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Abstract

In recent years, the field of natural language processing (NLP) has undergone a significant
paradigm shift: researchers no longer train models from scratch but instead leverage large
language models (LLMs) to directly perform downstream tasks under few-shot settings.
To keep pace with the rapid advancements in LLM performance and to better understand
their capabilities, numerous evaluation benchmarks have been proposed. However, this
proliferation of benchmarks introduces new challenges: How can researchers develop a
comprehensive understanding of the boundaries of model capabilities across so many
benchmarks? How can they ensure the reliability of evaluation results?

This dissertation addresses these questions by exploring two key principles for evalua-
tion benchmark design: comprehensiveness and robustness. Comprehensiveness requires
benchmarks to provide a holistic assessment of different aspects of model capabilities,
while robustness emphasizes that evaluation results should remain stable and unaffected
by extraneous factors unrelated to the content being assessed. Based on these principles,
this dissertation first introduces CLEVA, a comprehensive evaluation platform for Chinese
LLMs. CLEVA is designed with an evaluation framework that spans 31 tasks and 9 major
metric dimensions, providing a multifaceted assessment of Chinese LLMs. Building on
this, the dissertation presents C2LEVA, which enhances the robustness of evaluation results
within the comprehensive framework of CLEVA. C2LEVA systematically addresses three
common factors that affect evaluation stability: format, language, and data contamination.

Furthermore, this dissertation demonstrates how insights gained from evaluation can be

translated into practical methodologies through three case studies from different research
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domains. In the task of knowledge-grounded conversation, it is observed that LLMs have
acquired commonsense and fact summarization abilities from pretraining. This insight
inspired the design of PLATO-KAG+, a dialogue system that leverages LLMs as a knowledge
base. In multi-hop reasoning, the research finds that the presence of irrelevant information
in the context significantly impairs the reasoning capabilities of LLMs. To address this,
reasoning with attribution is proposed, enabling LLMs to filter irrelevant information by
generating citations to relevant text. Finally, in test-time scaling, traditional methods either
lack the ability to effectively retain prior experiences or suffer from low sampling efficiency.
To tackle this, the dissertation proposes FITT, a method that reframes feedback utilization
as a test-time training problem, achieving both efficient decoding and the use of model

parameters as memory.
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Chapter 1

Introduction

Recent advances in large language models (LLMs) have revolutionized the field of Natural
Language Processing (NLP). These models, equipped with billions of trainable parameters,
are trained on massive web-scale, unlabeled datasets using self-supervision (Radford et al.,
2018; Devlin et al., 2019). By leveraging such vast amounts of data, LLMs exhibit remarkable
capabilities, including multi-tasking and emergent abilities (Wei et al., 2022a), such as
in-context learning (Brown et al., 2020) and chain-of-thought reasoning (Wei et al., 2022b).
These emergent properties enable LLMs to outperform prior state-of-the-art, task-specific
models across a wide range of NLP tasks, including summarization, dialogue generation,
and question answering (Liang et al., 2023; Bang et al., 2023), even when prompted with just
a few examples at test time. Among the most prominent LLMs developed in recent years are
OpenAl’s GPT series (Radford et al., 2018, 2019; Brown et al., 2020; OpenAl, 2023), as well
as their reasoning models (OpenAl, 2024, 2025). These models have achieved performance
at or beyond the human level on a variety of complex tasks, showcasing their transformative
potential.

Evaluation plays a pivotal role in the development and deployment of LLMs, serving as
both a barometer of progress and a tool for identifying areas for further improvement. While
LLMs have demonstrated immense potential, their black-box nature poses challenges for

understanding their strengths, weaknesses, and overall behavior. In this context, evaluation



serves as a critical lens to uncover insights into these models and guide future research.

To better measure and understand LLM capabilities, a variety of benchmarks have
been proposed. Comprehensive benchmarks like HELM (Liang et al., 2023) aim to provide
broad coverage of LLM abilities, while domain-specific test sets such as MMLU (Hendrycks
et al., 2021a) for disciplinary knowledge and GSM8K (Cobbe et al., 2021) for mathematical
reasoning focus on in-depth evaluation of specific aspects.

In addition to new benchmarks, the methods used to evaluate LLMs have evolved
significantly. Before the rise of LLMs, evaluation typically required fine-tuning or training
models from scratch on downstream tasks. However, with the advent of LLMs and their
in-context learning capability, where models can execute unseen tasks by being prompted
with a few examples in their input, the few-shot evaluation setting has become the standard
practice for assessing their performance. Below, we provide a few-shot prompting example

for evaluating LLMs on machine translation:

Translate English to French: — task description
sea otter = loutre de mer

peppermint = menthe poivrée ; — few-shot examples
lush girafe = girafe peluche

cheese = — prompt

Despite the significant progress in evaluating LLMs, practitioners often face challenges
when working with existing benchmarks. Specifically, the abundance of diverse benchmarks
can make it difficult to extract meaningful insights. Moreover, practitioners frequently
question the reliability of evaluation results. For instance, widely used benchmarks are
prone to data contamination (Brown et al., 2020), where test data overlaps with training
data, leading to artificially inflated performance. At the same time, newly proposed
benchmarks often lack rigorous validation, raising concerns about their trustworthiness.
Finally, translating evaluation outcomes into actionable techniques remains a persistent
hurdle.

To address these challenges and ensure the development of systematic and trustworthy

benchmarks, this dissertation proposes two fundamental principles for benchmark design:



¢ Comprehensiveness: Benchmarks should provide informative and holistic insights

into model performance across a wide range of tasks and metrics.

* Robustness: Benchmarks should be reliable and resistant to confounding factors, such

as data contamination, to guide future research effectively.

Guided by these principles, we first introduce CLEVA (Li et al., 2023e), a comprehensive
benchmark framework that systematically considers both task taxonomy and evaluation
metrics. Building on this foundation, we present CZLEVA (Li et al., 2024b), a next-generation
benchmark that enhances robustness by addressing critical factors such as question formats,
multilingual capabilities, and data contamination.

To demonstrate how evaluation can drive technological advancement, this dissertation
highlights three key applications where evaluation results informed the development of
practical methods, including knowledge grounded conversation (Li et al., 2022), multi-hop
reasoning (Li et al., 2024a), and test-time scaling (Li et al., 2025). Each of these works was
initially inspired by findings from evaluation results on existing benchmarks. By identifying
limitations or opportunities through systematic evaluation, new methods were developed to

tackle these challenges or exploit the insights gleaned from the benchmarks.

Knowledge Grounded Conversation Recent advances in large-scale pre-training provide
large models with the potential to learn knowledge from the raw text. It is thus natural to
ask whether it is possible to leverage these large models as knowledge bases for downstream
tasks. Here, we answer the aforementioned question in unsupervised knowledge-grounded
conversation. We explore various methods that best elicit knowledge from large models.
Our human study indicates that, though hallucinations exist, large models post the unique
advantage of being able to output common sense and summarize facts that cannot be
directly retrieved from the search engine. To better exploit such generated knowledge in
dialogue generation, we treat the generated knowledge as a noisy knowledge source and
propose the posterior-based reweighing as well as the noisy training strategy. Empirical

results on two benchmarks show advantages over the state-of-the-art methods.



Multi-Hop Reasoning Recent advancements in long-context modeling have enhanced
LLMs for complex tasks across multiple NLP applications. Despite this progress, we find
that these models struggle with multi-hop reasoning and exhibit decreased performance
in the presence of noisy contexts. To address this challenge, we introduce Reasoning with
Attributions, a novel approach that prompts LMs to supply attributions for each assertion
during their reasoning. We validate our approach through experiments on three multi-hop
datasets, employing both proprietary and open-source models, and demonstrate its efficacy
and resilience. Furthermore, we explore methods to augment reasoning capabilities via fine-
tuning and offer an attribution-annotated dataset and a specialized training strategy. Our
fine-tuned model achieves competitive performance on multi-hop reasoning benchmarks,

closely paralleling proprietary LLMs such as ChatGPT and Claude-instant

Test-Time Scaling Solving complex tasks in a single attempt is challenging for LLMs.
Iterative interaction with the environment and feedback is often required to achieve success,
making effective feedback utilization a critical topic. Existing approaches either struggle
with length generalization or rely on naive retries without leveraging prior information. We
introduce FTTT, a novel paradigm that formulates feedback utilization as an optimization
problem at test time. Additionally, we propose a learnable test-time optimizer, OPTUNE,
to effectively exploit feedback. Experiments on two LLMs across four reasoning datasets

demonstrate that FITT and OrTuUNE achieve superior scalability and performance.

1.1 Contributions

The contributions of this dissertation are summarized as follows:

¢ Comprehensive LLM Evaluation: We introduce CLEVA (Li et al., 2023e), a platform for
evaluating Chinese LLMs. CLEVA features a holistic taxonomy covering 31 tasks and
9 metric dimensions. Using CLEVA, we conduct a large-scale evaluation of 23 Chinese
LLMs, demonstrating its efficacy as a comprehensive evaluation framework.

* Robust LLM Evaluation: Building on CLEVA, we develop C?LEVA (Li et al., 2024b), an



evaluation benchmark designed with systematic data contamination prevention strategies

to ensure trustworthy results. C2LEVA also includes prompt templates and bilingual test

instances, enhancing robustness across diverse formats and languages.
¢ Applications of LLM Evaluation: We showcase the power of effective LLM evaluation in
guiding future research in three fields:

- Knowledge-Grounded Conversation: Our human evaluation reveals that LLMs effec-
tively encode factual and commonsense knowledge in their parameters. Leveraging
this insight, we develop PLATO-KAG+- (Li et al., 2022), a knowledge-grounded con-
versational system that uses an LLM as its knowledge base. PLATO-KAG+- is both
efficient to train and highly explainable, thanks to the readability of the knowledge
generated by the LLM.

— Multi-Hop Reasoning: We identify that LLMs struggle with noisy information in
long contexts during multi-hop reasoning. To address this, we propose reasoning
with attribution, which encourages LLMs to generate citations within their chain-of-
thought to improve denoising (Li et al., 2024a). Additionally, we collect supplementary
attribution annotations for existing multi-hop reasoning datasets to support future
research in this domain.

— Test-Time Scaling: Through baseline evaluations, we observe that revision-based
test-time scaling methods are memory-intensive but inefficient, while sampling-based
methods are fast but fail to utilize feedback from prior attempts. To overcome these
limitations, we propose Feedback-based Test-Time Training (FTTT) (Li et al., 2025),
which formulates test-time feedback utilization as a training problem, embedding
feedback into model parameters. We further introduce a learnable test-time optimizer,

OrTuNE, to maximize the utility of feedback signals for FTTT.

1.2 Thesis Outline

The content of this dissertation is organized as follows:

¢ Chapter 2 provides a complete review of related work for this dissertation, such as LLM



evaluation, data contamination, etc.
¢ Chapters 3 and 4 cover the principles for delivering trustworthy and informative LLM
evaluation outcomes.

— Chapter 3 discusses the comprehensiveness of LLM evaluation and presents CLEVA (Li
et al., 2023e), a comprehensive LLM evaluation platform that offers a wide range of
tasks and metrics that focus on various capabilities and aspects of LLMs.

— Chapter 4 discusses the robustness of LLM evaluation and presents C2LEVA (Li et al.,
2024b), a bilingual LLM evaluation benchmark that explicitly addresses the concerns of
data contamination while maintaining the broad coverage of evaluation tasks.

¢ Chapters 5, 6 and 7 exemplify the applications of LLM evaluation in three different
research fields, including knowledge-grounded conversation, multi-hop reasoning, and
test-time scaling.

— In Chapter 5, our human evaluation implies that LLMs possess vast factual knowledge.
This finding motivates the development of PLATO-KAG+ (Li et al., 2022), which treats
LLMs as knowledge bases for knowledge-grounded conversation.

— In Chapter 6, our preliminary experiments show that LLMs struggle with multi-hop
reasoning when noise appears in their context. We thus propose attribution-based
reasoning (Li et al., 2024a), a strategy that aims to denoise during reasoning.

— In Chapter 7, evaluation results of test-time scaling baselines reveal that existing
approaches either do not utilize test-time feedback well or are inefficient. We present
FTTT (Li et al., 2025), a novel paradigm that stores test-time feedback into model
parameters for effective memorization and efficient inference. We also introduce
OrTuNE, a learnable test-time optimizer that further improves performance.

* Chapter 8 finally summarizes this dissertation and highlights the contributions.



Chapter 2

Literature Review

2.1 LLM Evaluation

LLM evaluation is a rapidly developing field in recent years to delineate the boundary of
LLM’s capability. In English, various systematic evaluation benchmarks have been proposed.
For example, BIG-Bench (bench authors, 2023) is the largest collection that covers more than
200 tasks. HELM (Liang et al., 2023) organizes tasks into core scenarios, which focus on
use cases, and targeted evaluation, which aims to better understand models. HELM also
presents a multi-metric measurement that enables analysis of tradeoffs for each scenario.
Recently, AGIEval (Zhong et al., 2023) is proposed to evaluate LLMs using challenging
human exams. PromptBench (Zhu et al., 2023b), on the other hand, measures the robustness
of LLMs to prompts via adversarial attacks. MT-Bench (Zheng et al., 2023b) collects multi-
turn questions and presents the Chatbot Arena platform that treats GPT-4 (OpenAl, 2023)
as the judge.

While CLEVA shares the same fundamental motivation with HELM (Liang et al., 2023),
to holistically evaluate language learning models in their original languages, CLEVA is far
from a mere Chinese replica of HELM. Building on the foundation of HELM’s taxonomy,
CLEVA introduces a range of tasks, with particular emphasis on those unique to Chinese,

to better assess the capabilities of Chinese LLMs. It offers a new perspective on prompts,



providing abundant prompt templates to standardize evaluation and encourage in-depth
exploration of models’ sensitivity. In terms of metrics, CLEVA expands into new areas of
diversity and privacy for a more comprehensive evaluation. Finally, CLEVA proactively
mitigates train-test contamination by collecting a significant amount of new data, creating
unique test sets by sampling, and regularly updating the leaderboard. All of these evaluation
designs are neatly packaged in a user-friendly platform to facilitate community usage.
There is also a lot of progress in evaluating Chinese LLMs (Huang et al., 2023; Liu
et al., 2023a; Li et al., 2023c; Zhang et al., 2023b; Zeng, 2023). OpenCompass (Contributors,
2023b) and FlagEval (Contributors, 2023a) are two important attempts to evaluate Chinese
LLMs. OpenCompass pools 53 public datasets and uses standard accuracy-like metrics as
the only measurement for each dataset. FlagEval, with a smaller number of datasets and
metrics, still needs further expansion to achieve sufficient coverage. Compared to previous
efforts, CLEVA offers Chinese data from 84 datasets, including 33.98% original queries,
while employing the broadest range of metrics to promote holistic evaluation. CLEVA
standardizes prompts (§ 3.3) and mitigates data contamination issues, pioneering new paths

for LLM evaluation in general.

2.2 Data Contamination

Existing work in data contamination can be divided into two main categories (Jacovi et al.,
2023): reactive approaches aim to detect potential contamination risks in the evaluation
results of existing benchmarks and models, while preventative approaches target preventing

contamination before the evaluation.

Reactive Contamination Detection. Contamination detection is an application of member-
ship inference attacks (Shokri et al., 2017; Yeom et al., 2018), which aim to determine whether
an arbitrary sample is part of a given model’s training data. There are numerous works
on contamination detection, typically based on various assumptions: if the training data

is available, N-gram matching (Brown et al., 2020; Dodge et al., 2021) is the most popular



approach to report the contamination risk, despite its vulnerability to rephrasing (Yang et al.,
2023b). If only a white-box model is available, most methods exploit token probabilities for
accurate contamination detection (Shi et al., 2023b; Oren et al., 2023; Zhang et al., 2024). If
we can only access a text-generation API, detection techniques like prompting (Golchin and
Surdeanu, 2023) and synthetic data (Wei et al., 2023; Duarte et al., 2024) are proposed. In
this work, we do not focus on proposing new detection methods but rather treat existing

detection methods as a building block in preventative contamination mitigation.

Preventative Contamination Mitigation. Hiding the test set completely (Sun et al., 2023a)
or partially (Li et al., 2023e) has been a common practice to prevent data contamination.
However, this approach faces challenges due to the repurposing of test data and difficulties
in maintenance (Jacovi et al., 2023). Recent methods seek to maintain the trustworthiness
of evaluation results by continuously updating the data. Some work constructs new test
cases from the latest web data (Li et al., 2024c; White et al., 2024). Specifically, for reasoning
tasks that can be characterized by rules, various systems have been proposed to synthesize
data for evaluation (Zhu et al., 2023a; Lei et al., 2023; Fan et al., 2023). However, these
methods are vulnerable if previous test data is repurposed in the newly collected data, fail
to guarantee the evaluation trustworthiness of scarce data, or are limited to a small number
of tasks. Another line of work (Wang et al., 2024a; Ying et al., 2024; Qian et al., 2024) aims to
generate new test data from existing test sets. However, the data quality is constrained by
the performance of LLM assistants on those tasks.

Instead of creating new test cases, Jacovi et al. (2023) first propose avoiding unintentional
contamination via licensing and encryption if the model developers cooperate. Recent
works on copyrighted content protection shed light on alleviating contamination caused by
users who intend to cheat on the benchmark (Wei et al., 2024; Zhao et al., 2024b). C?’LEVA
combines the best of both worlds: it not only renews the benchmark data with improved
techniques but also employs data protection techniques to secure the released data. These
two methods benefit each other: data protection prolongs the effectiveness of renewed

scarce test data while new test cases ensure trustworthiness when the protection method is



compromised.

2.3 Knowledge-Grounded Conversation

Knowledge-Grounded Conversation The dialogue system field has witnessed a growing
interest in knowledge-grounded conversation in recent years. Many related benchmarks
have been proposed to study this problem Zhang et al. (2018); Zhou et al. (2018); Dinan et al.
(2019); Gopalakrishnan et al. (2019); Komeili et al. (2022). Early work Dinan et al. (2019)
had harnessed the annotated knowledge for training. Unsupervised approaches become
attractive as acquiring these annotations is expensive. Zhao et al. (2020) use reinforcement
learning to fine-tune GPT-2 Radford et al. (2019) for unsupervised knowledge selection.
Huang et al. (2021) achieve a new state-of-the-art by selecting top-K knowledge when
annotations are not available. Another line of research improves the knowledge selection
modeling by estimating the posterior, which makes use of the future utterance. Lian et al.
(2019) train the knowledge selector as a variational auto-encoder Kingma and Welling
(2014). Kim et al. (2020) further model the knowledge selection in multi-turn dialogue as
a sequential latent variable. More recently, dialogue model pre-training also attempts to
involve knowledge for generating informative responses. Shuster et al. (2021) utilize the
pre-trained retriever DPR Karpukhin et al. (2020). Thoppilan et al. (2022) directly access to

the search engine to collect relevant knowledge.

Knowledge in Pre-Trained Models The LAMA prob Petroni et al. (2019) first study
knowledge stored in pre-trained models. They show that pre-trained models contain a
certain amount of factual knowledge without any fine-tuning. This finding has motivated
a series of work that adopts knowledge from pre-trained models for downstream tasks.
Roberts et al. (2020) show that pre-trained models fine-tuned on question-answering datasets
without accessing any external knowledge base could obtain a remarkable result. Wang
et al. (2022) prob relational structures from pre-trained models for Text-to-SQL parsing.

Liu et al. (2022b) further demonstrate that pre-trained models can generate knowledge via
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prompting to help in common sense reasoning tasks. Perhaps the most related work is
Liu et al. (2022c), where they adapt a large model to knowledge-grounded conversation
via multi-stage prompting and which includes an intermediate knowledge generation step.
Compared to this work, our work treats large models as a general-purpose knowledge base,
then elicits and transfers knowledge from it to improve a small but strong downstream task

model with a distinct architecture.

Knowledge Distillation Our work also closely resembles knowledge distillation Hinton
et al. (2015), as we similarly transfer knowledge from a large pre-trained model to a small
downstream task model. Most existing approaches employ continuous vectors to represent
knowledge, e.g., logits Hinton et al. (2015), attention distribution Wang et al. (2020), hidden
features Romero et al. (2015) or weights Lin et al. (2021), which are not straightforwardly
interpretable. In this work, the large model generates discrete, readable sentences to transfer

knowledge.

2.4 Long-Context Reasoning

Multi-Hop Reasoning. Multi-hop reasoning in open-domain question answering requires
the synthesis and analysis of disparate facts across various documents to formulate a re-
sponse. Key datasets in this field include HotpotQA (Yang et al., 2018b), 2Wiki (Ho et al.,
2020), and MuSiQue (Trivedi et al., 2022), which predominantly adopt a reading compre-
hension framework with pre-retrieved documents supplied by the creators. Traditional
approaches often utilize a selector-reader model (Zhang et al., 2023a; Zhu et al., 2021), where
the selector is tasked with pinpointing relevant documents from the provided set, and the
reader constructs an answer based on these selections.

Recent advances, however, pivot towards a paradigm that leverages long-context LMs
(Khot et al., 2023; Trivedi et al., 2023). In this approach, the role of the selector is phased
out, and instead, the entirety of the retrieved documents is processed by a long-context LM,

which acts as the reader. Our study aligns with this emergent research trend, particularly
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focusing on the use of attributions to enhance the performance of multi-hop reasoning

within this long-context LM framework.

Context Utilization. The recent advent of long-context LMs has shown promise (Li et al.,
2023a; Zheng et al., 2023b; Chen et al., 2023c). However, these models often struggle with
noisy contexts. Shi et al. (2023a) demonstrate that superfluous sentences can significantly
disrupt mathematical reasoning. Liu et al. (2024) identify a relevant document position
bias in multi-document QA. Wu et al. (2024a) show that LMs could be easily distracted by
retrieved irrelevant inputs.

To mitigate the impact of irrelevant context, Shi et al. (2023a) prompt models to disregard
such information and adopt self-consistency techniques (Wang et al., 2023). Creswell et al.
(2023) suggest a two-stage approach that focuses on fact selection prior to reasoning. Echoing
this approach, Yu et al. (2023) introduce Chain-of-Note which entails reviewing document
relevance before providing an answer. Meanwhile, Yoran et al. (2023) examine automatic
data generation for training more robust models. Our research contributes to this domain

by investigating the use of attributions as a novel method for effective context utilization.

Language Models Attribution. Attribution in language models constitutes a nascent area
of study, primarily aimed at identifying and mitigating hallucination (Li et al., 2023b). A
line of research concentrates on post-retrieval answering: Models provide responses based
on retrieved results with cited attributions (Nakano et al., 2021; Menick et al., 2022; Gao
et al., 2023b). Our research emerges from this foundation but diverges in its application; We
focus on multi-hop reasoning rather than hallucination reduction. Moreover, we delve into

optimizing training methodologies to maximize the efficacy of scarce attribution annotations.

2.5 Test-Time Scaling

Learning from Feedback. Other than the heuristic binary feedback studied in this work,

prior research has explored feedback from various sources, such as humans (Ouyang et al.,
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2022), other models (Yang et al., 2022), tools (Schick et al., 2023), and knowledge bases (Gao
et al., 2023a). Chapter 7 focuses on demonstrating the effectiveness of the proposed method

and other feedback types are beyond the scope of Chapter 7.

Test-Time Training. Test-Time Training (TTT) has shown success in the image modality
by addressing distribution shifts and enhancing model capacity through self-supervised
fine-tuning on each test case (Sun et al., 2020; Liu et al., 2021; Sun et al., 2023b). Recent
studies have extended TTT to the text modality (Hardt and Sun, 2024; Wang et al., 2024b).
The most relevant work, by Akytirek et al. (2024), uses TTT to enhance the reasoning ability
of LLMs. However, their method relies heavily on human scaffolding for self-supervision
and does not generalize beyond ARC-AGI (Chollet, 2019). In contrast, FTTT is generally

applicable.

Learning to Optimize. Learning to Optimize (L20) trains a network to act as an optimizer
for another network (Chen et al., 2022). Early approaches used reinforcement learning to
train such optimizers (Li and Malik, 2017; Chen et al., 2017), while recent work focuses on
discovering analytical white-box optimizers (Bello et al., 2017; Chen et al., 2023b). The most
relevant work, MEND (Mitchell et al., 2022), trains a network to predict weight updates
from training gradients. OPTUNE builds on this idea, extending it to learn from test-time

feedback with a distinct architecture.
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Chapter 3

Comprehensive LLM Evaluation

Benchmark: CLEVA

3.1 Motivation

Large language models (LLMs) have fundamentally revolutionized natural language pro-
cessing. Transformer models with more than 100B parameters have exhibited remarkable
generalization ability across diverse tasks without the need for fine-tuning. The success of
GPT-4 (OpenAl, 2023) and ChatGPT sparked a trend of training Chinese LLMs, with new
models launching almost every week (Zeng et al., 2023; Team, 2023; Chenghao Fan and
Tian, 2023; Ji et al., 2023; Cui et al., 2023). These rapid developments aggravate the need for
Chinese LLM evaluation.

Assessing the capacity of LLMs is non-trivial. Traditional practices that evaluate models
on a single task at a time are gradually becoming obsolete, since a single task can hardly
characterize a full view of an LLM’s capacity. Instead, to effectively grasp a holistic view of
an LLM'’s capacity, we need to decompose its capacity into various abilities, evaluate these
abilities with numerous corresponding tasks, and measure the competence of each task with
multiple metrics. In this sense, HELM (Liang et al., 2023), leads the way in English LLM

evaluation, as it conducts an in-depth evaluation of English LLMs on various NLP tasks using
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seven metrics. In Chinese, previous attempts have shown limitations, either in task selection
or the metrics adopted. C-Eval (Huang et al., 2023), M3KE (Liu et al., 2023a), CMMLU (Li
et al., 2023c), GAOKAO-Bench (Zhang et al., 2023b), and MMCU (Zeng, 2023) narrow down
to knowledge and reasoning abilities, whose datasets are mostly constructed using Chinese
exams. By the time of our submission, OpenCompass (Contributors, 2023b), with around
74K Chinese queries out of 300K total, leans on accuracy as its sole metric, overlooking
other important aspects in LLM evaluation. FlagEval (Contributors, 2023a) inherits four out
of seven metrics from HELM and 22 existing Chinese datasets, having limited coverage on
some significant tasks. A comprehensive Chinese benchmark incorporating diverse metrics
to holistically evaluate Chinese LLMs is urgently demanded.

Prompt-based evaluation in Chinese is largely unstandardized. Previous evaluations, such
as HELM (Liang et al., 2023), do not explicitly optimize prompts, though LLMs’ significant
sensitivity to the format of prompt has been observed (Webson and Pavlick, 2022; Abdou
et al., 2022; Sanh et al., 2022). Moreover, unlike many English benchmarks that have well-
developed prompts (§ 3.2), many Chinese benchmarks are in their early stage and do not
enjoy such privileges. Chinese LLMs are evaluated using different prompts, making the
results incomparable and hence untrustworthy.

Consuming up to trillions of tokens during pretraining, LLMs are prone to train-
test contamination (Brown et al., 2020), which significantly threatens the validity of an
evaluation. Previous work (OpenAl, 2023; Liang et al., 2023) approaches this issue more
from a consequentialist perspective: They examine the contamination risk, by methods
like long n-gram overlap, only after the evaluation has been done. These post-evaluation
analyses, though responsibly examining if train-test contamination happens, cannot alleviate
the risk of contamination in the first place. A proactive method to mitigate the contamination
risk is of great importance.

We present CLEVA, Chinese Language models EVAluation platform that tackles the
aforementioned problems with the following features:

¢ A comprehensive Chinese benchmark. Inspired by HELM (Liang et al., 2023), CLEVA
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organizes the evaluation tasks into two parts: ability evaluation, which gauges specific
LLM skills and application assessment, which tests how well LLMs apply their skills to
real-world applications (§ 3.3.1). Most of the well-accepted Chinese datasets relevant to
our ability evaluation or application assessment are organized, standardized, and then
adopted by our platform. More importantly, we design new Chinese-specific tasks,
e.g., Pinyin transliteration and intent understanding, and collect a substantial amount
of new data, accounting for 33.98% of our total data. As for the metrics (§ 3.3.1), we
incorporate metrics for diversity and privacy into our system in addition to the seven
in HELM. With 370K (over 9 million queries after augmentation) test instances from 84
datasets and 9 metrics, CLEVA, so far, stands as the most extensive Chinese evaluation
dataset and possesses the most dimensions, facilitating a holistic evaluation of Chinese
LLMs.

¢ Standardized prompt-based evaluation methodology. CLEVA takes full control of
key aspects of LLM evaluation, with data and prompts being the most important
among them. All data are jointly prepared with unified preprocessing steps, ensuring
a level playing field for all LLMs. Meanwhile, CLEVA provides a set of prompts,
instead of just one prompt as in prior work, for each task for prompting-based
inference (Brown et al., 2020). This prompt design ensures comparable evaluation
results by standardizing the prompts used for testing, while also encouraging further
analysis of LLMs’ sensitivity to different prompts (Zhu et al., 2023b).

* An up-to-date and trustworthy leaderboard. CLEVA advocates a proactive method
for securing trustworthy evaluation results. By collecting extensive new data, CLEVA
suppresses the leakage of testing data prior to the evaluation. Moreover, we frequently
organize new evaluation rounds, sampling a unique test set from 9 million aug-
mented instances. This strategy further mitigates the risk of train-test contamination,
improving the trustworthiness and timeliness of the leaderboard.

CLEVA is thoroughly validated by benchmarking 23 Chinese LLMs on our large-scale

test sets (§ 3.5). The corresponding leaderboard and all other user-friendly features will
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be continuously maintained and improved to accommodate new models and evaluation

methods.

3.2 Preliminaries

To measure the model performance on a task, a relevant fest set is constituted from a
collection of instances. A test instance will contain multiple input fields (string typically) and
a list of references.

We then adopt a prompt template, which essentially describes how to assemble the model
input, a.k.a, prompt, from input fields (Bach et al., 2022). For example, a Chinese paraphrase

identification prompt template (and its translation) is:

Chinese Example:
“fsentencel)” F1“{sentence2}” X ¥ 1™ 7] RH & 7E 7] [5] — - S 1E 1S ?

English Translation:

Are the questions “{sentencel}” and “{sentence2}” asking the same thing?
where {sentencel} and {sentencel} are two input fields that will be replaced by the two
candidate questions in the test instance. The prompt will be fed into a black-box LLM to
predict an output string together with its probability.

Finally, all model predictions and the corresponding test instances will be passed into a
metric to obtain a numerical value that indicates how well the model performs. Following
HELM (Liang et al., 2023), a metric is an umbrella for a dimension of measures that share
similar purposes. For example, the accuracy metric corresponds to BLEU for translation and
pass@k for code synthesis. We employ nine metrics, foregrounding metrics beyond accuracy

and ensuring a holistic evaluation.

3.3 System Design

CLEVA aims to deliver the following two key assets to users who try to evaluate their own

LLMs:
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Figure 3.1: CLEVA benchmark.

¢ A comprehensive and thorough assessment report that informs users of the strength
and limitations of their models.
¢ A trustworthy leaderboard reflecting the latest advancement of LLMs.
We will discuss our taxonomy that ensures comprehensive evaluations, and challenges like

train-test contamination in leaderboard maintenance.

3.3.1 Evaluation Taxonomy

Inspired by HELM (Liang et al., 2023), we present a Tasks x Prompts x Metrics evaluation
taxonomy for users to evaluate their models. Our evaluation taxonomy carefully designs
a Chinese benchmark targeting various LLM abilities, employs a set of diverse prompt
templates for each task to characterize the model performance variance, and adopts multiple
metrics to comprehensively assess LLMs.

Tasks. As shown in Figure 3.1, our Chinese LLM evaluation benchmark consists of two
parts: ability evaluation and application assessment. Each task in ability evaluation focuses on
one special skill of LLMs, while application assessment involves real-world NLP tasks that
require LLMs to solve practical use cases with their skill sets. Ability evaluation assesses

LLM ability from five aspects:
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¢ Language measures how well LLMs understand Chinese. In addition to three conven-
tional tasks, we incorporate two tasks specific to Chinese: Pinyin transliteration and
classical Chinese understanding.

* Knowledge focuses on assessing the capacity of knowledge acquired by LLMs. We
further segment our evaluation into subject knowledge and cultural knowledge (mainly
Chinese culture) based on the source of knowledge. This fine-grained design allows
users to closely analyze the model performance across different knowledge categories.

* Reasoning evaluates LLMs’ reasoning ability in two settings: reasoning primitives,
which is independent of language and knowledge background, and realistic reasoning
that requires reasoning with domain knowledge on practical scenarios. On top of
HELM, we additionally include commonsense reasoning, inductive reasoning, conceptual
generalization, and deductive reasoning.

* Harms evaluates the potential risk of LLMs in copyright, disinformation, bias, and
toxicity.

¢ Others is newly introduced to include crucial yet uncategorized tasks like mathematical
calculation and instruction following.

For application assessment, CLEVA features 11 real-world NLP tasks. In addition to the
core scenarios of HELM, we newly include opinion mining, dialogue generation, paraphrase
generation, translation, paraphrase identification, and data-to-text generation.

We instantiate the aforementioned tasks in two ways: by directly adopting related public
Chinese datasets and by collecting new data. For well-studied tasks, widely-recognized
datasets are the best options for forming our benchmark. However, many important tasks,
such as reasoning primitive, Pinyin transliteration, and disinformation, lack corresponding
Chinese datasets, making the evaluation even more challenging. On these occasions, we
either synthesize using sophisticated rule-based scripts (e.g., reasoning primitive) or enlist
professional human annotators to construct new test sets. In total, the 31 tasks include
370K test instances from 84 datasets (9M queries in total after applying multiple prompt

templates and data augmentation), 33.98% of which are newly collected.
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Prompts. Ideally, an LLM should be a general interface, capable of understanding prompts
with the same semantics, regardless of variations in surface forms. However, LLMs’ no-
torious sensitivity to prompt templates hinders accurate evaluation (Webson and Pavlick,
2022; Abdou et al., 2022), leading to results that are sometimes incomparable. To better
understand an LLM’s sensitivity to plausible human instructions, multiple prompt templates
are needed, rather than a single template as in previous work (Contributors, 2023a,b; Liang
et al., 2023).

In this work, we manually annotate an average of 3.95 prompt templates for each test
set and support all major prompting formats. CLEVA calculates the performance statistics
across the entire set of prompts. These statistics do more than just examine the robustness
to prompt templates, as reflected by the standard deviation; they also help estimate the
upper and lower bounds of an LLM’s performance on a specific test set, as indicated by the
minimum and maximum values. Users can benefit from these statistics to select models and
to make informed trade-offs between performance and investment in prompt engineering.
Metrics. We adopt the 7 metrics from HELM for a holistic evaluation, and, to address recent
interest in chatbots and safety concerns, we add two new dimensions: diversity and privacy.

* Accuracy. Accuracy refers to the standard metrics to measure model performance on
different tasks, e.g., F1 score for question answering and ROUGE score for summariza-
tion.

¢ Calibration and uncertainty. Calibration represents the gap between the model
confidence and its actual error rate and is measured mainly by expected calibration
error (ECE, (Naeini et al., 2015)).

* Robustness. Robustness is the worst-case performance of a model across transforma-
tions of test instances. We focus on semantics-preserving perturbations as there are
many well-studied data augmentation tools.

¢ Fairness. Similar to robustness, fairness employs perturbations related to social

groups to test the disparate treatment and disparate impact of LLMs. We support
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4 perturbation strategies: simplified to traditional conversion', Mandarin to Cantonese
conversion®, Chinese name perturbation, and gender term perturbation (Dhole et al., 2021).

* Bias and stereotypes. We quantify bias as the disproportionate representation of
different social groups. This is gauged through the rates at which these groups
are mentioned during model generation. Additionally, we interpret stereotypes as
uneven associations between these social groups and certain stereotyped terms, such
as occupational roles.

¢ Toxicity. Following HELM (Liang et al., 2023), toxicity is a general term that covers
hate speech, abusive language, etc.

¢ Efficiency. Efficiency is a rather broad concept that has many subtleties. It could refer
to training or inference efficiency and is measured by energy, carbon, and wall-clock
time. As most information could be confidential, we focus only on the inference
wall-clock time.

¢ Diversity. Given the popularity of LLM-based chatbots, we incorporate the conven-
tional diversity metric in dialogue systems that evaluates the response surface form
diversity (Li et al., 2016). A more diverse response means that the underlying LLM is
more creative. Here, we employ the diversity metrics from Miller et al. (2017).

¢ Privacy. In the real-world deployment of LLMs, detecting private information in the
generated text, such as Personally Identifiable Information (PII), is a challenging yet
important question. We report the portion of PII in the whole test set to make the
privacy evaluation generalizable. CLEVA adopts some established tools to smoothly
detect PII, and we are working on accommodating more aspects of private content in

the near future.

1https://github.com/BYVoid/OpenCC

Zhttps://justyy.com/tools/chinese—converter/
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3.3.2 Leaderboard & Data Contamination

Ensuring fairness, objectivity, and authority is central to maintaining a trustworthy leader-
board. Previous work (Brown et al., 2020) has reported train-test contamination, a situation
where the test set is included in the training data, leading to unreliable evaluations. Many
existing benchmarks, e.g.,, Huang et al. (2023), conceal the test set labels to avoid data
contamination. Given the small scale of their test sets and the large-scale training corpora
used by modern LLMs, the risk of unintentional train-test contamination remains high. Sun
et al. (2023a) address this problem by making the official test set private and requiring users
to submit models” weights for evaluation. However, this arrangement is unpopular because
numerous cutting-edge models consider their weights highly confidential.

We advocate “mutual confidentiality” in LLM evaluation: Users need not expose their
model details, and the platform should minimize the risk of disclosing its test set. Instead
of model weights, CLEVA only requires API access. We proactively achieve the other half
of mutual confidentiality by continuously collecting new data and frequently organizing
leaderboard rounds with unique test sets sampling from our full-scale 9 million augmented
instances. These strategies not only improve evaluation efficiency but also alleviate train-test
contamination from data and temporal perspectives.

To make sure that the sampled subset delivers accurate results, our sampling strategy is
not just random sampling: It estimates an acceptable approximation error threshold (i.e.,
within this threshold, the evaluation results on the sampled set have at least a 70% chance
to correctly rank any model pairs), then adjusts the sampling rate for each task according to

this threshold, reducing the risk of over-/under-estimating the model performance.

3.4 Usage Example

Upon authentication, users are immediately presented with an interactive summary of our
evaluation results of 23 LLMs. Users can select from these models, freely exploring the

evaluation results from all 9 metrics and 31 tasks.
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Figure 3.2: The mean win rate of 23 models in 31 tasks. The mean win rate is the probability of a model
outperforming a random different model on a random task. We exclude toxicity, privacy, and efficiency metrics
as all models excel in the former two, and the latter is often paired with other metrics to deliver meaningful
comparisons. Since robustness and fairness involve expensive data augmentation, we only evaluate ChatGPT
and Claude-instant.

CLEVA simplifies the evaluation process of new models with minimal coding required.
If a user has a model to evaluate, the user only needs a few minutes to finish these three
steps: entering the model’s API, selecting relevant tasks from 31 choices, and picking
desired metrics from 9 options. CLEVA will autonomously call the user’s model, extract the

corresponding responses, and compute the final metrics.

3.5 Evaluation

Setup. We sample 6.43% of our data to test 23 models that support Chinese. As for
the cost, for example, it takes roughly 1600 GPU hours (NVIDIA A100 80G) to evaluate
BLOOMZ-176B-mt (Muennighoff et al., 2023).

Results & Analysis. Figure 3.2 ranks all models by their mean win rates under different
metrics.

* Accuracy. It can be seen that GPT-4 (OpenAl, 2023) has the highest winning rate,
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followed by other limited-accessed models. This result shows a considerable mar-

gin between the performance of open-source models and limited-accessed mod-

els. Recent small instruction-following models are better than large LLMs without
instruction-tuning, and are even better than some early large instruction-following
models, indicating the necessity of effective instruction tuning.

Robustness. The trend on robustness is roughly the same as that of accuracy, with the
exception of LLaMA (Touvron et al., 2023a).

Fairness. Most of the model rankings have changed. One possible reason is that
fairness involves simplified-to-traditional conversion, and many models have rarely
seen traditional Chinese in pretraining.

Calibration. We report ECE-10 (Kumar et al., 2019) following HELM. We find that

models with more parameters tend to have higher ECE. For example, GLM-130B (Zeng

et al., 2023) and LLaMA-65B rank at the bottom. For BLOOMZ-mt-7B vs BLOOMZ-
mt-176B and BLOOM-7B1 vs BLOOM-176B (Scao et al., 2022), the smaller one wins.
Bias. We focus on gender bias for comparison. GPT-4 and other models, which rank

top by other metrics, are at the bottom, while most of the open-source models have

low bias. This is because open-source models usually output shorter, resulting in a
lower risk of bias.

Diversity. We choose inter-distinct to compare different models. Open-source models

generate more diverse and innovative expression than limited-accessed ones, probably

due to their fewer safety concerns.

3.6 Summary

We present CLEVA, a Chinese LLM evaluation platform. With the largest scale of Chinese

instances and broadest metrics, CLEVA provides a comprehensive benchmark to holistically

evaluate Chinese LLMs. CLEVA standardizes key components, such as prompt templates,

to make evaluation comparable. It also proactively mitigates the contamination issue by

collecting large-scale new data, sampling for unique test sets, and regularly updating the
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leaderboard.
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Chapter 4

Robust LLM Evaluation Benchmark:
C2LEVA

41 Motivation

Data contamination (Brown et al., 2020; Liang et al., 2023), where test data appears in the
training set, has become the central concern in delivering trustworthy evaluations for large
language models (LLMs), as these models are typically trained on large-scale corpora that
are poorly understood (Dodge et al., 2021). A line of research in data contamination focuses
on preventing test data leakage before the evaluation. Common methods include concealing
the entire (Sun et al., 2023a) or part (Li et al., 2023e) of the test set during benchmark releases.
However, these approaches tend to lose effectiveness over time (Jacovi et al., 2023).
Recently, more promising prevention methods that rely on renewing test data have
emerged. These strategies do not depreciate over time. For instance, LatestEval (Li et al.,
2024c) and LiveBench (White et al., 2024) gather up-to-date text from the web to create
new test cases. DyVal (Zhu et al., 2023a), S3Eval (Lei et al., 2023) and NPHardEval (Fan
et al., 2023) synthesize new test data. Additionally, Wang et al. (2024a); Ying et al. (2024);
Qian et al. (2024) generate new test cases from existing data. Despite these advances, two

challenges persist:
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Missing a comprehensive task taxonomy. Most prevention methods target only a limited
number of tasks. For example, LatestEval (Li et al., 2024c) focuses solely on reading compre-
hension problems. DyVal (Zhu et al., 2023a), S3Eval (Lei et al., 2023) and NPHardEval (Fan
et al., 2023) only evaluate LLMs exclusively on reasoning tasks. LiveBench (White et al.,
2024) is relatively comprehensive, covering 18 tasks across 6 categories, but still omits crucial
tasks such as those related to harms and practical use cases (Liang et al., 2023). There is a

clear need for a comprehensive, contamination-free benchmark to evaluate LLMs holistically.

Overlooking the contamination risk. Even though existing prevention methods claim to
be free of contamination, they often overlook that “new” does not always imply “unseen”.
Users can repurpose open data (Jacovi et al., 2023), making contamination possible even in
continuously updated benchmarks. Moreover, these prevention approaches are typically
“passive”, lacking control over the released data. Some users may intentionally train their
models on the test set and cheat on the benchmark inconspicuously until new data is
released. For tasks involving expensive or scarce data sources, such as those related to
human values or knowledge, existing methods may soon lose their effectiveness.

We present C2LEVA, a benchmark toward Comprehensive and Contamination-free
Language model EVAluation that addresses the aforementioned issues with the following
features:

* Systematic Contamination Prevention. C?LEVA systematically prevents data con-
tamination from both the passive and active perspectives: the passive solution aligns
with existing work by updating benchmark data to ensure uncontaminated evaluation,
specifically addressing repurposing attacks through contamination detection and data
scarcity via data augmentation. The active solution minimizes unauthorized use of
test data by implementing data protection techniques (Wei et al., 2024; Zhao et al,,
2024b) during benchmark release, thereby prolonging the effectiveness of the passive
solution. To the best of our knowledge, we are the first to propose active prevention
for data contamination, instantiated with data protection.

¢ A Comprehensive and Contamination-Free Task Taxonomy. To ensure extensive
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Figure 4.1: Contamination prevention overview. Solid lines indicate how data flows within a machine learning
model development pipeline. The dotted line indicates where the test data leaks into the training data.

coverage, we follow the task taxonomy of Li et al. (2023e) and apply our contamination
prevention techniques to its critical tasks. C2LEVA contains 22 tasks for application
assessment and ability evaluation: application assessment encompasses core scenarios
of Liang et al. (2023), while ability evaluation gauges LLM capabilities across four
aspects: language, knowledge, reasoning, and harms. Additionally, C.LEVA provides
at least 5 prompt templates for each task to mitigate prompt sensitivities (Zhu et al.,
2023b), contributing to a robust evaluation. Furthermore, C2LEVA offers data in both
English and Simplified Chinese, facilitating the understanding of cross-lingual transfer
in LLMs.

C2LEVA is thoroughly validated through a large-scale evaluation of 15 open-source and
proprietary LLMs. The corresponding leaderboard will be continuously maintained and
updated with new evaluation results for emerging models and data. Our experiments also
reveal the limitations of the current data protection method in preventing data contamination,

underscoring the need for improved approaches in this new research area.

4.2 C?’LEVA

In this section, we first present a systematic discussion of contamination prevention. Then
we introduce the task taxonomy adopted in C2LEVA and demonstrate how contamination

prevention can be applied to tasks within this taxonomy:.
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4.2.1 Contamination Prevention Overview

We first revisit the machine learning model development pipeline, which consists of training
the model on training data and evaluating the trained model on test data. As illustrated
in Figure 4.1, contamination occurs when 1) test data appears in the training data and 2)
developers reuse this leaked test data.

To prevent contamination, two possible actions can be taken: either use another unseen
test set for evaluation or avoid the inclusion of test data in the training set. The former is
a “passive” approach, as it reacts to existing test data compromise, while the latter is an
“active” approach, aiming to prevent data leakage from the outset. Table 4.1 outlines the
assumptions, strengths, and weaknesses of these two strategies. Notably, most weaknesses
arise directly from violating the assumptions.

Table 4.1 shows that both prevention strategies complement each other: active preven-
tion safeguards tasks where passive prevention is ineffective, such as tasks with scarce or
hard-to-collect data. Conversely, passive prevention can renew test data to maintain uncon-
taminated evaluation results when active prevention is compromised. C2LEVA leverages
this complementary relationship to achieve systematic prevention across a comprehensive
benchmark covering various tasks.

Moreover, data contamination is frequently considered as a threat model for evalua-
tion Bowen et al. (2024). We delineate two specific threat models based on the attacker type,
i.e., intentional model developers who deliberately train on the test data (Zhou et al., 2023)
and unintentional model developers who inadvertently do so (Brown et al., 2020). Both
passive and active prevention are effective against these threat models. However, while
passive prevention methods are generally applicable, active prevention strategies require

customization based on the attacker type (see § 4.2.3).

Discussion. Passive prevention has been extensively explored (see § 2.2). Despite con-
siderable discussion on passive prevention, many methods overlook that new data is not

necessarily “unseen” as required. Previous test data can be repurposed as new data, leading
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Table 4.1: Comparison between passive and active prevention.

to contamination. We later demonstrate how contamination detection methods can alleviate
this issue. Additionally, some task data may be renewed slowly, such as tasks involving
human values and knowledge. We propose data augmentation to mitigate data scarcity.
Active prevention, though promising, is rarely explored (Jacovi et al., 2023). Our work
pioneers active prevention with data protection (Wei et al., 2024; Zhao et al., 2024b), and
explores the effectiveness of these algorithms and the trustworthiness of the corresponding
evaluation results. Our findings open up a new research topic for data contamination

prevention.

4.2.2 C?LEVA Task Taxonomy

C?LEVA adopts the task taxonomy from Li et al. (2023e). As illustrated in Figure 4.2, tasks
are organized into two primary categories: application assessment, which targets practical
LLM use cases, and ability evaluation, which aims to understand the various capabilities of
LLMs.

In the application assessment category, we focus on summarization, sentiment analysis,

and text classification. These tasks are core scenarios in HELM (Liang et al., 2023).
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Figure 4.2: The task taxonomy of C*LEVA.

In the ability evaluation category, we include tasks from four different aspects:

Language: This aspect gauges the LLMs’ proficiency in specific languages. Since
CZLEVA is bilingual, we select tasks common to both English and Chinese to ensure
comparable results. We implement typo-fixing (White et al., 2024), where models
correct common typos, and transliteration (bench authors, 2023; Li et al., 2023e), which
assesses knowledge of language pronunciation.

Knowledge: This aspect investigates the LLMs” understanding of factual knowledge.
We require LLMs to answer fact completion questions with entities (Petroni et al., 2019).
Reasoning: This aspect evaluates various crucial reasoning abilities and their appli-
cation to realistic problems. We consider four reasoning primitive tasks (Liang et al.,
2023) that measure three specific abstract reasoning skills, and seven realistic reasoning
tasks (Zhu et al., 2023a) that cover three types of practical reasoning problems.
Harms: This aspect measures the potential legal and societal risks posed by LLMs.
We primarily investigate copyright issues (Liang et al., 2023), evaluating how likely
LLMs are to memorize copyrighted content, and disinformation (Buchanan et al., 2021),

assessing the capability of LLMs to mislead public opinion.

4.2.3 The Solution to Contamination Prevention

This section provides detailed descriptions of our contamination prevention solutions.
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Category Task Prevention Strategy

‘ Summarization ‘ Crawling + Contamination Detection
Application ‘ Sentiment Analysis ‘ Crawling + Contamination Detection

‘ Text Classification ‘ Crawling + Contamination Detection

| Typo-Fixing | Crawling + Rule-based Systems + Contamination Detection
Language

| Transliteration | Crawling + Rule-based Systems + Contamination Detection
Knowledge | Fact Completion | Crawling + Data Augmentation + Contamination Detection + Data Watermarking

. ‘ Reasoning Primitive ‘ Rule-based Systems

Reasoning

‘ Realistic Reasoning ‘ Rule-based Systems
Harms ‘ Copyright ‘ Crawling

‘ Disinformation ‘ Crawling + LLM Assistants + Contamination Detection

Table 4.2: Summary of contamination prevention strategy adopted in each task of C*LEVA.

Passive Prevention. Building on existing work, we devise three basic methods for automat-

ing test set construction:

¢ Crawling (White et al., 2024): This method collects task inputs and labels directly
from the recent content of appropriate data sources. To ensure new data is unseen,
we apply contamination detection to filter out test cases with contamination risks
exceeding a predetermined threshold.

* Rule-based Systems (Zhu et al., 2023a; Lei et al., 2023; Fan et al., 2023): This method
synthesizes new test cases based on predefined complexities. The contamination risk
of this method is guaranteed by an extremely low collision probability (Zhu et al.,
2023a).

¢ LLM Assistants (Wang et al., 2024a; Ying et al., 2024): This method generates new test
cases from existing human-annotated data. Since LLMs may generate their training
data (Carlini et al., 2021), we similarly apply contamination detection to exclude risky
test data as in crawling.

In Table 4.2, we outline the prevention strategies for each task. Some tasks within

C?LEVA necessitate a combination of the three aforementioned methods for construction (Li

et al., 2024¢). For instance, in typo-fixing, electronic books are crawled to obtain task labels

(crawling), followed by the use of butter-finger augmentation (Dhole et al., 2021) to

generate task inputs (rule-based systems). Contamination detection is applied to the test data
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Figure 4.3: The framework of C>LEVA for contamination prevention.

generated through the integration of these basic construction methods.

For contamination detection, we select Min-K% (Shi et al., 2023b), which provides
per-instance contamination risk estimates based on LLM token probabilities. This helps
effectively identify contaminated test cases. Although N-gram matching (Brown et al., 2020;
Dodge et al., 2021) is another option, it is impractical for us to collect, maintain, and perform
N-gram matching on web-scale data. Since we cannot predict which LLMs will be tested
before constructing the benchmark, we use Llama-3-8B (Al@Meta, 2024), trained on 15T
tokens, as a representative model for others trained on web data.

As stated in Section 4.2.1, passive prevention can be vulnerable if data is scarce. To
address this, we introduce semantic-preserving perturbations to augment existing test
cases, thereby increasing the number of available test cases without compromising their
effectiveness. We prefer a more mechanical approach over LLM-based rephrasing (Wei
et al., 2023; Wang et al., 2024a; Ying et al., 2024), as it is transparent and well-understood.
Besides, LLMs could generate training data, introducing the contamination risk in data
augmentation (Carlini et al., 2021). For practical implementation, we choose synonym

substitution (Dhole et al., 2021).

Active Prevention. Unlike passive prevention methods, no existing defense can simultane-
ously prevent attacks from both intentional and unintentional model developers. To address
this, we implement tailored defense strategies for each type of attacker as a comprehensive

solution.
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Figure 4.4: The mean win rate of 15 models in 22 tasks of C*LEVA.

Unintentional contamination often occurs when test data is not excluded during the
collection of training data. Jacovi et al. (2023) suggest that properly licensing and encrypting
the test data archive can effectively prevent data contamination, assuming model developers
are cooperative. Accordingly, we license the test sets under CC BY-NC-ND 4.0 and encrypt
the data using ZipCrypto.

For intentional attackers, we use established data protection techniques that facilitate
membership inference by embedding stealthy signals into the data (Hu et al., 2022b; Wei
et al., 2024; Zhao et al., 2024b). We choose data watermarking (Wei et al., 2024) for its
provable detection capability. Specifically, we use the random sequence watermark as it is
language-agnostic. However, data watermarking can deteriorate model performance and
lead to inaccurate evaluations (see § 4.3). Therefore, we apply it to only a random subset of
test inputs before licensing and encryption. These modified test cases are designed to ensure
a maximum performance loss of 5% while still achieving statistically significant detection

with a p-value of approximately 0.05.

The Framework. Figure 4.3 presents the overall framework for constructing C2LEVA,
consisting of two main stages: data collection and prevention.
In the data collection stage, crawlers periodically retrieve the latest text data from

selected high-quality sources and store it in a centralized database. This stage also runs
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Figure 4.5: The accuracy standard deviation of different models in different prompt templates from different

tasks.

simulators, which are rule-based systems for data synthesis.

In the prevention stage, raw data from the database is accessed to generate a test set. The

passive prevention process creates a draft test set through three steps: preprocessing (e.g.,

filtering out incomplete data), task data preparation (e.g., generating task inputs and labels),

and postprocessing (e.g., removing duplicate test cases). Once the draft test set is complete,

active prevention applies data protection measures to part of the data and encrypts the

release archive with a chosen license.
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4.3 Experimental Results

4.3.1 Setup

C2LEVA encompasses 16,115 test instances, with 8,989 in English and 7,126 in Chinese.
15 LLMs from 11 organizations are evaluated, including GPT-40 (OpenAl, 2023), Claude-
3.5 (Anthropic, 2024), Gemini-1.5 (Reid et al., 2024), GLM-4, GLM-4-9B (Zeng et al., 2024),
Yi-Large, Yi-1.5-9B (Young et al., 2024), Qwen-Max, Qwen2-7B (Yang et al., 2024), DeepSeek-
v2 (DeepSeek-Al et al., 2024), Llama-3-8/70B (Al@Meta, 2024), InternLM2-20B (Cai et al.,
2024), Vicuna-13B (Zheng et al., 2023b), and Baichuan2-13B (Yang et al., 2023a). For
evaluation, we employ 5-shot prompting. We use automatic metrics for evaluation in each
task, except for narrative reiteration, which is assessed through human evaluation!. We
report the average performance across a set of prompt templates, with a minimum of 5
templates per task, except for specific tasks like copyright. Experiments with open-source
models were conducted using 8 NVIDIA A100 80G GPUs over approximately two weeks.
The cost of accessing proprietary LLMs” APIs was approximately $2134.

1https ://worksheets.codalab.org/worksheets/0x5£f534427e2ae40c4af683b2457676a39
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Figure 4.7: Mean win rate comparison among models in different task groups. We choose the top-5 best-
performing models in each language for visualization.

4.3.2 Main Results

Figure 4.4 presents the rankings of models based on their mean win rate (Liang et al.,
2023) across all tasks in C?’LEVA. The mean win rate indicates the likelihood of a model
outperforming a random model on a random task. This metric is used because tasks vary in
metrics, complicating direct result comparison. As expected, proprietary models generally
surpass open-source ones, and larger models tend to outperform smaller ones.

Notably, the leading models in both languages are Claude-3.5, Gemini-1.5, and GPT-4o,
despite their developers being in English-speaking countries. Claude-3.5 significantly out-
performs the second-best model in English, attributed to its advanced reasoning capabilities.
Since 31.8% of the tasks in C?LEVA involve reasoning, and Claude-3.5 excels in other
reasoning benchmarks (Anthropic, 2024), this performance is expected. Figure 4.7 supports
this observation.

Interestingly, some large models, such as Baichuan2-13B and Vicuna-13B, underperform
compared to smaller models like Qwen2-7B and GLM-4-9B. This may be due to the earlier
release of these larger models, while recent smaller models utilize advanced techniques and
better data.

Performance on each task is averaged across multiple prompts in C?2LEVA. We also

examined how performance varies with different prompts for the same task. Figure 4.5
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shows the variability in model performance, measured by standard deviation. Most models
exhibit low variability, but many show significant “spikes” on specific tasks, particularly in
reasoning primitive. Even in realistic reasoning tasks, many LLMs show a moderate level
of variance. This suggests limited robustness in reasoning abilities among the models we
examined. In general, smaller models experience more performance spikes. However, even
strong models like Claude-3.5 display instability in tasks such as Linear Equation and Max
Sum Path. This highlights that prompt sensitivity (Zhu et al., 2023b) remains challenging in
evaluating LLMs.

4.3.3 Analysis

Benchmark Effectiveness. Evaluating the effectiveness of our results is crucial, particularly
regarding whether C2LEVA is truly comprehensive and free from data contamination. A
viable method is to measure the correlation between the CZLEVA ranking, based on the
mean win rate, and a “ground-truth” ranking (Ni et al., 2024). Such a ground-truth ranking
could be the Chatbot Arena Elo (Chiang et al., 2024), derived from millions of user votes
for preferred models. These online anonymous votes are based on user-generated queries
and judgments, making the leaderboard resistant to manipulation and thus considered
contamination-free. A strong correlation between C?’LEVA and Chatbot Arena Elo indicates
effective mitigation of data contamination. Additionally, recent work (Ni et al., 2024)
suggests that queries in Chatbot Arena Elo align with web data distribution, implying that
high correlation also reflects benchmark comprehensiveness.

Figure 4.6 demonstrates that the mean win rate of C2LEVA scales linearly with Chatbot
Arena Elo. The Spearman’s rank correlation is 0.948 with p < 0.05. This supports the

conclusion that C?LEVA is comprehensive and mitigates data contamination.

Skill Proficiency. Figure 4.7 illustrates the proficiency of the top-performing models
across various skill sets. We categorize the mean win rate of each model into five task

groups: one for application assessment and four for different aspects of ability evaluation.
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Model ‘ English ‘ Chinese ‘

AAvg.
‘ Before  After A ‘ Before  After A ‘
Claude-3.5 36.72% 28.12% -23.40%J | 43.75% 26.95%  -38.39%] | -30.90%]
Qwen2-7B 21.48% 17.97% -16.36%] | 32.42% 25.00% -22.89%] | -19.63%.
GLM-4 22.27% 17.97% -19.30%] | 21.88% 18.36% -16.07% | -17.68%..

Llama-3-8B 26.17% 2539% | -299%] | 27.73% 19.92% | -28.17%/ | -15.58%.
InternLM2-20B | 31.25% 27.34% -12.50%J | 35.94% 30.08% -16.30% | -14.40%]
Qwen-Max 30.47% 30.47% 0.00%t | 37.50% 28.52%  -23.96%J | -11.98%.
DeepSeek-V2 24.22% 22.66% = -6.45%] | 34.77% 28.91% @ -16.85%J | -11.65%.
Vicuna-13B 24.61% 26.17% 6.35%71 | 21.09% 14.84%  -29.63%] | -11.64%.

Gemini-1.5 26.95% 26.95% 0.00%T | 38.67% 30.86%  -20.20%J] | -10.10%.
Yi-Large 32.81% 32.42% = -119%] | 39.45% 33.20%  -15.84%| | -8.52%./
Yi-1.5-9B 17.97% 18.36% 2.17%7 | 32.03% 26.95% | -15.85%) | -6.84%)
GLM-4-9B 17.97% 12.50% = -30.43%] | 10.55% 12.50% = 18.52%71 | -5.96%
Baichuan2-13B | 18.36% 17.58% = -4.26%] | 35.16% 33.20% = -5.56%] | -4.91%]
GPT-40 28.52% 28.52% 0.00%T | 28.52% 26.95% = -5.48%| | -2.74%]

Llama-3-70B 33.98% 35.16% 3.45%71 | 39.06% 36.72% | -6.00%J | -1.28%.

Table 4.3: Evaluation result distortion of data watermarking (Wei et al., 2024) in the fact completion
task. Before is the results before applying data watermarking and After is the results after applying data
watermarking. A indicates the performance change, where the performance loss is marked in red and green for
the performance gain.

Within each group, Claude-3.5, the top performer in English, consistently surpasses other
models, especially in knowledge and reasoning tasks. This is consistent with their technical
report (Anthropic, 2024), which emphasizes Claude-3.5"s excellence in knowledge-intensive
tasks like MMLU (Hendrycks et al., 2021a) and reasoning tasks such as GSM8K (Cobbe et al.,
2021). However, in Chinese, Claude-3.5 does not maintain its English advantage. Yi-Large
excels in knowledge tasks, and DeepSeek-V2 outperforms Claude-3.5 in reasoning tasks.
This indicates significant potential for improvement in the cross-lingual transfer capabilities

of top-tier LLMs.

Data Protection. This study examines the impact of data protection methods, specifically
data watermarking, which inherently alters the data (Wei et al., 2024). It is crucial to evaluate
the effects of these methods on performance, as previous research indicates that input
noise can significantly impair the performance of LLMs (Shi et al., 2023a; Liu et al., 2024).
Consequently, we measured performance changes before and after applying watermarking.

Table 4.3 details the performance change for each model across two languages in the fact

39



completion task. Overall, data watermarking results in a performance decline in 76.67%
of cases, with an average loss of approximately 11.59% across all models. This effect is
particularly noticeable in Chinese, where the average loss is 16.18%, with only the GLM-4-9B
model maintaining robust performance. Additionally, proprietary models tend to be more
affected by data protection measures; notably, 4 out of 5 models with the least performance
drop are open-sourced and smaller in scale. This may be due to open-source models being
trained on noisy instruction data. These findings underscore the necessity for enhancements
in data protection techniques to reduce their adverse effects on evaluation. To minimize
distortion during evaluation, we applied watermarking to only a small portion of the data

in practice.

44 Summary

In this work, we present C2LEVA, a comprehensive and contamination-free bilingual bench-
mark. C2LEVA features a systematic contamination prevention strategy, which improves
existing passive prevention methods and proposes a novel active prevention solution. Large-

scale evaluation of 15 LLMs has been conducted on CZLEVA.
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Chapter 5

Applications of LLM Evaluation:

Knowledge Grounded Conversation

5.1 Motivation

Knowledge-grounded conversation (Dinan et al., 2019; Moghe et al., 2018) is the task
where the model could reply to a dialogue history based on extra knowledge. Compared to
standard conversational modeling, this extra knowledge prevents the model from generating
generic and non-informative responses (Li et al., 2016). Typically, at each turn of the
conversation, a pool of knowledge candidates will be retrieved from a knowledge base like
unstructured documents (e.g., Wikipedia) (Dinan et al., 2019) or a structured knowledge
graph (Dziri et al., 2021). The model then learns to select the most related knowledge from
this pool, in an unsupervised manner, to generate its response.

However, constructing and maintaining knowledge bases are time-consuming and
expensive. Recent studies have shown that large pre-trained models are capable of grasping
knowledge from unsupervised text corpora and memorizing facts to their weights (Petroni
et al., 2019; Roberts et al., 2020; Lewis et al., 2021; Wang et al., 2021; Liu et al., 2022b). These
large models can even perform reasoning implicitly (Wei et al., 2022b). In light of this

remarkable capacity of large models, we explore the possibility of leveraging large models
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as a new knowledge source for unsupervised knowledge-grounded conversation.

In this work, we first investigate the quality of knowledge generated by large models.
We examine which tuning method, including the conventional fine-tuning (Devlin et al.,
2019; Zhang et al., 2021) and the recently proposed prefix-tuning (Li and Liang, 2021), best
prompts knowledge from large models for a given dialogue history. We then design a
human evaluation protocol and conduct an extensive quality assessment of the generated
knowledge. Despite some extent of hallucinations (plausible statements with factual errors)
persist (Maynez et al., 2020), large models can mostly generate related and correct knowledge
for the future development of dialogue. Moreover, some of this knowledge is not simply
paraphrased or copied from web pages: they summarize scattered facts on the Internet (See
Section 5.5.1). These observations advocate the unique value of employing large models as
knowledge bases.

Owing to the hallucinations, it is risky to put generated knowledge directly into the
dialogue system as the misinformation could contaminate the response. We instead consider
the generated knowledge as a noisy knowledge source and use it to aid the knowledge
selection process. Specifically, we measure its similarity to each knowledge candidate
and refine the knowledge selection accordingly (See Section 5.3.2). We further estimate
the posterior of the refined knowledge selection distribution, inspired by the fact that the
posterior detangles the one-to-many relation between dialogue context and knowledge
selection (Kim et al., 2020). In addition, we propose a noisy training strategy to strengthen
the model’s ability on handling noisy knowledge (See Section 5.3.3). All these strategies
significantly elevate the performance of the existing state-of-the-art model to a new level
on two widely-adopted benchmarks, Wizard of Wikipedia (Dinan et al., 2019) and Holl-E
(Moghe et al., 2018).

5.2 Eliciting Knowledge from Large Models

In this section, we first introduce the tuning methods and large pre-trained models we used

to generate knowledge for a given dialogue history. Then we show the tagset developed for
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Figure 5.1: Comparison of fine-tuning (Devlin et al., 2019) and prefix-tuning (Li and Liang, 2021).

evaluating the generated knowledge.

5.2.1 Methods and Models

Since the objective function of large pre-trained models is to predict possible words instead
of knowledge given the context (Devlin et al., 2019; Radford et al., 2019), tuning these large
models on annotated data is necessary. Here we focus on two tuning methods, as shown in
Figure 5.1:
¢ Fine-Tuning (Devlin et al., 2019; Zhang et al., 2021) which updates all weights in the
model.
¢ Prefix-Tuning (Li and Liang, 2021) which freezes the pre-trained weights and tunes
only a small set of parameters that are added as the prefix of the model’s input.
Fine-tuning remains the standard approach for leveraging pre-trained models in downstream
tasks, while prefix-tuning has a comparable performance but avoids the risk of catastrophic
forgetting (Goodfellow et al., 2013), which is desirable in our task.
Another challenge is selecting large models. Because our task requires large models to
understand the dialogue history and then recommend a related knowledge piece for the
user to follow up, we study two types of large models:

¢ Pre-trained Language Models (PLMs) that are trained on web documents with access
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Tag

Definition

Context Understanding:

1 | Related The generated output discusses facts that are related to the conver-
sation.
2 | Unrelated The generated output does not discuss facts that are related to the
conversation.
Tuning Effectiveness:
3 | Non-Verifiable The generated output does not contain facts that could be verified.
4 | Verifiable The generated output contains facts that could be verified.
Fact-Checking:
5 | Supported One can find evidence from the knowledge base to validate the
factual information in the generated output.
6 Explicit Supported One only needs to find one evidence from the knowledge base for
validation.
7 Implicit Supported One needs to find multiple evidences from the knowledge base for
validation.
8 | Refuted One can find evidence from the knowledge base to contradict the
factual information in the generated output.
9 | Not Enough Information | The factual information in the generated output could not be vali-
dated.
10 Reasonable NEI Though not validated by the knowledge base, the factual information
matches common sense.
11 Unreasonable NEI Though not validated by the knowledge base, the factual information
does not match common sense.
12 Hard NEI The factual information could not be validated by either the knowl-

edge base or common sense.

Table 5.1: The tagset developed to evaluate the quality of the generated knowledge by human annotators.

to abundant knowledge during pre-training.

¢ Pre-trained Dialogue Models (PDMs) that are trained on dialogue data to better

understand the dialogue history.

We choose T5 (Raffel et al., 2020) as the representative of PLMs and DialoGPT (Zhang et al.,

2020) for PDMs, because they release a series of checkpoints with different model sizes.

Besides, we experiment with various decoding methods to see which of them best suits

each type of large models, including greedy decoding, beam search and top-K sampling

(Fan et al., 2018). We find that PDMs work best with top-K sampling and beam search for

PLMs.
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5.2.2 Annotation Tagset

To assess the quality of the generated knowledge, we develop an annotation tagset for human
evaluation in Table 5.1. Each generated knowledge along with its associated dialogue history
will be annotated by at least two tags, each from a different category: context understanding,

tuning effectiveness (and fact-checking if outputs contain facts).

Context Understanding Related and Unrelated in rows 1-2 of Table 5.1 measure
whether large pre-trained models understand the conversation and generate related knowl-
edge. Although we can use automatic metrics like the F1 score that measures the distance
between the generated knowledge and the ground truth knowledge as an alternative, a
single reference only captures one possible future direction of the dialogue. In this sense,

human evaluation provides a more comprehensive assessment.

Tuning Effectiveness Non-Verifiable (e.g., chitchat) and Verifiable in rows 3-4
indicate the reliability of the tuning methods for eliciting knowledge from large models. If a

tuning method is effective, models should generate outputs that contain Verifiable facts.

Fact-Checking Among those Verifiable outputs, we classify them into Supported
(facts is supported by evidence), Refuted (facts is refuted by evidence) and Not Enough
Information (NEI, evidence is not found), as shown in rows 5-12 of Table 5.1. These tags
are mainly adapted from Gupta et al. (2022). Annotators will gather trustworthy evidence
via search engines to determine the label.

To better understand the detailed behavior of large models, we divide Supported
into Explicit Supported and Implicit Supported. The former means that large
models memorize existing documents, while the latter implies that they do more than
memorization, e.g., summarization. We also let the annotators check whether NEI outputs
could be validated by common sense. If common sense could be used for validation, these
NEI outputs will be further classified into Reasonable NEI (facts match common sense)

or Unreasonable NET (facts contradict common sense), and Hard NEI if common sense
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Figure 5.2: Illustration of PLATO-KAG (Huang et al., 2021).

is not applicable.

5.3 Exploiting Generated Knowledge for Conversation

In this section, we first review the state-of-the-art approach - PLATO-KAG (Huang et al,,
2021). Then we develop our method on top of PLATO-KAG to exploit generated knowledge.

5.3.1 PLATO-KAG

As shown in Figure 5.2, PLATO-KAG is a model consisting of two modules: a knowledge
selector which selects top-K most relevant knowledge to the dialogue history from a pool
of retrieved knowledge candidates, and a response generator that generates the response

based on the dialogue history and the selected knowledge.

Knowledge Selector The knowledge selector adopts a dual encoder with shared parame-
ters to extract features. The dialogue history i and a knowledge candidate z will pass to
this encoder independently to get their own representations. Then it estimates the relevance

between the dialogue history / and a knowledge candidate z by:
f(h,z) = (WyE(h))" (W:E(2)) (6.1)

where E(-) is the fixed-length vector representation of the input, i.e., the encoder’s output

on the [CLS] token. W), and W, are two linear projections.
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To select the top-K knowledge candidates, the knowledge selector computes the relevance
between h and all possible z. Then only the top-K most related knowledge Z = {z,- - - ,zx}
is retained to construct the knowledge selection distribution P(z|h) as follows:

ef (h2)

P(z|h) = 72%2 )

(5.2)

Response Generator After the knowledge selection, the response generator will predict
the probability of the response r by:
P(r|h) = Y P(z|h)P(r|h, z) (5.3)
zeZ
where P(r|h,z) =T1; P(ri|h, z,7;) is a decoder that generates response r given the dialogue

history h and one knowledge candidate z.

5.3.2 Posterior-based Reweighing

Reweighing Generated knowledge contains hallucinated facts, as later shown in Section
5.5.1. It is thus not viable to take generated knowledge ¢ as the direct input of the model.
Instead, we interpret ¢ as noisy ground truth and define a refined knowledge selection
distribution P*(z|h):

P*(z|h) = P(z|h)P(z[g) (5.4)

where P(z|h) is the original knowledge selection distribution and P(z|g) measures the
similarity between g and z. This refined distribution P*(z|h) will score z high only if z is
close to the history h as well as the noisy ground truth g.

Similar to Egs. 5.1-5.2, we define P(z|g) to measure the closeness between g and each z:

f(8,2) = (WyE(g))" (W:E(2)) (5.5)
ef (8:2)/u

P(zlg) = SRIrEIT (5.6)

where « is a hyper-parameter that controls the sharpness of P(z|g).

Posterior Kim et al. (2020) suggests that the posterior selection distribution P(z|h, ) could
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select a more appropriate knowledge than the prior selection distribution P(z|h), because
the presence of future response r narrows down the scope of all possible z. We drive the

posterior of the refined selection distribution P*(z|h) via the Bayes rule:

B P(r|h,z)P*(z|h)
PGl r) = 5 B Th, )P (1) 6.7

where the denominator is tractable as there are only a small number of z and P(r|h, z) is
exactly the response generator.

The main challenge is how to estimate P(r|h, z) when r is not yet observed. We let the
response generator greedy decode a most likely response 7 for a given z. However, different
z might result in 7 with various lengths. A long 7 tends to have a lower probability and is
not competitive with the short one (Yang et al., 2018a). We therefore use the mean token
probability as the approximation of P(r|h,z) ~ & YN, P(Fi|h,z,7-;), where N is the length
of 7.

In the end, we add a hyper-parameter B to control the sharpness of the posterior
P*(z|h,r) « P(z|h,r)P. Since we only apply the Bayes rule once to obtain the posterior,

adjusting the sharpness help to amplify or diminish the impact of updating.

5.3.3 Noisy Training

Note that Eq. 5.7 is only applicable when the response generator P(r|h,z) is able to denoise,
i.e., the model should give the likelihood estimate of a low value if z is not appropriate. In
this case, the Bayes rule will update the posterior by lowering the chance of this inappropriate
z being selected. Since the knowledge selector always presents its most confident selection
to the response generator and the knowledge selector performs much better in the training
set (a top-K accuracy of 90.3% for the baseline) than in the test set (a top-K accuracy of
68.1%), such a bias will lead to a training-inference discrepancy and therefore the response
generator is not resilience to noisy knowledge during testing.

To alleviate this issue, we employ the Gumbel-TopK trick (Kool et al., 2019), which adds

noise to the top-K operation in the knowledge selector during training. Specifically, we
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sample noise from the Gumbel distribution with location y = 0 and scale ¢ = 1. This noise
will add to f(h,z) in Eq. 5.1 to permute the ranking of knowledge candidates and perturb

the selection distribution P(z|h).

5.4 Experimental Setup

5.4.1 Datasets

We conduct experiments on two popular benchmarks: Wizard of Wikipedia (Dinan et al.,
2019) (WoW), and Holl-E (Moghe et al., 2018). The WoW dataset covers a wide range
of topics (1,365 in total). Each conversation in WoW happens between a wizard who
has access to knowledge from Wikipedia about a specific topic and an apprentice who
learns from the wizard about the topic. Specifically, for our knowledge generation task in
Section 5.2.1, the input is the dialogue history and the target is the ground truth knowledge
that the wizard used to generate his response. There are 18,340/1,948/1,933 dialogues in
the training/validation/test set. The validation and test sets are split into two categories:
Seen which contains new dialogues with topics that appeared in the training set and Unseen
whose dialogues have topics that never appear in the training set. We follow Dinan et al.
(2019)’s scripts to preprocess the data.

Compared to WoW, conversations in Holl-E happened between two participants dis-
cussing a specific movie, where a single document about that movie is given as knowledge.
There are 7,228/930/913 dialogues in the training/validation/test split. We follow Kim et al.

(2020)’s scripts for data preprocessing.

5.4.2 Evaluation Metrics

We assess all results (generated knowledge and responses) via both the automatic metric

and human evaluation.
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Knowledge Generation Assessment In automatic evaluation, we compute the unigram F1
between the generated knowledge and the ground truth knowledge. In human evaluation,
we recruit three well-trained annotators who are fluent in English to evaluate 100 random
samples from the seen and unseen test sets each, according to the scheme we proposed
in Section 5.2.2. The tag of an example is determined by the majority vote of the three
annotators. The agreement among the annotators is measured via Fleiss” kappa (Fleiss,

1971).

Response Generation Assessment In the automatic evaluation, we report the perplexity
(PPL) and Unigram F1 of ground truth responses. We also collect the top-1 knowledge
accuracy (P@1) statistics, which evaluate the performance of the knowledge selector. In
the human evaluation, 100 random examples from WoW seen and unseen test sets are
distributed to three annotators respectively. They will evaluate these samples in four aspects,
following Huang et al. (2021):

* Coherent measures whether the response is consistent with the dialogue history.

¢ Informativeness evaluates whether the response is generic and non-informative or

not.

* Engagingness assesses how likely the annotator is willing to continue the discussion.

¢ Hallucination checks the correctness of the contained factual information.
Coherence, informativeness and engagingness are in the range of [0, 1, 2]. A higher value
implies a better result. Hallucination is in the range of [0, 1], where 0 means the response is
factually correct and 1 means the response contains hallucinated facts. We refer the readers
to Huang et al. (2021) for more details. The final score of each sample is determined through

majority voting.

5.4.3 Response Generation Baselines

TMN is the baseline released along with the WoW dataset (Dinan et al., 2019). It stores

knowledge candidates’ features in the memory for selection. We include the released
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FI;LM Model #Params | Fine-Tuning | Prefix-Tuning
ype | Test Seen Test Unseen | Test Seen Test Unseen
N/A T5-1arge 737M ‘ 0.2530 0.1044 ‘ 0.1312 0.1245
T5-small 60M 0.2521 0.1796 0.2138 0.1720
p= T5-base 222M 0.2679 0.1807 0.2494 0.1735
E T5—large 737M 0.2624 0.1943 0.2575 0.1579
T5-XL 3B 0.2684 0.2053 0.2629 0.1808
T5-XXL 11B - - 0.2652 0.1874
s DialoGPT-small 124M 0.2357 0.1588 0.3041 0.1456
Q DialoGPT-medium 355M 0.3216 0.1663 0.3173 0.1598
~ DialoGPT—large 774M 0.3217 0.1705 0.3209 0.1613

Table 5.2: The automatic evaluation result (Unigram F1) of two tuning methods for generating knowledge in
WoW seen and unseen test sets (“N/A” means we do not use the pre-trained weights). Results of fine-tuned
T5-XXL are missing due to resource constraint.

unsupervised trained checkpoint in our experiments’.

SKT models the knowledge selection process in multi-turn dialogue generation as a
sequential latent variable model (Kim et al., 2020). We use their open-sourced models in our

experimentsz.

KnowledGPT fine-tunes a GPT-2 (Radford et al., 2019) and leverages the reinforcement
learning approach to train an unsupervised sequential knowledge selector (Zhao et al., 2020).

We adopt their released model for experiments?>.

5.4.4 Implementation Details

Knowledge Generation For fine-tuning, all models use a batch size of 64, a learning rate
of 5e-5, and the inverse square root learning rate scheduler (Vaswani et al., 2017) with 1000
warmup steps. We validate the model on the validation set every 1000 steps and early stop

the training if the performance does not improve after 15 validations. For prefix-tuning, the

lhttps://parl.ai/projects/wizard_of_wikipedia
2https ://github.com/bckim92/sequential-knowledge-transformer

Shttps://github.com/zhaoxlpku/KnowledGPT
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Figure 5.3: The human evaluation results of generated knowledge from fine-tuned DialoGPT-large on WoW

seen and unseen test sets.

prefix length is set to 5 as in Li and Liang (2021). Other hyper-parameters are almost the
same as in fine-tuning, except that the learning rate is kept constant and reduced by 1/10
only if the validation set performance does not improve after 10 validations. At inference,

DialoGPT is decoded with top-K sampling where K is 10 and the beam size is 20. For T5,

we use beam search with a beam size of 10.

Response Generation Since Huang et al. (2021) did not release their codes and models
before we start the experiments, we reimplement their approach in ParlAl (Miller et al.,
2017) and report our own results as well. We follow Huang et al. (2021)’s hyper-parameters
settings in our experiments. For our proposed reweighing method, we perform a grid search
on the validation set (x € [1,10],8 € (0,1)) and set « = 5, 8 = 0.4. According to Table 5.2,
we choose the generated knowledge of DialoGPT-large for our experiments, as it performs

the best on average. All experiments are conducted on 8 NVIDIA A100 80G. It takes roughly

one day to train one model.
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5.5 Results and Analysis

5.5.1 Knowledge Generation Results

We conduct a case study of eliciting knowledge from large models on the WoW dataset and

present the evaluation results.

Automatic Evaluation Results

Table 5.2 shows F1 scores of various large models tuned by different methods on the seen
and unseen test sets. Results of fine-tuning T5-XXL are missing because we do not have
enough resources to train this model. The first row of Table 5.2 is the baseline result of
tuning a randomly initialized T5-large model. We observe that nearly all large models
perform better than this baseline, especially on the unseen test set. This observation indicates
the per-trained weights do store a lot of factual information as they make a non-trivial
improvement.

We also see that PDMs perform much better than PLMs on data with a seen topic, while
PLMs are better on the unseen topic in most cases. This might be the consequence that PLMs
are trained on diverse text data, which allows them to generalize better on unseen topics.
PDMs, on the other hand, are trained on dialogue data only and have a smaller discrepancy
between pre-training and fine-tuning. Thus PDMs perform better on seen topics. We also
find that the results of fine-tuning are much better than prefix-tuning in general. But this
gap is closed when the model gets larger, which is aligned with the conclusion in Lester
et al. (2021).

Interestingly, large models scale poorly on our task. On the unseen test set, the per-
formance increases only around 3 points while the model size is 50 x larger (0.1796 for
fine-tuned T5-small with 60M parameters vs. 0.2053 for fine-tuned T5-XL with 3B parame-

ters).
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‘ Automatic Evaluation ‘ Human Evaluation
Test Seen ‘ PPL|

P@1{) Unigram F1{ ‘ Coherenceff Informativenessft Engagingness{t Hallucination|

TMN 61.21 0.220 0.172 0.4757 0.3883 0.4175 0.0777

SKT 57.27 0.258 0.187 0.9806 0.7767 0.6990 0.0680

KnowledGPT | 19.60 0.262 0.209 1.0000 1.2330 1.0874 0.0097

PLATO-KAG 9.767 0.253 0.188 - - - -

PLATO-KAG* | 11.51 0.266 0.207 1.4757 1.1748 1.2816 0.0388

PLATO-KAG™ | 12.37 0.254 0.211 1.4951 1.1845 1.2718 0.0291
|  Automatic Evaluation | Human Evaluation

Test Unseen ‘PPLU P@1{t Unigram F1f ‘ Coherenceft Informativeness{ Engagingness{ Hallucination|l

TMN 103.1 0.112 0.150 0.5000 0.2788 0.3173 0.1058
SKT 8793 0.177 0.157 0.7019 0.5000 0.5385 0.0673
KnowledGPT | 22.85 0.238 0.196 0.9712 0.9904 0.7692 0.0096
PLATO-KAG | 11.46 0.253 0.181 - - - -

PLATO-KAG* | 12.75 0.233 0.196 1.4327 1.2019 1.2019 0.0962
PLATO-KAG™ | 13.77 0.231 0.203 1.2596 1.0192 1.0096 0.0385

Table 5.3: The automatic and human evaluation results on WoW seen (upper) and unseen (bottom) test sets. *
means this is our implementation results. © means our proposed method is applied. Note that PPL is generally
not comparable among baselines, as their vocabularies are different. The best results are in bold and the best
baseline results are underlined.

Human Evaluation Results

The human evaluation results are presented in Figure 5.3. This evaluation has a kappa value
of 1 for the context understanding dimension and 0.698 for the remaining dimensions*.

Here we study the outputs of fine-tuned DialoGPT-large, as it performs the best on average.

Context Understanding From the first subplot of Figure 5.3, large models can reliably
generate related knowledge for a given dialogue history, where around 90% tags are

Related in both test sets.

Tuning Effectiveness The second diagram in Figure 5.3 shows that large models exhibit

desirable behaviors after fine-tuning: it generates knowledge (Verifiable) in all cases.

Fact-Checking The rightmost three panels of Figure 5.3 demonstrate the factual correctness

of the generated knowledge. As shown in the third panel, large models generate factually

4Since fact-checking is a fine-grained category of Verifiable in tuning effectiveness, we merge these two
categories and compute the kappa value jointly.
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correct (Supported) statements in most cases, though there is still around 10% of the
chance to produce hallucinated information (Refuted). Among all the factually correct
knowledge (the second last panel), more than 50% of them are Implicit Supported.
This is exciting as large models are able to assemble multiple facts in their outputs, which
cannot be substituted by simple search engine retrieval. This ability to summarize justifies
the value of large models in serving as knowledge bases.

The last panel of Figure 5.3 checks whether NEI claims could be verified by common
sense. There is a certain amount (39~57%) of NET claims that are common sense. This
observation advocates another advantage of utilizing large models as knowledge bases: they
can provide common-sense information that lies behind the human mind, with no need for

humans to explicitly write them down.

5.5.2 Response Generation Results
Main Results

Table 5.3 is the response generation results of the WoW test sets. We can see that applying our
proposed method to PLATO-KAG obtains the highest F1 score, even if our reimplemented
PLATO-KAG baseline already performs much better than reported in the paper. On the
other hand, our proposed method seems to lower the top-1 knowledge accuracy, i.e., P@1
drops from 0.266 to 0.254 in the seen test set and from 0.233 to 0.231 in the unseen test
set. Note that PLATO-KAG is a model whose input consists of K knowledge candidates.
If the ground truth knowledge is not ranked in the first place but presented in the top-
K results, the model can still use the ground truth for the generation. In this case, the
top-K knowledge accuracy is a more important metric for evaluating knowledge selection.
Though not presented in Table 5.3, P@K increases from 0.681 to 0.690 in the seen test set
and from 0.645 to 0.656 in the unseen test set. Table 5.4 displays the automatic evaluation
results in Holl-E datasets. Similar to the results of WoW, our proposed method significantly
outperforms the baseline systems in terms of the F1 score.

Table 5.3 also reports the human evaluation results of WoW. The kappa value of this
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System | PPL|} P@1{ Unigram F1{

SKT 52.02  0.303 0.295
PLATO-KAG 10.22  0.271 0.300
PLATO-KAG* | 5.816 0.250 0.310
PLATO-KAG™ | 5495 0.272 0.320

Table 5.4: The evaluation results on Holl-E test set.

| TestSeen | Test Unseen
System Unigram Know. | Unigram Know.
F11} F11 F11} F11
PLATO-KAG* 0.208 0.193 0.196 0.183
+ Noisy Train. 0.209 0.192 0.203 0.188
+ Post. Reweigh | 0.211 0.200 0.203 0.193

Table 5.5: The ablation study on WoW test sets.

human evaluation is 0.415. In the seen test set, our strategy improves over baselines in
nearly all metrics. However, our method degrades the performance of the unseen test set. In
Section 5.5.2, we will show that our method put significantly more ground truth knowledge
into the responses. In spite of that more knowledge helps to reduce hallucinations (from
0.0962 to 0.0385 as shown in Table 5.3), this could also lead to a degenerated result in human

evaluation (Huang et al., 2021), as the knowledge makes the response far less interesting.

Analysis

We conduct an ablation study in Table 5.5 for a better understanding of our proposed
method. We additionally report Knowledge F1, the F1 score between the generated response
and the ground truth knowledge (Lian et al., 2019; Shuster et al., 2021), which indicates how
much ground truth knowledge is embedded into the response.

As shown in Table 5.5, all steps in our proposed method, including noisy training and
posterior-based reweighing, contribute to the final performance. In particular, reweighing
greatly improves Knowledge F1, which implies that it helps to select and incorporate ground

truth knowledge into the response generation.
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5.6 Summary

In this work, we show that large pre-trained models could serve as knowledge bases for
unsupervised knowledge-grounded conversation. The study on the generated knowledge
of large models has the following observations:
¢ Fine-tuning better elicits knowledge from large models than prefix-tuning.
¢ Knowledge pieces generated by pre-trained language models have a higher quality on
unseen topics, while those from pre-trained dialogue models are better on seen topics.
¢ Large pre-trained models can synthesize common sense and summarize facts scattered
on the web.
We also propose posterior-based reweighing and noisy training, which helps to incorporate
the generated knowledge into the dialogue system. These simple strategies show a promising

result over the strong baselines.
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Chapter 6

Applications of LLM Evaluation:
Multi-Hop Reasoning

6.1 Motivation

The field of long-context modeling has garnered significant attention due to its importance
in applications that demand extensive comprehension and generation capabilities (Lewis
et al., 2020; Liu et al., 2023b). Techniques for long-context modeling (Chen et al., 2023a; Peng
et al., 2023; Chen et al., 2023c) have been proposed with encouraging results on established
benchmarks (An et al., 2023; Bai et al., 2023).

Nevertheless, we have identified a gap in the performance of these models when
it comes to multi-hop reasoning tasks, where a model must navigate and synthesize
information from disparate sources to answer complex questions. Evidence from key
benchmarks such as LongBench (Bai et al., 2023), as well as our experimental results in
Section 6.4.3, indicate that these long-context LMs underperform compared to leading multi-
hop reasoning systems (Zhang et al., 2023a). The reasons for this shortfall in multi-hop
reasoning effectiveness are not yet fully understood.

We contend that the limitations in multi-hop reasoning observed in long-context LMs

stem from two main issues: The inability to discern pertinent information within noisy
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contexts (Liu et al., 2024) and the struggle to incorporate knowledge within the context
effectively, particularly for smaller-scale models (Zheng et al., 2023a). To address these
challenges, we introduce Reasoning with Attributions, a methodology that compels LMs to
substantiate their reasoning by linking assertions to relevant context segments, such as
citations (Gao et al., 2023b) or direct quotations (Menick et al., 2022). This approach not only
guides LMs to perform targeted information retrieval to identify the position of relevant
contexts, thereby reducing noise, but also ensures their responses are well-grounded in the
source material. Our preliminary and comprehensive experimental findings, detailed in
Sections 6.2.1 and 6.4.3, confirm the efficacy and resilience of this method across various
multi-hop reasoning benchmarks.

Despite these advancements, smaller long-context LMs exhibit continued difficulties
in reasoning. We explore the potential for these models to improve through learning to
reason and attribute simultaneously. Utilizing ChatGPT (Brown et al., 2020) to annotate the
multi-hop reasoning dataset MuSiQue (Trivedi et al., 2022), we create a specialized dataset
MuSiQue-Attribute for fine-tuning models in this dual capacity. We propose a potent learning
strategy that leverages multi-task learning and data augmentation to fully exploit these
annotations. Our experiments with five long-context LMs across three multi-hop reasoning
datasets and two general instruction-following datasets reveal that our fine-tuned Vicuna-
7B model (Zheng et al., 2023b) surpasses similar-scale baselines by a substantial margin,
i.e., more than 20 points on average, and even outperforms ChatGPT and Claude-instant
on MuSiQue, albeit with a slight trade-off in other capabilities. This study illuminates
a promising avenue to enhance the multi-hop reasoning capabilities of long-context LMs
through a focus on attributions.

Our contributions can be summarized as follows:

¢ We introduce Reasoning with Attributions, an innovative reasoning paradigm that

enhances both the performance and robustness of long-context LMs in multi-hop
reasoning tasks.

¢ We provide MuSiQue-Attribute, an attribution-annotated multi-hop reasoning dataset
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to support further research in this domain.

¢ We develop a bespoke learning strategy that incorporates novel auxiliary tasks for
multi-task learning and employs tailored data augmentation techniques.

¢ Through rigorous testing on three multi-hop reasoning datasets and two general
instruction-following benchmarks with both proprietary and open-source models,
we demonstrate that our fine-tuned Vicuna-7B model achieves comparable multi-
hop reasoning performance to ChatGPT with minimal impact on other capabilities.
Additionally, our model shows resilience against varying degrees of contextual noise,

underscoring the effectiveness of our methods.

6.2 Reasoning with Attributions

6.2.1 Pilot Study

The challenge of large language models becoming mired in irrelevant contexts, known as
the “Lost in the Middle” phenomenon, has been documented across various NLP tasks,
such as multi-document QA (Liu et al., 2024) and mathematical reasoning (Shi et al., 2023a).
This issue is also apparent in multi-hop reasoning, which we illustrate later in Figure 6.2.
Prior research has noted this problem but has not decoded the underlying mechanisms. For
example, while Liu et al. (2024) found that introducing the query before the context can
aid in better information retrieval from the context, they did not achieve an improvement
in QA performance using this query-aware approach. As we suggest in Section 6.1, the
reasons might extend beyond mere retrieval challenges to include complications in effectively
applying the retrieved knowledge.

To tackle the issues outlined earlier, we introduce Reasoning with Attributions, a strategy
that mandates language models to link the claims made during reasoning to specific sections
of the provided context. This implicit requirement effectively decomposes a complex multi-
hop question into two more manageable tasks: Pinpointing pertinent information within

the context and constructing well-founded claims based on that information.
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Instruction: Write an accurate and concise answer for ...

<Retrieve for the question>

Document [1](Title: David Myles (musician)): ...
Document [2](Title: Jamal Plays Jamal): ...
Document [3](Title: Top and Bottom Brass): ...

Question: What is the genre of the record label of the
band that performed on the Crush Tour?

Answer:

CoT:

The Crush Tour is performed by the band Bon Jovi. The
record label of Bon Jovi is Island Records. The genre of
Island Records is jazz. The answer is: jazz ¢/

CoC:

The Crush Tour is performed by the band Bon Jovi
The record label of Bon Jovi is Island Records . The
genre of Island Records is jazz [19]. The answer is: jazz ¢/

CoQ:

The Crush Tour is performed by the band Bon Jovi (“The

Crush Tour is a third concert” [8]). The record label of

Bon Jovi is Island Records (“Bounce is the eighth studio

album by American” [17]). The genre of Island Records

is jazz (“The Antidote is the debut album by English jazz”
). The answer is: jazz ¢/

Table 6.1: An example of CoT and two of our reasoning with attribution methods: CoC and CoQ. We highlight
the differences between these methods, e.g., answers are marked in green, citations are marked in and
quotes are marked in blue.

We adapt the concept of Chain-of-Thought (CoT) (Wei et al., 2022b) reasoning to create
two distinct variants aligned with our attribution-based approach: Chain-of-Citation (CoC)
and Chain-of-Quote (CoQ). In CoC, models are prompted to reference citations correspond-
ing to each step of the reasoning chain. CoQ goes further by requiring models to include
direct quotations from the cited material for each reasoning step. An illustrative example
highlighting the nuances between these methods is provided in Table 6.1.

The results of our preliminary study (Please refer to Section 6.4 for the setup), detailed
in Table 6.2, compare the efficacy of CoT, CoC, and CoQ when applied to two proprietary
long-context LMs: ChatGPT (Brown et al., 2020) and Claude-instant (Bai et al., 2022).
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| MuSiQue | 2Wiki | HotpotQA
'EM F1 [EM F1 [EM F1
ChatGPT (gpt-3.5-turbo-1106)

+AO |158 269 462 57.2|51.0 654
+CoT |36.2 50.1 552 70.1|56.8 71.2
+CoC |37.0 510|554 71.1|58.6 73.4
+CoQ |36.4 51.3 |54.0 68.7|554 70.2

Model

Claude-instant (claude-instant-1.2)

+AO |262 394 470 575|544 68.4
+ CoT |26.0 379 |40.8 52.3|20.2 263
+CoC |32.2 46.2 534 67.0|542 68.3
+CoQ |30.2 459 |49.8 62.1|50.8 65.0

Table 6.2: Exact-Match (EM) and F1 scores of ChatGPT and Claude-instant with 5-shot prompting on
multi-hop reasoning datasets, e.g., MuSiQue, 2WikiMultiHopQA (2Wiki for short) and HotpotQA. The best
results are in bold. AO means models predict answers only.

Without further notice, ChatGPT always refers to gpt-3.5-turbo-1106 and claude-
instant-1.2 for Claude-instant in this work. The findings suggest that both CoC and
CoQ generally yield improvements over CoT, indicating that attribution-based reasoning
enhances the precision and coherence of the models” reasoning processes. CoQ appears
to slightly underperform CoC, likely due to the increased complexity of producing exact
quotations.

It is noteworthy that even in instances where CoT reduces the Answer Only (AO)
performance, CoC is able to not only mitigate this decline but also surpass the AO baseline.
This demonstrates the potential of CoC as a robust reasoning method. The success of our
approach with various open-sourced models is further elaborated upon in Section 6.4.3.
Based on these insights, we adopt CoC as our primary reasoning format in subsequent

sections.

6.2.2 Dataset Curation

Our analysis, evidenced by the data in Tables 6.2 and 6.5, confirms that while reasoning with
attributions holds promise, smaller open-source long-context language models significantly

underperform compared to their proprietary counterparts in multi-hop reasoning tasks. To
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Error Type ‘ Portion

Incorrect Answer 58.44%
Non-Existent Attributions | 12.56%
Incorrect Citations 9.80%
Repeated Citations 6.35%
Extreme Quotes 10.55%

Table 6.3: Incidence rates of different error types.

Entry | Value

#Max Words per Sample 3385
#Mean Words per Sample 1809.10
#Averaged Words per CoT Step 11.64
#Averaged Words per Quote 16.60
#Totoal Samples 1358
2-Hop Samples [%] 82.18%
3-Hop Samples [%] 14.06%
4-Hop Samples [%] 3.76%

Table 6.4: Statistics of MuSiQue-Attribute.

address this, we investigate whether training these models to perform attributions can boost
their reasoning capabilities.

A hurdle in this process is the lack of attribution annotations within existing multi-
hop reasoning benchmarks. To bridge this gap, we have generated new annotations by
prompting ChatGPT with 5-shot CoQ. This has been done to create CoT with attributions
for 5,000 instances randomly selected from the answerable training set of the MuSiQue
dataset (Trivedi et al., 2022). Although CoC generally outperforms CoQ, we chose CoQ
for annotation because it provides more detailed information. This richness is beneficial
not only for evaluating the quality of the annotations but also proves advantageous for the
fine-tuning processes discussed in Section 6.3.

After generating the annotations, we implemented a filtering process to exclude annota-
tions with any of the following errors:

¢ Incorrect Answer: The model’s predicted answer does not align with the reference

answer, which typically indicates an erroneous CoT.

* Non-Existent Attributions: Fabricated citations or quotes that do not correspond to
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the actual context are indicative of model hallucination.

¢ Incorrect Citations: Citations do not match the manually identified supporting facts,

suggesting flawed attributions.

* Repeated Citations: Redundant citations contravene the multi-hop requirement of

sourcing from multiple documents.

¢ Extreme Quotes: Quotes that are either too terse (under five words) or excessively

lengthy (spanning an entire document) lack utility.

Table 6.3 presents the substantial incidence rates of each error type, which could neg-
atively impact fine-tuning effectiveness. After filtering, we obtain a training dataset of
1,358 samples, referred to as MuSiQue-Attribute. The statistics of the MuSiQue-Attribute
training set are outlined in Table 6.4. It is important to note that the hop distribution
in MuSiQue-Attribute is skewed. This skewness arises both because generated CoT for
questions with more hops is more prone to errors and because such questions represent a

smaller fraction of the original MuSiQue training set.

6.3 Learning to Attribute in Reasoning

One intuitive approach to enhancing the multi-hop reasoning capabilities of LMs is to fine-
tune them on our curated MuSiQue-Attribute, thereby teaching them to integrate attribution
into their reasoning processes, specifically to generate CoC. Despite the simplicity of this
method, our subsequent analysis in Section 6.4.4 demonstrates that this direct approach

fails to produce robust results.

Multi-Task Learning. Beyond simply fine-tuning LMs on the MuSiQue-Attribute to learn
to attribute in reasoning (denoted as LA), we propose three auxiliary tasks that serve as
simplified analogs of LA. These tasks are designed to train LMs in conjunction with LA to
enhance their proficiency in attribution-based reasoning;:

¢ Answer Prediction (AP for short): This task focuses on direct answer prediction

without the need for an explicit reasoning process. AP is intended to help LMs
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Input Output

Learning to Attribute in Reasoning

[ CoT ] + [ Citations + Answer

CoT Generation

Question CoT + Answer
' Answer Prediction
Documents Answer

Quotes Identification

Figure 6.1: Comparison of the proposed auxiliary tasks.

internalize the reasoning needed for straightforward questions where CoT is not
required.

* CoT Generation (CG for short): In the CG task, models are trained to generate
a CoT before providing an answer. This is aimed at developing LMs’ abilities to
reason explicitly and methodically across multiple pieces of information for complex
questions.

* Quotes Identification (QI for short): This task trains models to pinpoint critical quotes
for reasoning. QI is designed to fine-tune the ability of LMs to filter out irrelevant
details and zero in on the pertinent segments of text, thereby sharpening the accuracy
of reasoning.

Figure 6.1 illustrates the distinctions between our primary LA task and the three auxiliary

tasks.

Data Augmentation. A recognized limitation of direct fine-tuning on our MuSiQue-
Attribute is the potential for models to develop biases, such as favoring certain locations
of relevant documents (Liu et al., 2024), sensitive to a fixed number of documents, or
accommodating only a narrow range of noise levels. To counteract these biases, we have

devised the following data augmentation strategies:
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¢ Distractor Sampling: By randomly selecting a varying number of irrelevant docu-
ments, we modify the positioning of relevant documents and the total document
count within the context. This approach also mimics the fluctuating noise levels
encountered in real-world scenarios, training language models to cope with noisy
contexts effectively.

¢ Document Shuffling: Reordering the documents helps to remove any superficial
positional cues that could lead to reasoning bias. For example, this ensures that
models do not learn to associate the sequence of relevant documents with a fixed
reasoning chain sequence.

These data augmentation strategies are applied in sequence for each training instance.

6.4 Experiments

6.4.1 Datasets

Our method’s effectiveness in multi-hop reasoning is assessed on the following datasets:
HotpotQA (Yang et al., 2018b), 2WikiMultiHopQA (2Wiki for short) (Ho et al., 2020),
and MuSiQue (Trivedi et al., 2022). For each question, we provide a context composed
of shuffled relevant and irrelevant documents. These irrelevant documents are the official
retrieved distractor documents. We adopt the development and test sets from Trivedi et al.
(2023) for evaluation, which contains 100 and 500 examples respectively. The results we
present are the mean values from three separate trials, each with a distinct random seed.
To understand the broader impact of enhancing multi-hop reasoning on LMs’ overall
capabilities, we also conduct evaluations on general instruction-following benchmarks,

namely MT-Bench (Zheng et al., 2023b) and AlpacaEval (Li et al., 2023d).

6.4.2 Models

The following long-context baselines are chosen in our experiments.

¢ ChatGPT (Brown et al., 2020). We choose gpt-3.5-turbo-1106, which supports a
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window size of 16K tokens.

¢ Claude-instant (Bai et al., 2022). We choose claude—-instant-1.2, which has a

window size of 100K tokens.

¢ LongChat (Li et al., 2023a). We use longchat-7b-16k, a 7B fine-tuned LLaMA

model (Touvron et al., 2023a). It has a window size of 16K tokens.

¢ LongLoRA (Chen et al., 2023c). We use LongAlpaca-7B-16k, which has a window

size of 16K.

* Vicuna (Zheng et al., 2023b). We use vicuna-7b-v1l.5-16k, a 7B fine-tuned LLaMA-

2 model (Touvron et al., 2023b). It supports a window size of 16K tokens.

We prompt all models with 5-shot to evaluate their multi-hop reasoning performance.
These 5 demonstrations are randomly sampled from the 20 annotated training examples
provided by Trivedi et al. (2023). If the input length exceeds the window size, we drop the
last demonstration until the input length fits.

Our model AttrLoRA is fine-tuned on vicuna-7b-v1.5-16k with LoRA (Hu et al.,
2022a), following hyper-parameters used in FastChat (Zheng et al., 2023b). For its training
data, we perform augmentations to double the training data for all tasks in Section 6.3 except
for the QI task. Note that we subsample same-sized instruction-tuning data from the Alpaca
dataset (Taori et al., 2023) and mix it with the reasoning data. These instruction-tuning
data serve the purpose of minimizing the risk of hampering other abilities Vicuna already

possesses before fine-tuning.

6.4.3 Main Results

Effectiveness and Robustness of Reasoning with Attributions. The results in Table 6.5
underscore the efficacy of our CoC prompting across three multi-hop reasoning datasets,
benchmarked against five baselines. In 77% of the evaluated cases (disregarding instances
of near-zero model performance) CoC outperforms CoT. Notably, Claude-instant exhibits
strong results with AO, and its performance diminishes when CoT is used. However, CoC

not only mitigates this decline but also attains results on par with AO, demonstrating the
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| MuSiQue | 2Wiki | HotpotQA

Model ‘ Overall 2-Hop 3-Hop 4-Hop ‘ Overall Compositional Inference Comparison Bridge-Comparison ‘ Overall Bridge Comparison
ChatGPT
+AO 158 161 143 174 46.2 19.0 68.1 30.5 714 51.0 49.0 60.2
+ CoT 362 346 383 370 55.2 241 89.1 284 90.5 56.8  56.1 60.2
+ CoC 370 370 370 370 55.4 27.8 89.1 284 88.6 586 575 63.6
Claude-instant
+AO 262 252 273 272 47.0 19.0 68.9 325 70.5 544 527 62.5
+ CoT 260 272 279 196 40.8 20.3 80.7 15.7 58.1 202 235 45
+ CoC 322 327 305 337 53.4 36.7 90.8 223 81.9 542 553 489
.| LongChat
2l +A0 6.7 7.0 41 101 26.8 12.0 34 48.7 47.3 323 340 24.6
g + CoT 9.7 121 6.7 8.3 27.1 17.8 7.2 43.7 40.6 38.5 38.2 40.2
+ CoC 11.0 133 8.7 8.7 245 19.0 5.9 429 27.9 39.1 38.9 39.8
LongLoRA
+AO 0.2 0.4 0.0 0.0 7.7 9.0 4.6 13.2 1.3 16.9 16.3 19.3
+ CoT 0.0 0.0 0.0 0.0 15.1 5.9 0.8 289 27.3 114 11.0 13.3
+ CoC 0.0 0.0 0.0 0.0 8.3 32 1.3 15.7 14.6 44 4.0 6.4
Vicuna
+AO 0.1 0.1 0.0 0.0 20.5 52 5.1 319 47.6 223 242 13.6
+ CoT 0.0 0.0 0.0 0.0 27.7 14.7 7.6 48.5 43.5 30.5 32.0 23.1
+ CoC 0.0 0.0 0.0 0.0 28.4 20.6 7.2 49.3 35.2 33.1 34.7 25.8
.| AttrLoRA
2l +AO 329 357 271 348 49.2 48.7 28.7 54.9 59.0 51.5 51.0 54.2
(’Or') + CoT 379 416 355 319 46.8 484 25.3 53.5 524 50.9 51.2 49.2
+ CoC 381 427 357 297 47.4 46.0 274 57.7 53.3 52.1 52.6 49.6

Table 6.5: Exact-Match (EM) results on three multi-hop reasoning datasets. The best small-scale long-context
LM results are in bold and the best baseline results are underlined.

robustness of attribution-based reasoning.

Performance of AttrLoRA Against Proprietary Models. Table 6.5 presents a zero-shot
performance comparison between our AttrLoRA and five-shot outcomes from various
baselines. AttrLoRA surpasses baselines of comparable scale by an average margin of over
20 points. It exceeds the performance of two notable proprietary models on MuSiQue and
delivers closely competitive results on the other two benchmarks.

In particular, AttrLoRA with AO achieves superior results on 2Wiki and surpasses CoT
on HotpotQA. This can be attributed to the relative simplicity of these datasets, where
explicit reasoning does not significantly enhance performance. For instance, CoT’s advantage
is noticeably smaller on these datasets compared to MuSiQue for both the ChatGPT and
Claude-instant. Additionally, according to Jiang and Bansal (2019), over half of the “bridge-
type” questions in HotpotQA contain shortcuts, which can locate the answer by keyword
matching, circumventing the need for the intended two-hop reasoning. Similarly, 2Wiki’s
predictable nature, due to its question construction from a limited set of rules, simplifies the

task for LMs. Another contributing factor is that AttrLoRA is trained on MuSiQue-Attribute,
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Figure 6.2: Exact-Match (EM) results of different models under various noise levels in three multi-hop
reasoning datasets. Note that all models except our AttrLoRA use 5-shot prompting. A higher noise ratio
indicates more distractors, i.e., irrelevant documents, are presented in the context of both the test instance and
the demonstrations.

MT-Bench AlpacaEval

Model (Score) (Win Rate)
ChatGPT 8.245 9.178%
Claude-instant 8.131 15.664%
Vicuna 6.068 5.415%
+ Alpaca Data 4.850 3.287%
AttrLoRA 4978 3.106%

Table 6.6: Results on general instruction-following benchmarks. “+ Alpaca Data” is a Vicuna-7B model
continued fine-tuning on Alpaca data.

which does not encompass the full range of question types found in 2Wiki and HotpotQA,

such as “comparison-type” questions.

Resilience of AttrLoRA to Noisy Contexts. A key aspect of AttrLoRA is its robustness to
contextual noise. To investigate this, Figure 6.2 illustrates AttrLoRA’s performance against
varying degrees of synthesized noise. This synthesized noise is implemented by adding
varied numbers of random irrelevant documents to the context. The data indicates that
while the performance of baseline models markedly declines with increased noise, e.g.,
Vicuna drops by over 30 points on MuSiQue, AttrLoRA shows greater resilience, with a

reduction of only about 10 points.
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Figure 6.3: Multi-hop reasoning performance vs. citation precision and recall of AttrLoRA.

Impact of Attribution Learning on General Abilities. Our investigation extends be-
yond multi-hop reasoning to examine how attribution learning affects AttrLoRA’s general
instruction-following capabilities post-fine-tuning, as compared to the Vicuna baseline.
The results in Table 6.6 from two instruction-following benchmarks reveal that fine-tuning
slightly compromises abilities beyond multi-hop reasoning in a 7B model due to capacity
constraints. However, a closer analysis reveals that over 98% of the performance decrease is
attributed to fine-tuning with Alpaca data (“+ Alpaca Data”), while multi-hop reasoning
data incurs less than a 2% detriment. This is because the quality of Alpaca data is inferior
to Vicuna’s, with the former being single-turn GPT-3 synthesized and the latter comprising

multi-turn human-bot conversations.

6.4.4 Analysis

Attribution Quality of AttrLoRA. Drawing from the insights of Gao et al. (2023b), we scru-
tinize the citation precision and recall for AttrLoRA, as presented in Figure 6.3. The model
demonstrates high precision, indicating its proficiency in correctly attributing statements to
pertinent documents. Nonetheless, the moderate recall highlights that AttrLoRA does not
consistently identify all relevant documents, a potential consequence of the disconnected

reasoning patterns observed in MuSiQue-Attribute.
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Model | MuSiQue 2Wiki HotpotQA
Vicuna (5-Shot) 0.00 28.4 33.1

+ AP 32.3 47.8 52.1
+CG 37.3 45.3 50.7
+ LA 37.3 46.9 52.1
+ QI 38.1 47.4 52.1

Table 6.7: Ablation study on multi-task learning.

Model | MuSiQue 2Wiki HotpotQA
Vicuna (5-Shot) |  0.00 28.4 33.1
+ AP 27.4 449 50.9
+ Augmentation 32.3 47.8 52.1
+CG 28.1 37.7 494
+ Augmentation 30.5 37.3 50.4
+ LA 29.1 38.8 49.0
+ Augmentation 30.1 37.1 499

Table 6.8: Ablation study on data augmentation.

The Effectiveness of Multi-Task Learning. Our ablation study in Table 6.7 assesses our
multi-task learning approach. Results indicate a marked enhancement in Vicuna’s reasoning
capabilities upon fine-tuning with our dataset (“+ AP”). However, explicitly training Vicuna
to generate CoT (“+ CG”) yields mixed outcomes: It benefits performance on MuSiQue but
adversely affects results on 2Wiki and HotpotQA. This discrepancy can be attributed to
the relative ease of the latter datasets, where simpler questions and shortcuts reduce the
effectiveness of complex reasoning strategies, as discussed in Section 6.4.3. Importantly,
integrating the LA task (“+ LA”) mitigates the performance drops associated with CoT and
notably boosts MuSiQue scores. This implies that attributions are instrumental in enabling
the model to reason over complicated questions without compromising its ability to handle
simpler queries. Finally, the addition of the QI task (“+ QI”) appears to further refine the
model’s multi-hop reasoning proficiency, underscoring the value of our multi-task learning

framework.
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Figure 6.4: The impact of scaling fine-tuning data size.

The Effectiveness of Data Augmentation. We explore the impact of our data augmentation
strategy, intentionally omitting the QI task, as it alone is insufficient for training models to
conduct multi-hop reasoning. The data in Table 6.8 demonstrates that including augmented
data generally enhances model performance across various datasets. However, augmenting
CG and LA data does not yield improvements on 2Wiki. In this case, the model readily
learns from a limited amount of annotated data due to the simplicity of the automatically
generated questions within 2Wiki. Conversely, on MuSiQue and HotpotQA, which feature
more complex and varied human-crafted questions, the model benefits from exposure to a

larger dataset to accommodate the diversity of question formulations.

The Effectiveness of Scaling Fine-Tuning Data. In Figure 6.4, we investigate how the
expansion of fine-tuning data influences model performance. It is evident that incorporating
additional data steadily enhances performance on MuSiQue and 2Wiki, while optimal
results are attained with just 60% of our data for HotpotQA. This fact suggests that more
complex question answering, involving additional reasoning steps like MuSiQue and 2Wiki,
demands a larger dataset. An intriguing discovery is that using a mere 20% of our data
achieves approximately 85% of the peak performance. This highlights the efficiency of
fine-tuning: Even a modest subset of multi-hop reasoning examples can significantly boost

the model’s reasoning capabilities.
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Question: Who is the mascot of the university
related to Randy Conrads?

Document [4](Title: Benny Beaver): Benny
Beaver is the official mascot of Oregon State
University and winner of the 2011 Capital
One Mascot of the Year write - in campaign.

Document [7](Title: Randy Conrads): Randy
Conrads attended Oregon State University,
graduating in 1972 with a bachelor’s degree
in industrial engineering. ...

Vicuna: the university. X
AttrLoRA: Randy Conrads attended Oregon
State University [7]. The mascot of Oregon
State University is Benny Beaver [4]. The an-
swer is: Benny Beaver ¢/

Question: What is the record label of the co-writer and
recording artist of Permission to Fly?

Document [8](Title: No Ordinary Girl): No Ordinary
Girl is the debut album by Jordan Pruitt, released in
the United States on February 6, 2007 by Hollywood
Records. The album debuted and peaked at number
sixty-four ...

Document [19](Title: Permission to Fly): Permission to
Fly is the second and final studio album by American
singer-songwriter Jordan Pruitt. On July 22, 2008, the
album was released ...

Vicuna: The answer is: The answer is a question. X
AttrLoRA: The co-writer and recording artist of “Per-
mission to Fly” is Jordan Pruitt . The record label
of Jordan Pruitt is Hollywood Records [8]. The answer
is: Hollywood Records v/

Table 6.9: Two examples from MuSiQue test set where Vicuna fails and AttrLoRA succeeds. We manually
annotate quotes in blue and citations in . Correct predictions are marked by v/ and incorrect ones are by
X.

Case Study. Table 6.9 presents a comparative case study where Vicuna and AttrLoRA are
both prompted to generate CoC. Within the provided examples, AttrLoRA successfully
produces coherent CoT and precisely attributes each claim. In contrast, Vicuna yields

answers without engaging in an explicit reasoning process.

6.5 Summary

This study demonstrates that long-context LMs face challenges with multi-hop reasoning
within noisy contexts. We introduce a reasoning paradigm that incorporates attributions,
which significantly improves the reasoning capabilities of long-context LMs. Alongside, we
contribute a new dataset annotated with attributions and study training strategies tailored
for multi-hop reasoning. Our comprehensive experiments across five models and five
benchmarks validate the superiority of our approach in enhancing multi-hop reasoning

performance.
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Chapter 7

Applications of LLM Evaluation:

Test-Time Scaling

7.1 Motivation

Leveraging external feedback from interactions with the environment during test time
has emerged as a promising approach for large language models (LLMs). This includes
applications such as LLM-based agents (Yao et al., 2023; Shinn et al., 2023) and, more
recently, test-time scaling (Wu et al., 2024b; Snell et al., 2024; Liu et al., 2025). Such methods
further enhance the potential of LLMs to solve challenging tasks, e.g., Olympiad-level math
problems (Guan et al., 2025) and competitive programming (OpenAl et al., 2025).
Significant progress in this area typically falls into two categories (Snell et al., 2024),
as illustrated in Figure 7.1: sequential revision and parallel sampling. Sequential revision
methods (Shinn et al., 2023; Madaan et al., 2023) incorporate previous attempts into the
LLM'’s context, while parallel sampling methods (Brown et al., 2024; Xie et al., 2023) generate
new attempts independently of prior failures. However, both approaches have notable
limitations. Sequential revision is computationally expensive due to long context lengths
and faces challenges (Muennighoff et al., 2025), such as position bias (Liu et al., 2024) and

attention noise (Ye et al., 2024b). In contrast, parallel sampling, while efficient, fails to
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Question Attempt #1
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(a) Sequential Revi- (b) Parallel Sampling (c) Feedback-based Test-Time Train-
sion ing

Figure 7.1: Comparison between sequential revision, parallel sampling, and feedback-based test-time training.
O s the failed attempt and A is the successful attempt. —= indicates the LLM generation with the input on the
left of the arrow and the output on the right. --» denotes the LLM training, where the left of the arrow is the
training data.

learn from previous errors (Brown et al., 2024). Unlike these paradigms, human reasoning
follows a different pattern: humans store recent experiences in “fast weights” (Ba et al.,
2016), enabling them to neither revisit past errors explicitly nor start each attempt without
any prior knowledge. Recent research suggests that the weights of neural networks could
serve as a natural memory mechanism during test time (Wang et al., 2024b).

Building on these observations, we propose a novel paradigm that leverages Test-Time
Training (TTT) (Sun et al., 2020, 2023b) to store past experiences in model weights rather
than in the context. This approach bridges the gap between sequential revision and parallel
sampling by indirectly incorporating knowledge into the LLM without disrupting in-context
reasoning. Specifically, we introduce Feedback-based Test-Time Training (FTTT), which
employs a carefully designed TTT task enriched with feedback through self-reflection. We
demonstrate that FTTT improves test-time computation scalability on two mathematical
reasoning and two code generation datasets, using Llama-3.1-8B-Instruct (Dubey
et al., 2024) and Mistral-7B-Instruct-v0.3 (Jiang et al., 2023).

Inspired by advancements in learning to optimize (Chen et al., 2022), we explore training

learnable test-time optimizers to yield Pareto-optimal cost-performance tradeoffs. Our
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proposed learnable optimizer, OPTUNE, is a lightweight neural network that predicts weight
updates from the gradients of the previous attempt. Unlike traditional parameter-efficient
fine-tuning (PEFT) methods, OpPTUNE works on the gradient rather than the activation
space. Experiments on three reasoning datasets and two different LLMs demonstrate the

effectiveness of OPTUNE, outperforming five widely used PEFT baselines.

7.2 Feedback-based Test-Time Training

7.2.1 The Test-Time Training Task

The problem of exploiting test-time feedback is as (Shinn et al., 2023): given a question Q, a
model M attempts to solve Q within a budget of N attempts. A verifier V evaluates each
attempt, such as the n-th attempt A,, and provides feedback V (A, ). This work focuses on
binary verifiers, which determine whether A, is correct. These verifiers are well-established,
rule-based systems that are both cost-effective and efficient to evaluate.

When the model generates attempts sequentially, our goal is to enable M to learn from
previous attempts to improve subsequent ones. To achieve this, we frame learning from
previous attempts as a training problem: at each step 1, we optimize M using Q, A,, and
V(A,), aiming for M to generate a better A, 1. This way internalizes the past attempts into
weights for efficient inference of A, 1. As a result, the sequence of attempts can be viewed
as an N-step optimization process.

A key challenge is designing an effective supervised task using Q, A,, and V(A,) to
improve the model’s ability to solve Q. We build on the intuition that a model capable of
judging the correctness of a solution should also be able to solve the question itself. Concretely,
given Q and A,, we train M to predict verbal feedback F that aligns with V(A,). This leads
to our FTTT loss:

Lot (O, An) = —~log My 1 (F | Q, An) 7.1)
lo

where [ is the length of F and M denotes the raw LLM. In this work, F is set to “Your

answer is incorrect.” when V (A,) implies an incorrect A,.
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7.2.2 Self-Reflected Feedback

Since we are working with a binary verifier, the learning signal is limited at each interaction.
Previous research suggests that LLMs can self-correct errors when provided with external
signals (Huang et al., 2024). Inspired by this, we aim to enhance the learning signal by
leveraging the model to generate silver-standard training labels.

We first sample a reflection R, from the model given Q, A,, F and the instruction P:
R, ~ My (R|Q,A, F,P) (7.2)

In practice, we use M to generate R, to mitigate the risk of degraded self-reflection ability

after training. The auxiliary loss is then defined as:

1
»Caux (Q/ An/ Rn) = _T 10g Mnfl (Rn ‘ Q/ Anz F) (73)

where [, is the length of R,. Eq. 7.3 can be interpreted as a sequence-level distillation
loss (Kim and Rush, 2016), where knowledge from the raw model M is distilled into the

trained model M,,_; to prevent overfitting. Finally, the overall loss is as:
Leinal = LrrTT + Laux (7.4)

Below is a training example with self-reflection, where underlined sentences are the training

target:

Training Example with Self-Reflection

User: Solve the following math problem ...

Assistant: ... the final answer is: ...
User: Your answer is incorrect. Here is the summary of the mistakes in the previous
solution . ..

The underlined sentence corresponds to F in Eq. 7.1 and the wave-underlined sentence

represents R, for Eq. 7.3. Algorithm 1 summarizes our FTTT.
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Algorithm 1 FEEDBACK-BASED TTT

Require: The question Q, the model M)y, the verifier V, the budget N, the verbal feedback
F, the instruction P
1:n<+1
2: whilen < N do

3: Ap~M,_1(A|Q)

4: if V (A,) is passed then

5: return A,

6: else

7: Compute the loss £ using Eq. 7.1
8: if enable self-reflection then

9: Ry, ~My(R|Q, Ay F,P)

10: Compute the loss Laux using Eq. 7.3
11: L+ L+ Laux

12: end if

13: Update M,,_; using L to get M,
14: end if

15: n+<n+1
16: end while
17: return Ay

Discussion. As shown in Table 7.1, FTTT combines the strengths of sequential revision
and parallel sampling. Like sequential revision, it leverages memory (i.e., weights) to
store past failed attempts, while avoiding the length generalization issues as in parallel
sampling. Figure 7.1 highlights the advantages of FTTT from a probabilistic graphical
model perspective, where both sequential revision and parallel sampling are special cases of
FTTT with additional independence assumptions. In particular, sequential revision assumes
that attempts form a Markov process, whereas parallel sampling treats each attempt as
independent.

In terms of efficiency, FTTT is highly optimized, requiring one additional backward
propagation computed in parallel for all tokens in one attempt, whose cost is negligible.
The dominant overhead of FTTT is generating R,. However, FTTT is still much faster than
sequential revision (see Section 7.4.2), as R, is typically short.

Moreover, FITT closely resembles vanilla TTT (Sun et al., 2020), but with additional
inputs beyond Q, such as A,, V (A,), and R,, as defined in the problem. Consequently, it

inherits the same convergence guarantees as TTT.
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Self Length
Method Reflection Memory Generalization

Revision (Snell et al., 2024)
Self-Refine (Madaan et al., 2023)
Best-of-N (Brown et al., 2024)

Beam Search (Ow and Morton, 1988)
Guided Beam Search (Xie et al., 2023)

FTTT (ours) |

SN % % A%
N> % % N
NN

Table 7.1: Comparing the advantages and drawbacks of FTTT and related works.

7.3 A Learnable Test-Time Optimizer

7.3.1 The Learning to Optimize Problem

Although FTTT achieves success (see Section 7.4.2), it simply accumulates the gradients of
the feedback received so far to update the weights. This raises the question: can we design
a better test-time optimizer that more effectively exploits feedback?

Motivated by learning to optimize (Chen et al., 2022), we adopt a neural network as
the test-time optimizer. Concretely, this learnable test-time optimizer is formulated as
fo (Q, {Ai, V (A;)}_,), which predicts updates for all LLM weights based on the previous
n attempts, and 0 is the optimizer parameter. However, this direct formulation leads to
prohibitively large networks due to high-dimensional input and output spaces. For a
maximum number of m tokens per attempt and an [-layer LLM, the input space grows
to n x m x I, even when updating only a scalar (we exclude the token count of Q, as it is
significantly smaller than m). Since updates for all weight matrices across all layers are
predicted jointly, the dimensionality of the input and output spaces becomes unmanageable.
We therefore simplify fy by introducing the following assumptions:

(A1): Markov Property: The latest attempt captures all relevant information from

previous attempts.

(A2): Independent Update: The optimizer predicts updates for each parameter inde-

pendently, similar to conventional optimizers.

79



A1 eliminates the dependency on n and A2 enables updates to be predicted indepen-
dently for each weight, significantly reducing the size of the output space. The learnable
test-time optimizer now becomes ?Wi = fgwi (Q, An, V (An)), where it predicts the update
for the weight W; in the i-th layer based on Q and the latest attempt A,,.

To train all f, we define the following loss:
Lieta = —logM (A | Q{W+ Vi | VYW e W}) (7.5)

where A is the ground-truth for Q and W is the set of LLM weights. Eq. 7.5 encourages f to
predict updates that increase the likelihood of generating the correct answer after applying

the updates.

7.3.2 A Parameter-Efficient Architecture in The Gradient Space

Given the limited learning signal at test time, we design the learnable optimizer to be
parameter-efficient to alleviate overfitting. However, the input and output spaces of
fow, (Q,An, V (Ay)) are large due to their lengths, making even a simple linear projec-
tion parameter-intensive. Additionally, V (A,) may be heterogeneous to Q and A,, e.g., a
scalar, posing challenges for modeling.

Inspired by the success of FTTT in Section 7.2 and recent works (Mitchell et al., 2022;
Wang et al., 2024b), we propose a parameter-efficient architecture in the gradient space as

the learnable optimizer.

Gradient-based Input Compression. Instead of directly inputting Q, A,,, and V (A,), we
first project them into the gradient space, since recent work suggests that long context can be
effectively compressed by gradients (Wang et al., 2024b). This way reduces the token count
m in A, to a constant and unifies the spaces of Q, A,, and V (A,) to ease the modeling. To
compress Q and A,, we use the next token prediction loss, while for V (4,), we include

Lrrrr in Eq. 7.1. The final loss for compressing the optimizer input is:
1
ﬁcompress = T log M (An ‘ Q) + LFTTT (7.6)
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modoicy
Up

Figure 7.2: The model architecture of OPTUNE.

The input of fg, to predict the update of W; now is the gradient Vyy, of Leompress W.r.t.
W;. Consequently, fy, receives a fixed-size tensor as input rather than a variable-length

sequence.

Gradient Decomposition. Although fj, operates on a smaller space after compression,
the dimensionality of the gradient space remains large for direct processing. We utilize the
observation that Vyy, € R¥*? (assuming W; € R?*?) can be decomposed into two vectors to
further reduce the dimensionalities: the input to a linear projection with weight W;, u; €
R%*1 and the gradient of Lcompress W-I.t. the output of the projection, d;11 € R4*1 (Mitchell
et al., 2022). In this framework, fgwi takes the decomposed u; and 6;;1 as its input and
predicts i; and 5i11. The update is then reconstructed as WWI. = 5i+1ﬁiT. This approach

reduces the dimension from d2 to 24.

Model Architecture. The architecture of fp, (u;, di+1), named OPTUNE, is shown in Fig-

ure 7.2 and defined as follows:

[L_li, 51'—&-1] = Norm ([ui, 51’—&-1]) (7.7)
h; = HZDropout (91 [ﬁi, 5i+1]) (7.8)
(17, 641] = hi + [, 6i11] (7.9)

where 6; € R™? and 6, € R?***" are the optimizer parameters with r < d. [-] denotes the
vector concatenation. Norm normalizes #; and ;1 to have zero mean and unit variance
separately. Dropout is the dropout regularization (Srivastava et al., 2014). In practice, 8; and

6 are shared across all weights with the same shape. OPTUNE is similar to the Bottleneck
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Adapter (Houlsby et al., 2019), with the key difference that its input is gradients and its
output is the weight update. As such, OPTUNE can also be regarded as a specialized PEFT

technique tailored to reasoning.

7.4 Experiments

741 Setup

Datasets. We evaluate both baselines and our method on math and coding reasoning
tasks: (a) Mathematical reasoning: MATH (Hendrycks et al., 2021b) and GSM8K (Cobbe
et al., 2021), using the test split from Lightman et al. (2024) for MATH. (b) Code generation:
MBPP (Austin et al., 2021) and HumanEval (Chen et al., 2021). For all datasets, we report
results on subsets where models fail with greedy decoding. We use Exact Match as the

evaluation metric as well as the verifier for math tasks and Pass@1 for code.

Models. We conduct experiments with L1lama-3.1-8B-Instruct (Dubey et al., 2024)
and Mistral-7B-Instruct-v0.3 (Jiang et al., 2023). We evaluate both models with
zero-shot prompting and follow the official instructions when evaluating the model on each

dataset!.

Baselines. We compare FTTT with the following test-time scaling methods:
¢ Beam Search (Ow and Morton, 1988) is a popular search algorithm that approximates
the most confident model prediction.
¢ Self-Consistency (Wang et al., 2023) samples multiple predictions and selects the most
frequent answer.
¢ Best-of-N (Brown et al., 2024) samples N predictions independently and picks the best

one based on external feedback.

1https ://huggingface.co/datasets/meta-llama/Llama-3.1-8B-Instruct-evals
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Method | MATH GSMS8K ~ MBPP  HumanEval | Avg.
Llama-3.1-8B-Instruct
Revision (Snell et al., 2024) 0.2960 0.4570 0.2991 0.3889 0.3603
Beam Search (Ow and Morton, 1988) | 0.2560 0.4842 0.1869 0.2407 0.2920
Self—Consistency (Wang et al., 2023) 0.30000.0057 0.452590111 0.1371p0180 0.1235¢ 0531 0.2533
Self-Refine (Madaan et al., 2023) 0.46930.0207 0.78280p 0064 0.23050.00s8 0.2963¢.0800 0.4447
Best-of-N (BI'OWH et al., 2024) 0.64270,0154 0.80690_0043 0.54520,0154 0.67280.0087 0.6669
FTTT 0.6707p.0222 0.81009 0037 0.5607) 0212 0.6852( 0302 0.6817
+ W/O Self-Reflected Feedback 0.67200,0113 0.80540_0133 0.54050.0117 0.67900.0087 0.6742
Mistral-7B-Instruct-v0.3
Revision (Snell et al., 2024) 0.0497 0.1686 0.1351 0.1000 0.1134
Beam Search (Ow and Morton, 1988) | 0.1783 0.4537 0.1318 0.1600 0.2310
Self-Consistency (Wang et al., 2023) | 0.1618p 0011  0.35490.0052 0.124300135 0.1033¢.0236 0.1861
Self-Refine (Madaan et al., 2023) 0.12870.0139  0.331200078 0.234790091  0.35330.0309 0.2620
Best-of-N (BI'OWI’I et al., 2024) 0.46880,0138 0.78070'0055 0.49620.0171 0.65000_0141 0.5989
FTTT 0.4733p.0087 0.78200.0045 0.4962)0015 0.663300125 0.6037
+ W/O Self-Reflected Feedback 0.48760'0133 0.78580_0021 0.49410.0040 0.68330'0205 0.6127

Table 7.2: Experimental results on four datasets with a budget of 32. For stochastic algorithms, we report the
mean of three runs with different random seeds and standard deviation in the subscript. Bold entries are the
best results, and underlined entries are the second-best results.

* Revision (Snell et al., 2024) iteratively refines answers by conditioning the model on

previous attempts.

¢ Self-Refine (Madaan et al., 2023) alternates between self-critique and refinement. We

select the best solution based on feedback.

For sampling-based methods, we use nucleus sampling (Holtzman et al., 2020) with a
temperature of 0.6 and p = 0.95, following Brown et al. (2024). All methods are allocated a
budget of 32. For FTTT, we fine-tune the model with LoRA (Hu et al., 2022a), using a rank
of 4 and a dropout ratio of 0.05. We use the Adam optimizer (Kingma and Ba, 2015) with a
learning rate of le-5, except for Mistral-7B-Instruct-v0. 3 in coding tasks, where we
use 2e-5.

As OrTune is a specialized PEFT method, we compare it with the following PEFT
approaches: Adapter (Houlsby et al., 2019), (IA)* (Liu et al., 2022a), LoRA (Hu et al., 2022a)
and LN-Tuning (Zhao et al., 2024a). We also include full fine-tuning that updates all LLM

weights. For OPTuNE, r = 16 and the dropout ratio is 0.1. We only apply OrTuNE to the
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Figure 7.3: The scaling trends of different methods under varying budgets. The colored area around the line
denotes the standard deviation. The first row is the results of L1ama—-3.1-8B-Instruct and the second
row is Mistral-7B-Instruct-v0. 3.

query and value projections in the last two layers of the LLM.

7.4.2 Training-Free Results

Table 7.2 compares FITT with various baselines across four reasoning datasets. FITT,
both with and without self-reflected feedback, outperforms conventional test-time scaling
methods on average. This success is partially explained by the findings of Ye et al. (2024a),
which show that training with error-correction data enhances reasoning capabilities and
models do not retry during inference. FTTT is also efficient. For instance, the inference time
of Llama-3.1-8B-Instruct on GSM8K with a budget of 32 is 3 GPU hours for the best
parallel sampling method (Best-of-N) and 20 GPU hours for the best sequential revision
method (Self-Refine). In contrast, FITT achieves inference times of approximately 3 GPU
hours without self-reflected feedback and 4 GPU hours with self-reflected feedback.
Notably, self-reflected feedback does not always improve results. Its effectiveness

appears to depend on the LLM’s self-reflection ability. To test this, we computed the
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Method | #Param. | MATH GSMSK MBPP | Avg.
Llama-3.1-8B-Instruct
Adapter (Houlsby et al., 2019) 134M | 0.5933¢ 0151 0.79790.0056 0.263200058 | 0.5515
(IA)3 (Liu et al., 2022a) 524K 0.61870.0105 0.89290_0107 0.56850.0022 0.6934
LoRA (Hu et al., 2022a) 1.7M 0.63870.0136 0.91860,0037 0.56390_0242 0.7071
LN-Tuning (Zhao et al., 202461) 266K 0.6280()‘0113 0.88990,0056 0.57480.0175 0.6976
Full Fine-Tuning 8B | 0.602700136 0.772200056 0.40340 0096 | 0.5928
OrTuNE | 439K | 0.70130 0050 0.924600056 0.6184( 159 | 0.7481
Mistral-7B-Instruct-v0.3

Adapter (Houlsby et al., 2019) 134M | 0.5418¢ 0111 0.826400021 0.27639 0076 | 0.5482
(IA)3 (Liu et al., 2022a) 524K | 0.504100056 0.868600060 0.4914¢01s5 | 0.6214
LoRA (Hu et al., 2022a) 1.7M 0.51170.0091 0.86860,0016 0.49680,0046 0.6257
LN-Tuning (Zhao et al., 2024a) 266K | 0.435700115 0.8259 0051 0.40650 0095 | 0.5560
Full Fine—Tuning 7B 0.53880.0157 0‘73550.0016 0.25480.0095 0.5097
OrTunE ‘ 439K ‘ 0.4891p0111  0.9003¢ 0039 0.5194( 070 ‘ 0.6363

Table 7.3: Fine-tuning results on four datasets with a budget of 32. #Param. denotes the number of trainable
parameters. We report the mean of three runs with different random seeds and standard deviation in the
subscript. Bold entries are the best results.

Spearman rank correlation between FITT and Self-Refine, a self-reflection-based algorithm.
The Spearman coefficient (r = 0.8656, p < 0.05) indicates a strong positive correlation,
supporting our hypothesis. We also observe that Self-Consistency performs poorly on code
tasks because sampled code snippets rarely match exactly, making majority voting akin to
random selection.

Figure 7.3 illustrates performance for FITT and baselines under varying budgets. FTTT
consistently outperforms baselines, with greater gains under constrained budgets. In
contrast, Revision and Self-Consistency do not scale well. Revision struggles with long-
context reasoning due to length generalization issues (Li et al., 2024a), while Self-Consistency
fails to leverage feedback, often discarding correct answers during majority voting due to

long-tailed distributions of correct answers (Brown et al., 2024).

7.4.3 Fine-Tuning Results

We present the results of PEFT baselines and OrTuNEe with a budget of 32 in Table 7.3.

Best-of-N is applied to PEFT baselines to exploit test-time feedback. HumanEval is excluded
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Figure 7.4: The scaling trends of different fine-tuning methods under varying budgets. We report the mean
results of three random trials. The first row is the results of Llama-3.1-8B-Instruct and the second
row is Mistral-7B-Instruct-v0. 3.

as it lacks a training set. Table 7.3 highlights the effectiveness of OPTUNE, outperforming all
PEFT baselines by at least 2.58% on average. OPTUNE is also parameter-efficient, with 439K
trainable parameters that are comparable to the most lightweight PEFT method (LN-Tuning,
266K parameters), while surpassing the best PEFT method (LoRA, 1.7M parameters) with an
order of magnitude fewer parameters. However, OPTUNE shows suboptimal performance on
MATH for Mistral-7B-Instruct-v0.3, which is consistent with other PEFT methods
with few trainable parameters (e.g., (IA)3, LoRA, LN-Tuning). This is likely due to Mistral-
7B-Instruct-vO0.3’s limited mathematical reasoning capabilities, requiring significant
parameter updates to improve performance in this domain.

OrTuNE incurs negligible inference overhead. For example, on GSM8K with Llama-
3.1-8B-Instruct and a budget of 32, the best test-time scaling baseline (FIT'TT) requires 4
GPU hours, whereas OPTUNE uses only 1.5 GPU hours, benefiting from shorter yet accurate
predictions.

Finally, Figure 7.4 examines the scaling behavior of PEFT baselines and OrTuNE. Initially,

OrTuNE underperforms compared to other PEFT methods and FTTT, but it mostly achieves
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Method | #Params. Pass@1

OpTune 439K 0.2600
+ w/o Dropout 439K 0.2243
+ w/o0 Norm 439K 0.2150

+ Not Share 01 & 0, 878K 0.2243

Table 7.4: The ablation study of OPTUNE. We report results of Llama-3.1-8B-Instruct on MBPP
with a budget of 2.

superior results when the budget exceeds 2. OPTUNE’s weaker performance with smaller
budgets arises from its reliance on an initial attempt sampled from the raw LLM to initiate
the process. This initial attempt often fails but is still counted as a valid attempt, making

OrTuNE less competitive in low-budget settings.

7.4.4 Analysis

Ablation Study. Table 7.4 presents an ablation study on the architecture design of OPTUNE.
The results demonstrate that all components are essential, as removing any of them signifi-
cantly degrades performance. Notably, normalization is the most critical component, as it

addresses the varying gradient scales of different weights.

Case Study. Table 7.5 provides two examples on GSM8K where the leading PEFT method,
LoRA, fails, but OPTUNE succeeds using Llama-3.1-8B-Instruct. These examples

highlight OrTuNE’s superior ability to correctly interpret and reason through questions,

unlike LoRA.

7.5 Summary

In Chapter 7, we propose a novel paradigm that leverages optimization to address the
challenge of exploiting test-time feedback, resulting in improved scaling performance. We
further present a learnable test-time optimizer, OPTuNE, which surpasses various PEFT
baselines. Both FTTT and OrTuNEe are efficient in terms of speed and trainable parameter

count.
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Question: Blake and Kelly are having a contest to see
who can run the most in 15 minutes. They decide to
do it on a football field that is 100 yards long. Blake
runs back and forth 15 times. Kelly runs back and
forth once, and then decides that she doesn’t want to
run next to Blake, so she starts to run to the 40-yard
line and back. She does this 34 times. How much
farther does the winner run than the loser?

LoRA: Blake runs 15 * 100 * 2 = 3000 yards.
Kelly runs 100 * 2 = 200 yards for each run to the
40-yard line and back.

Kelly runs 6800 - 3000 = 3800 yards more than Blake.
The final answer is 3800 X.

OpTune: Blake runs back and forth 15 times, and
each time, he runs 100 yards twice because he runs
to one end of the field and back. So, Blake’s total
running distance is 15 x 200 = 3000 yards.

Kelly runs back and forth once, which is 200 yards,
and then runs to the 40-yard line and back, which
is 40 x 2 = 80 yards, and does this 34 times. Kelly’s
total running distance is 200 + (34 x 80) = 200 + 2720
= 2920 yards.

Therefore, Blake runs 3000 - 2920 = 80 yards farther
than Kelly.

The final answer is 80 .

Question: Josh decides to take up jug-
gling to perform at the school talent show
a month in the future. He starts off prac-
ticing juggling 3 balls, and slowly gets bet-
ter adding 1 ball to his juggling act each
week. After the end of the fourth week the
talent show begins, but when Josh walks
on stage he slips and drops three of his
balls. 2 of them are caught by people in
the crowd as they roll off the stage, but
one gets lost completely since the audito-
rium is dark. With a sigh, Josh starts to
juggle on stage with how many balls?

LoRA: Josh started with 3 balls and added
1 ball each week for 4 weeks, so he had 3
+ 4 =7 balls.

He was left with 7 - 1 = 6 balls.
The final answer is 6 X.

OpTune: Josh started with juggling 3 balls.
After the end of the fourth week, Josh
would have added 4 balls, making it a
total of 3+4=7 balls.

Josh had 3 balls left after 2 of the balls
were caught by people in the crowd, so he
was left with 7-3=4 balls.

The final answer is 4 .

Table 7.5: Two GSMS8K examples with model predictions. v/ means correct and X means incorrect. Sentences

marked in
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Chapter 8

Conclusion

This dissertation addresses two critical challenges in the evaluation of LLMs in the era of
their rapid advancement: the lack of systematic evaluation benchmarks (particularly for
Chinese) and the unreliability of existing evaluation results.

To tackle these challenges, this dissertation first introduces CLEVA, a comprehensive
Chinese LLM evaluation benchmark. CLEVA features a holistic taxonomy covering 31
tasks and 9 dimensions per task, offering detailed insights into LLM capabilities. Through
CLEVA, we uncover emergent abilities in Chinese LLMs and reveal intrinsic correlations
across various abilities.

Building upon CLEVA, this dissertation proposes C°LEVA, which ensures robust and
trustworthy evaluation. C?’LEVA addresses three key issues that compromise evaluation
reliability: (1) Format: By providing multiple prompt templates per task, C’LEVA ensures
evaluation results are consistent across different question formats. (2) Language: As a
bilingual benchmark (English and Simplified Chinese), C?’LEVA assesses cross-lingual
transfer in LLMs. (3) Data Contamination: Systematic strategy prevent data contamination,
safeguarding the integrity of evaluation results.

Furthermore, this dissertation demonstrates how evaluation benchmarks can drive
innovation through three practical research applications:

¢ Knowledge-Grounded Conversation: Human evaluation reveals that LLMs possess
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knowledge that goes beyond what is easily retrievable via search engines, such as
commonsense and composite facts. Leveraging this, we propose PLATO-KAG+, a
knowledge-grounded conversation system that uses LLMs as a knowledge base. This
approach not only reduces training costs but also enhances interpretability.

Multi-Hop Reasoning: Evaluation of existing LLMs on multi-hop reasoning tasks high-
lights performance degradation when irrelevant information is present. To address this,
we propose reasoning with attribution, where LLMs cite specific passages to support their
chain-of-thought reasoning. We also collect attribution annotations on existing multi-hop
reasoning datasets to support and advance future research.

Test-Time Scaling: Experiments with test-time scaling approaches expose limitations,
such as sampling-based methods lacking memory of past failures and revision-based
methods being latency-intensive. To resolve these issues, we introduce FTTT, which uses
model parameters as memory to improve efficiency and effectiveness. Additionally, we
propose OPTUNE, a learnable test-time optimizer designed to enhance FTTT.

In summary, this dissertation establishes two guiding principles for designing practical
LLM evaluation benchmarks: comprehensiveness and robustness. These principles are
embodied in the development of CLEVA and C2LEVA. Moreover, the demonstrated appli-
cations in knowledge-grounded conversation, multi-hop reasoning, and test-time scaling

illustrate how evaluation can serve as a catalyst for advancing LLM capabilities and practical

use cases.

8.1 Produced Publications

The research work of this dissertation has produced some direct and indirect publications

as listed below:

[1] Jiangiao Zhao!, Yanyang Li!, Wanyu Du!, Yangfeng Ji, Dong Yu, Michael Lyu, Liwei

Wang (2022). FlowEval: A Consensus-Based Dialogue Evaluation Framework Using

1Equal Contribution.
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2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

Segment Act Flows. EMNLP.

Yanyang Li, Jiangiao Zhao, Michael Lyu, Liwei Wang (2022). Eliciting Knowledge
from Large Pre-Trained Models for Unsupervised Knowledge-Grounded Conversation.
EMNLP.

Yongfeng Huang, Yanyang Li, Yichong Xu, Lin Zhang, Ruyi Gan, Jiaxing Zhang, Liwei
Wang (2023). MVP-Tuning: Multi-View Knowledge Retrieval with Prompt Tuning for
Commonsense Reasoning. ACL.

Zi-Yuan Hu, Yanyang Li, Michael Lyu, Liwei Wang (2023). VL-PET: Vision-and-
Language Parameter-Efficient Tuning via Granularity Control. ICCV.

Yanyang Li!, Jiangiao Zhao!, Duo Zheng, Zi-Yuan Hu, Zhi Chen, Xiaohui Su, Yongfeng
Huang, Shijia Huang, Dahua Lin, Michael Lyu, Liwei Wang (2023). CLEVA: Chinese
Language Models EVAluation Platform. EMNLP Demo.

Shijia Huang, Jianqiao Zhao, Yanyang Li, Liwei Wang (2023). Learning Preference
Model for LLMs via Automatic Preference Data Generation. EMNLP.

Yanyang Li, Shuo Liang, Michael Lyu, Liwei Wang (2024). Making Long-Context
Language Models Better Multi-Hop Reasoners. ACL.

Yanyang Li, Tin Long Wong, Cheung To Hung, Jiangiao Zhao, Duo Zheng, Ka Wai Liu,
Michael Lyu, Liwei Wang (2025). C2LEVA: Toward Comprehensive and Contamination-
Free Language Model Evaluation. Findings of ACL.

Yanyang Li, Michael Lyu, Liwei Wang (2025). Learning to Reason from Feedback at
Test-Time. ACL.
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