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Large Language Models (LLMs)

A Large Language Models (LLMs), Transformers with billions of parameters that were trained on
large-scale corpora, have shown impressive generalization abilities across NLP tasks.

A They attract a lot of attention, and numerous LLMs have been released in recent years.
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Test Loss

Large Language Models (LLM8$)C o n t
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A LLMs not only
continuously improve as
the compute, data and
parameters increase
according tahescaling
law.

A They also present
remarkableemergent
abilitieson unseen tasks.

A These observations call
for a holistic evaluation
to understand LLMSs.



LLM Evaluation Paradigm

A Conventional evaluation paradigm fiitnes models on downstream datasets.

A This way is resoureprohibitive for LLMs and challenging given the instability of fituming and
the high demand for finuning data quantity.

A The LLM evaluation has shifted to prompting, whatdes not require any training

Translate English to French:
sea otter = loutre de mer

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

cheese =

— task description

— prompt

23/7/2025 CUHK CSE



Challenges & Research Questions

A While evaluation is crucial, we need to answer the following questions:

A Research Question #1What contribute to a valuable LLM evaluation benchmark that delivers
insight?

A Research Question #2Given the evaluation results, how can we translate them into actionable
techniques for improving LLMs?

23/7/2025 CUHK CSE 6



Principles in Designing LLM Evaluation Benchmarks

A Comprehensiveness
A Robustness



Overview

A Research Question #1What contribute to a valuable LLM evaluation benchmark that delivers
Insight?
o LLMs are multitask learners. Traditional taslpecific test sets only offer an incomplete view of LLMSs.

ComprehensivenessThe benchmark should evaluate various aspects of LLMs systematically to proyide
informative and holistic insights.

o Many confounding factors may have an impact on the evaluation results. How can we trust them?

23/7/2025 CUHK CSE 8
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Comprehensive Evaluation Benchmark
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We presenCLEVA , which provides a comprehensive Chine

LLMs evaluation benchmark in terms of badsksandmetrics

CUHK CSE

Se

om
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https://github.com/stanford-crfm/helm
https://github.com/stanford-crfm/helm
https://github.com/open-compass/opencompass
https://github.com/FlagOpen/FlagEval

y o EMNLP
¥4 2023

Tasks of CLEVA

A 11 Applications: evaluate the performance of LLMs on practical use cases.
A 20 Abilities: assess various skills possessed by LLMs from 5 aspects.
A 370K Chinese test datthé largest upon the submission with 33.98% new data

Pinyin Language \
Classical Transliteration Modelling
Chinese T
Intent Coreference -\
Understanding

Understanding

‘ N
Reading .. o
/ S

Closed-Book QA Dialogue Generation

Mathematical
Reasoning

Paraphrase Generation

n
. . Data-to-Text
Sentiment Analysis .
Generation

Text Classification

o /

uoneorddy

o
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Metrics of CLEVA

A CLEVA shares the same motivations#3LM and
introduces their 7 metric dimensions to Chinese, e.g.,

o Accuracy is the conventional metrics like F1 and
BLEU.

o Efficiency evaluates how fast LLMs process an
instance.

0 Fairnessmeasures disparate treatment across socia Metric
groups. Dimension

(o<
A CLEVA proposes two new promising dimensions: Calib

ration
o Diversity assesses the generation variety and is closel
related to creativity.

o Privacy now focuses on PII (Personally Identifiable
Information) in outputs.

23/7/2025 CUHK CSE 11
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Evaluated LLMs in CLEVA

Instruction

A C L EV A eval u a tes 2 3 Model Version Organization Access | #Param. Window Size Tuning Architecture
C h - L L M - h 5 ChatGPT gpt-turbo-3.5 (2023/07/11) OpenAl limited - 4096 v GPT
Inese S Wlt text-davinci-003 text-davinci-003 (2023/06/17) OpenAl limited 175B 4097 v GPT
dlﬂ:erent arChIteCtU re GPT-4 gpt-4 (2023/07/11) OpenAl limited - 8192 v GPT
' Claude claude-1 (2023/07/07) Anthropic limited - 100000 v -
from 13 Claude-instant claude-1 (2023/07/21) Anthropic limited - 100000 v -
I I InternLM-104B 2023/07/13 Shanghai Al Lab & SenseTime limited 104B 2000 v GPT
organizations. ( ) ghai |
ERNIE-Bot (2023/07/09) Baidu Inc. limited | - 2000 v -
ChatGLM-6B ve.1.0 Tsinghua University open 6B 2048 v GLM
ChatGLM2-6B v1.o Tsinghua University open 6B 2048 v GLM
A h | . GLM-130B - Tsinghua University open 130B 2048 v GLM
T e m Od e S I Z e S p an BLOOMZ-7B1-mt - BigScience open 7B 2048 v BLOOM
fro m 7 B to 1 7 6 B BLOOM-7BI - BigScience open 7B 2048 X BLOOM
' BLOOMZ-176B-mt - BigScience open 176B 2048 v BLOOM
BLOOM-176B - BigScience open 176B 2048 X BLOOM
LLaMA-7B - Meta open 7B 2048 X LLaMA
LLaMA-65B - Meta open 65B 2048 X LLaMA
Vicuna-7B vl.1 LMSYS open B 2048 v LLaMA
Vicuna-13B vl.1 LMSYS open 13B 2048 v LLaMA
BELLE BELLE-7B-2M Beike Inc. open | 7B 2048 v BLOOM
Chinese-Vicuna-7B  Chinese-Vicuna-lora-13b-belle-and-guanaco Cui et al. open | B 2048 v LLaMA
Chinese-Alpaca-7B  Chinese-Alpaca-7B Fan et al. open | B 2048 v LLaMA
MOSS-16B moss-moon-0@3-sft Fudan University open | 16B 2048 v CodeGen
Baichuan-7B - Baichuan Inc. open | B 4096 X LLaMA

23/7/2025 CUHK CSE
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Evaluation Results

Mean Win Rate
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Opensource models generate more diverse andPerly
innovative expressions, probably because of thg!S & lowe

d,i.e., w

safety measures imposed on proprietary modeld.

uracy.

TOSE
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HighlightedFindings

A Larger Chinese LLMs show clear
advantages in reasoning and
knowledgeintensive tasks.

A Underlyingemergent abilitiesire
observed:

o Mathematical reasoning, Pinyin
transliteration, etc. emerge from
larger models.

23/7/2025

1.0 —®— GPT-4 - InternLM-104B
Claude —e— MOSS-16B
—&— LLaMA-65B ChatGLM2-6B

English vs Chinese

1.04 —o— GPT4 = MOSS-168
Claude —+— ChatGLM2-68
LLaMA-658

—&— InternLM-104B

Limited vs Open

s ~o— text-davinci-003 ~#— MOSS-168
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—&— LLaMA-65B Vicuna-13B

Large vs Small

04— GPT4
Claude —e— BLOOM-176B

= LLaMA-65B

—4&— InternLM-104B Baichuan-7B

Pretrained

Tuned vs

CUHK CSE




g

4

EMNLP
2023

HighlightedFindings

A * denotes statistically significant.

A Interesting correlations:

o Reasoning primitiveé C Pinyin
transliteration (the strict leto-right rule
In transliteration)

o Reasoning primitivé C classical
Chinese understanding (unknown)

o é
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Summary of CLEVA

A We present CLEVA, a comprehensive Chinese
LLM evaluation benchmark

€ Percy Liang €

HELM goes multilingual! We collaborated with @Liwei\WangCUHK 's team
to get CLEVA (arx g/pc 308.C 3), a Chinese LM benchmark, into

A We Observe pOtentIaI emergent abI|ItIeS |n the HELM framework.
Chinese.  stanford edu/helm/c

Chinese Language Models EVAluation Platform (CLEVA)

@ TYEEY
. The Chinese University of Hong Kong

A Some interesting and unexpected task

In collaboration with the LaVi Lab team from The Chinese University of GPT-4.(0613) 0956
. . . . . Hong Kong (CUHK), we introduce the Chinese Language Models
CO rre I atl O n S I n d I Cate a d IStI n Ct I an u a e EVAluation Platform (CLEVA) leaderboard on HELM. CLEVA is a GPT-3.5 Turbo (0613) 06
g g comprehensive Chinese-language benchmark for holistic evaluation of
Chinese-language LLMs, and employs a standardized workflow to assess LLaMA (65B) 0.356

LLMs' performance across various dimensions. §

processing mechanism beneath LLMs and
human brains.

Vicuna v1.3 (13B)
FULL LEADERBOARD

SEE MORE

23/7/2025 CUHK CSE 16



Overview

A Research Question #1What contribute to a valuable LLM evaluation benchmark that delivers
Insight?
Ms.

)
,

o Many confounding factors may have an impact on the evaluation results. How can we trust them?

Robustness:The evaluation results should be consistent across various confounding factors.

23/7/2025 CUHK CSE 17
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Robust Evaluation Benchmark

. Backb Training Setti MMLU Bool PIQA HSw
A On top of CLEVA, we address the robustness is o e S ot T e
on its successor2CEVA. LLaMA-30B  (None) 5780 8339 80.63  63.39
LLaMA-65B (None) 64.50 85.40 81.70 64.90
A Specifically, CLEVA focuses on the challenge of (None) 204 6257 05T 38ES
. . + raimn . . . .
data contamination. Ggggf" +All Train S 3510 7832 6861 4246
" +All Trfgn $+Iest P 36.1§ 26.91 73.72 42.75
A Data contamination is the problem whére test (ALl Train S+Test P&S  52.25  87.25 8596 62.98)
data is leaked into the training dateesulting in an s o reain S bl T T T
Inflated evaluation performance. a3p) ~ ANImnS o o0 R mT ne
: : : : : (AL Train S+Test PRS__75.05 __92.60 9755 77.88)
Altis thus important to alleviate data contaminatic Nome) a0 oS sasl  som
for a fair and robust comparison among LLMS.  gpenirama  MMLU Trains 4312 7410 7122 47.28
p (3B) +All Tra%n S 44 .86 85.41 76.82 54.42
A In this work, we explore a systematic G T
contamination prevention strategy to secure the (None) 4295 7168 7078 5534
trustworthiness of benchmarking results. waMa2 - 0N 05 s jo0s elos
(7B) +All Train S+Test P 56.04 87.86  79.11 61.19

(+All Train S+Test P&S 96.34 99.08  99.62 99.47 )

Zhou, et al. "Don't Make Your LLM an Evaluation Benchmark CheaaeXiv (2023).

23/7/2025 CUHK CSE 18



ACL. 2025

VIENNEL

Data Contamination Overview

A Contamination occurs when

1.
2.

Test data appears in the training data; and
Developers reuse this leaked test data.

A Two corresponding actions can be taken to prevent

contamination:

Most previous works focuses on!

0]

Passive preventionuse another unseen test set for evalue

1tic

o Active prevention: avoid the inclusion of test data in the

23/7/2025

training set.

Leakage
......................... x

Active Prevention

e lDn kR | S St » Train Data

x Passive Prevention

—— >  Model <
Evaluation

Training

CUHK CSE

Passive

Active

Assumption

* Data is renewable
and unseen.

* Task data creation
can be automated.

e Evaluation is intact.
« Stealthy such that ad-
versaries can not cheat
easily.

Strengths

* Always effective as
long as unseen data is
available

* Accurate and trust-
worthy results.

* No long-term main-
tenance is required and
applied once.

» Applicable to many
tasks without priors.

Weaknesses

* Costly to build and
maintain.

* Not applicable to
scarce data.

* Only available to
tasks that can be auto-
mated.

* Potential distortion
in results.

* Invalid once compro-
mised.

» Defense strategy de-
pends on attacker type.

19
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C’LEVA

A These two strategies complement each other 8nB\WA combines the best of both worlds:

0 Active prevention safguards tasks where passive prevention is ineffective, e.g., scarce-to-bahéct
data.

0 Passive prevention can renew test data when active prevention is compromised.

Passive Prevention Active Prevention

A Crawlingcollects task inputs and labels directly A Encryption & Licensindlocksunintentional
from the recent content of appropriate data sources contaminationwhere test data is accidentally leaked
into the training data

Y timeliness

A Rulebased Systemsynthesize new test cases base Y Cooperative developers can filter out test data.

on predefined complexities. A Data watermarkingreventsntentional
¥ low collision contaminationwhere the model is deliberately
trained on the test data.
A LLM Assistantsgenerates new test cases from Y Benchmark maintainers can identify who cheats.

existing humarannotated data.

23/7/2025 CUHK CSE 20
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Test Set Construction Framework ALEVA

A We additionally includelata augmentationandcontamination detectionin passive prevention.
A Data augmentation mitigates the data scarcity, e.g., crawling knowledge or humarelsfc

data.

A Contamination detection alleviates the contamination risk of crawling repurposed test data or LLM
assistants generating training data.

r N

Data Collection
e N
P53

Simulator
Store

23/7/2025

Build

Passive Prevention

Active Prevention

—»

Preprocessing Data Protection
Task Data Preparation Contamination Detection
Postprocessing Data Augmentation
CUHK CSE

Dataset

Release

21
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Task Taxonomy & Prevention Strategies

I i

/'

Fo o S s S s s 1

I ]
: - : « KnOWIedge
1 I

C’LEVA

-

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

23/7/2025 CUHK CSE 22
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Evaluated LLMs in GLEVA

A C2LEVA evaluates 15 LLMs
from 11 organizations.

A C2LEVA evaluates both open
source and proprietary LLMs.

A The model size spans from 7B
to 236B.

23/7/2025

Model Version Organization Access #Param. Window Size
GPT-40 gpt-40-2024-0513 OpenAl limited - 128K
Claude-3.5 claude-3-5-sonnet-20240620 Anthropic limited - 200K
Gemini-1.5 gemini-1.5-pro Google limited 128K
GLM-4 glm-4-0520 Zhipu Al & Tsinghua University limited - 128K
GLM-4-9B glm-4-9b-chat Zhipu Al & Tsinghua University — open 9B 128K
Yi-Large yi-large 01.AI limited - 32K
Yi-1.5-9B Yi-1.5-9B-Chat 01.AI open 9B 4K
Qwen-Max qwen-max-0428 Alibaba Group limited - 8K
Qwen2-7B Qwen2-7B-Instruct Alibaba Group open 7B 32K
DeepSeek-V2  deepseek-chat DeepSeek open 236B 128K
Llama-3-8B Meta-Llama-3-8B-Instruct Meta open 8B 8K
Llama-3-70B Meta-Llama-3-70B-Instruct Meta open 70B 8K
InternLM2-20B  internlm2-chat-2@b Shanghai Al Lab open 20B 32K
Vicuna-13B vl.5 LMSYS open 13B 4K
Baichuan2-13B  Baichuan2-13B-Chat Baichuan Inc. open 13B 4K

CUHK CSE
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Evaluation Results

s+, 4

[yr=== == == = B == B = T EUTEEE

Mean Win Rate

A Proprietary models generally surpass
opensource ones.

A Larger models tend to outperform
smaller ones.

A Although most proprietary models
may perform well in English, their
safety alignment often fails when
testing in another language.

» FURC TN T T B N P PR T I I R
¥ AF Vel R F & & b & & & ~ i b . ’\?ﬁ » & o &
& & TP T T & & T Qﬂ.ﬁ"“ r & & X & o
M « ¥ MR <
: —— Claude-3.5 . —— Claude-3.5
EnghSh Gemini-1.5 Chinese Gemini-1.5
Knowledge —— GPT4 Knowledge —— GPT4
1.00 —— DeepSeck-V2 1.00 —— Yi-Larg
—— Yi-Large ——— DeepSeek-V2
Reasoning Reasoning
0.93 0.84
Language
Harms Harms
0.93 0.83
Application Application

24
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Ablation Study

<
)

Mean Win Rate

<
~

0.2

<
o

p: 0.948 Claude-3.5.
e: 0.068
Gemini-1.5
®
Yi-Large @®DeepSeck-V2 @
@1 lama-3-70B CPT-40
Qwen-Max® ®GLM-4
®Llama-3-8B
@ Vicuna-13B
1050 1100 1150 1200 1250
Chatbot Arena Elo

The ranking of @_EVA aligns with that

of Chatbot Arena, which ranks LLMs by

millions of anonymous human votes.

23/7/2025

Model English | Chinese AlvE,
Before After A | Before After A

Claude-3.5 36.72% 28.12% -23.40%] | 43.75% 26.95% -38.39%. | -30.90%.
Qwen2-7B 21.48% 17.97%  -1636%) | 32.42% 25.00%  -22.89%) | -19.63%.
GLM-4 2227% 1797% -19.30%] | 21.88% 18.36% -16.07%] | -17.68%.
Llama-3-8B 26.17% 25.39% 2.99%] | 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%71 | 37.50% 28.52%  -23.96%) | -11.98%.]
DeepSeek-V2 24.22% 22.66% -6.45%) | 34.77% 28.91% -16.85%) | -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%71 | 38.67% 30.86% -20.20%] | -10.10%.
Yi-Large 32.81% 32.42% -1.19%] | 39.45% 33.20% @ -15.84%.] -8.52%
Yi-1.5-9B 17.97% 18.36% 2.17%71 | 32.03% 26.95% -15.85%. -6.84%.
GLM-4-9B 17.97% 12.50% -30.43%] | 10.55% 12.50% 18.52%1 -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%71 | 28.52% 26.95% -5.48%| -2.74%.
Llama-3-70B 33.98% 35.16% 3.45%7 | 39.06% 36.72% -6.00%.. -1.28%.

Significant performance drop after

applying data watermarking indicates

ample room for improvement.

CUHK CSE 25
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Summary of CLEVA

A C2LEVA studies a systematic strategy to prevent data contamination.

A The high correlation between the rankings &fEVA and Chatbot Arena indicates its
effectiveness.

A The evaluation results of2CEVA suggest a promising new active prevention direction for
preventing dataontamination.

23/7/2025 CUHK CSE 26



Applications of LLM Evaluation

A KnowledgeGrounded Conversation
A Multi-Hop Reasoning
A TestTime Scaling



Overview

A Research Question #2Given the evaluation results, how can we translate them into actionable
techniques for improving LLMs?

o While this may look more like an art, there could be patterns emerged from use cases.

o The pattern we follow: interesting questiohs e v a l rueast i lotns Y under |l ying ch
opportunities Y practical solutions.

23/7/2025 CUHK CSE 28
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KnowledgeGrounded Conversation

A LLMs are trained on largscale corpora, therefore acquire immense factual knowledge.

A We would like to knowwhat knowledge LLMs have learnt and how well they can express such
knowledge

A We study this problem in knowledggounded conversation, whetee model responds to a
dialogue history using factual knowledge

_________________________________________________________

(- : )
1 just love ice cream. 1 love the
types with fruits and flavours. Do

| you like ice cream? ﬂ

~

[ O Ice cream is a sweetened

‘ U It is usually made from

1

i | 4 Bacon ice cream (or 5
bacon-and-egg ice
cream) is an ice cream

(

I love Ice cream as much as any
one. [ especially like Gelato,
foreign ice cream!

! o

‘? 4 5 Q |
(Me too. There are some strange . _ LIS Y‘ P i
combinations though, have you | " 5 ) i
heard of bacon ice cream? where S e L
they add bacon and even egg
\custard to the freezing mixture! )/ “Knowledge” here we refer to
~ ~ - statements about facts.

Conventional Open Domain Chatbot

23/7/2025 CUHK CSE 29
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Human Evaluation Metric

Tag | Definition Whether generated
Fact-Checking: knowledge ishallucinated.
Supported One can find evidence from the knowledge base to validate the factual information .

in the generated output. Whether LLMs are simply
|[Explicit Supported One only needs to find one evidence from the knowledge base for validation. | aretriever of pretraining
|Implicit Supported One needs to find multiple evidences from the knowledge base for validation. | data.
Refuted One can find evidence from the knowledge base to contradict the factual information
in the generated output. Whether LLMs can
Not Enough Information | The factual information in the generated output could not be validated. ~ N |t
Reasonable NEI Though not validated by the knowledge base, the factual information matches com- nsummarizeo — mu !
mon sense. facts.
Unreasonable NEI Though not validated by the knowledge base, the factual information does not match . :
COMMON SENse. We additionally verify
Hard NEI The factual information could not be validated by either the knowledge base or | generated knowledge with
comimeon Ssense. common sense
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Human Evaluation Results

Test Seen

— Test Unseen

23/7/2025
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/\ _—1 NEIAN
~10% of >50% of factually correct cases are ~50% of NEI
generated composed of multiple knowledge claims could be
knowledge is pieces, i.e., LLMs are not simply a verified by
hallucinated. retriever. common sense.
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KnowledgeGrounded Conversation System

A We observe that large models could generate proper knowledge statements in most cases.

A Could this generated knowledge be a new knowledge source for knovgexigeled conversation

systems?
Knowl edge Sel ector Response Gen
P(z|h
."-e\=5\=::::-'('-|"2 ------ >
T \\\\\ _____
e [ ~,
Tra_nsfor'\m‘e\[__> T'Tman‘nrmrr—Knowlzellc ge
t I,t__]'_r_an_$f=6—'ﬁmewwl B, dg » Transfroqr mer
Hi s thor l :
y t | Transformer F—Knowl,ezdge 7 . Respo|
Tr ansfror—apwl gdege » Transf r
T o-K V P(r|z, h)
Hi sthory

23/7/2025

CUHK CSE

32



ELP. EMNLP
U3 2022

Exploiting Generated Knowledge

A As generated knowledge couddntain hallucinated factsve cannot directly inject it into the
downstream task model.

A Rather, we treat generated knowledgpseudo referend® help ranking the knowledge
candidates from the knowledge base.

W Refine knowledge selection with Estimate the posterior of the
generated knowledg® refined selection distribution
Knowledge Sharpness
Selection ) i “é}
Refined ¥ F s @ 0 (aghi
Knowledge — | 0 (aSQD (&S ¥ N2 pa
Se\llc\;ctiogn ” ('5D (‘-S(qﬁ)iE Posterior— 0 (ash ) —U(l iDL (69
0 SN B Dasmpes

e T p |
Response 5 s P 5 s
" Ch) ((,o o(g) ((o ‘o(@)) Generator O (1 eP) 0 L fean )
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Response Generation Results

Automatic Evaluation | Human Evaluation
Test Seen | PPL| P@1{} Unigram F11} | Coherence{ Informativeness{t Engagingness{t Hallucination| A Incorporating generated
TMN 6121  0.220 0.172 0.4757 0.3883 04175 0.0777 knowledge results in a
SKT 57.27 0.258 0.187 0.9806 0.7767 0.6990 0.0680 b |
KnowledGPT | 19.60 0.262 0.209 1.0000 1.2330 1.0874 0.0097 etter results.
PLATO-KAG | 9.767 0253 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 | PPL| P@1{} Unigram F11} | Coherence{} Informativeness{t Engagingness{t Hallucination| A Rankmg with generated
TMN 103.1 0.112 0.150 0.5000 0.2788 0.3173 0.1058 knowledge reduces the
SKT 87.93  0.177 0.157 0.7019 0.5000 0.5385 0.0673 risk of hallucination.
KnowledGPT | 22.85 0.238 0.196 0.9712 0.9904 0.7692 0.0096 A Butit also makes the
PLATO-KAG 11.46 0.253 0.181 - - - -
— response less
PLATO-KAG™ | 12.75 0.233 0.196 1.4327 1.2019 1.2019 0.0962 interestin
PLATO-KAG™ | 13.77 0.231 0.203 1.2596 1.0192 1.0096 0.0385 g.
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A LLMs can generate common sense and summarize facts by reasoning over them.

A Generated knowledge helps to select more appropriate knowledge pieces for kngnbedged
conversation, but has the risk of making the response less interesting.

A Compared to directly finéuning LLMs, leveraging generated knowledge offers interpretability
and training efficiency.
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Multi-Hop Reasoning

A Multi-hop reasoning is questions wheteéMs are required to reason over multiple relevant
documents from a set of retrieved documents to get the answer.

A ReCent WOrk Sugge_sf[S tH'E I_ns_truction: Wri.te an acc;ur-ate and conc-ise ansv;;e; f-or . nteXt e'g'1 the performance iS
sensitive to the position o o - QA.
<Retrieve for the question>

- ; Document [1](Title: David Myles (musician)): ... . : :
A In multi-hop reasoning, w Document [2)(Title: Jamal Plays Jamal): ... mance drop if more irrelevant

documents are preSented Document [3](Title: Top and Bottom Brass): ...

20 Iotal Retrieved Documents (~4K tokens) na (+ COC) —B— AtirLoRA (+ COC)
75
o \ Question: What is the genre of the record label of the 60 H\H\H
> L < band that performed on the Crush Tour? ; =)
: I RS =
J [ .
< \ é Answer: ) %
55 0 Bga et —F é CoT: ) . | % 2 ‘\\‘——‘\N
The Crush Tour is performed by the band Bon Jovi. The =
i o ittt Aot record label of Bon Jovi is Island Records. The genre of | O
EE——yy——— Island Records is jazz. The answer is: jazz ¢/ )0 0 20 40 60 80 100
== gpt-3.5-turbo-0613 (closed-book) Noise Ratio [%] Noise Ratio [%] Noise Ratio [%]

Liu, et al. "Lost in the Middle: How Language Models Use Long ConteXfsCL (2024).
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Reasoning with Attributions

Instruction: Write an accurate and concise answer for ...

A We consider the problem to be beyond mere retrieval challenge —— quesion
l.e., identifying the relevant documents in a long context, to INCl| pocument [11Tite: David Mytes (musician): ..

Document [2](Title: Jamal Plays Jamal): ...

complications in effectively applying the retrieved knowledge. | bocument (3)Tite: Top and Bottom Brass): ..

A We presenReasoning with Attributions, which decCompoSses @  question: what i the genre of e record label of the
complex multihop question into two more manageable tasks; M perfomedonhe Crushons

Answer:
L. Pinpointing pertinent TS
. e Crush Tour is performed by the band Bon Jovi. The
Information within the ConteXt’ Model | EM F1 | EM F1 | EM F1 record label of Bon Jovi is Island Records. The genre of
and Island Records is jazz. The answer is: jazz ¢/
ChatGPT (gpt-3.5-turbo-1106) —
. oC:
2. ConStrUCtlng We”founded +AO | 158 269 |46.2 572 |51.0 654 The Crush Tour is performed by the band Bon Jovi [&].
C|a|mS based on that +CoT 1362 50.11552 70.1|568 712 The record label of Bon Jovi is Island Records . The
) ) +CoC [37.0 5101554 71.1]5358.6 73.4 genre of Island Records is jazz . The answer is: jazz
information +CoQ | 364 513|540 687|554 702 v
CoQ:
A We present tWO |nstan C@h a| N Claude-instant (claude-instant-1.2) TECQCTUSh Tour is performed by the band Bon Jovi (“The
Crush Tour is a third concert” [8]). The record label of
: : : +AO [262 394147.0 575|544 684 o o . ) .
Of—C|tat|On (COC) anCCha| n-Of- +CoT 1260 3791408 5231202 263 Bon Jovi is Island Records (“Bounce is the eighth studio
: : : = : = album by American” ). The genre of Island Records
Quote(COQ) +CoC | 32.2 46.2 | 534 67.0 | 542 68.3 is jazz (“The Antidote is the debut album by English jazz”
+CoQ [ 30.2 459 149.8 62.1[50.8 65.0 ). The answer is: jazz v/
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Dataset Curation & Firéuning

A Since opersource LLMs do not have the ability to generate

attributions, we collect a training set.

Error Type | Portion

A We prompt ChatGPT to synthesiZeQannotations on the training  Incorrect Answer 58.44%
. . . Non-Existent Attributions 12.56%

set ofMuSiQueand usdhe groundiruth humarannotations to filter  1,comect Citations 0.80%
out invalid generated annotations. Repeated Citations 6.35%
Extreme Quotes 10.55%

A Manual examination reveals that 81% of the data are valid.
A Since the data is scarce, we adopt

. . | t Out t
mUItI-taSklng and data- et Learning t:AFt):Jribute i n Rl
augmentatlon. [ CoT ]+[ Citati]fb-ns Answer
o Distractor Sampling: Randomly oteneretier
— . Questilo _CoT + Answer
inject a variable number of = rp TTRTERT:
irrelevant documents; bocumentls [(TAnswe) I
o Document Shuffling Reordering Quotes Tadntification
all documents randomly.
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