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Background

i What is Critique Ability?
# LLM capability to identify and revise flaws in responses
- Application of the Critique Ability of LLMs
# LLM-based Automatic Evaluation effectively reduce the cost of human annotation

#* Self-improvement of LLMs highly relies on feedback provided by LLMs

# Robust reward modeling can be achieved by introducing the chain-of-thought
critique before providing the final judgment, i.e., the generative RM
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Problem and Our Solution

Task Input

8 The feedback point out some errors ... Meta
I =
Please give me a /10 It also provides suggestions ... Feeback
recipe for pizza I
SN 7
Generated response fails to fulfill user’s query .
Feeback _ _ _ -
... Following suggestions could be considered ... . /10
I do not know .
any recipe ... — \
o
Response A Here is the revision for response A: Of course! To Correct-
\ make a pizza, the following ingredients are needed: .. ion

Sure, here is a

recipe for pizza: ...

Cgmph Response B is more helpful than A ... On the contrary B
b/ AB

Response B islon J - response A only claims it cannot solve this input .
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The Construction of CriticEval

3 Generation Tasks

CRITICEval
4 Response Qualities

4 Critique Dimensions
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Math Question General Responses v, '
PoT Answering Chat ? S
LS g \ cress
g pairs )
== E P (b) LLM linpufs |, Compar-
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Math Code Code with oy, e ¢ N\%\‘
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P N / A
/ i \
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Language Models

Step1

8.

LLMs and Diverse
Task Input Preparation

Generated Response Ratings

Stepz

Responses Generation
and Human Re-check

All Above Generated Scalar (=)
or Textual ( fgm) Critiques

Step 3

Critiques Generation
and Human Annotation

The human-in-the-loop data annotation pipeline
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How To Evaluate On CriticEval

\9/

%< Evaluate two critique formats:
% scalar-based: Likert Score, Preference Label, etc.

% textual critiques: plain text chain-of-thought critiques

\9/

¢ Objective Evaluation for scalar-based critique

# Feedback and Meta-critique: Spearman correlation with human judgments
% Comparison: Preference Accuracy compared with human judgements
% Correction: Correction Pass Rate for mathematics and coding questions

\9/

¢ Sujective Evaluation for textual critique

% GPT-4 as evaluator with our human-annotated high-quality feedbacks as reference critiques
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Prove Reliability of CriticEval

\9/

%< Correlation between GPT-4 and human judgments

Models Fy(F;) Fg(Fs) wloref.
- CR F. GPT-4-turbo 66.18 47.26 (-18.92)
Human Avg. 87.04 76.55 Qwen-1.5-72B 38.97 22.35 (-16.62)
GPT-4 w/ref. 82.10 70.27 Claude-instant-1  36.88 19.88 (-17.00)

GPT-3.5-turbo 17.28 16.38 (-0.90)

\9/

*i* Revisions are better as the quality of feedback increases (Consistency)

Objective Subjective
Models Source of Feedbacks 7 CR F. CR
InternL.M2-20B-Chat Llama2-70B-Chat 224 7.15 5.63 5.71
InternLM2-20B-Chat InternLM2-20B-Chat 7.53 10.33 6.85 5.80
InternLLM2-20B-Chat Human-Annotated 8.00 50.50 8.00 7.48
Llama2-70B-Chat Llama2-70B-Chat 224 533 563 554
Llama2-70B-Chat InternLM2-20B-Chat 7.53 1247 6.85 6.32
LLama2-70B-Chat Human-Annotated 8.00 4234 8.00 7.11
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Overall Evaluation on CriticEval

*#*SOTA models: GPT-4 (closed-
source)

\9/

¢ InternLM2 models are app-
roaching much bigger LLMs
like Qwen series models and
close-sourced LLMs.

\9/

< Scaling Phenomenon: Criti-
que ability becomes better as
the scales of LLMs increase.

Subjective Evaluation

Objective Evaluation

Models F, CR F. Overal F, CR F. F.,(F,) Overall
Closed-source LLM

GPT-4-turbo 784 769 7.89 7.81 63.54 69.67 57.33 62.90 72.55

GPT-3.5-turbo 821 7155 492 5.89 5144 64.00 40.67 28.71 60.83

Claude-instant-1 5.88 RN 5.76 6.45 4278 50.00 44.89 38.89 58.93

Open-source Qwen Series LLMs [47]

Qwen-72B-Chat 557 745 502 6.01 4264 5467 44.00 27.86 58.48

Qwen-14B-Chat  4.81 725 398 535 14327 3800 1578 10.727 4158

Qwen-7B-Chat 4.05 6.38 347 4.63 809" 3233 533 11.731 34.87

Open-source InternLM2 Series LLMs [48]

InternLM2-20B 6.03 748 5.10 6.20 58.61 5050 44.67 3.957 56.61

InternL.M2-7B 520 117 462 5.66 49.09 36.17 23.78 3.177 46.52
Open-source Mistral Series LLMs [49]

Mixtral-8x7B 531 733 462 505 51.00 4334 4378 26.66 56.49

Mistral-7B 470 720 428 5.39 43.66 38.17 27.88 31.68 50.93
Open-source Llama-2 Series LLMs [37]

Llama2-70B-Chat 4.12 7.11 3.95 5.06 3279 4234 21.11 28.32 48.50

Llama2-13B-Chat 3.70 7.11 3.32 471 3061 2467 22.67 31.02 44.54

Llama2-7B-Chat 344 602 321 422 20.81 21.00 5.33 5.67" 34.89
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Relationship with Three Important Factors

Tasks F, F. CR F,(F)
Sub. Obj. Sub. Obj. Sub Obj. Ob;.
Translate 4.43 31.14 3.78 18.28 5.31 = -2.93
Chat 5.09 20.60 497 32.60 5.66 - 1.80
QA 520 30.75 505 2767 642 - 13.50
Summary 4.76 28.93 463 37.12 5.99 - 0.54
Harmless. 5.12 25.04 3.97 19.35 7.51 = 291
Avg, 492 2729 448 27.00 6.18 - 312
MathCoT 3.55 2256 280 1242 - 29.36 19.63
MathPoT 335 27.80 3.05 14098 - 24 .98 22.73
CodeExec 3.07 1338 274 7.72 - 32.20 25.50
CodeNE 277 1037 2.80 10.33 - 29.50 24.38
Avg. 3.19 1853 285 11.36 - 29.01 23.06

Task types: last 4 tasks are challenging for feedback

and comparison, while are easier for meta-feedback.

Critique dimensions: correct-

Error Pattern Low Med. High
Obvious 74.68 29.48 20.42
Complex 16.46 = 45.51 31.69
Subtle 8.86 25.00 @ 47.89

Obvious error is easy to critique and correct
Complex error is challenging to correct

Subtle error is hard to critique, while easier to
correct than complex error

Subjective Objective
FS CR Fs CR FS (FS)

Low 514 7.17 2193  46.04 22.73
Medium 4.76 7.08 23.10 40.58 19.78
High 466 7.15 20.62 45.19 28.84

Quality

Dimen. , . i . .
B, | i | S Response quality: High-quality responses are the
ion is easier than feedback, co- Fs 4.89 3515 . .
_ . Fe (W28 - hardest for feedback since they contain lots of
mparison. meta-feedback is m-  Fs(¥s) | - | 2297
' CR 7112 - subtle errors
ore challenging than feedback.
]
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Fine-grained Failure Modes in Generated Critiques

Distribution of Failure Modes in Three Critique Dimensions

Most frequent failure modes are: 20 "
* Feedback: missing errors (E1, E2) S s
g 15
* Comparison: lacing effective com EN
= 10
parison analysis (E7) =
5 5
* Correction: worse revision (E10)
0 E2 E3 E4 E5 E6  Other 0 El E2 E3 E4 ES E6 E7 E8  Other 0 E9 E10  Ell  Other
Feedback Failure Modes Comp-Feedback Failure Modes Correction Failure Modes
Average Subjective Scores (1-10) of Failure Modes
5.00
Lower critique quality are from: §o0 v
* Feedback: Missing errors or sugges- <£*° a2
tions in evaluated responses (E1, E2) - .
* Feedback and Comparison: Inaccuratet ., 350
= 2
critiques (E3, E4, E8) < o

W
=)

El E2 E3 E4 E5 E6 EJ ES8 Other -0 E9 EI0 EIl Other
Feedback Failure Modes Comp-Feedback Failure Modes Correction Failure Modes

E2 E3 E4 E5 E6  Other S0
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