dropout for simplicity and computational efficiency, our method can work with other
Bayesian uncertainty estimation techniques.

33



where ri is the label, r̄i is the mean prediction from the MC dropout ensemble, the normal-

ization ensures that qi is scale-invariant.

A higher value of qi suggests a greater discrepancy between the model’s prediction and

the label, potentially indicating mislabeling or noise in the data.

Defining Prior Weights. To effectively prioritize data points during training, we combine

the epistemic uncertainty ui and the disagreement measure qi to formulate the prior weight

w0
i for each data point:

w0
i = exp (ui − γqi) , (3.6)

where γ > 0 is a hyperparameter controlling the balance of uncertainty and disagreement.

This formulation is grounded in the intuition that data points with high epistemic

uncertainty (large ui) are situated in regions where the model lacks confidence but have

the potential to provide significant learning gains. By assigning higher weights to these

points, we encourage the model to focus on inputs where additional information could most

improve its performance.

Conversely, the disagreement measure qi serves as a penalty term. Data points where the

model’s predictions significantly deviate from the labels (large qi) may indicate mislabeling

or noisy data. By subtracting γqi in the exponent, we reduce the weights of these potentially

unreliable points, thereby mitigating their influence on the training process.

Interpretation in Extreme Cases. The prior weight formulation behaves intuitively under

extreme scenarios. When ui → ∞ and qi ≈ 0, the weight w0
i becomes very large. This

indicates that the data point is highly informative (high uncertainty) and reliable (low

disagreement), deserving significant emphasis during training. Conversely, when ui ≈ 0

and qi → ∞, the weight w0
i approaches zero. In this case, the model is confident in its

prediction (low uncertainty) but disagrees with the label (high disagreement), suggesting

possible mislabeling; down-weighting such points prevents them from negatively impacting
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the model. For data points where both uncertainty and disagreement are high, the weight

depends on the relative values of ui and γqi, allowing for careful consideration based on the

specified hyperparameters.

Algorithm 1 Solve the Bilevel Optimization Problem via A First-order Hypergradient
Method
Require: initialization w0, u0, θ0, learning rates {ηw, ηu, ηθ}, and coefficients α, β

1: for t = 0 to T − 1 do
2: Sample mini-batches {Dt

tr, D
t
val} from the training set and the validation set

{Dtr, Dval}
3: ut+1 = ut − αηu∇uLtr(wt, ut;D

t
tr)

4: θt+1 = θt − ηθ(∇θLval(wt, θt;D
t
val) + α∇θLtr(wt, θt;D

t
tr))

5: wt+1 = wt − ηw(∇wLval(wt, θt;Dt
val) + 2β(wt − w0

i ) + α(∇wLtr(wt, θt;Dt
tr) −

∇wLtr(wt, ut;Dt
tr)))

6: end for
7: return (wT , θT , uT )

3.4.2 Regularized Bilevel Optimization

To incorporate prior knowledge about data quality into our optimization framework, we

include a regularization term for the upper-level optimization problem that penalizes devia-

tions from the estimated prior weights. Specifically, we use the prior weights w0
i derived

from the measures of epistemic uncertainty and prediction disagreement discussed earlier.
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Figure 3.2: Regularized bilevel optimization for reward modeling, where the prior weights
are initialized from preference data quality estimation.

Let θ represent the model parameters, and w = [w1, w2, . . . , wk] ∈ Rk be the vector of
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weights assigned to each training sample si, where i = 1, . . . , k indexes over the training

data, and k is the total number of samples. We formulate the bilevel optimization problem

as:

min
w∈W

Lval(θ
∗(w)) + β

k∑
i=1

(wi − w0
i )

2

s.t. θ∗(w) = argmin
θ

k∑
i=1

wiLtr(θ, si)

(3.7)

where Ltr(θ, si) and Lval(θ
∗(w)) are the training and validation loss, respectively, and β > 0

is a hyperparameter controlling the strength of the regularization. This L2 regularization

encourages the optimized weights to stay close to the prior weights while allowing for

data-driven adjustments. The gradient with respect to each weight pi is simply:

∂L

∂wi
=

∂Lval
∂wi

+ 2β(wi − w0
i ) (3.8)

Here we choose L2 regularization instead of KL divergence because this formulation

provides a simpler, more computationally efficient way to incorporate prior knowledge,

avoiding the numerical instabilities associated with KL divergence while allowing for

unconstrained optimization of weights.

3.4.3 Solve the Bilevel Optimization via A First-order Hypergradient Method

Solving the bilevel optimization problem in Eq. (Equation 3.7) directly is challenging due to

the nested optimization and the dependency of the upper-level objective on the lower-level

solution θ∗(w). To address this, we adopt a fully first-order method inspired by [87, 88],

which circumvents the computational burdens associated with second-order derivatives and

is well-suited for stochastic optimization settings.

We begin by reformulating the bilevel problem as a single-level optimization with an

equality constraint representing the optimality of the lower-level problem:

min
w∈W,θ

Lval(w, θ) + β

k∑
i=1

(wi − w0
i )

2

s.t. Ltr(w, θ)−min
u

Ltr(w, u) = 0.

(3.9)
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Here an auxiliary variable u is introduced to transform the lower problem θ∗(w) =

argminθ Ltr(w, θ) to be the constraint Ltr(w, θ)−minu Ltr(w, u) = 0 where u serves as

the proxy of θ∗(w). This leads to a minimax problem defined as minw∈W maxu Lα(w, θ, u),

where

Lα(w, θ, u) = Lval(w, θ) + β
k∑
i=1

(wi − w0
i )

2

+ α(Ltr(w, θ)− Ltr(w, u)).

(3.10)

This reformulation circumvents the upper-lower dependency in the original bilevel optimiza-

tion via an equivalent min-max problem. We summarize our algorithm in Algorithm 1.

3.5 Experiments

3.5.1 Experiment Setup

Datasets. We experiment with five datasets, with details provided in section I.1.

• HelpSteer2 [89]: the most recent high-quality human-annotated preference data, a follow-

up to the popular HelpSteer.

• OpenAssistant2 [90]: human-annotated assistant-style conversation corpus with a multi-

dimension label.

• Magpie-QWen-2.5 [91]: a synthetically generated dataset for supervised fine-tuning using

Qwen2-72B-Instruct.

• OffsetBias [92]: a pairwise preference dataset intended to reduce common biases inherent

in judge models.

• WildGuard [93]: with examples designed to evaluate the safety of LLM responses under

various conditions.

Baselines. We consider two baseline groups:

• LLM-as-a-judge: These models generate a preference label given a prompt with a pair of

responses as input. We include Llama-3.1-405B [67], GPT-4 [94], GPT-4o [95], Gemini-
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1.5-pro [68] and self-taught evaluator [96] which is based on Llama-3-70B.

• Standard Reward Models: This category consists of models those explicitly trained on pref-

erence data. We compare against standard RM [97], Cohere-0514, Llama3-70B-SteerLM-

RM [84], URM-Llama3-8B [75], ArmoRM-Llama3-8B-v0.1 [98], Pair-preference-model-

LLaMA3-8B [63], and Internlm2-20B-reward [99].

Evaluation. We evaluate DORM at both the reward model and policy model levels. For

reward model performance, we benchmark on RewardBench [100]. For policy model

evaluation, we conduct experiments on UltraFeedback [101].

Implementation. We use Mistral NeMo 12B-Instruct [102] as the backbone of our reward

model. We set multi-attribute head (total of 12 attributes for our recipe) with regression loss

for reward modeling. Additional implementation details are provided in section I.3.

Table 3.1: Main results on RewardBench. For baseline methods, we choose those without
data contamination (some models on RewardBench were reported that their training data
may overlap with prompts present in the RewardBench evaluation set). † indicates models
trained with at least x10 preference data.

Models Chat Chat_Hard Reasoning Safety Overall

LLM-as-a-judge
Llama3.1-405B-Instruct [67] 97.2 74.6 77.6 87.1 84.1
GPT-4-0125 [94] 95.3 74.3 87.6 86.9 86.0
GPT-4o-0806 [95] 96.1 76.1 88.1 86.6 86.7
Gemini-1.5-pro-0514 [68] 92.3 80.6 92.0 87.9 88.2
Self-taught Evaluator [96] 96.6 84.2 91.5 81.0 88.3

Standard Reward Models
RM [97] 98.3 74.5 88.0 83.8 86.4
Cohere-0514 96.4 71.3 92.3 97.7 89.4
Llama3-70B-SteerLM-RM [84] 91.3 80.3 90.6 92.8 88.8
URM-Llama3-8B [75] 96.9 78.7 95.7 88.2 89.9
ArmoRM-Llama3-8B-v0.1 [98] † 96.9 76.8 97.3 90.5 90.4
Pair-preference-model-LLaMA3-8B [63] † 98.3 65.8 94.7 89.7 87.1
Internlm2-20B-reward [99]† 98.9 76.5 95.8 89.5 90.2

DORM 95.6 83.4 93.1 89.8 90.5
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3.5.2 Main Experiments on RewardBench

Table 3.1 presents the main results on RewardBench, we summarize the findings below.

• Learn to weigh preference data helps: DORM outperforms the best LLM-as-a-judge

baseline by +2.2% in the overall RewardBench score, demonstrating that incorporating

preference data weighting leads to better reward modeling accuracy than direct response

ranking by large LLMs. Furthermore, DORM achieves performance on par with the

strongest standard reward model baselines (e.g., ArmoRM-Llama3-8B-v0.1), showing that

our weighting strategy effectively optimizes the use of available preference data without

requiring significantly larger model capacity or data volume.

• Significant Data Efficiency: While achieving comparable performance to the strongest

reward model baselines, our approach uses only 50k preference data, which is 10× less

than ArmoRM-Llama3-8B-v0.1 and Internlm2-20B-reward 40× less than Internlm2-20B-

reward. This demonstrates the data efficiency of our approach. We further analyze the

data efficiency in Appendix section I.2.

• Improvements on Challenging Subtasks: DORM exhibits notable improvements on

Reasoning (+1.5%) compared to the best LLM-as-a-judge baseline and Chat_Hard

(+3.1%) compared to the best RM baseline. This suggests that our data weighting

strategy effectively prioritizes informative and reliable preference data, enhancing model

performance on difficult tasks.

3.5.3 Component Effectiveness

We study the effectiveness of each component in our two-stage method. Specifically, we

evaluate whether applying the prior weights and the bilevel optimization alone can improve

the performance, and if the integration of them can bring extra benefits. As shown in

Table 3.2, we compare the entire method with the direct SFT baseline, the method with only

prior weights, and the method of bilevel optimization without prior weights. We found that
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Table 3.2: Study of component effectiveness. For methods involving bilevel optimization,
we have 3.5k validation data for the upper-level optimization. For a fair comparison, we
incorporate the validation data into the training set for the SFT method and the method with
prior weights only.

Method Reward-Bench Subsets

Chat Chat Hard Safety Reasoning Avg

SFT 90.7 72.8 86.7 91.1 85.3
Prior weights only 91.9 77.0 85.2 91.6 86.4
Bilevel w/o prior 93.2 81.3 89.8 92.2 89.1

DORM 94.7 84.8 88.5 92.9 90.2

50 52 54 56 58 60 62
Win Rate (%)

56.9%Dorm vs. Bilevel Opt. Only

58.4%Dorm vs. Prior Weight Only

61.2%Dorm vs. SFT

Figure 3.3: Policy model alignment results.

both prior weighting and bilevel optimization individually enhance the results over the simple

SFT approach. Applying only prior weights leads to a noticeable improvement, especially

on the subtask of chat hard, and employing bilevel optimization without prior weights yields

a substantial gain on subtasks of chat hard and safety. Moreover, incorporating both prior

weights and bilevel optimization together further boosts the performance, achieving the

highest overall score. This indicates that the two components are complementary, and their

combination yields better outcomes than using either alone.

3.5.4 Policy Model Alignment Results

We also evaluate the policy model aligned by DPO, where the preference data is generated

by our trained RMs. In this set of experiments, we utilize the UltraFeedback [101] dataset

for alignment. We divide its original 64k samples into three subsets: 20k for supervised

fine-tuning, 40k for DPO, and 4k for testing. We use a Mistral-7B model as the policy
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model. The alignment process consisted of one epoch of supervised fine-tuning followed

by two epochs of DPO. To evaluate the win rate, we employ an independent reward model

pair-preference-model-LLaMA3-8B [63], providing an unbiased assessment of our policy

model’s effectiveness.

Figure 3.3 shows DORM outperforms the baseline models in terms of win rate when

aligning the policy model. The consistent performance advantage across both reward

modeling and alignment tasks indicates that DORM not only improves reward modeling

accuracy but also enhances policy alignment - the primary objective of reward modeling.

This end-to-end improvement suggests that the enhanced reward signals produced by DORM

translate effectively into better-aligned policies.

3.5.5 Track Data Weights Change
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Figure 3.4: Data weights tracking in the process of reward model training.

Figure 3.4 demonstrates the data weights dynamics by tracking the average weights

assigned to studied datasets. HelpSteer2 consistently receives the highest weights, increasing

from 0.26 to 0.32, suggesting DORM identifies it as the most informative and reliable dataset.

Magpie-QWen-2.5 shows moderate importance with gradual weight increase from 0.22 to

0.31, while WildGuard maintains relatively stable weights around 0.24. OpenAssistant2 and

OffsetBias receive decreasing weights (0.13 to 0.07 and 0.16 to 0.06), indicating DORM

identifies them as noisy or less reliable data and down-weights them based on the validation
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loss. These varying trajectories demonstrate DORM’s capability to automatically adjust

data importance based on their contribution to the learning objective.

3.6 Conclusions

In this study, we presented DORM to tackle the critical issue of preference data quality

estimation in aligning large language models. By integrating epistemic uncertainty with a

disagreement measure, we developed a method to assess the informativeness and reliability

of each preference data point. By utilizing these quality estimates as prior weights and

refining them through a bilevel optimization framework, we balance prior knowledge

with data-driven insights and enhance the robustness of reward models to handle diverse

preference data. DORM achieves high performance with significantly less data, leading

to more robust reward models and better-aligned policy models. This work highlights

the importance of data quality in model alignment and provides a promising avenue for

developing more reliable and human-aligned language models.
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Part II

Model Efficiency in the Deployment Stage
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CHAPTER 4

ENHANCING MODEL PARAMETER EFFICIENCY VIA PERTURBED

KNOWLEDGE DISTILLATION

4.1 Introduction

Knowledge distillation (KD) is a widely-used technique to transfer knowledge from a large

teacher model into a much smaller student model with minimum sacrifice of teacher model’s

predictive power [103, 104]. The vanilla training objective in KD such as KL loss [104, 105,

106] encourages the student’s outputs to be close to the teacher’s outputs as much as possible.

This objective implicitly assumes the teacher’s output distribution on the distillation data is

perfectly aligned with the ground truth distribution. However, in many applications, this

assumption does not hold and the teacher’s output distributions can be biased from the

ground truth due to various factors, such as the inductive bias encoded in the teacher model

architecture [107], miscalibration in the training procedure [105], or the bias in the teacher

model training set [108, 109]. Enforcing the student to blindly imitate the teacher’s outputs

can make the student inherit such biases and produce suboptimal predictions.

To overcome this challenge, one common approach [104] suggests scaling the teacher’s

logits via a temperature parameter. A proper temperature value can enhance the quality

of the teacher model’s output distribution by making it closer to the true label distribu-

tion [105]. However, the shifting space offered by temperature scaling is limited, and the

optimal temperature value relies on resource-intensive grid search. Along a separate line,

label smoothing [110] is proposed to regularize the neural networks, and modulated loss

functions [111, 112] are designed to address various statistical issues in model training

such as overfitting and data imbalance. Despite their potential, there is a lack of work that

explores tailoring such techniques for more robust knowledge distillation.
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Perturb leading terms by 

Represent         by Maclaurin series 

PTLoss implicitly shifts      to  such that

Distillation using standard KL loss Distillation using PTLoss

Figure 4.1: PTLoss implicitly transforms the original teacher into a proxy teacher with
a distribution closer to the ground truth distribution. This approach addresses the issue
of sub-optimal student models resulting from discrepancies between the teacher’s output
distribution and the ground truth distribution. By introducing perturbation to standard KL
loss represented by its Maclaurin series, we obtain a better proxy teacher, which leads to a
more effectively distilled student.

In this study, we propose PTLoss for knowledge distillation, which generalizes the

vanilla KL loss function and implicitly creates a debiased teacher distribution closer to the

ground truth. As shown in Figure 4.1, our approach does not merely mimic the original

teacher model’s output distribution, denoted as pt, but rather aims to bring the distilled

model closer to the ground truth distribution p∗, by generating a proxy teacher distribution

ptpx . This is achieved by the proposed PTLoss, which implicitly transforms the original

teacher (the dashed blue curve in Figure 4.1) into a proxy teacher (the dash-dot green curve

in Figure 4.1). The resultant proxy teacher distribution is closer to the ground truth than the

original teacher’s output distribution, thus enhancing the distillation process.

Compared to the standard KL loss, PTLoss refrains from forcing an out-and-out imita-

tion of the original teacher model. Instead, PTLoss moderates the distillation objective by

adding perturbations to the standard KL loss. Specifically, we first decompose the standard

KL loss into its Maclaurin series and then perturb its leading-order terms to construct a

more flexible learning objective. This manipulation enables consequential adjustments to

the teacher’s output distribution. The perturbations are not arbitrary but are meticulously
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calculated. To determine the perturbation extent, we compute the equivalent distribution

of this implicitly shifted teacher’s output distribution after perturbations (named “proxy

teacher”) and measure the empirical deviation between the proxy teacher and the ground

truth data. It leads to a systematic searching strategy for the perturbation coefficients — the

near-optimal perturbation coefficients should minimize the deviation between the distillation

risk and the population risk on the validation set.

Theoretically, we justify the effectiveness of PTLoss by proving that it can reduce

the deviation from the distillation risk compared to KL loss. We draw a connection be-

tween the PTLoss and other perturbation methods (e.g., temperature scaling [104], label

smoothing [110], and focal loss [111]). We illustrate that the PTLoss can debias the teacher

to produce higher-fidelity outputs via a finer-grained perturbation, while subsuming ex-

isting perturbation techniques as special cases. Experiments on multiple datasets with

different-sized teacher models demonstrate the empirical advantages of PTLoss.

In summary, we make the following contributions:

1. A new knowledge distillation loss function PTLoss, which formulates the vanilla KD

loss in the form of Maclaurin series and perturbs it to improve the fidelity of teacher

models;

2. A principled method to compute the proxy teacher for determining the perturbation

coefficients in PTLoss;

3. Theoretical analysis on why PTLoss can lower the distillation risk bound and how it

subsumes other perturbation methods;

4. Comprehensive experiments on multiple language understanding tasks with different-

sized teacher models showing the advantage of PTLoss.
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4.2 Related Work

4.2.1 Knowledge Distillation

Knowledge distillation was first proposed in [103] to compress the large models to smaller,

faster models without a significant performance drop. [104] generalized this technique by

introducing a temperature parameter to smooth the teacher model prediction. [113] employed

contrastive learning to train the student model. Later, [114] explored the connection between

KD and label smoothing, [115] and [116] studied the feeding mechanism of the teacher’s

knowledge. [117] decoupled the classical loss to target classes and non-target classes for

KD efficiency and flexibility. [118] investigated supervisory signals and proposed to average

teacher outputs for KD stability, while [119] evolves the teacher model with the student

feedback in a meta learning framework. Additionally, there is also significant research

on applying KD to text generation tasks, as demonstrated by [120, 121, 122, 123, 124].

However, the exploration of KD in text generation represents a distinct and extensive area

of study, it is beyond the scope of this paper because our focus is on KD within language

understanding tasks.

4.2.2 Distillation Theory

Concurrent with the empirical success of knowledge distillation, numerous works aim to

understand its mechanisms. [104] suggest that teacher’s soft labels offer "dark knowledge"

through weights on incorrect labels. [105] present a statistical view, observing that a

good teacher model should be Bayesian to reduce the student objective variance. [106]

highlight discrepancies between teacher and student output distributions and emphasize

the optimization challenge in distillation. While more recent studies [125, 126, 127, 128]

explore distillation from several various angles, a gap remains between the theoretical

analysis and the improved distillation techniques.
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4.2.3 Loss Function Design

Our work also relates to loss function design. [111] propose a modification of the cross-

entropy loss function, reshaping it to focus more on hard examples and address issues of

data imbalance. [112] expand cross-entropy loss and focal loss into a linear combination of

polynomial functions, primarily studying Poly-1 formulation on computer vision tasks while

avoiding issues with high-order polynomial hyper-parameter searches. TaylorGLO [129] uti-

lizes Covariance Matrix Adaptation Evolution Strategy (CMA-ES) to optimize multivariate

Taylor parameterization of a loss function and learning rate schedule. However, it lacks a

principled analysis of the performance gains following perturbations. In contrast, our work

provides both theoretical and empirical evidence supporting the necessity of incorporating

perturbations into the Knowledge Distillation (KD) learning objective, especially when

employing a high-fidelity teacher for effective student supervision.

4.3 Preliminaries

Multi-class Classification. In a multi-class classification problem with C classes, we are

given a set of training examples D = {(xn, yn)}Nn=1 where input xn ∈ X and output yn is a

one-hot vector in Y = {y|y ∈ {0, 1}C ,1Ty = 1} indicating the target label of example xn.

The goal is to learn a probability predictor p : X → RC by optimizing the below minimal

risk:

R(p) = E(x,y)[ℓ(y,p(x))]. (4.1)

where ℓ(y,p(x)) is the loss of predicting p(x) when the true label of example x is y.

A canonical loss function is the cross-entropy loss: ℓCE(y,p(x)) = −y log(p(x)) and

we may further approximate the above risk via the empirical risk on the training set D:

R̂(p;D) .
=

1

N

N∑
n=1

yn(− log(p(xn))) (4.2)
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Our Problem Formulation. In this work, we study the knowledge distillation problem

where the labeled training setD is inaccessible1. Specifically, we are only given an unlabeled

distillation set Du, a teacher model pt, and asked to learn a student model ps.

Standard Distillation Strategy. A standard KD strategy [104] is to replace the ground

truth one-hot label yn in Eq. Equation 4.2 with the teacher model’s output probabilistic label

estimate pt(xn) and utilize the KL divergence loss to learn the student model ps via the

distillation empirical risk:

R̃KL(p
s;pt,Du)

.
=

1

Nu

Nu∑
n=1

ℓKL
(
pt(xn),p

s(xn)
)
, (4.3)

where Nu = |Du| and ℓKL(p,q) = KL(p||q) = pT log(p)− pT log(q).

4.4 Perturbed Distillation Loss

Using the KL divergence loss (in short “KL loss”) for distillation essentially assumes the

teacher model is perfect and forces the student model to mimic the teacher’s output label

distribution. In reality, the teacher model can produce a biased estimate of label distribution

and lead to a sub-optimal student model, as demonstrated by both theoretical analysis [105]

and empirical observations [131] (as well as our experiments in Section subsection 4.6.1).

In this work, we present a new distillation loss that generalizes the standard KL loss

to accommodate various degrees of distribution gaps between the biased teacher’s output

distribution and the underlying ground truth distribution. Inspired by the PolyLoss [112], we

propose to first replace the logarithmic terms in the standard KL loss with their corresponding

1This setting reflects the real-world scenario where large teacher models (e.g., ChatGPT [130] and GPT4 [1])
only expose their outputs and/or APIs without original training data because of their large model sizes and
cautions toward data leakage/misuse.
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Maclaurin series and then perturb the polynomial terms as follows:

log(x) = −
∞∑
m=1

(1− x)m

m

Perturb polynomial−−−−−−−−−−−−→
term coefficients

(4.4)

log(x) ≈ −
∞∑
m=1

(
1

m
+ ϵm

)
(1− x)m.

Here, we essentially replace the original coefficient 1
m

of the m-th order polynomial

term in the standard KL loss to ( 1
m
+ ϵm). By further replacing the logarithmic terms in

standard KL loss (Eq. Equation 4.3) with the above Eq. Equation 4.4, we will have:

ℓKL
(
pt(xn),p

s(xn)
)
= −H

(
pt(xn)

)
+
∑
c∈[C]

ptc(xn)[− logpsc(xn)]

≈ −H
(
pt(xn)

)
+
∑
c∈[C]

ptc(xn)

[
− logpsc(xn) +

∞∑
m=1

ϵc,m(1− psc(xn))
m

]
,

(4.5)

where ptc(xn) and psc(xn) denote the probability that example xn belongs to the class c

according to the teacher (student) model, and H (pt(xn)) is the entropy of the teacher output

distribution.

We can further separate out the perturbation coefficients on the right hand side of

Eq. Equation 4.5 and merge
∑

c∈[C] p
t
c(xn) [− logpsc(xn)] with H (pt(xn)) to obtain our

perturbed distillation loss:

ℓPT
(
pt(xn),p

s(xn)
) .
= ℓKL

(
pt(xn),p

s(xn)
)

+
∑
c∈[C]

ptc(xn)
∞∑
m=1

ϵc,m (1− psc(xn))
m .

(4.6)

The above equation presents our perturbed distillation loss in its most general form. In

practice, however, we cannot tune infinite number of coefficients ϵc,m and thus we propose

to only tune the first M leading polynomial coefficients while keeping the rest unchanged as

50



0.0 0.2 0.4 0.6 0.8 1.0
Student Probability ps

0

0

1

2

3

4

Lo
ss

 V
al

ue

KL Loss | pt= [1.0,0.0] 
KL Loss | pt= [0.9,0.1] 
KL Loss | pt= [0.8,0.2]

PT Loss | pt= [1.0,0.0] 
PT Loss | pt= [0.9,0.1] 
PT Loss | pt= [0.8,0.2]

(a) Loss values with different teacher proba-
bilities pt0 in {1.0, 0.9, 0.8}. For PTLoss, we
fix the perturbation order as 1 and the per-
turbation coefficients ϵ = [1, 1]. Consider
the case that ground truth probability is [1, 0],
PTLoss adjusts the student’s predictions by
nudging them towards the ground truth, ef-
fectively mitigating the bias present in the
teacher’s output probabilities.

(b) PTLoss values with different perturba-
tions. We fix the teacher probability pt0 =
[0.8, 0.2] and vary the perturbation coeffi-
cients ϵ, while the perturbation order is al-
ways fixed to 1. The black cross denotes the
best student model output ps0 that achieves
the lowest loss value. This shows PTLoss
can enable flexible adjustments to the loss
curve and effectively reduces the bias of the
teacher’s output.

Figure 4.2: Intuitive understanding of our PTLoss for the binary classification task.

follows:
ℓPT-M

(
pt(xn),p

s(xn)
) .
= ℓKL

(
pt(xn),p

s(xn)
)

+
∑
c∈[C]

ptc(xn)
M∑
m=1

ϵc,m (1− psc(xn))
m .

(4.7)

We can see that if we set all ϵc,m to 0, the ℓPT falls back to the ℓKL and thus the perturbed

distillation loss can be considered as a generalization of the standard KL loss.

Figure 4.2 presents how PTLoss adjusts biased teachers. For visualization simplicity, we

set the number of classes C = 2. In Figure 4.2a, we vary the teacher probability to show how

the biased teacher model will impact the distilled student model under either the standard KL

loss or our proposed PTLoss. We observe that PTLoss can guide the student’s predictions

toward the ground truth and thus effectively reduces the inherent bias in the teacher’s output

probabilities. In Figure 4.2b, we demonstrate PTLoss enables a diverse shift space to the

loss curve. By setting the perturbation coefficients, PTLoss allows flexible adjustments to

the loss curve. Combining with our perturbation coefficients selection methods discussed in

subsection 4.5.3, we can determine the perturbation to optimize the distillation process.
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4.4.1 Connections to other perturbation methods

We establish the connections between PTLoss and other related methods that transform the

teacher output probabilities, such as label smoothing [110], temperature scaling [104], and

focal loss [111]. We show that the loss shift space produced by PTLoss encompasses these

techniques and thus PTLoss can offer additional adjustment capabilities. We present the

connections in this section and detail the derivation in Appendix E.

KL Loss. The connection between PTLoss and the standard KL loss is quite direct. As

we represent the standard KL loss in Maclaurin series and add perturbations, we can easily

revert PTLoss to the standard KL loss by setting all perturbation coefficients ϵc,m to 0.

Focal Loss. Focal loss incorporates a factor (1− p)γ in the loss function. We demonstrate

PTLoss can subsume focal loss by expressing the perturbation coefficients as a function of

the factor (1− p)γ . For simplicity, we denote pt(xn) and ps(xn) as pt and ps. By applying

Focal loss to KD, we have:

ℓfocal
(
pt,ps

)
= −H

(
pt
)
+
∑
c∈[C]

ptc(1− psc)
γ[− logpsc], (4.8)

where (1 − psc)
γ is a factor and the parameter γ > 0 reduces the relative loss for well-

classified examples.

To bridge the connection between PTLoss and the focal loss, we compare Equation 4.8

to Equation 4.5 and establish the following relationship:

∞∑
m=1

(
1

m
+ ϵc,m)(1− psc)

m =
∞∑
m=1

(1− psc)
γ

m
· (1− psc)

m, (4.9)

which leads to the perturbation coefficients as follows:

ϵc,m =
(1− psc)

γ − 1

m
. (4.10)
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By incorporating the derived perturbation coefficients ϵc,m in our proposed method, we

demonstrate that PTLoss can effectively subsume the focal loss. In other words, PTLoss gen-

eralizes the focal loss and can adapt to more modulating factors (1− p)γ for handling the

class imbalance problem and improving the knowledge distillation performance.

Temperature Scaling. We compare PTLoss with temperature scaling and claim that

PTLoss subsumes it with appropriate approximation. As described in [104], the logits are

adjusted by a temperature to control sharpness or smoothness of the probability distribution:

pτ,0 =
exp(z0/τ)

exp(z0/τ) + exp(z1/τ)
, (4.11)

where τ is the temperature and zc is the logits. Here we use binary classification (i.e.,

c = 0, 1) for the derivation simplicity without loss of generality.

We denote ptτ,c, p
s
τ,c as the teacher, student probability scaled by temperature τ . Incorpo-

rating temperature scaling, the KL loss can be formulated as:

ℓtempKL

(
ptτ ,p

s
τ

)
= −H

(
ptτ
)
+
∑
c∈[C]

ptτ,c · (− logpsτ,c). (4.12)

Similarly, to bridge PTLoss with temperature scaling, we establish equality between Equa-

tion 4.12 and Equation 4.5, this leads to

ϵc,m =
a

m
· (1 + (

1− b

1− psc
)m)− 1

m
, (4.13)

where a = exp(zt1 − zt0)/exp(
zt1−zt0
τ

), b = exp(zs1 − zs0)/exp(
zs1−zs0
τ

). The derivation clearly

shows how PTLoss, through the appropriate selection of ϵc,m, effectively subsumes tem-

perature scaling. This capability to encompass temperature scaling further underlines the

versatility of our approach.

Label Smoothing. We compare PTLoss with the label smoothing method and claim
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that label smoothing proposed in [110] is a special case of PTLoss. According to the

implementation in [110], we can smooth the teacher labels in KD by

ptlsc = (1− δ)ptc + δ/2, (4.14)

with a smoothing parameter δ. Starting from Equation 4.5, we can replace the term ptc by its

smooth version ptlsc . Then the original Equation 4.5 with label smoothing becomes:

ℓlsKL
(
pt,ps

)
= −H

(
ptls
)
+
∑
c∈[C]

ptlsc · (− logpsc) (4.15)

For the entropy of the teacher output, the smooth version H (ptls) is different from the

original H (pt) with only a constant C, which can be ignored when optimizing the loss

function. Similarly, by letting ℓlsKL (p
t,ps) = ℓPT (p

t,ps), we obtain

ϵc,m =
∆ptc
mptc

∆pt
c=δ/2−δpt

c−−−−−−−−−−−→ ϵc,m =
δ

m
(
1

2ptc
− 1). (4.16)

In shows the connection between the two losses can be expressed through a specific ϵc,m,

which depends on the smoothing parameter δ. This derivation highlights that PTLoss gener-

alizes the label smoothing method and provides a more flexible framework that encompasses

the effects of label smoothing.

In summary, we establish that PTLoss can effectively serve as a generalized framework

that includes various techniques by manipulating the perturbation coefficients ϵc,m. It is

important to note that our goal is not to directly solve for the perturbation coefficients

to make PTLoss equivalent to the alternative perturbation methods. Instead, we aim to

show that our approach covers the loss shift space produced by them. To determine the

real perturbation coefficient, we establish a principled searching method via the best proxy

teacher, as demonstrated in the following section.
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4.5 Proxy Teacher and The Principle of Selecting Polynomial Coefficients

In this section, we first present a theorem to show how the teacher model affects the gap

of a student model’s distillation empirical risk and its population risk (§ subsection 4.5.1).

Then, we demonstrate that using PTLoss implicitly transforms the original teacher model to

a proxy teacher under the KL loss. Based on the above theorem, we know when this proxy

teacher distribution is closer to the true distribution, we will have a better distilled student

model (§ subsection 4.5.2). Finally, we establish our principle of selecting the perturbation

coefficients in PTLoss: searching the coefficients that lead to a proxy teacher closest to the

empirical estimate of true distribution on a validation set (§ subsection 4.5.3).

4.5.1 The Connection of the Teacher Model and the Risks of Student Model

Theorem 1 Given a teacher model pt, an unlabeled distillation datasetDu with an unknown

true distribution p∗, we have for any probability predictor p : X → RC:

E
[
(R̃KL(p;p

t,Du)−R(p))2
]
≤ 2

Nu

· V
[
pt(x)T log(p(x))

]
+

O
((

Ex
[
∥pt(x)− p∗(x)∥2

])2
+

Ex
[(
pt(x)T logpt(x)

)2])
,

where V[·] denotes the variance of a random variable.

We defer the detailed proofs of above theorem to Appendix D and focus on its implications

here. We can see that the gap between a model p’s distillation empirical risk and its

population risk depends on three terms: (1) the variance of its KL distance to the teacher

model pt, (2) the L2 distance between the teacher model output distribution pt and the

true distribution p∗, and (3) the entropy of the teacher distribution. In practice, obtaining

a sizable unlabeled distillation set Du is relatively straightforward, which leads to a large

value of Nu. As a result, the first term (of order O(1/Nu)) will converge to 0 as Nu keeps
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increasing and the latter two terms (one quantifies the distance between teacher pt and

true p∗, and the other quantifies the teacher’s uncertainty) will dominate the risk gap. This

observation also resonates with our intuition that an accurate and well-calibrated teacher

yields better improved bounds on the generalization error of the student.

4.5.2 The Equivalence of Proxy Teacher under KL Loss and Original Teacher under

PTLoss

The above theorem states that an ideal teacher model, when used in KL loss for distillation,

should output a distribution as close to the true distribution as possible. In reality, however,

the teacher model is usually fixed. Here, we show that using PTLoss for distillation can

implicitly transform the original teacher to a proxy teacher under the KL loss. Namely,

given the original teacher model pt and a set of perturbation coefficients {ϵc,m} in PTLoss,

we can obtain a proxy teacher ptpx such that:

R̃KL(p
s;ptpx ,Du) = R̃PT-M(ps;pt,Du)

=
1

Nu

Nu∑
n=1

ℓPT-M(pt(xn),p
s(xn)),

(4.17)

which establishes the equivalence of proxy teacher under KL loss and original teacher under

PTLoss. With the proxy teacher ptpx , we aim to determine the best perturbation coefficients

{ϵc,m}. Note for each {ϵc,m}, we can obtain a proxy teacher. We illustrate how we obtain the

proxy teacher in the rest of this subsection, and discuss how to select the best perturbation

coefficients in § subsection 4.5.3.

Intuitively, the proxy teacher is derived by solving the below optimization problem:

minptpx ∥R̃PT-M(ps;pt,Du)− R̃KL(p
s;ptpx ,Du)∥2. (4.18)
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In practice, however, we do not need the above risk equivalence in Eq. Equation 4.17 to

hold for all possible student models ps. Instead, we focus on the minimizer of the left-hand

side of Eq. Equation 4.17 because it is practically close to the final learned student model.

By substituting this minimizer ps = ptpx into Eq. Equation 4.18, the second term in the

norm of Eq. Equation 4.18 becomes 0, and the first term could be expanded by its definition

in Eq. Equation 4.17, we thus have the following objective:

minptpx

∥∥∥∥∥ 1

Nu

Nu∑
n=1

(
ℓKL(p

t(xn),p
tpx(xn)) (4.19)

+
∑
c∈[C]

ptc(xn)
M∑
m=1

ϵc,m(1− ptpxc (xn))
m

)∥∥∥∥∥
2

.

This objective enables us to solve ptpx given pt and {ϵc,m}, where pt is the teacher’s

output probability on the validation set, and {ϵc,m} is a given set of perturbation coeffi-

cients. However, this optimization problem is nonlinear and lacks a closed-form analytical

solution. Consequently, we compute the ptpx using the numerical approach2. Specifi-

cally, the optimization problem defined in Eq. Equation 4.19 is solved via the algorithm

‘scipy.optimize.fsolve’, which is a hybrid method of the Newton-Raphson method and

the Levenberg-Marquardt algorithm. For better numerical stability, we actually solve the

equation in logit space (instead of the vanilla probability space) and use softmax function to

map it back to the final probability. Another advantage of this approach is that we remove

the probability constraint of ptpx . We also input the analytical form of the Jacobian of our

optimization objective into the solver (via the ‘fprime’ parameter) and set the initial estimate

of ptpx to be the original teacher pt (via the ‘x0’ parameter). For all the other parameters in

‘scipy.optimize.fsolve’, we use their default values.

We have also considered an alternative solution to this optimization problem, which

2We use a hybrid algorithm of the Newton-Raphson method and the Levenberg-Marquardt algorithm as
defined in ‘scipy.optimize.fsolve’ https://docs.scipy.org/doc/scipy/reference/generated/scipy.optimize.fsolve.
html.
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Algorithm 2 Automated Perturbation Coefficients Selection
Require: Validation set Dv, Teacher model pt, Max perturbation order NM , Max search trails Nk,

Perturbation coefficient search space S.
Initialize {ϵ∗c,m} ← {}, Q̂∗ ←∞.
for M = 1 to NM do

for k = 1 to Nk do
Randomly sample a perturbation coefficients set {ϵc,m} ∈ S .
Solve the proxy teacher ptpx given {ϵc,m} and pt via Eq. Equation 4.19.
Compute the quality score of perturbation coefficients Q̂({ϵc,m}) via Eq. Equation 4.20.
if Q̂({ϵc,m}) < Q̂∗ then

Q̂∗ ← Q̂({ϵc,m}), {ϵ∗c,m} = {ϵc,m}.
end if

end for
end for
return {ϵ∗c,m}.

involves defining a parameterized function gθ(·) : [0, 1]C → [0, 1]C that explicitly transforms

the original teacher to the proxy teacher, namely gθ(p
t) = ptpx . We would then find the best

θ minimizing the above objective (possibly via gradient-based methods). This approach

leads to a smooth proxy teacher but also introduces bias from the function class defined by

θ. Therefore, we leave it to future work and resort to the numerical approach in this study.

4.5.3 Selecting Perturbation Coefficients via the Best Proxy Teacher

For each candidate set of perturbation coefficients {ϵc,m} in PTLoss, we can find a cor-

responding proxy teacher and compute its risk deviation upper bound according to theo-

rem Theorem 1. In practice, the size of distillation set Nu is typically large and thus we

can omit the O(1/Nu) variance term. Furthermore, since the ground truth distribution p∗ is

unknown, we use an unbiased estimator to replace it. Finally, we replace the expectation by

the sample mean and define the empirical risk below:

Q̂({ϵc,m}) =

(
1

Nv

Nv∑
n=1

[
∥ptpx(xn)− yn∥2

])2

+
1

Nv

Nv∑
n=1

[(
ptpx(xn)

T logptpx(xn)
)2]

,

(4.20)
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where Nv is the size of validation set and yn is a one-hot label vector of xn, serving as the

unbiased estimation of p∗(xn). We use Q̂({ϵc,m}) as a "quality score" for each candidate

coefficients set. Users can define a search space of {ϵc,m} and we will pick the optimal {ϵ∗c,m}

that minimizes Q̂. We present the pseudo-code for selecting perturbation coefficients in

Algorithm 2, and the search time for perturbation coefficients is detailed in subsection C.0.3.

4.6 Experiments

In this section, we first conduct experiments on a synthetic dataset to verify our assumption

that the teacher outputting a distribution closer to the ground truth distribution leads to

a better student (§subsection 4.6.1). Then, we present our main results on 6 real-world

NLP datasets (§subsection 4.6.2). Moreover, we show how the proxy teacher enhances the

distillation process(§subsection 4.6.3). In the appendix, we further evaluate the performance

of PTLoss on CIFAR-100 to show its potential in computer vision tasks (§subsection 4.6.4).

4.6.1 Experiments on Synthetic Gaussian Dataset
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Figure 4.3: Experiments on a synthetic Gaussian dataset.

We first conduct an illustrative experiment with a synthetic dataset where the ground

truth distribution p∗(x) is known. Specifically, we follow [118] to generate 105 examples
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from a mixture of Gaussian distribution and train an MLP with 3 hidden layers on this

synthetic dataset. This is a 3-class toy Gaussian dataset with 10k data points, divided into

training, validation, and test sets with a split ratio [0.9, 0.05, 0.05]. The underlying model in

this set of experiments is a 2-layer MLP with ReLU activation, and the hidden size is 128

for each layer. We set the learning rate as 5× 10−4, the batch size as 32, and the training

epochs as 100.

The sampling process is implemented as follows: we first choose the label y using a

uniform distribution across all the 3 classes. Next, we sample x|y=k ∼ N (µk, σ
2I) as the

input signal. Here σ = 2 and µk is a 30-dim vector with entries randomly selected from

{−1, 0, 1}.

We compare PTLoss with 4 baselines: one-hot supervision (OHT), label smoothing (LS),

standard knowledge distillation (KD), and early-stopped knowledge distillation (ESKD)

(see details in below § subsection 4.6.2). As illustrated in Figure 4.3a, the quality of the

distilled student improves as the L2-distance between the teacher distribution and the ground

truth distribution decreases. On this synthetic Gaussian dataset, PTLoss also outperforms

the baselines after adding a 3-order perturbation.

In Figure 4.3b, we sample 10 proxy teachers in different stages of the perturbation

coefficient searching process (§subsection 4.5.3) and compare their results. It is clear that a

teacher model with a smaller L2-distance to the ground truth distribution can lead to a better

student model. This observation verifies our hypothesis in Eq. Equation 4.20 — searching a

proxy teacher closer to the ground truth distribution can reduce the empirical deviation and

improve the distilled student model.

4.6.2 Experiments on Natural Language Datasets

Tasks and Datasets. We conduct our main experiments on 6 natural language datasets,

including:

1. CoLA [132] for linguistic acceptability;
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2. MNLI [133] for multi-genre natural language inference;

3. MRPC [134] for paraphrase similarity matching;

4. RTE [135] for textual entailment inference;

5. SST-2 [135] for sentiment analysis;

6. BoolQ [136] for boolean question answering.

We list the detailed dataset statistics in the subsection C.0.1.

Model Architectures. For the teacher model, we choose the T5 architecture [137] and

select two teacher models of different scales. Specifically, we use T5-xxl with 11 billion

parameters and T5-large with 770 million parameters. For the student model, we use the

BERT-base model [138] with 110 million parameters.

Table 4.1: Main results on natural language datasets. The student model (BERT-base)
is distilled from teacher models of different sizes (T5-xxl and T5-large). All results are
averaged over three runs. The bolded numbers indicate the best results, while the underscore
“_” denotes the second-best results.

Method CoLA MNLI MRPC RTE SST-2 BoolQ Average
(Matt.) (Acc.) (F1) (Acc.) (Acc.) (Acc.)

Teacher T5-xxl 71.5 94.7 92.4 92.2 96.4 89.1 89.4

Standard KL 58.8 ± 0.3 90.3 ± 0.2 88.3 ± 0.4 78.1 ± 0.1 89.2 ± 0.3 69.5 ± 0.2 79.0
Temp. Scaling 59.4 ± 0.3 90.7 ± 0.1 88.9 ± 0.3 79.6 ± 0.3 89.4 ± 0.2 72.0 ± 0.3 80.0
Label Smoothing 59.3 ± 0.6 90.6 ± 0.4 89.2 ± 0.7 79.2 ± 0.4 89.9 ± 0.3 68.6 ± 0.4 79.6
Focal 59.2 ± 0.4 90.7 ± 0.3 88.7 ± 0.9 80.4 ± 0.4 89.3 ± 0.3 68.2 ± 1.5 79.6
Flooding 58.9 ± 0.5 90.6 ± 0.4 89.6 ± 0.6 80.2 ± 0.7 89.3 ± 0.4 69.3 ± 0.5 79.7
CRD 59.5 ± 0.5 90.5 ± 0.3 90.6 ± 0.4 81.1 ± 0.2 89.6 ± 0.3 71.8 ± 0.6 80.5
Annealing KD 59.8 ± 0.3 90.7 ± 0.3 90.0 ± 0.5 80.7 ± 0.2 89.3 ± 0.5 70.7 ± 0.5 80.2
FilterKD 59.2 ± 0.4 90.7 ± 0.2 89.5 ± 0.3 80.4 ± 0.3 89.3 ± 0.2 69.6 ± 0.9 79.8
MetaDistill 60.4 ± 0.2 90.8 ± 0.3 91.4 ± 0.4 81.3 ± 0.1 89.5 ± 0.2 71.9 ± 0.7 80.9
(ours) 61.2 ± 0.3 91.1 ± 0.1 91.2 ± 0.3 83.5 ± 0.2 90.3 ± 0.1 73.1± 0.5 81.8

Teacher T5-large 61.4 93.6 92.1 87.2 95.5 77.9 84.6

Standard KL 54.8 ± 0.2 90.0 ± 0.1 87.8 ± 0.3 77.6 ± 0.2 88.8 ± 0.1 69.5 ± 0.2 78.1
Temp. Scaling 55.6 ± 0.3 90.4 ± 0.1 88.7 ± 0.2 79.4 ± 0.2 89.2 ± 0.5 70.4 ± 0.6 79.1
Label Smoothing 56.4 ± 0.4 90.6 ± 0.2 89.2 ± 0.6 79.2 ± 0.4 89.2 ± 0.4 69.1 ± 1.2 79.1
Focal 56.0 ± 0.2 90.3 ± 0.1 88.4 ± 0.5 79.9 ± 0.4 89.3 ± 0.5 68.9 ± 0.5 78.8
Flooding 57.8 ± 0.3 90.0 ± 0.6 89.5 ± 0.4 79.5 ± 0.4 89.0 ± 0.4 68.9 ± 0.6 79.3
CRD 58.2 ± 0.3 90.2 ± 0.4 89.8 ± 0.3 80.3 ± 0.2 89.4 ± 0.4 70.5 ± 0.5 79.7
Annealing KD 58.3 ± 0.2 90.4 ± 0.3 89.8 ± 0.5 79.9 ± 0.1 89.4 ± 0.4 69.7 ± 0.4 79.6
FilterKD 56.7 ± 0.3 90.2 ± 0.2 89.1 ± 0.4 78.8 ± 0.2 89.2 ± 0.3 69.2 ± 0.6 78.9
MetaDistill 58.6 ± 0.2 90.7 ± 0.3 89.6 ± 0.1 81.0 ± 0.1 89.3 ± 0.2 70.4 ± 0.2 80.1
(ours) 60.5 ± 0.2 90.7 ± 0.1 91.1 ± 0.4 82.7 ± 0.1 90.0 ± 0.2 71.0 ± 0.3 81.0
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Compared Methods. We compare our proposed PTLoss with the following baselines:

1. Standard KL loss [139]: adopts standard KL divergence loss for knowledge distillation;

2. Temperature scaling [104]: scales the teacher output logits via a temperature hyper-

parameter;

3. Label smoothing [110]: smooths the teacher output class probabilities by a small scalar;

4. Focal loss [111]: modulates the cross-entropy loss to focus on hard examples;

5. Flooding [140]: a regularization method to intentionally prevent further reduction of the

training loss;

6. CRD [113]: uses a contrastive objective in knowledge distillation;

7. AnnealingKD [115]: feeds the rich information provided by the teacher’s soft-targets

incrementally;

8. FilterKD [118]: trains the student from the smoothed predictions of the teacher network;

9. MetaDistill [119]: evolves the teacher network with the feedback from the distilled

student in a meta learning framework.

For all the baselines, we conduct an exhaustive hyper-parameter search on the validation

set. For our own PTLoss method, we set its perturbation order M = 5 and use the

proxy teacher-based method to search its perturbation coefficients (§subsection 4.5.3). See

subsection C.0.2 for more details. We run each method with three different random seeds

and report its average performance.

Main Results. Table 4.1 shows the main results on 6 NLP datasets. We have the following

observations: (1) PTLoss outperforms on 11 out of the total 12 tasks, achieving the best

average performance across the board. The only exception is MetaDistill, which tops the

results on the MRPC when using the T5-xxl teacher and ties with PTLoss on MNLI when

using the T5-large teacher. (2) The advantages offered by PTLoss are robust, regardless

of the scale of the teacher model. Notably, as the disparity in scale between the teacher

model and student model reduces, the performance gap between them also narrows. (3) In

comparison to vanilla KD, which utilizes the standard KL, PTLoss showcases significant
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enhancement. Specifically, it exceeds standard KL by an average of 2.8% and 2.9%,

respectively. (4) Surveying the baseline methods, MetaDistill stands out, securing the

second-highest performance across most tasks. On the whole, the cluster of KD methods

generally outstrips the simple regularization methods.

4.6.3 Proxy Teacher Analysis
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Figure 4.4: PTLoss analysis.

Correlation between teacher’s distance to ground truth and student’s performance. To

explore where PTLoss’s performance gains come from, we train multiple teacher models on

the BoolQ dataset and distill them into the student models. Figure 4.4a shows the student

model performance on the test set is highly correlated with the distance between the teacher

model’s output distribution and the ground truth distribution on the validation set. This result

resonates with our findings from synthetic datasets(§ subsection 4.6.1), confirming that, on

real-world datasets, a teacher model with a predictive distribution closer to the ground truth

can produce a more effectively distilled student.

Effectiveness of Perturbation Coefficients Search. We continue to validate the effective-

ness of the proxy teacher-based perturbation coefficients selection method using MNLI as a

representative dataset. Specifically, we vary the perturbation order M from 1 to 5 and report
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the performance of the student models distilled via PTLoss with different perturbation coef-

ficients. These coefficients are obtained either by minimizing the empirical risk deviation of

proxy teacher (c.f. Eq. Equation 4.19) or via random sampling from the space of [−1, 10]M .

As shown in Figure 4.4b, the coefficients obtained from our proxy teacher based method

can achieve consistent improvements over the random coefficients. If we just randomly set

the perturbation coefficients, the student performance can drop by up to 1.2%. Also, by

comparing different perturbation orders, we find that the higher the perturbation order, the

greater the performance differences. This is because in the higher-dimension space, it is

harder for random search to get a set of appropriate perturbation coefficients, which makes

the random PTLoss even worse than the standard KL loss. Conversely, equipped with the

perturbation coefficients obtained via proxy teacher, PTLoss can significantly outperform

the underlying KL loss.

4.6.4 Experiments on the CIFAR-100 dataset

Table 4.2: Results on CIFAR-100 dataset.

MobileNetV2 ShuffleNetV2 ResNet18 GoogleNet DenseNet121 ResNeXt29

Baseline 68.38 70.34 75.87 78.72 79.04 81.03
Tf-KD 70.14 ± 0.08 71.64± 0.17 76.60± 0.06 79.62± 0.43 79.54± 0.16 80.75± 0.13
PTLoss 70.62 ± 0.16 71.97± 0.10 77.55 ± 0.06 80.22 ± 0.11 80.22± 0.11 81.83 ± 0.21

To evaluate PTLoss on diverse tasks, we conduct this set of experiments on the CIFAR-

100 dataset. We follow [114] to get the baseline results on the studied networks. Then we

re-implement Tf-KD in [114] as we don’t have access to the ground truth data during the

distillation stage. Specifically, the Tf-KD implementation is modified from Tf-KD_self to

be incorporated into our setting: we modified Eq.(7) in [114] as Lself = DKL(p
t
τ , pτ ), where

pτ and ptτ are the output probability of the student model and the pre-trained student model,

reshaped by a temperature τ . For PTLoss, we simply add 1-order perturbation to ptτ , the ϵ is

selected from {0.1, 0.2, 0.5}. From Table 4.2, we observe that PTLoss can still outperform

those baselines, which shows the applicability of PTLoss on computer vision tasks.
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4.7 Conclusions

In this study, we proposed a novel knowledge distillation loss PTLoss which implicitly shifts

the teacher model output distribution to a high-fidelity one for student model training. We

also established connections between PTLoss and other loss functions by demonstrating

that PTLoss can subsume the others while providing more flexible adjustments to teacher

models. We theoretically showed how the teacher model affects the student model risks and

presented a principled method to systematically search perturbation coefficients. Extensive

experiments on multiple tasks verified our proposed theory and validated the effectiveness

of PTLoss.

While PTLoss enables better KD by creating a proxy teacher closer to the ground truth

distribution, we focus on the single-teacher-single-student setting in this work. It is worth

exploring how this approach can be extended to ensemble KD involving multiple teachers

or students. Additionally, although the proposed coefficients selection method provides

a principal way to determine the perturbation hyperparameters, it remains challenging to

scale up the number of classes and the perturbation order. Future work could benefit from

developing scalable methods for hyperparameter search, enabling rapid determination of

perturbation coefficients even in high-dimensional spaces with numerous classes or high

perturbation orders.
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CHAPTER 5

ENHANCING INFERENCE EFFICIENCY VIA PROGRESSIVE KV CACHE

COMPRESSION

5.1 Introduction

Autoregressive large language models (LLMs) such as GPT [94], PaLM [141], and LLaMA

[142], built upon transformer architectures [143], have shown remarkable capabilities across

a wide range of tasks. However, the attention mechanism underpinning those models poses

significant challenges to the efficiency of their deployment, particularly the management of

the Key-Value (KV) cache. The KV cache is originally designed to accelerate the generation

process by storing intermediate attention KV vectors, thus avoiding recomputation of

shared prefixes for each autoregressively generated token. Despite reducing computational

overhead, the KV cache significantly increases memory footprints, as its size scales linearly

with both sequence length and batch size. This drives the need for KV cache compression to

enable cost-effective deployment of LLMs across various devices and platforms.

To address the overhead of the original attention mechanism, one prominent line of work

aims to design more efficient attention variants, such as multi-query attention (MQA) [144]

and group-query attention (GQA) [145], which inherently reduce the corresponding KV

cache. Nevertheless, those techniques typically require upcycling existing models. Without

proper training, their direct application often results in degraded performance [146, 145,

147], thereby making them unsuitable for deployment in resource-constrained environments.

Recently, [148] design a multi-head latent attention (MLA) for efficient inference, utilizing

low-rank key-value union compression to reduce KV cache. However, similar to MQA and

GQA, MLA is also integrated during the model’s training cycle, thus not directly applicable

to pre-trained LLMs.
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In contrast, another line of work focuses on KV cache compression at test time, primarily

achieved by dropping tokens while leaving the backbone model intact. Several works

design the token eviction policy based on accumulated attention scores[149, 150, 147], or

heuristics such as special tokens or and relative distance between tokens [151] However,

these methods either ignore the inter-layer dependency or require attention pattern analysis,

and the resulting eviction policy can be task-specific.

In this paper, we propose to compress KV cache from an orthogonal perspective, i.e.,

the KV weight matrices. As the KV weight matrices are typically characterized by low-

rank properties, we perform a low-rank approximation to reduce their dimension and thus

compress the resulting KV cache. Recognizing that compressed KV caches inevitably

introduce information loss to subsequent layers, and that sensitivity to input changes varies

across layers, we introduce a progressive compression strategy. This approach is grounded

in the calculation of cumulative condition numbers for KV weight matrices across different

layers, reflecting their sensitivity and guiding the compression strategy. Theoretically, we

derive error bounds for both individual layer compression and error propagation through the

network. These theoretical results reveal that errors introduced in earlier (shallower) layers

are amplified more significantly than those in deeper layers, and informs our progressive

compression strategy.

Our method is designed for straightforward implementation, requiring neither model

profiling nor detailed inspection of the attention structure. It can be directly applied to

pre-trained LLMs by extracting weight matrices and leveraging their inherent properties

to swiftly determine optimal layer-wise compression. This approach offers a practical and

efficient solution for enhancing LLM performance in memory-constrained deployment

scenarios, without the need for model retraining or complex eviction strategy composition.

We evaluate our method on 8B, 13B, and 70B LLaMA models that built upon multi-

query attention or group-query attention. Experiments across tasks such as commonsense

reasoning, reading comprehension, text summarization, and mathematical reasoning, demon-
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strate that our approach can reduce substantial GPU memory footprint while maintaining

minimal impact on performance.

5.2 Related Works

5.2.1 Attention Mechanism

Attention mechanisms in Transformer models have evolved to enhance efficiency and effec-

tiveness [143]. Multi-Query Attention (MQA)[144] reduces memory requirements during

decoding, while Grouped-Query Attention (GQA) [145] balances efficiency and perfor-

mance by sharing key and value heads among query groups. Recently, [148] introduced

Multi-head Latent Attention (MLA), using low-rank key-value union compression to opti-

mize inference. However, these approaches are typically integrated during model training,

limiting their applicability to pre-trained LLMs. Parallel research efforts have targeted

inference efficiency improvements. For example, [152] developed multi-dimensional parti-

tioning techniques, and [153] optimized the Fusion-in-Decoder (FiD) approach [154] for

more efficient inference. [155] introduces SplitFuse which leverages dynamic prompt and

generation decomposition and unification to further improve continuous batching and system

throughput. In this paper, we contribute to this line of research by improving inference

efficiency through the compression of KV cache. Our approach leverages the low-rank

property of the attention weight matrices, offering a plug-and-play method to reduce the

memory footprint of LLMs during inference without requiring model retraining.

5.2.2 KV Cache Compression

As Large Language Models (LLMs) continue to grow in size and complexity, efficient

management of their memory usage during inference has become a critical challenge. Early

efforts to compress token hidden states [156, 157, 158] are limited to non-autoregressive

models and require retraining, thus motivating research into pruning tokens in the KV

cache of auto-regressive LLMs. For instance, [159] learns to compress prompts into a few
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special tokens to reduce memory pressure during caching, but this token prediction requires

model retraining and could be an expensive overhead during inference. Several methods

design token eviction policies based on accumulated attention scores [149, 150, 147], or

heuristics such as special tokens and relative distance between tokens [151]. However, these

approaches often overlook inter-layer dependencies, potentially resulting in task-specific

eviction policies that may not generalize well across different applications. In contrast to

token-dropping methods, our study takes a different tack. We focus on compressing the

KV cache from the perspective of weight matrix dimension reduction. Importantly, our

progressive compression strategy carefully addresses the issue of error propagation across

compressed layers, a consideration often ignored in previous methods.

A few studies have explored customized cache budgets across different layers in the

context of token dropping, yet no definitive consensus has been reached on the most effective

strategies. [160] suggest increasing compression intensity in higher layers based on the

assumption that these layers contain less critical information. Conversely, [147] argue that

significant tokens exhibit greater variability at higher layers, thus larger caches are required

to reduce cache misses. While these approaches demonstrate understanding of layer-specific

requirements, they depend heavily on task-specific attention patterns. Our approach diverges

fundamentally by adopting an orthogonal perspective to compression, focusing on weight

matrix dimension reduction rather than token eviction. This approach enables us to establish

error propagation bounds across the network and to guide our progressive compression

strategy effectively. It eliminates the need to analyze attention patterns for eviction policy

design, simplifying implementation and enhancing general applicability across different

LLMs.

Concurrently, [148] and [161] modify attention mechanisms to manage KV caches

more efficiently during inference. While these methods align with our philosophy of

altering attention dynamics, they require either pretraining adjustments or extensive model

finetuning to accommodate the modified attention schemas, limiting their practicality in
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deployed systems. In contrast, our method requires no such training or fine-tuning, offering a

plug-and-play solution that seamlessly integrates with pre-trained models to deliver efficient

compression without compromising the model’s integrity or performance.

5.3 Preliminary: Attention Mechanism and KV Cache

Transformer-based language models use self-attention to weigh the importance of different

tokens, thus allowing for the model to focus on different parts of the input sequence. Given

an input X ∈ RN×D, where N is the sequence length and D is the dimensionality of

each token’s embedding, we compute the Query (Q), Key (K), and Value (V ) matrices by

multiplying X with their respective weight matrices: Q = XWq,K = XWk, V = XWv.

Then the attention mechanism is as follows:

Attention(Q,K, V ) = softmax
(
QK⊤
√
dk

)
V. (5.1)

Multi-head attention allows the model to jointly attend to information from different repre-

sentation subspaces at different positions

MultiHead(Q,K, V ) = Concat(head1, . . . , headh)Wo, (5.2)

where

headi = Attention(X(W i
q)
T , X(W i

k)
T , X(W i

v)
T ).1 (5.3)

Here, W i
q , W

i
k, and W i

v are the weight matrices for the i-th attention head, and Wo is the

weight matrix for the output linear transformation.

In autoregressive transformers, the computation of attention scales quadratically (i.e.,

O(N2)) with the sequence length N , as every token in the sequence computes interactions

1This formulation with transposed weight matrices aligns with the implementation found in the models
examined in our study. Mathematically, this is equivalent to the standard formulation without transpose. The
choice of which form to use depends on implementation details and computational optimizations.
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with every other token. Such scaling is impractical for very large inputs or real-time

applications, where speed and efficiency are crucial.

To address this computational bottleneck, KV caches store the results of previous

computations of the KV matrices. When processing subsequent tokens, the model can

retrieve keys and values from the cache rather than recomputing them, thereby reducing the

number of operations to a linear scale with respect to the sequence length. This method

trades off increased memory usage for a reduction in computational overhead. The size of

KV cache per layer is defined as below:

Ck,v = b×N × h× d, (5.4)

where b is the batch size, N is the max sequence length in the batch, h is the number of

K/V head and d is the head dimension. This linear relationship between cache size and

sequence length, as well as batch size, underscores the critical need for efficient compression

methods. As described, existing works that can reduce KV cache consumption either require

expensive model training in upcycling stages or empirical token eviction policy design at

test time. In the following section, we present a novel method for KV cache compression

from the perspective of low-rank weight approximation.

5.4 Method

We structure this section as follows. In subsection 5.4.1, we detail the process of compressing

the KV cache for a single layer using Singular Value Decomposition (SVD) on weight

matrices. Next, subsection 5.4.2 introduces our progressive compression strategy, which

determines adaptive compression dimensions for each layer. Finally, subsection 5.4.3

covers additional considerations for handling various attention mechanisms, and section H.1

addresses the implementation details specific to the rotary position embedding. Figure 5.1

presents an overview of our method, illustrating the low-rank approximation of the weight

71



Figure 5.1: LORC compresses KV-cache by decomposing the KV weight matrices in
attention heads. The progressive compression strategy retains more dimension for KV
weights in shallow layers and compresses the KV weights in deep layers more aggressively.

matrix and the progressive compression strategy across layers.

5.4.1 KV Cache Compression via Low-rank Approximation of Weight Matrices

Unlike previous approaches that focus on token-level eviction strategies or require model

retraining, we propose a novel method that operates at the weight matrix level in the attention

mechanism. This approach leverages the inherent low-rank properties of these matrices (as

shown in Appendix section G.1), allowing for significant compression without the need

for complex token selection algorithms or time-consuming model tuning. By applying a

low-rank approximation to the weight matrices, we effectively reduce the dimensionality of

the KV cache while preserving the essential information flow through the network.

Key Matrix Compression: Figure 5.1 presents how we implement SVD on the key

weight matrices. Specifically, for the i-th head in the MHA attention, we decompose its key

matrix W i
k ∈ RD×d to:

SVD(W i
k)D×d = UD×dcΣdc×dcV

T
dc×d = UD×dc(ΣV

T )dc×d. (5.5)

For MHA, there are h attention heads, then the decomposition becomes:
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SVD(WH
k )D×hd = UD×dc(ΣV

T )dc×hd = UD×dc

[
(A1)dc×d (A2)dc×d · · · (Ah)dc×d

]
,

(5.6)

where (Ai)dc×d is the i-th block in the matrix (ΣV T )dc×hd.

Now we have decomposed the key matrix W i
k to the multiplication of UD×dc and

(ΣV T )dc×hd. We will multiply X with (ΣV T )Thd×dc as the compressed key, which is stored

in the KV cache. Through this implementation, we effectively update the size of key cache

from hd to dc, where dc is smaller than hd, reducing the memory footprint while keeping

the essential information intact.

For UD×dc , we incorporate it to the query calculation by updating the original query

matrix WH
q ∈ RD×hd as follows:

WH
q′ = (WH

q )D×hdUD×dc . (5.7)

Note that the embedding dimension D is equal to the product of the number of attention

heads h and the dimension per head d, i.e., D = hd. Consequently, the updated query matrix

WH
q′ ∈ RD×dc .

Value Matrix Compression: The decomposition for the value matrix follows a similar

structure to that of the key matrix, with the difference that we integrate its left singular

vectors to the output matrix Wo. Specifically, the value matrix is decomposed as:

SVD(WH
v )D×hd = UD×dc(ΣV

T )dc×hd = UD×dc

[
(B1)dc×d (B2)dc×d · · · (Bh)dc×d

]
(5.8)

where (Bi)dc×d is the i-th block in the matrix (ΣV T )dc×hd. After multiplication with X , the

dimension of the value cache shrinks from hd to dc, thus reducing memory consumption.

In contrast to the key matrix operation, we incorporate UD×dc to the output matrix. To
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achieve this, we update the output matrix Wo ∈ RD×D as follows:

Wo′ = (U⊤)dc×D(Wo)D×D, (5.9)

resulting in an updated output matrix Wo′ ∈ Rdc×D.

Compression Ratio: The compression strategy effectively reduces the dimensions from

N × d × h for both keys and values to N × dc, ensuring data integrity and minimizing

overhead. This results in a layer compression ratio ρ = dc
h×d , which quantifies the extent of

the reduction.

5.4.2 Progressive Compression Strategy

Algorithm 3 LORC Algorithm
Require: Pre-trained LLM with L layers

1: Initialize cumulative condition numbers κ̃l

2: for l = L down to 1 do

3: Compute condition numbers κ(W l
k), κ(W

l
v) and set κ̃l ←

∏L
j=l κ(W

j
k ) · κ(W j

v )

4: end for

5: for l = 1 to L do

6: Compute compression dimension dlc using Equation 5.13

7: if κ̃l > threshold then

8: Skip compression for layer l and continue

9: end if

10: Key Matrix Compression: Perform SVD: W l
k = UkΣkV

T
k

11: Set W̃ l
k ← Uk[:, : d

l
c](ΣkV

T
k )[: dlc, :] and W l

q′ ←W l
qUk[:, : d

l
c]

12: Value Matrix Compression: Perform SVD: W l
v = UvΣvV

T
v

13: Set W̃ l
v ← Uv[:, : d

l
c](ΣvV

T
v )[: dlc, :] and W l

o′ ← Uv[:, : d
l
c]
TW l

o

14: Update KV cache size for layer l

15: end for

Having established low-rank approximation for compressing weight matrices, we now

address its dynamic application across network layers. This approach is necessary due to
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the varying sensitivity of different layers, which significantly affects overall model efficacy

and efficiency.

To tackle this challenge, we propose a progressive compression strategy for our low-rank

approximation of KV weight matrices. Our intuition is that the compressed shallow layers

could lead to cascading errors that propagate and amplify through the network. Therefore,

we measure the layer sensitivity by the condition numbers of KV matrices to determine

layer-wise compression dimensions. This approach accounts for each layer’s sensitivity to

perturbations caused by previously compressed layers, ensuring output variations remain

within acceptable ranges.

This progressive nature allows for more conservative compression in shallow layers and

more aggressive compression in deeper layers, minimizing the risk of error accumulation

throughout the network.

By carefully balancing compression across layers, we maintain model integrity while

achieving significant memory savings.

Condition Number and Sensitivity Analysis To ensure that the change in the output

bl = Alxl remains within a specified range when the input xl changes due to compression

in previous layers, we need to consider the sensitivity of the output to such changes. Given

a weight matrix Al, its condition number plays a crucial role in determining the allowable

change in xl. The condition number κ(Al) is defined as:

κ(Al) = |Al|2 · |A−1
l |2 =

σmax(Al)

σmin(Al)
, (5.10)

where σmax(Al) and σmin(Al) are the largest and smallest singular values of Al, respectively.

To keep the relative change in the output bl within a tolerance ϵ, we utilize the standard

definition of the condition number to relate it to the allowable relative change in the input xl:

|∆bl|2
|bl|2

≤ κ(Al) ·
|∆xl|2
|xl|2

≤ ϵ. (5.11)
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Solving for the allowable relative change in xl, we obtain: |∆xl|2
|xl|2

≤ ϵ
κ(Al)

. This inequality

indicates that the acceptable change in the input xl is inversely proportional to the condition

number κ(Al) of the layer’s weight matrix. Layers with higher condition numbers are

more sensitive to input perturbations, requiring smaller changes in xl to maintain the output

within the desired range. Given the multi-layer structure of transformers, it is essential to

consider not just the condition number of a single layer but the cumulative effect of condition

numbers from all preceding layers. This cumulative measure gives a more holistic view of

how perturbations might propagate and amplify as data passes through successive layers.

Cumulative Condition Number: To effectively manage this across the network, we

calculate the cumulative condition number as an estimated layer sensitivity, which we then

use to derive the compression dimension. For a model with L layers, we calculate the

cumulative condition number for each layer l by multiplying the condition numbers of the

current layer and all subsequent layers:

κ̃l =
L∏
j=l

κ(W j
k ) · κ(W

j
v ), (5.12)

where W j
k and W j

v denote the key and value weight matrices of the j-th layer, respectively.

This cumulative condition number κ̃l reflects the total amplification of input perturbations

from current layer to the final output layer, encompassing the effects of layers from l to L.

Compression Dimension: Based on the cumulative condition number, we then adjust

the compression dimensions for each layer to balance the fidelity and compression rate.

More sensitive layers (those with higher cumulative condition numbers) will have less

aggressive compression to preserve information, whereas layers with lower sensitivity

can be compressed more substantially without significantly affecting the overall network

performance. We compute the compressed dimension dlc for each layer by scaling κ̃l using
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the following function:

dlc = dmax ×
[
1−

(
maxi∈[1:L] log(κ̃i)− log(κ̃l)

maxi∈[1:L] log(κ̃i)−mini∈[1:L] log(κ̃i)

)
×
(
1− dmin

dmax

)]
, (5.13)

where dmax is the maximum allowable compressed dimension, and dmin is the minimum one.

The logarithmic scale mitigates the effect of large variations in the cumulative condition

numbers, providing a more balanced sensitivity metric across layers. This equation ensures

that layers with higher sensitivity (larger κ̃l) retain more dimensions (larger dl), while less

sensitive layers can be compressed more aggressively.

5.4.3 Multi-head Attention and Group-query Attention

The above derivation in subsection 5.4.1 holds for standard MHA, where the model dimen-

sion D equals to the multiplication of number of head and head dimension h× d. For GQA,

the number of KV heads is reduced as shown in Table G.1. To adapt such implementation,

we can still follow the above procedure for cache compression. After fetching the key and

value from cache, we just need to repeat them according to the number of the total attention

heads.

5.5 Error Bounds for KV Cache Compression

In this section, we derive error bounds for our KV cache compression method, considering

both individual layer errors and their propagation through a deep network. These theoretical

results provide insights into how the matrix decomposition-based compression affects the

network’s performance and guide the progressive compression strategy to balance model

efficiency and performance.
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5.5.1 Error Bound for Key/Value Matrix Approximation

Theorem 2 Let W ∈ Rm×n be a weight matrix (either key or value), and let W̃ ∈ Rm×n

be its rank-k approximation obtained via truncated singular value decomposition (SVD).

For any input vector x ∈ Rn, the error introduced by the approximation is bounded by:

∥Wx− W̃x∥2 ≤ σk+1∥x∥2, (5.14)

where σk+1 is the (k + 1)-th singular value of W .

The proof is provided in subsection F.1.1. This theorem quantifies the error introduced at

a single layer due to compressing the weight matrix. The bound indicates that the error is

directly proportional to the (k + 1)-th singular value of W and the norm of the input vector

x. Larger singular values correspond to directions of significant variance in the data, so

truncating smaller singular values (which represent less significant features) minimizes the

error introduced by compression.

5.5.2 Single Layer Error Bound Including Nonlinearities

We now extend the analysis to include the effect of nonlinearities within a single layer. We

derive an error bound that accounts for both the approximation of the weight matrix and

the layer’s nonlinear activation function. For simplicity, we analyze the error introduced by

compressing each weight matrix (key or value) individually.

Theorem 3 Consider a single layer applying a linear transformation W followed by a

nonlinearity ϕ with Lipschitz constant Lϕ. Let W̃ be the compressed version of W obtained

via truncated SVD with rank k. For any input vector x ∈ Rn, the error at the output of the

layer is bounded by: ∣∣∣ϕ(Wx)− ϕ(W̃x)
∣∣∣ ≤ Lϕσk+1∥x∥2. (5.15)
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The proof is straightforward by using Theorem 1 and the Lipschitz property of ϕ, we present

it as the base case in the proof of Theorem 3, which is detailed in subsection F.1.2.

This theorem shows that the error introduced by the compressed weight matrix propa-

gates through the nonlinearity, scaled by the Lipschitz constant of the activation function.

While considering both matrices simultaneously complicates the bounds due to their inter-

actions within the attention mechanism, it is still feasible to derive combined error bounds

because the attention mechanism allows us to mathematically bound these interactions. The

total error due to simultaneous compression can be bounded by the sum of their individual

approximation errors, scaled by a constant. However, for simplicity and clarity in the

following derivation, we use the simplified version that considers each matrix individually.

5.5.3 Error Propagation Bound

Theorem 4 Consider an L-layer network where each layer i applies a linear transformation

Wi followed by a nonlinearity ϕ with Lipschitz constant Lϕ. Let W̃i be the compressed

version of Wi obtained via truncated SVD with rank ki. The error at the output of the

network is bounded by:

∥xL − x̃L∥2 ≤
L∑
i=1

(
σ
(i)
ki+1L

L−i
ϕ

L∏
j=i+1

∥Wj∥2

)
, (5.16)

where xL and x̃L are the outputs of the original and compressed networks, respectively;

σ
(i)
ki+1 is the (ki + 1)-th singular value of Wi; ∥Wj∥2 denotes the spectral norm of Wj; and

Lϕ is the Lipschitz constant of the activation function ϕ.

We detail the proof in subsection F.1.2. Until now, we have established an upper bound

on the cumulative error at the network’s output due to compression of weight matrices

across multiple layers. It is important to note that the nonlinearities characterized by the

Lipschitz constant Lϕ represent a simplification. In practice, transformer models like LLaMA

incorporate complex nonlinear components, so the exact error propagation may deviate
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from this simplified bound due to intricate nonlinearities. Despite these complexities, the

theorem still offers insights into how compression errors may accumulate in deep networks.

Specifically, it reveals that errors introduced in earlier (shallower) layers are amplified

more significantly than those in deeper layers because they pass through more subsequent

transformations and nonlinearities.

This understanding supports our design of a progressive compression strategy, where we

compress shallow layers less aggressively than deeper ones. By preserving more information

in the early layers (i.e., retaining more singular values), we minimize the initial errors that

could be significantly amplified throughout the network. This approach helps maintain

overall model performance while still achieving substantial compression in deeper layers,

where the impact on the final output is less pronounced due to reduced error amplification.

5.6 Experiment

5.6.1 Models

We conduct experiments using two attention mechanisms, Multi-Head Attention (MHA)

[143] and Graph Query Attention (GQA) [145], across three models: LLaMA-2-13B,

LLaMA-3-Instruct-8B, and LLaMA-3-Instruct-70B. The LLaMA-2 family incorporates the

MHA mechanism, while the LLaMA-3 family is based on the GQA framework. We list

the model specifications in Table Table G.1. Note that for the models based on MHA, the

number of KV heads is equal to the number of attention heads, so the weight matrices of KV

are square matrices. The models based on GQA use an intermediate number of key-value

heads to group the query heads, with an adjustment on the shape of KV weight matrices.

5.6.2 Implementation Details

In practice, we set thresholds to exclude compression on layers with high cumulative

condition numbers: 30 for LLaMA-3-Instruct-8B, and 90 for LLaMA-2-13B and LLaMA-

3-Instruct-70B. The dmax equals to the original head dimension, while dmin varies based
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on the target compression ratio. For baseline methods, we have the same refrained layers

while applying the uniform compression ratios across compressed layers instead of using a

progressive compression strategy.

5.6.3 Dataset

We follow [142] to evaluate our methods on the following tasks: BoolQ [136] for reading

comprehension, XSum [162] for text summarization. Openbook QA [163] for com-

monsense reasoning, and GSM8K [164] for mathematical reasoning. We use ROUGE

score [165] as the evaluation metric for XSum and accuracy for the other tasks. We report

2-shot results for LLaMA-2 models on BoolQ, and 0-shot results for other settings.

5.6.4 Main Results
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Figure 5.2: Performance of KV cache compression on LLaMA models. LORC compresses
the KV weights with a progressive strategy, while the baselines compress each layer with the
same ratio. The horizontal dashed line indicates the performance with a full-cache model.

Figure 5.2 presents our main results on four datasets with different KV cache budgets.

Compared to the full-cache model, LORC achieves on-par performance with a significant
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compression ratio, and the performance degradation is still nearly negligible with a 60%

compression ratio on most datasets. When slightly compressed, LORC could even enhance

model performance in some cases. Note that our method requires no model training or

model profiling, the only efforts are SVD on weight matrices which requires minimal

computational cost compared to the LLM inference. Such plug-and-play merits make our

method easily integrable in resource-constrained environments, enabling efficient model

deployment with limited KV cache budgets.

In Figure 5.2, one interesting observation is that in some cases the model with a com-

pressed KV cache leads to better performance. Particularly, on the GSM8K dataset, per-

forming KV cache compression leads to more than 10% performance improvement. This

phenomenon aligns with findings reported in the literature [151]. Also, similar effects have

been documented in the context of improving reasoning by applying low-rank decomposi-

tion on the MLP layers [166]. We believe this phenomenon demonstrates the feasibility of

conducting task-specific profiling for better performance, or adapting our proposed method

in model finetuning.

5.6.5 Single Layer Profiling
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Figure 5.3: Single-layer compression results. This
experiment uses LLaMA-3-Instruct-8B on the Open-
BookQA dataset.

To investigate the impact of com-

pression at different layers, we

conduct experiments on single-

layer compression as shown in

Fig. Figure 5.3. We use LLaMA-3-

Instruct-8B on OpenBook QA for

this experiment. The original di-

mension of the KV head is 1024, and we select compression dimensions from [256, 384, 512]

to compress each single layer while keeping all other layers untouched.

Figure 5.3 shows clear layer-specific variability, indicating that some layers are more
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susceptible to compression than others, particularly in the shallow layers. It is observed

that the deep layers (i.e., layers 15–31 of the 32-layer LLaMA-3-Instruct 8B model),

despite the reduction in dimensions, maintain performance closely approaching the full

KV Cache baseline. This suggests that these layers can sustain robust performance even

when subjected to significant parameter reduction. This finding supports our progressive

compression strategy for optimizing model efficiency without significantly compromising

the model’s effectiveness.

5.6.6 Curse of shallow layers

Table 5.1: Performance comparison between compression on shallow layers and deep layers
on OpenBookQA. For our progressive compression strategy, we report the performance at the
60% overall compression ratio. For layer-0 compression and shallow blocks compression,
we use a 50% layer compression ratio within the chosen strategy. Hence, the overall
compression ratio is 98.44% for the layer-0 compression, and 93.75% for the shallow blocks
compression.

Model Baseline Ours Layer 0 Shallow Blocks (1/8)

LLaMA-2-13b 76.6 77.4 (↑ 0.8) 77.2 (↑ 0.6) 74.8 (↓ 1.8)
LLaMA-3-Instruct-8b 78.0 77.4 (↓ 0.6) 67.2 (↓ 10.8) 61.4 (↓ 16.6)

LLaMA-3-Instruct-70b 91.2 91.2 (↑ 0.0) 84.2 (↓ 7.0) 23.2 (↓ 68.0)

To validate the intuition of the progressive compression strategy that the noise caused

by shallow compressed layers will be amplified more after propagation, we compare it to

compressing the first layer and the shallow blocks (i.e., the first 1/8 layers in a model) on 3

LLaMA models.

Table 5.1 shows how the compressed shallow layers impact the model performance,

taking the baseline full-cache model and our method as reference. The results indicate that

compressing only the first layer can lead to a performance decline, with reductions ranging

from minimal to moderate. For instance, the LLaMA-3-70B gives a 7.0% decrease, while

the LLaMA-3-Instruct-8b shows a more substantial drop of 10.8%. When compressing

the shallow blocks, the impact is more pronounced. The LLaMA-3-Instruct-8B suffers a

16.6% reduction. Notably, the LLaMA-3-Instruct-70b model shows a drastic 68.0% decline,
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highlighting a significant sensitivity to shallow layer compression.

These findings underscore the importance of careful layer selection in compression

strategies and validate the effectiveness of our progressive compression method, as the

choice of layer to compress can have a substantial impact on model performance, particularly

in larger or more complex models.

5.6.7 Memory footprint reduction analysis

Table 5.2: Summary of Model Sizes, KV cache usage and performance drop. Experiments
were conducted with a batch size of 64 and a sequence length of 2048 for all models.

Model KV Cache Average Performance Drop

Full dim dim_c Ours Compression Ratio

LLaMA-2-13B 50G 5120 2048 27.5G 55% 0.47%
LLaMA-3-8B 8G 1024 512 4.8G 60% 0.92%
LLaMA-3-70B 20G 1024 512 11G 55% 0.22%

We report the memory footprint reduction in Table 5.2. By controlling the performance

drop averaged on the four tasks less than 1%, we can achieve a considerable compression

ratio from 55%-60%. For the LLaMA-3 models in which the GQA has already been

employed to save the KV cache, we further achieve a significant compression ratio. Note

that we have excluded the GSM8k results for the performance drop calculation for a fair

comparison.

5.7 Conclusions

In conclusion, we proposed LORC, a novel approach to KV cache compression that cap-

italizes on the inherent low-rank properties of weight matrices. Our method employs a

progressive layer-wise compression strategy, implementing a post-hoc low-rank approxi-

mation to circumvent the complexities and limitations associated with token-level eviction

strategies and model retraining. Moreover, we provide theoretical analysis, deriving error

bounds for layer compression and error propagation in deep networks, supporting our design
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of progressive compression strategy. This theoretically grounded and universally applicable

approach preserves model integrity and performance across diverse tasks, attention mecha-

nisms, and model scales. Our comprehensive experimental results demonstrate that LORC

significantly reduces GPU memory requirements while minimally impacting performance.

This approach offers a robust and efficient solution of KV cache compression, without

requiring attention pattern analysis or model tuning.
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APPENDIX A

IMPLEMENTATION DETAILS OF PRBOOST

A.1 Dataset Details

Weak sources For each dataset above, we have an existing weak source that uses labeling

rules to generate weakly labeled data.

1. TACRED: We use the rules in [10] for the relation extraction task. Their rules are in the

form of relation phrases, which include the entity pair and a keyword.

2. DBPedia: We use the keywords provided in [8] as the labeling rules. Such keywords are

indicative to the categories, where the words for the same category have close semantics.

3. AGNews, ChemProt: We use the rules in [20] as the labeling fucntions. They also extract

lexical patterns for weak supervision.

Table A.1: More rule examples on the text classification dataset AG News and the relation
extraction dataset TACRED.

Rule Label

If [Mask] prediction is in {Economic, Deal, Business, Market} Business
If [Mask] prediction is in {Microsoft, Tech, Software} Sci/Tech
If [Mask] prediction is in {African, Global, World} World
If [Mask] prediction is in {NFL, Sports, Team, Football} Sports

If entity pair == (Organization, Organization) and [Mask] prediction is in {formerly, called, aka} org:alternate_names
If entity pair == (Person, Organization) and [Mask] prediction is in {founded, established, started} org:founded_by
If entity pair == (Person, Title) and [Mask] prediction is in {president, head, chairman, director} org:top_members
If entity pair == (Person, City) and [Mask] prediction is in {moved to, lived in, grew in} per:city_of_residence

Table A.2: Dataset statistics.

Dataset Task Domain # Class # Train # Test

TACRED Relation Extraction Web Text 41 68,124 15,509
DBPedia Ontology Classification Wikipedia Text 14 560,000 70,000
Chemprot Chemical-protein Interaction Prediction Biology 10 5,400 1,400
AG News News Topic Classification News 4 120,000 7,600
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A.2 Hyper-parameters

We show the hyper-parameter configuration in Table A.3. We search the batch size in

{8, 16, 32, 64, 128}, AND the coefficient α between [0, 1] with an interval of 0.25. For the

optimizer, we use AdamW [167] and choose learning rate from {5×10−6, 1×10−5, 2×10−5}.

We keep the number of iterations as 10 for all the tasks and show the top-10 candidate rules

to solicit human feedback. ChemProt is a special case where we present the top-20 candidate

rules, because this task is more domain-specific than the others, and the involved human

annotators have no relevant domain background.

Table A.3: Hyper-parameter configurations.

Hyper-parameter TACRED DBpedia ChemProt AG News
Maximum Tokens 128 256 512 128

Batch Size 32 32 8 32
Learning Rate 2× 10−5 10−5 10−5 10−5

Dropout Rate 0.2 0.1 0.1 0.1
# Iterations 10 10 10 10

α 0.5 0.25 0.5 0.25
k 10 10 20 10

A.3 Computational Setting

We test our code on the System Ubuntu 18.04.4 LTS with CPU: Intel(R) Xeon(R) Silver

4214 CPU @ 2.20GHz and GPU: NVIDIA GeForce RTX 2080. We implement our method

using Python 3.6 and PyTorch 1.2 [168].

A.4 Model Ensemble

In practice, we keep αt for each weak model as same during the model ensemble. Equa-

tion 2.11 weights each weak model mt by a computed coefficient αt. Intuitively, the weak

model mt with higher αt impacts the ensemble results more. This paradigm is proved
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to be effective under fully-supervised settings, but we found it is not directly applicable

in WSL. Since we initialize a model m0 on the given weak source and it can achieve a

relatively strong performance (much better than random guess), i.e., the error rate err0 is

low. It makes a high α0 based on Equation 2.2, so the initialized model will dominate the

following prediction, thus limiting the effectiveness of the model ensemble. Therefore,

we assign the same weight to each weak model but still follow the design of identifying

large-error instances. This is reasonable as the weight wi computed by Equation 2.1 still

reflects the model weakness and can guide the rule proposal. By discovering rules based on

the large-error instances, we iteratively complement the feature regimes through the model

training on rule-matched data and strengthen the ensemble model.
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APPENDIX B

ADDITIONAL RESULTS OF PRBOOST

B.1 Interactive Baselines and User Study

For interactive learning, we include three baseline methods: the interactive weak supervision

(IWS) framework [18], the most recent active learning (AL) method CAL [27], and an

entropy-based AL method. Our objectives are: (1) to compare the annotation costs associated

with rule-level and instance-level annotations; and (2) to evaluate model performance under

identical annotation budgets.

Since IWS was originally designed for binary classification tasks, we modify its imple-

mentation for multi-class tasks by integrating predictions from multiple binary classifiers.

Specifically, we obtain predicted probabilities across all categories from each binary classi-

fier and then select the category with the highest probability as the final prediction. This

approach becomes computationally expensive when the number of categories increases, as

training multiple classifiers requires significant time. Therefore, we evaluate IWS only on

the AG News dataset, which contains four categories.
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Figure B.1: Annotation cost of interactive methods measured by annotation time on AGNews.
Both and IWS use rule-level annotation, while AL baselines use instance-level annotation.

To comprehensively assess annotation costs, we conducted a user study involving three
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human annotators participating in a 10-iteration annotation experiment. In each iteration,

annotators reviewed 100 candidate rules, providing binary decisions regarding their validity.

We recorded the annotation time for each iteration and calculated the average annotation

duration. Results comparing annotation times of interactive methods are presented in

subsection 2.5.3 and detailed further in Figure Figure B.1. Both our proposed method

and IWS utilize rule-level annotations, whereas the AL baselines employ instance-level

annotations.

Additionally, we measured inter-annotator agreement for rule-level annotations using

Fleiss’ kappa (κ), defined as:

κ =
P̄ − P̄e
1− P̄e

, (B.1)

where P̄ represents the observed agreement across annotators, and P̄e denotes the expected

agreement calculated based on category assignments. As reported in subsection 2.5.3, the

annotators demonstrated substantial agreement in rule-level annotations.

Finally, we generated candidate rules from publicly available pre-trained language

models (PLMs) and public datasets. We do not anticipate that the rule-level annotation

process will amplify existing biases in the original data or introduce ethical concerns or

negative social impacts.
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APPENDIX C

IMPLEMENTATION DETAILS OF PTLOSS

C.0.1 Dataset Statistics

We list the dataset statistics in Table C.1.

C.0.2 Hyper-parameters

We list the search range of hyperparamters in Table C.2. The search for batch size and

learning rate is applied to all the methods. And for each baseline, we search for the best

baseline-specific hyper-parameters.

C.0.3 Search Time of Perturbation Coefficients

For each perturbation order, we randomly sample 100 coefficient sets from [−1, 10] and

find the best set that has the lowest risk deviation gap according to Equation 4.20 with 1000

validation examples. The whole process takes less than two minutes on CPU with 64G

memory.
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Table C.1: Dataset Statistics

Dataset Task Train Distillation Dev Test

CoLA Linguistic Acceptability 8.5k 8.5k 3k 1k
MNLI Natural Language Inference 58.9k 314k 19.6k 9.8k
MRPC Paraphrase Similarity Matching 3.7k 3.7k 1k 1.7k
RTE Textual Entailment Inference 2.5k 2.5k 0.8k 3k

SST-2 Sentiment Analysis 6.7k 53.8k 6.7k 872
BoolQ Boolean Question Answering 2.5k 5.9k 1k 3.2k

Table C.2: The search range of hyper-parameters.

Hyper-parameter Search Range

Learning Rate {2, 3, 5} × 10−5

Batch Size {8, 16, 32, 64, 128, 256}
Temperature T {0.1, 0.2, 0.5, 1.0, 2.0, 5.0, 10}

Label Smoothing δ {0.02, 0.05, 0.1, 0.15, 0.2}
Focal Loss τ {0.1, 0.2, 0.5, 1, 2.0, 5.0}
Random ϵc,m [−1, 10]
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APPENDIX D

PROOFS OF PTLOSS

Theorem 1 states that given a teacher model pt, an unlabeled distillation dataset Du with an

unknown true distribution p∗, we have for any probability predictor p : X → RC :

E
[
(R̃KL(p;p

t,Du)−R(p))2
]
≤ 2

Nu
· V
[
pt(x)T log(p(x))

]
+

O
((

Ex
[
∥pt(x)− p∗(x)∥2

])2
+

Ex
[(
pt(x)T logpt(x)

)2])
,

where V[·] denotes the variance of a random variable.

We first rewrite the population risk R(p) with cross-entropy loss lCE plugged in as

follow:
R(p) = E(x,y)[ℓ(y,p(x))]

= Ex[Ey|x[ℓ(y,p(x))]]

= Ex[p∗(x)T (− log(p(x)))].

(D.1)

Then, we write out the distillation empirical distillation risk defined in Equation 4.3 and

have:

R̃KL(p;p
t,Du)−R(p) =

1

Nu

Nu∑
n=1

pt(xn)
T (− log(p(xn)))

+
1

Nu

Nu∑
n=1

pt(xn)
T log(pt(xn))− Ex[p∗(x)T (− log(p(x)))].

(D.2)

We let

∆
.
=

1

Nu

Nu∑
n=1

pt(xn)
T (− log(p(xn)))− Ex[p∗(x)T (− log(p(x)))],

and

H
.
=

1

Nu

Nu∑
n=1

pt(xn)
T log(pt(xn)),
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then
E
[
(R̃KL(p;p

t,Du)−R(p))2
]
= E

[
(∆ +H)2

]
≤ 2E

[
∆2
]
+ 2E

[
H2
]

= 2V [∆] + 2E [∆]2 + 2E
[
H2
] (D.3)

where the second line is by the inequality (a+b)2 ≤ 2a2+2b2 and the linearity of expectation,

and the third line is by E [∆2] = V [∆] + E [∆]2. Observe that

E [∆] = Ex
[
(pt(x)− p∗(x))T (− log(pt(xn)))

]
≤ Ex

[
∥pt(x)− p∗(x)∥2 · ∥ log(pt(xn))∥2

]
≤ Ex

[
∥pt(x)− p∗(x)∥2 · c1 · ∥ log(pt(xn))∥∞

]
≤ c2Ex

[
∥pt(x)− p∗(x)∥2

]
,

(D.4)

where the second line is by the Cauchy-Schwartz inequality, the third line is by the equiv-

alence of norms with a constant c1, and the last line is by the boundedness of the log loss

term1.

Furthermore, we notice the R(p) term in the above ∆ is a constant and thus have:

V [∆] = V
[
R̃KL(p;p

t,Du)
]
=

1

Nu

· V
[
pt(x)T (− log(p(x)))

]
=

1

Nu

· V
[
pt(x)T log(p(x))

]
,

(D.5)

where the last equation comes from V[aX + b] = a2V[X].

Finally, we plug in Eqs (Equation D.4)(Equation D.5) and the definition of H into

Eq. (Equation D.3) and complete the proof.

1This is a common assumption defined in previous literature such as (Boucheron et al. [169], Theorem 4.1;
Menon et al. [105], Proposition 2) and can be achieved easily in practice with regularization techniques.
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APPENDIX E

CONNECTIONS BETWEEN PTLOSS AND OTHER PERTURBATION METHODS

In subsection 4.5.1, we have presented the connection between PTLoss and other perturba-

tion methods. The connection between PTLoss and the standard KL loss is direct, and it has

been clearly presented how PTLoss subsumes the focal loss. Now we detail the derivation

of the connection between PTLoss and temperature scaling and label smoothing here.

Temperature Scaling. We compare PTLoss with temperature scaling and claim that

PTLoss subsumes it with appropriate approximation. As described in [104], the logits are

adjusted by a temperature to control sharpness or smoothness of the probability distribution.

p0,τ =
exp(z0/τ)

exp(z0/τ) + exp(z1/τ)
, (E.1)

where τ is the temperature and zc is the logits. Here we use binary classification (i.e.,

c = 0, 1) for the derivation simplicity without loss of generality. Denote the probability

without temperature scaling as p0, we have

p0,τ

p0

=
exp(z0/τ)

exp(z0/τ) + exp(z1/τ)
× exp(z0) + exp(z1)

exp(z0)

=
1 + exp(z1 − z0)

1 + exp( z1−z0
τ

)
.

(E.2)

In practice, we have

1 + exp(z1 − z0)

1 + exp( z1−z0
τ

)
≈ 1 or

exp(z1 − z0)

exp( z1−z0
τ

)
(E.3)
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because |z1 − z0| ≫ 0. Then we have

p0,τ ≈ p0 or
exp(z1 − z0)

exp( z1−z0
τ

)
p0. (E.4)

For the first case where p0,τ ≈ p0, we omit the discussion as it aligns with the standard KL

loss. For the second case, we proceed to draw its connection with PTLoss as follows. We

denote ptτ,c, p
s
τ,c as the teacher, student probability scaled by temperature τ . Incorporating

temperature scaling, the KL loss can be formulated as:

ℓtempKL

(
ptτ ,p

s
τ

)
= −H

(
ptτ
)
+
∑
c∈[C]

ptτ,c · (− logpsτ,c), (E.5)

Substituting ptτ,c and psτ,c in Equation E.5 using Equation E.4, we obtain

ℓtempKL

(
ptτ ,p

s
τ

)
= −H

(
ptτ
)
+
∑
c∈[C]

a · ptc · [− log(b · psc)], (E.6)

where a = exp(zt1 − zt0)/exp(
zt1−zt0
τ

), and b = exp(zs1 − zs0)/exp(
zs1−zs0
τ

).

Comparing above Equation E.6 with Equation 4.5, we can set

∞∑
m=1

(
1

m
+ ϵc,m) · (1− psc)

m = a[
∞∑
m=1

1

m
· (1− psc)

m +
∞∑
m=1

1

m
· (1− b)m]. (E.7)

It leads to

ϵc,m =
a

m
· (1 + (

1− b

1− psc
)m)− 1

m
, (E.8)

which indicates PTLoss can encompass the temperature-scaled distillation loss by setting a

group of appropriate perturbation coefficients.

Label Smoothing. We compare PTLoss with the label smoothing method and claim

that label smoothing proposed in [110] is a special case of PTLoss. According to the
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implementation in [110], we can smooth the teacher labels in KD by

ptlsc = (1− δ)ptc + δ/2, (E.9)

with a smoothing parameter δ. Starting from Equation 4.5, we can replace the term ptc by its

smooth version ptlsc . Then the original Equation 4.5 with label smoothing becomes:

ℓlsKL
(
pt,ps

)
= −H

(
ptls
)
+
∑
c∈[C]

ptlsc · (− logpsc) (E.10)

For the entropy of the teacher output, the smooth version H (ptls) is different from the

original H (pt) with only a constant C, which can be ignored when optimizing the loss

function. We introduce ∆ptc = δ/2 − δptc and replace all the ptlsc in Equation E.10 by

ptlsc = ptc +∆ptc, then we get:

ℓlsKL
(
pt,ps

)
= −H

(
ptls
)
+
∑
c∈[C]

(ptc +∆ptc) · (− logpsc) (E.11)

Similarly, we let ℓlsKL (p
t,ps) = ℓPT (p

t,ps), it yields

∑
c∈[C]

(ptc +∆ptc)
∞∑
m=1

1

m
· (1− psc)

m =
∑
c∈[C]

ptc

∞∑
m=1

(
1

m
+ ϵc,m) · (1− psc)

m. (E.12)

We obtain

ϵc,m =
∆ptc
mptc

∆pt
c=δ/2−δpt

c−−−−−−−−−−−→ ϵc,m =
δ

m
(
1

2ptc
− 1). (E.13)

In summary, the connection between the two losses can be expressed through a specific ϵc,m,

which depends on the smoothing parameter δ. This derivation highlights that PTLoss gener-

alizes the label smoothing method and provides a more flexible framework that encompasses

the effects of label smoothing.
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APPENDIX F

PROOFS OF LORC

F.1 Detailed Proofs

F.1.1 Proof of Theorem 2

The proof of Theorem 2 is presented here for completeness.

Proof.

Let W = UΣV ⊤ be the full SVD of W , where U ∈ Rm×m and V ∈ Rn×n are orthogonal

matrices, and Σ = diag(σ1, . . . , σn) with singular values σ1 ≥ σ2 ≥ · · · ≥ σn ≥ 0.

The rank-k approximation W̃ is given by:

W̃ = UkΣkV
⊤
k ,

where Uk, Σk, and Vk are truncated versions of U , Σ, and V , respectively, keeping only

the first k singular values and corresponding vectors.

We have:

∥Wx− W̃x∥2 = ∥(W − W̃ )x∥2

= ∥U(Σ− Σk)V
⊤x∥2

= ∥(Σ− Σk)V
⊤x∥2, since U is orthogonal

= ∥ diag(0, . . . , 0, σk+1, . . . , σn)V
⊤x∥2

≤ σk+1∥V ⊤x∥2

= σk+1∥x∥2, since V is orthogonal.
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□

F.1.2 Proof of Theorem 4

We present the proof of Theorem 4, including an adjustment for activation functions with

Lipschitz constant Lϕ.

Proof.

Let xi and x̃i denote the outputs of the i-th layer in the original and compressed networks,

respectively. We prove by induction that:

∥xi − x̃i∥2 ≤
i∑

s=1

(
σ
(s)
ks+1L

i−s
ϕ

i∏
j=s+1

∥Wj∥2

)
. (F.1)

Base Case (i = 1).

Using Theorem 2 and the Lipschitz property of ϕ:

∥x1 − x̃1∥2 = ∥ϕ(W1x0)− ϕ(W̃1x0)∥2

≤ Lϕ∥W1x0 − W̃1x0∥2

≤ Lϕσ
(1)
k1+1∥x0∥2.

Inductive Step.

Assume the inductive bound holds for layer i− 1. For layer i:

∥xi − x̃i∥2 = ∥ϕ(Wixi−1)− ϕ(W̃ix̃i−1)∥2

≤ Lϕ∥Wixi−1 − W̃ix̃i−1∥2

≤ Lϕ

(
∥Wi(xi−1 − x̃i−1)∥2 + ∥(Wi − W̃i)x̃i−1∥2

)
≤ Lϕ

(
∥Wi∥2∥xi−1 − x̃i−1∥2 + σ

(i)
ki+1∥x̃i−1∥2

)
.
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We can bound ∥x̃i−1∥2 using the triangle inequality:

∥x̃i−1∥2 ≤ ∥xi−1∥2 + ∥xi−1 − x̃i−1∥2.

Assuming that ∥xi−1∥2 is bounded (which is reasonable in practice due to normalization

techniques), and applying the inductive hypothesis, we can express ∥xi − x̃i∥2 in terms of

the accumulated errors up to layer i.

By recursively applying this inequality and summing over all layers, we obtain the bound

stated in Theorem 3.

□

F.1.3 Note on Activation Functions and the Lipschitz Constant

It is important to note that Theorem 3 assumes the activation function ϕ has a Lipschitz

constant Lϕ, which reflects how much the function can amplify differences in its input.

For activation functions like ReLU, which are 1-Lipschitz, the error bound simplifies and

indicates minimal error amplification through the activation layers.

However, the LLaMA model family uses activation functions such as SwiGLU and

GELU, whose derivatives can exceed 1, making them not 1-Lipschitz. For networks em-

ploying such activation functions, the error propagation bound in Theorem 2 is adjusted by

incorporating a Lipschitz constant Lϕ, which may be greater than 1. This adjustment ac-

counts for the potential additional error amplification introduced by the activation functions.
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APPENDIX G

ADDITIONAL RESULTS OF LORC

G.1 Reconstruction Error of Matrix SVD

Given a pre-trained LLM, we conduct layer-wise weight matrix decomposition and recon-

struction. We found that these matrices are low-rank and therefore can be reconstructed with

low-dimension matrices, resulting in minimal reconstruction error. It means instead complex

eviction policy design at the token level, we can turn to the attention level to develop a model

and task agnostic KV cache compression method. We present the relative reconstruction

error in Figure G.1, which is computed as below.

Given an original matrix A ∈ Rm×n and its reconstructed approximation Â obtained via

low-rank decomposition as Â = UrΣrV
⊤
r , the relative reconstruction error err is defined

as:

err =
∥A− Â∥F
∥A∥F

,

where ∥ · ∥F denotes the Frobenius norm, defined as ∥X∥F =
√∑

i,j X
2
ij .

Table G.1: Model Architectures.

Model Attention Layers Heads KV Heads Head Dimension Model Dimension Weight Shape
LLaMA-2-13B MHA 40 40 40 128 5120 5120 × 5120

LLaMA-3-Instruct-8B GQA 32 32 8 128 4096 4096 × 1024
LLaMA-3-Instruct-70B GQA 80 64 8 128 8192 8192 × 1024

G.2 Latency Analysis

The latency analysis is shown in Table Table G.2. Note that sensitivity calculation only takes

place once for a given model, and the SVD processing is a one-time implementation during

the model initialization stage. Such latency will not affect inference speed. Compared to the

whole inference duration, the latency incurred by these processes is negligible. For example,
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Figure G.1: Layerwise relative reconstruction errors. wkerr and wverr denote the rela-
tive difference between the original key/value matrices and their corresponding low-rank
approximations measured using the Frobinus norm. The compression ratio is computed
as r = dc

Nh×dh
, where Nh is the number of attention heads and dh, dc is the original and

compressed hidden dimensions respectively.

Table G.2: Latency analysis for sensitivity calculation and SVD processing.

Model Computing Resource Sensitivity Calculation (s) SVD Processing (s)

LLaMA-3-8B-Instruct NVIDIA H100 80GB HBM3 × 1 30.6 33.3
LLaMA-3-70B-Instruct NVIDIA H100 80GB HBM3 × 8 12.2 14.3

the LLaMA-3-70B-Instruct model requires approximately 1 hour and 8 minutes to process

1,000 summaries from the XSUM dataset with a batch size of 32 and a sequence length of

8,000. The combined latency introduced by sensitivity calculations and SVD processing

represents only 0.6% of the total inference time.

G.3 Throughput Analysis

Our method involves additional computations to recover the compressed cache and manage

RoPE. To address this, we developed a customized kernel that fuses cache reconstruction

and rotation operations. This approach minimizes memory transfers and computational

overhead, enhancing the overall throughput.

Following H2O [150], we conducted throughput experiments with fixed input and output

sequence lengths using the LLaMA-3-70B-Instruct model on a node equipped with eight

NVIDIA H100 80GB HBM3 GPUs. The results below indicate that our engineering efforts
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can streamline the attention computation with LoRC compression, thereby achieving higher

throughput compared to full cache scenarios.

Table G.3: Throughput of LLaMA-3-70B-Instruct with and without LoRC compression.

Input Length Output Length Batch Size Full Cache Throughput LoRC-60% Throughput Speedup

1024 2048 32 52.75 tokens/s 60.08 tokens/s × 1.14
1024 4096 32 78.66 tokens/s 98.74 tokens/s × 1.26

G.4 Comparison with Other KV Cache Compression Methods

We compare LORC with a token-eviction method – H2O [150] and a quantization method

– KIVI [170] in this section. We conduct experiments using LLaMA-3-8B-Instruct. For

H2O and LoRC, we keep the same 60% KV cache budget. For KIVI, we use the KIVI-4-bit

implementation. We evaluate accuracy on BoolQ and OpenBook QA, and Rouge-Lsum

for XSum. The results below show LoRC can preserve a better performance compared to

token-eviction and quantization methods when KV cache is aggressively compressed.

Table G.4: Performance comparison across different KV cache compression methods.

Method BoolQ XSum OpenBookQA

Full Cache 81.6 11.6 78.0
H2O [150] 76.4 10.5 75.1
KIVI [170] 77.6 10.3 74.8

LORC 79.2 11.2 75.7

For throughput comparison with the other methods, we use the metric seconds per

iteration (s/it) on XSum. We adhered to the same 60% KV cache budget for both H2O

and LoRC. In an effort to demonstrate compatibility with other KV cache compression

methods, we integrated LoRC with both H2O and standard 8-bit quantization. Specifically,

we allocated a 70% KV cache budget to LoRC and 85% to H2O, resulting in approximately

a 60% overall cache budget. A similar configuration was used for the combination of LoRC

with 8-bit quantization.
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Table G.5: Throughput and performance comparison of different methods..

Full Cache H2O KIVI LoRC LoRC w/ H2O LoRC w/ 8-bit

Performance 11.6 10.5 10.3 11.2 11.0 10.9
s/it 228.5 192.7 186.6 203.4 195.9 193.7

Our results show that LoRC achieves superior performance compared to existing com-

pression methods while maintaining competitive throughput. While the SVD-based com-

putations introduce some overhead, LoRC still has a higher throughput than its full cache

baseline because we deployed a customized kernel to streamline the attention computation.

It is important to note that our primary objective was not to develop a Pareto-optimal method

(simultaneously optimizing both performance and throughput), but rather to introduce an

orthogonal approach to KV cache compression and establish the progressive compression

strategy.

Additionally, the integration of LoRC with both token-eviction and quantization meth-

ods demonstrates its compatibility with existing compression methods. With only a slight

performance trade-off (11.0/10.9 vs 11.2), these hybrid configurations achieve better through-

put compared to using LoRC alone, which shows the potential of combining LoRC with

orthogonal compression approaches.

G.5 Enhancements in memory-constrained deployment scenarios

Table G.6: LLaMA-3-8B-Instruct model on a single GPU with 24GB memory.

Max Sequence Length Batch Size 8B w/ Full Cache 8B w/ LoRC-60%

2048 20 OOM 22.12 G

Table G.7: LLaMA-3-70B-Instruct model on 8 GPUs with 24GB memory.

Max Sequence Length Batch Size 70B w/ Full Cache 70B w/ LoRC-60%

2048 8 OOM 22.97 G
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LoRC demonstrates significant benefits in memory-constrained deployment scenarios.

To further validate this, we provide additional experiments here. These results demonstrate

that LoRC enables the deployment of models that would otherwise be impossible to run

with full KV cache on consumer GPUs.
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APPENDIX H

ADDITIONAL DISCUSSION OF LORC

H.1 Adjusted Position Embedding

[171] propose a rotary position embedding (RoPE) and it has been used in most recent

LLMs. Applying RoPE to self-attention gives

qTmkn = (Rd
Θ,mW

T
q xm)

T (Rd
Θ,nW

T
k xn) = xTWqR

d
Θ,n−mW

T
k xn, (H.1)

where Θ is a pre-defined rotary matrix, m and n denotes the token position. In practice,

the rotation matrix Rd
Θ,n−m is decomposed as (Rd

Θ,m)
T and Rd

Θ,n to rotate the query and

key separately, and the KV cache stores the rotated keys. To ensure that our compressed

keys are compatible with the rotary operation, we adjust the position embedding pipeline.

Specifically, we store the compressed keys X(ΣV ⊤)⊤D×dc in cache, while incorporating the

rotation and key projection into the query computation to streamline the process.

RoPE does bring additional computations to LoRC. To address this, we follow H2O [150]

and FastGen [151] to develop a customized kernel that fuses cache reconstruction and

rotation operations. This approach minimizes memory transfers and computational overhead,

enhancing the overall throughput.

Specifically, we leverage Triton [172] to implement a fused kernel that optimizes memory

access and computation. With this kernel, we are able to combine key reconstruction from

compressed representation and apply RoPE rotations on-the-fly. It also streamlines memory

access because the single data load from global memory for compressed keys requires

minimal data movement.

In a complete RoPE workflow, there are two stages:

• Caching: We project keys to low-rank space without position embedding and store
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only the compressed representation.

• Attention computation: Within the customized kernel, we load compressed keys into

shared memory, reconstruct and apply RoPE in a fused operation, and then compute

attention scores with position-aware keys.

With these engineering efforts, we achieve higher throughput compared to baseline configu-

rations.

H.2 Contrasting Sensitivity Trends Between Training-stage and Inference-stage Com-

pression

It is observed that the sensitivity trends are contrasting between training-stage compression

[173, 174, 175] and inference-stage compression (LORC). This is because forward propaga-

tion amplifies early-layer compression errors during inference, while backward propagation

amplifies later-layer compression effects during training.

To provide a detailed discussion, we can compare the error propagation mechanisms. In

our method, errors from compressed earlier layers propagate forward through the network.

As shown in our Theorem Theorem 4, the error at network output is bounded by Eq. Equa-

tion 5.16, where earlier layer errors get amplified more because they pass through more

subsequent transformations and nonlinearities.

For those training-stage compression methods as introduced in [4-6], their rationale is

that gradient errors propagate backward through the network. For example, DropBP [6]

measures the layer sensitivity by:

Sl =
∑
i

(
∥∇Wi∥2 − ∥∇W(l)

i ∥2
)2

where Sl denotes the sensitivity of the l-th layer. Here, ∇Wi represents the parameter

gradient of the i-th layer when no layers are dropped, while∇W(l)
i denotes the parameter

gradient of the i-th layer when the l-th layer is dropped during backward propagation. It
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shows that later layers have higher impact on gradients propagating backward to all previous

layers.
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APPENDIX I

IMPLEMENTATION DETAILS OF DORM

I.1 Dataset Statistics and Preprocessing

We evaluate our method on multiple preference datasets, each with distinct characteristics.

Table Table I.1 summarizes the dataset sizes and key attributes.

Table I.1: Summary of the preference datasets used in our experiments.

Dataset Number of Attributes Train Set Size Validation Set Size Annotation Type Primary Use

HelpSteer2 [84] 5 20k {0.7k, 1k, 2k} Human-annotated General alignment
OpenAssistant2 [90] 4 {5k, 20k} {0.7k, 1k, 2k} Human-annotated Assistant-style conversations
Magpie-QWen-2.5 [91] 1 {10k, 32k} {0.7k, 1k, 2k} Synthetic Fine-tuning
OffsetBias [92] 1 {10k, 16k} {0.7k, 1k, 2k} Human-annotated Bias mitigation
WildGuard [93] 1 {5k, 12k} {0.7k, 1k, 2k} Adversarial Safety evaluation

Normalization of Rating Scales. These datasets use varying rating scales, which can

introduce inconsistencies in preference modeling. For instance, HelpSteer2 employs a

scale of 0-4, whereas other datasets use binary or continuous scores in different ranges. To

standardize these ratings, we apply a linear transformation to convert all scores to a common

0-4 scale. Binary labels are mapped such that the preferred response corresponds to 4 and

the non-preferred to 0.

Merging Reward Attributes. Some datasets contain overlapping but non-identical pref-

erence objectives. Since these datasets follow different annotation rubrics and evaluation

protocols, we adopt the approach of [98] and treat such objectives separately to maintain con-

sistency. This ensures that preference signals remain distinct, preventing biases introduced

by differing annotation standards. As a result, our reward model incorporates a 12-attribute

head.

These preprocessing steps ensure that our dataset is well-structured for reward modeling

and policy optimization, reducing the impact of inconsistencies across different sources.
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Table I.2: Models and their corresponding training dataset sizes.

Model Number of Training Data RewardBench Overall Score

Llama3-70B-SteerLM-RM [84] 20k 88.8
URM-Llama3-8B [75] 20k 89.9
ArmoRM-Llama3-8B-v0.1 [98] † 585.4k 90.4
Pair-preference-model-LLaMA3-8B [63] † 585.4k 87.1
Internlm2-20B-reward [99] † 2.4 million 90.2
DORM 50k 90.5

I.2 Training Recipe Comparison

Table Table I.2 presents the training data sizes of baseline models in our main experiments.

achieves strong performance on RewardBench while using only 50k training data (with

5k validation set), which is 10× less than ArmoRM-Llama3-8B-v0.1 and Pair-preference-

model-LLama3-8B, and 40× less than Internlm2-20B-reward. Despite the significantly

smaller dataset size, our model attains a RewardBench overall score of 90.5, outperforming

models trained on substantially larger datasets.

This data efficiency stems from our quality-aware preference weighting strategy and

dynamic weighting in reward modeling. By prioritizing informative and reliable signals, our

method reduces reliance on large-scale preference data. Additionally, bilevel optimization

ensures effective use of high-value samples, mitigating performance degradation from noise

or redundancy. These techniques allow our model to achieve strong performance with

significantly fewer training samples.

I.3 Implementation Details

Reward Model Training. Our reward model is initialized with Mistral NeMo 12B-

Instruct [102] and fine-tuned using a 12-attribute head. Table Table I.3 outlines the hyperpa-

rameters used.

Bilevel Optimization. We initialize the proxy u0 from θ0, and initialize w0 being uniform.

The learning rate isηθ = ηu = 3e−6, ηw = 0.001 The coefficients are set to α = 10.0, β =
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Table I.3: Training hyperparameters for reward model fine-tuning.

Hyperparameter Value Notes

Reward Head Dimension 12 Correspond to Number of Reward Attributes
Batch Size 4 Per GPU
Learning Rate 3× 10−6 Cosine decay
Weight Decay 0.01 Applied to Adam optimizer
Betas 0.9, 0.98 Applied to Adam optimizer
Warm-up Steps 200 Cosine scheduler
Mixed Precision BF16 Reduces memory consumption
Number of Epochs 3 Maximum Training Epochs

1.0. We use Adam [176] as the optimizer for both levels.

The training is conducted on two nodes (16 A100-80G GPUs in total), and it takes about

10.4 hours for 3-epoch training. During inference, we implement a Bayesian hyperparameter

search to determine the projection vector λ on the validation set. This vector is used to

compute a weighted sum from the multi-attribute outputs of our reward model, enabling

evaluation against the binary labels of RewardBench.
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APPENDIX J

ADDITIONAL RESULTS OF DORM

J.1 Results with Different Data Size

We investigate the impact of the training/validation set size on model performance. Table Ta-

ble J.1 summarizes the results.

Table J.1: Effect of validation set size on model performance.

Training Size Validation Size Chat Chat Hard Reasoning Safety Overall

50k 3.5k 94.7 84.8 88.5 92.9 90.2
50k 5k 95.6 83.4 89.8 93.1 90.5
50k 10k 96.8 84.9 89.1 95.3 91.5

100k 3.5k 96.9 85.2 88.7 95.1 91.5
100k 5k 96.8 85.5 89.2 96.0 91.9
100k 10k 97.1 85.6 90.6 94.9 92.1

Larger validation sets improve model performance. As the validation set size increases

from 3.5k to 10k, the overall performance improves consistently across all training configu-

rations. For instance, with 50k training samples, expanding the validation set from 3.5k to

10k leads to an increase in the overall score from 90.2 to 91.5, with notable gains in safety

(92.9 to 95.3). This suggests that a larger validation set provides a more reliable signal for

optimizing data weights, contributing to better model performance.

Increased training data enhances robustness. Expanding the training set from 50k to

100k also yields consistent improvements in overall performance, particularly in safety and

reasoning. With a 10k validation set, the overall score increases from 91.5 (50k training) to

92.1 (100k training), while safety improves from 95.3 to 94.9. These results indicate that

additional training data strengthens the model’s ability to generalize across different tasks.
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J.2 Study on Uncertainty Measurement

In subsection 3.4.1, we use MC dropout for epistemic uncertainty estimation. Our method

is compatible with other uncertainty estimation techniques. We include sigmoid-based and

ensemble-based methods for comparison and illustrate our rational for using MC dropout.

Table J.2: Ablation study results on uncertainty-based weighting.

Method Chat Chat Hard Reasoning Safety Overall

Baseline 90.7 72.8 86.7 91.1 85.3
MC Dropout 91.9 77.0 85.2 91.6 86.4
Ensemble 87.7 74.6 89.8 92.5 86.1
Sigmoid 86.8 72.8 89.2 91.9 85.2

MC dropout achieves the highest overall score of 86.4, outperforming the baseline 85.3

and other uncertainty-estimation methods. It provides balanced improvements across all

tasks, particularly in chat hard +4.2 and chat +1.2. While ensemble-based estimation

achieves slightly better reasoning and safety scores, its overall performance remains lower.

MC dropout is also computationally efficient, requiring only stochastic forward passes

within a single model, whereas ensemble methods require multiple model instances. Al-

though the sigmoid-based approach is computationally lightweight, it does not provide

sufficient performance gains.

In summary, our method supports various uncertainty estimation techniques. MC dropout

is preferred due to its strong empirical performance and efficiency.

J.2.1 Why Epistemic Uncertainty and Disagreements Rather Than Aleatory Uncertainty?

In our quality estimation for the preference data, we consider uncertainty to identify which

data points are more informative for the reward model. There are two common forms of

uncertainty: epistemic and aleatory [86]. Epistemic uncertainty arises from the model’s lack

of knowledge about the underlying preference function, while aleatory uncertainty is related

to inherent randomness or noise in the data generation process. Our quality estimation
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focuses on epistemic uncertainty and disagreements rather than aleatory uncertainty for the

following reasons:

1. Epistemic uncertainty is reducible through data or model improvements: Epis-

temic uncertainty reflects gaps in the model’s current representation. If a data point causes

the model to be uncertain, it suggests the model does not fully understand the underlying

preference structure at that point. Prioritizing such data helps refine model parameters. In

contrast, aleatory uncertainty stems from inherent randomness and cannot be mitigated

through training.

2. Disagreements highlight label reliability issues: Discrepancies between model

predictions and labels indicate potential label noise or annotation errors. These disagree-

ments help us identify data that may be mislabeled or difficult for the model. Adjusting data

weights based on these disagreements allows the model to focus on data that can provide

more reliable learning signals.

3. Aleatory uncertainty does not provide actionable insights for weighting: Since

aleatory uncertainty persists regardless of training, incorporating it into data weighting does

not improve learning. Epistemic uncertainty and disagreements, however, offer actionable

insights for data selection and model refinement.

For these reasons, our quality estimation leverages epistemic uncertainty and disagree-

ments to guide the model toward more informative data, improving training efficiency and

alignment.
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