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Abstract

Since the natural language processing (NLP)
community started to make large language mod-
els (LLMs) act as a critic to evaluate the quality
of generated texts, most of the existing works
train a critique generation model on the evalua-
tion data labeled by GPT-4’s direct prompting.
We observe that these models lack the ability
to generate informative critiques in both point-
wise grading and pairwise comparison espe-
cially without references. As a result, their gen-
erated critiques cannot provide fine-grained dis-
tinguishability on generated texts, causing un-
satisfactory evaluation performance. In this pa-
per, we propose a simple yet effective method
called Eval-Instruct, which can first acquire
pointwise grading critiques with pseudo refer-
ences and then revise these critiques via multi-
path prompting to obtain informative evalua-
tion data in different tasks and settings, includ-
ing pointwise grading and pairwise comparison
with / without references. After fine-tuning on
these data, the resulting model CRITIQUELLM
is empirically shown to outperform ChatGPT
and all the open-source baselines and even
achieve comparable evaluation performance to
GPT-4 in system-level correlations of pointwise
grading. We also demonstrate that our gener-
ated critiques can act as scalable feedback to
further improve the generation quality of strong
LLMs like ChatGPT.

1 Introduction

Recently, large language models (LLMs) (OpenAl,
2022, 2023; Touvron et al., 2023) have been im-
proved rapidly and approached human-level per-
formance on various natural language processing
(NLP) tasks, such as question answering, text sum-
marization, dialogue generation, and code gener-
ation (Laskar et al., 2023). How to automatically
measure the performance of LLMs has now be-
come an essential research problem and attracted
extensive attention (Chang et al., 2023; Bai et al.,

2023b; Zhang et al., 2023; Liu et al., 2024). Strong
evaluation methods are expected to provide high-
quality critiques (including not only rating scores
but also explanations or reasons) that act as scalable
feedback and guide LLMs to improve persistently
(Cui et al., 2023).

Traditional evaluation metrics, usually based on
n-gram overlap between generated texts and refer-
ence texts (such as BLEU (Papineni et al., 2002)
and ROUGE (Lin, 2004)), have limited effective-
ness. Recent works mostly resort to model-based
evaluation metrics, especially LLM-based ones
(Wang et al., 2023a; Liu et al., 2023b; Zheng et al.,
2023). Since most of the best-performing LLMs
such as ChatGPT (OpenAl, 2022) and GPT-4 (Ope-
nAl, 2023) can only be accessed via OpenAl APIs,
researchers start to automatically collect evaluation
data by directly prompting GPT-4 and train their
own evaluation models, aiming to avoid potential
risks of commerical APIs, such as high cost, un-
stable usage, and data leakage (Zheng et al., 2023;
Wang et al., 2024; Li et al., 2024).

However, we argue that these evaluation models
are still struggling to generate informative critiques
in different evaluation tasks including pointwise
grading and pairwise comparison. Especially in
the challenging reference-free setting, these mod-
els tend to generate general critiques without fine-
grained distinguishability on generated texts, caus-
ing unsatisfactory evaluation performance (Zheng
et al., 2023).

In this work, we propose a simple yet effective
method called Eval-Instruct, which can automati-
cally construct informative instruction-tuning data
for different evaluation tasks and settings, includ-
ing pointwise grading and pairwise comparison
with / without references. Our main idea is to
fully utilize referenced pointwise grading critiques,
which are shown to possess rich information with
the assistance of references and elaborate prompt
design (Zheng et al., 2023; Liu et al., 2023a), to



construct evaluation data for other tasks and set-
tings. Specifically, after acquiring pointwise grad-
ing critiques with pseudo references via GPT-4, we
devise a multi-path prompting method including
two strategies: 1) Pointwise-to-Pairwise Prompt-
ing aims to inject pointwise grading critiques into
pairwise critiques and enrich them with more in-
formation about the respective quality of text pairs.
2) Referenced-to-Reference-Free Prompting is
targeted at removing direct comparison with refer-
ences in referenced critiques, while keeping other
details to improve the specificity of reference-free
critiques. The evaluation data in different tasks
and settings can be acquired via different paths
consisting of these two strategies. And we also
design a cross validation mechanism to improve
the data quality of reference-free pairwise com-
parison because both of the two paths reach this
task. After fine-tuning on the data of all the tasks
and settings, the resulting model CRITIQUELLM
is empirically shown to outperform all the open-
source baselines and even achieve comparable per-
formance with GPT-4 in system-level correlations
of pointwise grading. We also show the potential
of CRITIQUELLM to act as effective feedback to
enhance the performance of LLMs like ChatGPT.
Our main contributions are as follows:

* We propose an evaluation data construction
method called Eval-Instruct to automatically
acquire informative evaluation data in both
pointwise grading and pairwise comparison
with / without references.

* We conduct extensive experiments on CRI-
TIQUELLM, which is fine-tuned on the data
constructed by Eval-Instruct. Experimental re-
sults on three instruction following benchmark
datasets show that our model can outperform
all the open-source baselines and even per-
form comparably with GPT-4 in system-level
correlations of pointwise grading.

* We reveal the potential of CRITIQUELLM to
guide LLMs to improve persistently by show-
ing the positive impact of our generated cri-
tiques as scalable feedback on the generation
quality of LLMs.

2 Related Work

Evaluation is a long-standing task in NLP, which
becomes more challenging with the rapid develop-
ment of LLMs (Celikyilmaz et al., 2020; Chang

et al., 2023). Currently, there are mainly two lines
of work on LLM evaluation, including NLU-style
and NLG-style evaluations. NLU-style evaluation
methods utilize natural language understanding
(NLU) tasks such as multi-choice QA to measure
the performance of LLMs via simple objective met-
rics (such as accuracy and F1 score) (Hendrycks
et al., 2021; Zhong et al., 2023; Huang et al.,
2023b), which may deviate from the common us-
age of LLMs and may not exactly reflect the ability
of LLMs in generating responses for user queries.

NLG-style evaluation methods extend metrics
for natural language generation (NLG) tasks and
expect to apply them to the measurement of LLM’s
performance, which are the main focus of this pa-
per. Compared with early metrics that depend on
the n-gram overlap between generated texts and
reference texts (Papineni et al., 2002; Banerjee and
Lavie, 2005; Lin, 2004), recently proposed met-
rics based on state-of-the-art LLMs like GPT-4
(OpenAl, 2023) are shown to be strong evaluators
due to the encouraging effectiveness of LLMs and
the simplicity of formulating evaluation tasks as
instruction-following tasks (Wang et al., 2023a;
Chen et al., 2023; Liu et al., 2023b; Zheng et al.,
2023; Ke et al., 2023; Fu et al., 2023). Since most
of the state-of-the-art LLMs can only be accessed
via APIs, researchers start to automatically collect
evaluation data by directly prompting GPT-4 and
train their own evaluation models to provide sta-
ble and effective evaluations at a lower cost (Wang
et al., 2024; Li et al., 2024; Kim et al., 2024).

The concurrent works similar to ours are the
LLMs specifically trained for evaluation tasks such
as PandalLM (Wang et al., 2024), JudgeLLM (Zhu
et al., 2023), and AUTO-J (Li et al., 2024). Com-
pared with these works, our work is the first attempt
to deal with the challenge of uninformative cri-
tique generation which commonly appears in recent
LLM-based evaluation models especially without
references. Also, instead of prompting GPT-4 di-
rectly, our proposed Eval-Instruct can fully utilize
the connection among different evaluation tasks
and settings to construct informative evaluation
data, which are empirically shown to improve the
quality of generated critiques.

3 Method
3.1 Task Definition and Method Overview

This paper mainly involves two typical evaluation
tasks: 1) Pointwise Grading: Given a user query
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Figure 1: Overview of Eval-Instruct. Starting from referenced pointwise grading data, our proposed multi-path
prompting method can apply pointwise-to-pairwise and referenced-to-reference-free prompting strategies to acquire
evaluation data in other tasks and settings via two different paths. Cross validation is adopted to filter out the
contradictory data from these two paths and further improve the data quality.

q, a LLM-generated text x, and a reference text r
(omitted in the reference-free setting), the goal is
to obtain a critique c including a rating score and
an explanation to support this score. 2) Pairwise
Comparison: Given a user query ¢, two LLM-
generated texts x1 and z9, and a reference text r
(omitted in the reference-free setting), our purpose
is to acquire a critique c including a comparison
label (i.e., win / tie / lose) and an explanation to
support this label.

Our method consists of the following steps. We
first construct an informative instruction-tuning
dataset for different evaluation tasks and settings,
including pointwise grading and pairwise com-
parison with / without references (§3.2). Specifi-
cally, after collecting user queries, LLM-generated
texts, and pseudo references (§3.2.1), we can ac-
quire high-quality referenced pointwise grading
critiques via elaborately prompting GPT-4. Then,
we devise a multi-path prompting method to con-
struct informative evaluation data in other tasks
and settings, which covers pointwise-to-pairwise
and referenced-to-reference-free prompting strate-
gies (§3.2.2). Since there are two paths to obtain
reference-free pairwise comparison data, we design
a cross validation mechanism to filter out the con-
tradictory data and improve the quality (§3.2.3). Fi-
nally, we perform supervised fine-tuning on the au-
tomatically constructed evaluation data in a multi-

task manner to train a unified critique generation
model for different evaluation tasks and settings

(§3.3).

3.2 Evaluation-Oriented Instruction Data
Construction (Eval-Instruct)

3.2.1 Pseudo Reference Collection

To construct instruction-tuning data for evaluation,
it is imperative to first obtain the evaluation input,
including user queries, LLM-generated texts, and
references. We refer to recent works on instruc-
tion following (Liu et al., 2023a; Li et al., 2024;
Zhang et al., 2024) and merge their task taxonomy
to consider ten instruction following tasks covering
diverse NLP applications in real-world scenarios’.
We utilize self-instruct (Wang et al., 2023d) to aug-
ment seed queries of these tasks which are publicly
available and conduct strictly filtering to improve
the data quality. The details are provided in Ap-
pendix A.

Then, we collect LLM-generated texts from 10
representative models, which cover different levels
of generation qualities, including GPT-4 (OpenAl,
2023), ChatGPT (OpenAl, 2022), two versions
of ChatGLM (Du et al., 2022; Zeng et al., 2023),

'Our task taxonomy contains fundamental language abil-
ity, advanced Chinese understanding, open-ended question
answering, writing ability, logical reasoning, mathematics,
task-oriented role play, professional knowledge, code genera-
tion, and multi-lingual ability.



MOSS (Sun et al., 2023), Minimax?, Sparkdesk?,
Chinese-Llama2-7B-Chat*, Baichuan2-13B-Chat
(Yang et al., 2023), and Ernie Bot’. We further
filter out the generated results by removing a small
number of failure cases, such as empty responses.

Finally, we select the best-performing LLM (i.e.,
GPT-4) and manually check its generated texts for
each user query, while revising them if necessary
to improve the quality. Thus, these generated texts
after manual check and revise can act as pseudo
references to assist the evaluation data construction.

3.2.2 Multi-Path Prompting

To acquire high-quality evaluation data in differ-
ent evaluation tasks and settings, we first construct
referenced pointwise grading critiques by prompt-
ing GPT-4 with the assistance of pseudo references
and well-designed prompts like Liu et al. (2023a),
which are empirically shown to be informative
(Zheng et al., 2023). Then, regarding this setting
as a beginning, we devise a multi-path prompting
method to obtain evaluation data in other tasks and
settings. As shown in Figure 1, there are two main
prompting strategies:
(1) Pointwise-to-Pairwise Prompting (fp2p): This
prompting strategy injects pointwise grading cri-
tiques of generated texts into pairwise comparison
critiques, enriching them with information about
the respective text quality. Meanwhile, it requires
self-reflection on the pointwise critiques generated
by GPT-4 before obtaining the final pairwise com-
parison results.
(2) Referenced-to-Reference-Free Prompting
(frorr): This prompting strategy aims to remove
direct comparison with references while keeping in-
formative contents from references. It also requires
GPT4 to self-reflect whether the evaluation results
including scores / labels and revised explanations
are consistent, and modify the results if necessary.
Equipped with the above prompting strategies,
we have two paths to construct evaluation data
in different tasks and settings. Assume that
DPontr — L(g; vy g, 0T HY | indicates the
referenced pointwise grading dataset constructed
above and ?”"™"" represents the critique in the
corresponding setting, our purpose is to acquire
the datasets D ppromntrf ppairrf yig differ-

2https://api.minimax.chat/
3https://xinghuo.xfyun.cn/
*https://huggingface.co/FlagAlpha/
Llama2-Chinese-7b-Chat/
Shttps://yiyan.baidu.com/

ent paths, where point/pair means pointwise /
pairwise evaluation and r /7 f indicates referenced
/ reference-free evaluation, respectively. The two
paths are devised as follows.
Path#1: Dpoint,r fP_2P> Dpair,r JR2RF Dpair,rf

As shown in Path#1 of Figure 1, we firstly
conduct pointwise-to-pairwise prompting to ac-
quire the referenced pairwise comparison dataset
Dpaz‘r,r — {(Qi, TiyTil, Ti2, C?a”‘ﬂ") iMl'

0int, 7‘)

air,r oint,r
""" = fpap(Qi,Tis i1, Ti2, 5 Crg

7;:1727"'7M (1)

where ¢;, r;, x; 1, x; 2 indicate the user query, the
reference, and two generated texts of the ¢-th data,
respectively. P97 PG PN are the refer-
enced pointwisé and pélirwise evaluation results
of x; 1,72, respectively®. Then, we can apply
referenced-to-reference-free prompting to obtain
ppairrf _ {(gi, i1, iz, cfamrf)}:
Ci?aw’wf’l = froerr(Qi,7is ig, T2, E4T)

1=1,2,--- M 2)

where 2"/ means the reference-free pairwise
comparison critique of the i-th data from Path#1.
Path#2: Dpoint,r JR2RF Dpoznt rf f_2)P Dpazr rf

Similarly, as shown in Path#2 of Figure 1, we
can exchange the order of two prompting strategies
applied to DP?"t7 accordingly. In this way, we
can in turn acquire DP?"trf and preirrf.

Cpomt "I = frorr(gi, i i, Cpomt ")
121727"'aN (3)

cﬁ)air,rf,Q o fP2P(q“ Tiy T, Tio, Cpozm‘, 7wf Cpoznt rf)
Z:1727"'1M (4)

where " 12 denotes the reference-free pairwise

comparison critique of the ¢-th data from Path#2.

3.2.3 Cross Validation

Since both of the two paths finally reach DP#">7f,
we design a cross validation mechanism to further
improve the data quality. Specifically, DP""/
only contains the data whose comparison labels
from two paths are consistent. In this case, the
critiques from both of the two paths are added to
DpairTf  The other data with contradictory com-
parison labels are strictly filtered.

®We conduct strictly rule-based filtering after each prompt-

ing step to remove low-quality data with errors in format and
other aspects, which is omitted in this subsection.
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3.3 Supervised Fine-Tuning

We perform supervised fine-tuning on the LLM Fy
using all the constructed training data in a multi-
task manner to obtain CRITIQUELLM:

N
1 .
L=- N ZPG(Cfomtq% Tis T;)
i=1
Pe(cgoint,rfmi’xi)

1 -
==Y Py(d i, 7, i1, i)

M/

1 .

Vi g Pe(cfmr’rf\%yxi,hﬂfia)
—1

1=

where M indicates the data amount of DP®""f
after cross validation. During fine-tuning, we fol-
low Bai et al. (2022) to add simplified prompts to
distinguish different parts of inputs. We also follow
Li et al. (2024) to augment pairwise training data
via swapping the order of two generated texts and
exchanging the corresponding contents in critiques.

4 Experiment

4.1 Dataset

We adopt three benchmark datasets on open-ended
instruction following, which involve various NLP
tasks in LLM’s real-world scenarios’. The datasets
also cover all the evaluation tasks and settings in
this paper. The statistics are shown in Table 1.
AlignBench (Liu et al., 2023a): This benchmark
includes 8 categories of instruction following tasks
and 8 LLMs for generation. It provides an evalu-
ation dataset with human-annotated scores on the
quality of generated texts. In addition to using
human-annotated scores for measuring pointwise
grading performance, we also follow the original
paper to sample text pairs of the same query for
pairwise comparison®, whose label is automatically
determined by their pointwise scores.

AUTO-J (Eval-P) (Li et al., 2024): This bench-
mark provides 1,392 pairwise comparison data,

"We have conducted string matching to show that there is
no overlap between the queries in the training and test sets.

8The authors in the original paper of AlignBench (Liu et al.,
2023a) collect all the pairs of generated texts for each query
(~10,000 pairwise comparison data), causing high demand
of computational resources and API costs for LLM-based
evaluation methods. Thus, we randomly sample a subset
(~1,000 pairwise comparison data) to test our method and all
the baselines for a fair comparison.

Dataset | Task | Setting |#Models | #Samples / #Pairs | Length
AlignBench Poipt\yise R/ R—F‘ 8 ‘ 3,200 274
Pairwise |R/R-F 8 1,600 293
AUTO-J (Eval-P) | Pairwise | R-F | 6 | 1,392 | 372
LLMEval | Pairwise | R-F | 11 | 1,530 | 283

Table 1: Statistics of the benchmark datasets, including
the evaluation task / setting, the number of models / sam-
ples / pairs, and the average length of generated texts.
R / R-F indicates referenced / reference-free evaluation,
respectively.

each of which contains a user query, two LLM-
generated texts, and a human-annotated preference
label. These data involve 58 real-world scenarios
and 6 model families for generation.

LLMEval (Zhang et al., 2024): This benchmark
designs 17 types of user queries covering repre-
sentative NLP tasks in real-world scenarios, and
provides ~ 100,000 pairwise comparison data with
human-annotated labels. Due to the limitation of
computational resources and API costs for LLM-
based evaluation methods, we randomly sample a
subset (~1,000) to measure the performance of our
method and all the baselines for a fair comparison.

4.2 Baselines

We choose state-of-the-art general LLMs and
evaluation-specific LLMs as our baselines.
General LLMs: We adopt ChatGPT
(gpt-3.5-turbo-1106) (OpenAl, 2022), GPT-
4 (gpt-4-1106-preview) (OpenAl, 2023),
ChatGLM3-6B (Du et al., 2022; Zeng et al., 2023),
Baichuan2-13B-Chat (Yang et al., 2023), and
Qwen-14B-Chat (Bai et al., 2023a) as our general
baselines’. These general LLMs can perform as
an evaluator for pointwise grading and pairwise
comparison via elaborate prompts without further
training. We directly prompt these LLM to obtain
evaluation results in single-turn interaction.
Evaluation-Specific LLMs: We select AUTO-J-
Bilingual-6B (Li et al., 2024) and JudgeL.M-13B
(Zhu et al., 2023) as our task-specific baselines.
These two baselines are designed for specific eval-
uation tasks and settings.

4.3 Implementation Details

We choose ChatGLM3-6B (Du et al., 2022; Zeng
et al., 2023) as our base model and use Zero Redun-
dancy Optimizer (ZeRO) (Rajbhandari et al., 2020)

9Since our benchmark datasets are mainly in Chinese, we
select state-of-the-art Chinese LLMs as competitive baselines.



Level | Text-Level | System-Level

Setting | Referenced |  Reference-Free | Referenced |  Reference-Free

Metric | » | p | 7 | v | | = | r | o | 7 | r | p | 7
Closed-Source Evaluation Models

ChatGPT 0.443 1 0.421 | 0.379 | 0.292 | 0.287 | 0.266 | 0.955 | 0.976 | 0.929 | 0.778 | 0.833 | 0.643

GPT-4 0.629 | 0.583 | 0.532 | 0.523 | 0.494 | 0.447 | 0.995 | 1.000 | 1.000 | 0.997 | 0.976 | 0.929

Open-Source Evaluation Models

ChatGLM3-6B 0.223 | 0.222 | 0.207 | 0.159 | 0.150 | 0.140 | 0.790 | 0.833 | 0.643 | 0.544 | 0.548 | 0.429

Baichuan2-13B-Chat 0.199 | 0.200 | 0.187 | 0.125 | 0.117 | 0.110 | 0.854 | 0.929 | 0.786 | 0.663 | 0.527 | 0.400

Qwen-14B-Chat 0.373 | 0.379 | 0.358 | 0.255 | 0.254 | 0.239 | 0.901 | 0.929 | 0.786 | 0.772 | 0.833 | 0.643

JudgeLM-13B 0.450 | 0.430 | 0.391 | 0.170 | 0.162 | 0.155 | 0.984 | 0.976 | 0.929 | 0.717 | 0.905 | 0.786

AUTO-J-Bilingual-6B - - - 0.044 | 0.045 | 0.041 - - - 0.558 | 0.571 | 0.500

CRITIQUELLM (Ours) | 0.555 | 0.523 | 0.477 | 0.366 | 0.352 | 0.319 | 0.995 | 1.000 | 1.000 | 0.954 | 0.976 | 0.929

Table 2: Text-level and system-level Pearson (r), Spearman (p), and Kendall (7) correlations in referenced and
reference-free settings of pointwise grading on AlignBench. The highest correlation among the methods based on
local models is bold, while the highest correlation overall is underlined. - means that AUTO-J-Bilingual-6B cannot

support referenced pointwise grading.

Dataset | AlignBench | AUTO-J (Eval-P) | LLMEval
Setting | Referenced | Reference-Free | Reference-Free | Reference-Free
Metric | Agr. | Cons. | Agr. | Cons. | Agr. | Cons. | Agr. | Cons.
Closed-Source Evaluation Models
ChatGPT 32.50 | 38.56 | 39.56 | 53.94 | 42.74 62.43 40.07 | 64.58
GPT-4 74.69 | 86.75 | 70.25 | 84.88 | 62.28 86.28 50.98 | 84.71
Open-Source Evaluation Models
ChatGLM3-6B 17.75 | 31.84 | 24.75 | 42.88 14.15 26.22 28.56 | 51.70
Baichuan2-13B-Chat 35.81 | 50.06 | 27.06 | 40.82 | 19.40 32.33 23.53 | 43.27
Qwen-14B-Chat 33.81 | 43.25 | 42.06 | 58.75 | 31.68 52.08 42.81 69.61
JudgeLM-13B - - 42.50 | 66.00 | 35.13 58.19 44.77 | 75.82
AUTO-J-Bilingual-6B - - 26.00 | 45.38 | 49.43 77.23 27.58 | 55.56
CRITIQUELLM (Ours) | 70.56 | 89.25 | 58.81 | 83.06 | 50.93 | 8276 | 50.72 | 85.95

Table 3: Agreement (Agr.) and consistency (Cons.) rates in pairwise comparison evaluation. The highest correlation
among the methods based on local models is bold, while the highest correlation overall is underlined. - means that
JudgeLM-13B and AUTO-J-Bilingual-6B cannot support referenced pairwise comparison.

stage 2 framework from the Deepspeed (Rasley
et al., 2020) library. CRITIQUELLM is trained on
8 A800 GPUs. The number of training samples
for Dpoint,r/Dpoint,rf/Dpair,r/Dpair,rf is 12,102
/12,095 / 6,190 / 5,428, respectively. We use
AdamW (Kingma and Ba, 2015) optimizer with
the weight decay of 0.1. The peak learning rate is
6e-5 with 10% warmup ratio. We set the maximum
sequence length to 8,192 and the batch size to 64.
The number of training epochs is 5. We use greedy
decoding in the main result and investigate the ef-
fect of different decoding methods on our model in
§4.7. For beam search, we set the beam size to 4.
For the sampling-based decoding method, we adopt
Nucleus Sampling (i.e., Top-p Sampling) (Holtz-
man et al., 2020) and set both the temperature and p

to 0.9. For self-consistency decoding (Wang et al.,
2023c), the number of candidate critiques is 5.

4.4 Main Results
4.4.1 Pointwise Grading

Following Colombo et al. (2022), we adopt text-
level and system-level Pearson (), Spearman (p),
and Kendall (7) correlation coefficients between hu-
man judgments and automatic metrics to measure
the pointwise grading performance. Text-level cor-
relation is computed by the average score over the
correlation coefficients between human judgments
and automatic metrics for all the generated texts of
each instruction. For comparison, system-level cor-
relation is obtained by the correlation coefficients
between human judgments and automatic metrics
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Figure 2: Critique quality evaluation results. The per-
centages indicate the preference results between CRI-
TIQUELLM and other models via GPT-4’s evaluation
and human verification.

of each LLM’s score, which is the average value
over all the scores of the corresponding model on
the dataset.

The results in Table 2 show that CRITIQUELLM
can achieve comparable performance with GPT-4
especially in system-level correlations, while out-
performing ChatGPT and all the open-source base-
lines. This indicates that our proposed method
can successfully improve the quality of generated
critiques. We can observe that system-level cor-
relations of CRITIQUELLM are almost the same
as those of GPT-4, which even approach 1,0. This
demonstrate that our model is nearly able to dis-
tinguish the overall performance of all the eight
LLM:s.

4.4.2 Pairwise Comparison

Following Li et al. (2024), we adopt agreement and
consistency rates to test the pairwise comparison
performance. Specifically, we conduct two compar-
isons for each data sample via swapping the order
of two generated texts. We consider the model’s
evaluation result to agree with humans only when
the two comparison results are consistent and align
with the human preference label.

The results in Table 3 show that CRITIQUELLM
can beat ChatGPT and all the open-source baselines
in both agreement and consistency rates. Com-
pared with GPT-4, CRITIQUELLM achieves com-
parable performance especially in the consistency
rate. This indicates that CRITIQUELLM equipped
with high-quality evaluation data in different tasks
and settings not only performs well in pointwise
grading, but also has a strong evaluation ability in
pairwise comparison.

4.5 Analysis on Critique Quality

To further measure the quality of generated cri-
tiques, we follow Chen et al. (2024) to combine
automatic and human evaluations. Specifically, We
follow existing works (Wang et al., 2023b; Sun
et al., 2024) to devise an evaluation prompt for
GPT-4 to judge the quality of generated critiques.
After GPT-4’s evaluation, we manually verify the
results and modify them if necessary. We randomly
select 100 evaluation data for pointwise grading
and pairwise comparison, respectively. The se-
lected data for pairwise comparison are from the
mix of three datasets. And we collect generated cri-
tiques from CRITIQUELLM, state-of-the-art evalu-
ators (i.e., ChatGPT and GPT-4), and an alternative
model CRITIQUELLM (DP) whose training data in
different tasks and settings are acquired from GPT-
4’s direct prompting. For each pair of critiques (one
from CRITIQUELLM and the other from a baseline
/ an alternative model, given the same evaluation
input), GPT-4 are required to label which critique is
better (i.e. win, lose or tie) in terms of correctness,
helpfulness, and informativeness. The priority of
these three aspects is set to follow the above order.
Then, human verification is conducted to check
GPT-4’s evaluation on critiques.

The results are shown in Figure 2. We can ob-
serve that CRITIQUELLM can achieve superior per-
formance over ChatGPT and CritiqueLLM (DP),
and even perform comparably with GPT-4. This
demonstrates that our proposed evaluation data con-
struction method can successfully improve the over-
all quality of generated critiques and enhance their
informativeness.

4.6 Analysis of Critique as Feedback

To investigate whether the critiques generated by
our model can serve as feedback to improve the
quality of LLM-generated texts, we employ Chat-
GPT, GPT-4, and CRITIQUELLM to provide cri-
tiques for the generated texts of ChatGPT in the
reference-free setting. Then, we instruct ChatGPT
to modify its original generation based on the cri-
tiques. Finally, we use GPT-4 to perform refer-
enced evaluations on the original texts and the mod-
ified texts generated by ChatGPT, respectively.
The results in Table 4 show that the critiques
from CRITIQUELLM can serve as positive feed-
back whose contributed improvement on the overall
score is close to that from the GPT-4’s critiques.
This further verifies the utility of CRITIQUELLM



Critique Model | Overall | Logical | Open-ended QA | Professional | Fundamental | Mathematics | Role Play | Writing | Chinese Understanding

None | 6385 | 5318 | 7000 | 5824 | 6310 | 6160 | 7260 | 7.154 | 6.000
ChatGPT 6300 | 5045 6.762 6.353 6.276 5.760 7.000 | 6.885 6.063
GPT-4 6545 | 4455 7.190 6.588 6.897 6.200 7111 | 7.077 6.563
CRITIQUELLM | 6.530 | 5.136 7.381 6.765 6.414 6.000 7407 | 7192 5.315

Table 4: GPT-4’s referenced pointwise scores on AlignBench for original generated texts from ChatGPT (i.e., None)
and modified texts based on each critique generation model, respectively.

to provide informative critiques as scalable feed-
back that can guide LLMs towards better genera-
tion. We also notice that the critiques from Chat-
GPT itself have a negative impact on the overall
quality of its generated texts. This phenomenon is
consistent with recent works that doubt the self-
correction ability of LLMs without external in-
puts (Huang et al., 2023a; Stechly et al., 2023;
Valmeekam et al., 2023).

We also report the evaluation scores before and
after the critique-based modification across differ-
ent tasks in Table 4. It is notable that the critiques
from CRITIQUELLM can help enhance the quality
of generated texts in a majority of tasks. However,
in the tasks of logical reasoning, mathematics, and
advanced Chinese understanding which are mostly
hard tasks involving reasoning, the critiques from
CRITIQUELLM seem to degrade the performance.
We manually checked error cases and found that
our model obtained misleading critiques on the rea-
soning process of generated texts. Since the evalua-
tion of reasoning chains remains a challenging task
(Golovneva et al., 2023) even for GPT-4, we leave
further investigation in these tasks as future work.

4.7 Ablation Study

Setti | Pointwise |  Pairwise
etting

| R | RF | R | RF
Metric | = | r | Agr | Agr
CRITIQUELLM | 0.555 | 0.366 | 70.56 | 58.81

Fine-Tuning Data
w/o Cross Validation | 0.566 | 0.361 | 66.13 | 57.44

Decoding Strategy
w/ Beam Search 0.554 | 0.374 | 70.31 | 57.75
w/ Sampling 0.547 | 0.353 | 68.69 | 57.31
w/ Self-Consistency | 0.573 | 0.384 | 69.13 | 58.44
Explanation

w/o Explanation | 0.509 | 0.332 | 60.19 | 51.56

Table 5: Text-level Pearson (r) correlations and agree-
ment rates (Agr.) of ablation models in reference (R)
and reference-free (R-F) settings of AlignBench.

To further investigate the impact of each part on
CRITIQUELLM, we conduct additional ablation
studies. For fine-tuning data, we remove the cross
validation module (§3.2.3) to explore its impact on
the evaluation performance. Table 5 shows that
the performance of CRITIQUELLM degrades espe-
cially in pairwise comparison, demonstrating that
cross validation can filter out low-quality evalua-
tion data and contribute to the final performance.

As for decoding strategies, we show the evalu-
ation performance of three decoding strategies in
addition to greedy decoding in the main result, in-
cluding beam search, Nucleus Sampling (Holtzman
et al., 2020), and self-consistency decoding (Wang
et al., 2023c). The results in Table 5 show that the
self-consistency decoding method can enhance the
performance of our model especially in pointwise
grading. Meanwhile, greedy decoding performs
best in pairwise comparison, while achieving com-
parable performance with other methods in point-
wise grading at a smaller computational cost.

For evaluation explanations, we remove the ex-
planations in the critiques of training data. The
results in Table 5 show that the performance of
CRITIQUELLM largely degrades in both point-
wise and pairwise evaluations without explanations.
This verifies the positive impact of explanations on
the final performance, which play a similar role to
chain-of-thought reasoning (Wei et al., 2022).

5 Conclusion

We present an evaluation data construction method
called Eval-Instruct, which can automatically con-
struct informative evaluation data in both pointwise
grading and pairwise comparison with / without
references. After fine-tuning on the data from Eval-
Instruct, the resulting model CRITIQUELLM can
beat ChatGPT and all the open-source baselines,
and perform comparably with GPT-4 in system-
level correlations of pointwise grading. CRI-
TIQUELLM can also provide scalable feedback
which can improve the generation quality of LLMs.



Limitations

The limitations of our work are summarized as
follows:

(1) In our method of multi-path prompting, we de-
vise two prompting strategies to enrich the informa-
tion in the resulting critiques, which can improve
the critique quality. However, this method also
increases the length of input prompts and lead to
higher API costs when constructing evaluation data
in different tasks and settings. We believe that it
is not a severe problem because data acquisition
is single-round and we do not repeatedly acquire
critiques for the same evaluation input. Also, our
proposed critique generation model based on open-
source LLMs (i.e., ChatGLM3-6B) can achieve
comparable performance with GPT-4 in some as-
pects, which may save the cost for LLM evaluation
via APIs and avoid the risks such as unstable usage
and data leakage.

(2) Similar to other model-based evaluation meth-
ods, our evaluation model suffers from the self-
evaluation bias (He et al., 2023) (also known as
self-enhancement bias (Zheng et al., 2023)), which
indicates the preference on the generated texts from
the same base model. This bias is commonly rec-
ognized even in state-of-the-art LLM-based eval-
uators like GPT-4. We argue that researchers and
developers can use multiple LLM-based evalua-
tors with different base models including CRI-
TIQUELLM to avoid self-evaluation bias towards
specific generation models. Since there does not
exist a satisfactory solution to the self-evaluation
bias currently, we leave the further investigation as
important future work.
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A Query Augmentation and Scoring
Prompts

We provide the prompt for query augmentation and
scoring in Table 6. First, in the stage of genera-
tion, we give some in-context examples and devise
detailed requirements to help ChatGPT (OpenAl,
2022) generate augmented user queries and assign
the category label to them. Then, during evaluation,
we instruct ChatGPT to provide a difficulty score
to each query for difficulty balance in the whole
augmentation dataset.

B Prompt Design for Eval-Instruct

We provide specific prompts for pointwise-to-
pairwise and referenced-to-reference-free strate-
gies in Table 7 and Table 8, respectively.

C Case Study on Critique Generation

To intuitively show the effectiveness of our critique
generation model, we provide two generated cases
of referenced and reference-free settings, respec-
tively, in Table 9 and 10.



Stage Prompt

Generation You are asked to provide 10 diverse prompts. These task prompts will be provided to a GPT model and we will evaluate the ability of the GPT
model to reply to these prompts. The following are some examples:
1.{example prompt 1}
2.{example prompt 2}
3.{example prompt 3}
Here are the requirements you need to follow to provide prompts:
1. The prompts need to be complete sentences, not phrases or fragments.
2. The prompts need to be varied, do not use similar prompts.
3. the prompts need to be meaningful, do not use meaningless prompts.
4. The prompts need to have a variety of tones, e.g., combining interrogative and imperative sentences.
5. The prompts need to be challenging, do not use simple directions.
6. The prompts need to be something that the Large Language Model can accomplish. For example, don’t ask the assistant to create any visual or
audio output. For example, don’t ask the assistant to wake you up at 5pm or set a reminder because it can’t perform any action. For example,
prompts should not be related to audio, video, images, hyperlinks.
7. The prompts are in Simplified Chinese, except for translation-related questions or math-related questions.
8. Some prompts can provide contextual information, should involve realistic data, and should not contain simple placeholders. Not all prompts
require input. For example, when an prompts asks for general knowledge information, such as "What is the tallest mountain in the world?", it
does not need to provide specific context.
After you have provided the prompts, please add the category of the prompts in a pair of && sign after the prompt and surround the prompt with
in a pair of @ @ sign. For example, if the prompt is "@ @What is the tallest mountain in the world?@ @ & & #7415 &&", then the category is
HAAESS.
The category must be one of the following 10 categories. 1. FEAESS 2. A 3CHEfF 3. LR &A% 4. SURG1E 5. 85 6. B AR 7. MEMHES. &l
fES 9. RIBARL 10. ZEFRES
Here are some examples of prompts you provide:
@ @example prompt] @ @ &&category 1 &&
@ @example prompt2@ @ &&category2&&

@ @example prompt9 @ @ &&category9&&
@ @example prompt10@ @ &&category10&&

The following is a list of 10 good task prompts with serial numbers and categories:

Evaluation T FE=ANAEAETIER], BLEE R LN ER, 3HX =088 B R R R 1-35 R R RIS
). 153 WTFRIEFEERY, XERTZE T
(2). 257 WTREBEEBIAUL, XA D&
(3). 350 W REEEBIAA, X 02 H M
5 WX EAEE, SHE - eefF5mE, MNMENH-N&KMFTEE, SEH I HEE, 550 ET S b H R
filn: RS E ESEL, RARENEEELN, SRS, RERMEIEREIE2, RHREAESERN, HEE2S, MEEHEEZEES,
EHREIEEER. 5EGE3S. ILHEHNT:
1.0 @ H1@ @&&ITF 1 & &#H1##
2.0 @ H20 @ &&FEANT L &&#H2##
3. H3@@&&S 1EH &&##3HH
R T 12 R LR B SR A R B«

Table 6: Prompts for instructing ChatGPT to generate, categorize and evaluate user queries. Examples and
corresponding categories are randomly sampled from the set of seed queries.
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Setting

Prompt

Referenced
Pointwise
Grading to
Referenced
Pairwise
Comparison

PRR—MEKIEN SR BRI T « BRI AERMFAFNS G, HERAAE T TR R EE SRR RS B2 A R iiR
Fl, BREMNSHEER, WEELBENFCABTHER, UERANERE BRREITNON - SRFRRETEERT, (R 258 LUFRIRRE:
L HESHER . WA FIER U FRN T, RYE CATEE YRR A THOE R T LA, 28 MR BT SOA - HeA
IR ZRB P EROFRIE AT A AT TR EEAY, S ERTREAEHDH -

2. A BHERMENELI BT, WD ABFROERFEHSFE SR ERAA, sE AR IREM S, HAHIE AN . I8
B LT 2 ROATREM™ A B, RS2 AL FE R IR I IR -

BRI AT A S E S RAILE R UL S, ER YNGR A MBS T SOR P A REEL R M R L S BRI 6185 - S SR 155 200
BORBOREASS, N RUATRESL B R (05 HHARE R, BRAEA IS RIFH AT EE I R - X SR a5 0 2B IREASS, A B
EERM B IRA B (B REZE R LT O OB R -

THILHE, MRUHTE eI RPN AERE, H A S B SRR L AT SO - SRIE PR LR S FUR UG IR, HR48 i HURREE RO T A AR
B ZJE, FEREERRE, BEUTTRE (BFEFES) BERKSEE BEEREER, MR e RaEm i AT (8#E AR
HEAAY) |, FFHRORIRIR ] 2 SR R AR O R S SRR — B

(& REER: BEFRREE SN F T SeEmE=)), Bl (C5FE RS BT ) e 56 G R B F2 ) B 578 AR
LR RN ) -

FAF$0A]: (Question)

[ZHERITIA
{Reference}

[ZHERER)

[BIF I ERIFIR]
{Generated Text 1}

[BhF 1B REEH]
(B F 1 E R BRI AT 1R]

{Referenced Pointwise Grading Critique for Generated Text 1}

(B F 1R E R BTR IR T4 ]

(B P2 BRI 1R)
{Generated Text 2}
(B F 2 ERER)

(B P2 E R BRI 1T IT 1R
{Referenced Pointwise Grading Critique for Generated Text 2}

[BF2ERBEIFM L]

Reference-
Free Point-
wise Grading
to Reference-
Free Pairwise
Comparison

TR —MEKIPNSORFRMBT - HIRLAERITHE NS 6, RHT AT T H 5 A f e 5 fFR 5 - A& AR P ok
A, FEMREERAPH A FOER, URRADERES BORETRONT . SRR IRIIERRT, (R55Z5E ST LUR B

L AP DA TR ER S BURITO AT, RYE IR TR 2 MUEBON ] A B SR TARE M LR, 28 R A ELAR AT SO« HLER AT U
SREZMADERBRITN AT AT T AR E EEATT, HF R B R BN AR -

2. SEEEARERLEST, WA FHERPEHEERRHERNIA, SEAEMRIREMY, e HER ISRl . (RE R
RATREFHEME, N A FE RN HRA -

BUEITH T R YEE D BAGF A R NUS %, RN A MBI R PR EE B KA BN S/ - SR a B =0
BORMBEANS, RIRATREH B BRI RS tH AR, IRIE R DT R IF I AT P A e BRAR . TURTX LR B8 0 ZRE R DA, U fovr e
LR B IRA B, BRI AR O B -

B 2R, EIREEIRRE, HELTFRRR (AFES) REWRISEE FEEEER, IIRERNEE FREESIIATF (&I AR
HHS) |, FEHRERIRIRE A2 RN B AR RO A R R — B

{CERE LAY BB G FUE E M FF SRS ), Fln: (SRE SR BT 1) el 4R G LB S B T2 ) i 2R A AR
LR ) ) .

FHFRIEEA]: {Question}

(BT IR EZRIT IR
{Generated Text 1}
(B F 1B REEH]

(B F 1R ERBTR IR T ITIE]
{Reference-Free Pointwise Grading Critique for Generated Text 1}

(B F 1B E R TR N M4

(B T2 EZRTT 1R
{Generated Text 2}
(B P2 ERER)

(B F2E R RN M HF1R]
{Reference-Free Pointwise Grading Critique for Generated Text 2}

(B T2 ERETR TN L5 ]

Table 7: Pointwise-to-Pairwise prompt design in multi-path prompting.

13



Setting

Prompt

Referenced
Pointwise
Grading to
Reference-
Free Point-
wise Grading

PR MEKPEN SRR BT o i IRIRE LN B SRIE O SO -

L EEBBUS PN SRS, NEEBRESEER . 7 UEPHCATE SR ASEERPORGNARBI SN, BERELRERZISEER
BOFFALE - BRUR RO SORREE S L@, 28 Ea3, a5 L RN -

2. TEMBBE AN YERE TS, TN AT Y BTN AR AR5, EAEERRISEER .

3. HEBEEE ARSI ITSORN, TEHBRISHER, RERYYFNEN SORT AT, 7575 F FHIBEUS 15 BT . BERUSRS
BOMISORRGBIN - il - BIE. BEH TR S5EEG 5 RIF—3. WRZIY AR S OR P FEEERR, RSEUERI A7 S04 - T
LR B AEN, T HEBEEEEES -

4. EBUE A RS SR A BTN SR R R — B TEREERRE, MHREREUT TR (BEES) BEIRSRE RS, I
BRORIRIR B 25 SR A0 b A SR A 2 SR AR — B

(ULRAE: BIERGEREED) ), fl: ({68505} -

FAF$20A]): {Question}

[ZHERITR
{Reference}
[BHERER)

[ FIERIT IR
{Generated Text}

B FHIE R
[ SCATT 4R

{Referenced Pointwise Grading Critique for Generated Text}

(R & S|

Referenced
Pairwise
Comparison
to Reference-
Free Pairwise
Comparison

PRE—MERIPN AR ABI T o W RARTE LT 2R SR A

L BRI SCRT, REHEBERISHER . 7 LETFNSCRTIE SR HASHE R BENEHB T, BRELEERZISHER
HIFETE - IEBURHIEMSCATREE S LB, B3 LA, SINES L RIER .

2. FEMBECE A YL AT, TR AT Y BN SOREE AR RS —8, EAREEERISEER .

3. TEBEERE LB RIOSHTSORE,, RNEEFR NS HER, RERE YHNPN SCRPREAMAT, 780 AEEUR B EE ST . BEUE
BOZRE I TSORROBIG - Wil - BV, JEHEO TRISLRE B R — B0 RIS B4R & T SOR PR E E R, RO B 97
SRR o (CHIZERIR™ BB SR LB RN, A HE SRS B R

4. IEBUS BTA i R R S S B SO R AR — B EREERRE, R EREU TS (BFEES) BERINE S B R
., REFENLEE FEEEINABIT (SCE AR Y) | FFERORIRIE B 45 SR RO A5 SRR — 2

(CFA LR AIEFAREESMBTFSafEMEY)), flan: (AR BT U S C5RE BER  BF2 ) B A HE
GRS

FAFRIFEIE]: {Question}

[ZHERITIR
{Reference}

[BHERER)

(B F I ERTT R
{Generated Text 1}

[BhF 1B REEH]

[BIF2ME R
{Generated Text 2}
(B T2 ERER)

[ SR 4R]
{Referenced Pairwise Comparison Critique for Generated Text 1&2}

[P SRR

Table 8: Referenced-to-Reference-Free prompt design in multi-path prompting.
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Query FEREN ST R —BOE, RIIMBSE AL -

Generated SR B, IR EERMRATRE . IMHRTE, SRBESSH, B—IETHMSIRIARIAC . ST, K2 - —ZRK
Response B, RSB O A TEE R -

M BATEEIX T/ IME L, VU — i - R A0 SR A LA WS AL, Lk RS AN < X B R R S B
DEE, RS LRI

AR EESE FE IR L, RS ARRE, BRI RO - XSRS, BREMGEIMNES %R RME, €
A BEBRBIZ SRR B, ARSI e RIS -

AT TS, BEEEX ) ORI GEK R, FFROIRER . s A DO MR MER LRI, AR, WERA, R

XTI R AR
i, XERAERTR . BATRAT RN ORISR . SN S, BOTHMSEN MBS W, ERAHEmxEa
PR 5L

IR, BFEAEMI - EEE T BMANRIR, BRI E T . RERE SN AN R, ERRRERS ZME, FA
HAE, RAEHTIREAA RERIESHERIR ORI TR B -

Human Score 3
(1-5)

ChatGPT AL EE SRR -
(1-10) 1. HLIERE: 9. X BREHBCE W LA ARIELEEE, MRRA T —FHRAIOSE, RIS TCIRRT SESL ER T4 -
2. iR PR 8. BB R TE H RA T UGB SR8, o 3 A R AT T 218 B -
3. BHGERME: 9. MIEAERME EORE TBEE S, RS 8%, 08 M BT E R -
4. GG 9. [HEEE QUREAIARE, SREE T IR S0 OB VRZ) DRI B
5. FEEE: 9. HEAGERNER - RENHBIEE AR, WA T HPTRRIF RIS -

8

¥

5

B

ey 8

SFAVEM: XBEEEREH K BEER . QSRR LRI G, (B i Tk HRIE TR, AR RS,
BOHTTE, R LAE RIS RN £ B AR SR a5 | AR AT R, LIS & R AT E AL E L -

RS4RI

CHSKIERNE: 9, R PR 8, BHE S : 9, Qs 9, FEED: 9, LR AT : 8)

GPT-4 L FLIETE: 10, [EEFEA R RRAER B, TR T ICHERY R, B AR L E R A A1 -
(1-10)

2. WRRAFFER: 9. A TFWREERIFHWT BT A REWFEA, 8N THEMGROmMAE, WETH A R EEORNFE

30 BHERME: 9. BEIEEEAR RT3, WIMA BB EBERRENER, BEANORZNITE, &5 2 B HEE
.

4. Al 8. EIFRNT —ERENCNENE, @i EER ERR ST T A A IE AR, EX RO YT R AR
LB SCA AP HAH L -

5. FEE: 9. EERM T EEMEBARMIE R, WL RN O, ST SORIIREAN L R CE B -

Gafa: 9. A FHEEES MER ERZAHE, HHEERLEHPFRMELEREL, BEUEHNLE . SEEERNZE
HRH, EBERIXRN - R, B L PRERRENEE .

RRZA R G T % REEENFRECEMRS, EAGE R, AT A LU A B 2 M 50 A S0 5ot tim, LUR IR
POAEIE I - stoh, FTLUZCRE 2 B E AR A SR, DIEIRSE R -

CHSCIERME: 10, TR PR 9, IBHE ST 9, AT 8, FHE: 9, LR A5 9}

CRITIQUELLM  HSCIERhE: 10, B FHERAEHLIERIE T HRIMER, FHCohEted R TR, WHPREMHERIERNSEEES -
(1-10)

R PR 7. B FROEREW R A& K7 WS B, CREh R BT —BOE, H Hh A T IMBE o5 - E
&, BERIEERFESB DI, FIRESCE 2R A P AR IR -

BEHESE: 9. EE/EEBEER T H SR, B R ABEIURIEEETE . BRI SRS, &5 RN I Y e A AR
A BB HIRE AR

AlENE: 8. I FMERESHE TR R, EARTIRA, TR TEZNATEE, L& T — P mBiiE .

EEE: 7. BTFREREFEETEMG AR, BT AN REARMEREE, BEREMSHEETRKBEARR, WL#E—FF
ERSEY: S 2ilipapiop

Gala: 1. GAFBULER DR, HFMEREEEEFMREN . KM, EREWEM P FRTEOEBCGEZR, HHRAERIEA
FRRERIMETH - $Eoh, BREFE LT EME RSN, 7 LUEd N E L X T IMEERA T RS SRR R AR - ALBF
ERIECBEMRBEE R T MR 6, BEFEETEHE AL . HTEH, BT UEINEL X TIVRERIRA S, UREES X
Ty ST i) DA -

CESLIERNE: 10, R A PR FR 7, BHEE: 9, AlENE: 8, FEE: 7, LRaTa: 7)

Table 9: A critique generation case of ChatGPT, GPT-4, and CRITIQUELLM in the reference-free setting of
pointwise grading.
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Instruction RANTEREDTTN R RIS (R T BRI EMLRESH T

Generated HATIIA TR RERORIE I A A BT AR RO E MRS Pk . REA TEREROR CAME TIRARARE, B2 Bl A TR ASMA
Response 1 HEEPUTH RS, MAHBRAR—FEE BERS  HIMRENGES - A TR RN MRLT — D RRRMA RIGT RS, (ERER
HIER T A TR GERRTE MR, (IRFZEERABIFARR -

Generated ER—ANTERE, BRABERIRMEMEDNE . TR ABMEERDN, RERTRELRIITIES - AR ARER, TEEEARD
Response 2 B EERL, AREF A AR B ACE o RS AT RERORTEARWE S, (5 B AL —FeEOR ol LUEYL B EIE MG R e WA s -
Human Prefer-  Response 1
ence (1/2/Tie)
ChatGPT BYTF 1B F280h R R AN T RERF A B RE I T RORAN = MURE B P #EAT TR AOARRE . By PRI EIE EINRAFI AT, 23T AT REART
(1/2/Tie) KRBT~ HETH BRI URARRIBIF 70, B T2/ m &M, SRR A T AT SRR &R R MEN st Fit, B
FIMEIEEL, FACRMETESMEERRE.
L8]]
GPT-4 By FAmyEIZESR M T R T ATEGEH RS HOBEA, HRH T AT RN AR BARIRMEMEESNERIKCRE - EERE T A TEREBI TR FEE
(1/2/Tie) PERFAIARAAIREN:, (B EREEARRE T ARSI — -
Bl 20 B % T BN BN 2 TN DR A R BERIE AR — AL ERBR&EIRMEMESME. HEBRT B R AR R
il BRI T H TR TS B T LA B E R RO S R A -
P B0 RIS B R TN R e R R (B By 20 B0 % SN B R B ORI T M AT EORBR ), 9F B R B P A A, B
FTARAMATEENE - SRTAT, BT ARIEIE BANE EETIAS, (ERAME T — D82 A . a3 A TG sk -
AR, DTS EMEREMASE, BFHEE T AP RSHRE T AR Ei, RERE:
(21
CRITIQUELLM {47 & HEEES: "B F 17}
(1/2/Tie)
HLIEWE:

PIALEDFE RS T AT e B AT I B A RORME MRS - A IINREIA TR REEORKRIRE, HHEH T HERALIX LR T2
B E SR - X —mA L, PERIEEER I LR

R P RER:
R, WAB TR H T MERAE R, R E AT TEREENE BRI . A, BB FAERBEFMAT AT
RERTARILIREIAR, DIRSSILX L BRI, XA RETEZNERER . i, H—UFAEBERFRFRITHMEE A .

NS AT
PALEDFAE B P ERIL T 0 A T REROR 2 BRRS A ER R, BSRRIIH AR - T8 LA SRS B A T A\ T REROR K52 PR
A7), BRMAE A-FIEANS R P & RIS 2 0 -

Bl
QRS PIAB RS SEESE, BRI HTH RSB R TT R BB T BANR G T AT A TEREH B MAME
B ESGEAHR BT ERRO N - B, PIEERREYETT AR IR LA -

LRG U R

GFEFZE RSN, F—UBFHESEREHATRTERNEE, FAERMETEZ AT ATERRIRNGEE, HOH g T
BIBORWIRRBIAIAR R A R 7T 1]« ROETE QRS YE T T SR R AR A A Q5T (RSB —RBhF B Rk LA @EARA - Ht, ZRa R
HR R AT -

Table 10: A critique generation case of ChatGPT, GPT-4, and CRITIQUELLM in the reference-free setting of
pairwise comparison.
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