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ABSTRACT

Learning from preference feedback is a common practice for aligning large lan-
guage models (LLMs) with human value. Conventionally, preference data is
learned and encoded into a scalar reward model that connects a value head with
an LLM to produce a scalar score as preference. However, scalar models lack
interpretability and are known to be susceptible to biases in datasets. This paper
investigates leveraging LLM itself to learn from such preference data and serve
as a judge to address both limitations in one shot. Specifically, we prompt the
pre-trained LLM to generate initial judgment pairs with contrastive preference in
natural language form. The self-generated contrastive judgment pairs are used
to train the LLM-as-a-Judge with Direct Preference Optimization (DPO) and in-
centivize its reasoning capability as a judge. This proposal of learning the LLM-
as-a-Judge using self-generated Contrastive judgments (Con-J) ensures natural
interpretability through the generated rationales supporting the judgments, and
demonstrates higher robustness against bias compared to scalar models. Experi-
mental results show that Con-J outperforms the scalar reward model trained on the
same collection of preference data, and outperforms a series of open-source and
closed-source generative LLMs. We open-source the training process and model
weights of Con-J at https://github.com/YeZiyi1998/Con-J.

1 INTRODUCTION

As Artificial Intelligence (AI) systems based on Large Language Models (LLMs) are increasingly
used in various applications, it is crucial to ensure they align with human instructions, values, and
ethics. LLMs alignment is generally achieved by learning from preference data that compares pairs
of responses to a question (Rafailov et al., 2024; Christiano et al., 2017; Liu et al., 2020). However,
collecting high-quality human preference data is both time-consuming and costly. In practice, the
construction of preference datasets often involves a combination of human and AI-generated feed-
back (Lee et al., 2023; Hou et al., 2024). Therefore, it is crucial to develop an efficient and accurate
AI model for preference prediction that aligns with human values.

To obtain such preferences, industrial practices have used scalar models (Hou et al., 2024) that con-
catenate the pre-trained LLM with a value head to produce scalar scores as preference. However,
the scalar model suffers from limitations, particularly in the following aspects: (i) Lack of inter-
pretability: The scalar model does not provide any support or explanation for its judgment. This
hinders human involvement for its evaluation and verification. (ii) Susceptibility to bias: It is prone
to capturing the biases present in the preference dataset rather than human values. For example,
when the majority of positive answers in preference datasets are longer sentences, the learned LLM
will likely favor more verbose answers (Huang et al., 2024b).
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Figure 1: Top: Examples of a preamble, a question, a pair of answers, and the corresponding judg-
ment (see the detailed version in Table 5). Bottom: Illustrations of a scalar reward model and the
proposed Con-J for preference judgment.

To address the above limitations, we proposeCon-J, which learns an LLM-as-a-Judge using its self-
generatedContrastive judgments (see Figure 1). Con-J leverages the LLM's pre-existing judgment
ability and bootstraps this ability for more accurate preference prediction. As shown in Figure 2,
Con-J consists of three steps:(Judgment Sampling)Sample several judgments from a pre-trained
LLM by prompting it with a query and a pair of candidate answers.(Judgment Filtering) Leverage
the true preference annotations to construct contrastive judgment pairs, i.e., judgments with correct
or incorrect preference.(Contrastive Training) Train Con-J from the pre-trained LLM based on
these contrastive judgments using Direct Preference Optimization (DPO).

The design of Con-J differs from existing methods for learning the LLM-as-a-judge (or generative
judge) Zhang et al. (2024); Kim et al. (2024); Park et al. (2024). These methods typically depend
on external models (particularly GPT-4) or algorithmic schemes to produce high-quality instruction-
tuning datasets. In contrast, Con-J directly learns from preference data using a self-bootstrapping
approach without supervised �ne-tuning on human instructions. As LLMs become more power-
ful, aligning them with high-quality instruction data becomes more dif�cult since humans may not
always be able to write superior instructions. Instead, Con-J offers a new way by eliciting what
the LLM already knows, supervised by human preferences, which are much easier to obtain than
high-quality human instructions.

We train and evaluate Con-J on self-built commercial datasets across three domains: Creation, Math,
and Code. We observe that Con-J not only outperforms the scalar model but also signi�cantly
surpasses GPT-4o across three domains. At the same time, Con-J can generate rationales to support
its preference prediction. We conduct human and machine evaluations on the rationales in terms of
their correctness, i.e., whether the rationale provides an accurate analysis supporting the preference
prediction, andconsistency, whether the rationale expresses the same preference as Con-J's �nal
preference prediction. Experimental results show that preference learning improves the correctness
of Con-J's rationales. Additionally, we found that Con-J is less susceptible to dataset biases, which
we attribute to the regularizing effect inherent in Con-J's generative training target. To facilitate
further research and development within the community, we train and release a public version of
Con-J on publicly available datasets, which outperforms a series of existing open-source LLMs.

To summarize, our contributions are: (1) We propose Con-J, an approach that trains an LLM-as-a-
judge using a self-bootstrapped technology to learn from preference data. (2) We show that Con-J
can offer not only more accurate preference prediction but also more accurate rationales, unrav-
eling a self-evolution process during preference learning. We also provide theoretical motivation
and empirical evidence showing that Con-J is more robust to dataset biases due to its generative
training target. (3) We test the performance of Con-J in commercial datasets and publicly available
benchmarks. Con-J outperforms the scalar models and a series of existing LLMs.
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2 PRELIMINARY

2.1 TASK DEFINITION

Given a question or promptq and a pair of assistant responsesa1 anda2, the task is to judge the
preference betweena1 anda2. To accomplish this, we train the model using an existing preference
datasetD = f (q; a� ; a+ ) i gN

i =1 , wherea+ is a preferred answer compared toa� . The model's per-
formance is subsequently evaluated on a separate, non-overlapping preference dataset by measuring
the accuracy of its preference judgments.

2.2 SCALAR MODEL

The most common practice for getting the preference judgment is to use a scalar model (SM) similar
to the reward model in the RLHF stage (Hou et al. (2024)). The SM predicts numerical scoresr (q; a)
for a 2 f a1; a2g and judges the preference by comparingr (q; a1) and r (q; a2). It is typically
initialized by concatenating a pre-trained LLM with a randomly initialized shallow MLP head. The
most widely used training objective for the SM follows the Bradley-Terry model, which maximizes
the probability ofa+ being preferred:

P(a+ � a� jq) =
exp(r (q; a+ ))

exp(r (q; a+ )) + exp( r (q; a� ))
= �

�
r (q; a+ ) � r (q; a� )

�
(1)

where� is the sigmoid function.

The above-mentioned SM utilizes the promptq and a single answera as input, which we denote as
a pointwise SM. In addition, existing research has investigated a pairwise variant that uses a pair of
candidates as input, i.e.,r (q; a1; a2) (Jiang et al., 2023). The pairwise vanilla reward formalizes the
preference probability ofa+ as:

P(a+ � a� jq) = � (r (q; a+ ; a� )) : (2)

To train the above-mentioned pointwise and pairwise SMr , previous studies maximize the log-
likelihood of the preferences by minimizing the following loss function:

`R (r ) = �
X

( x;a + ;a � )

log pr (a+ � a� j x) =

(
�

P
( x;a + ;a � ) log � (r (x; a+ ) � r (x; a � )) (pointwise)

�
P

( x;a + ;a � ) log � (r (x; a+ ; a� )) (pairwise)

(3)

2.3 LLM-AS-A-JUDGE

Instead of using a scalar model for preference judgment, existing literature also leverages the LLM
itself as a generative judge to make preference judgments (Guo et al. (2024); Zheng et al. (2023); Li
et al. (2024b); Gu et al. (2024); Li et al. (2024a)). Given the questionq and a pair of answersa1 and
a2, a promptp is constructed by concatenating a preamble withq, a1, anda2. The preamble is an
instruction that describes the task and asks an LLM� to act as a judge (see examples in Appendix 5).
Then the LLM generates natural language judgmentsj = � (p). Next, regular expression matching
is adopted to extract the preference prediction of the judgmentj .

Some of the existing LLMs-as-Judges will generate supporting rationales before making the pref-
erence prediction (Li et al., 2023), while others directly output judgments according to a template
(Shiwen et al., 2024). In our experiment, we construct the preamble by modifying the prompt from
the existing research (Lee et al., 2023). The preamble requires the LLMs to output the judgment in
a JSON style: a key named"rationale" includes step-by-step reasoning and explanation, and
another key named"better answer" indicates the LLM's binary preference.

3 IMPROVING LLM- AS-A-JUDGE BY TRAINING ON CONTRASTIVE

JUDGMENTS

As shown in Figure 2, the construction of Con-J consists of three steps:judgment sampling, judg-
ment �ltering, andcontrastive training.
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Figure 2: The steps for constructing Con-J with a preference dataset that includes preference an-
notations for a pair of answers to a question.S1: Prompt Con-J to generate multiple judgments
for a pair of answers by repeated sampling and hint-driven sampling. A judgment is composed of
a preference prediction and a supporting rationale (see Figure 1 for an example).S2: Bootstrap
contrastive judgment pairs by �ltering with true preference labels.S3: Train Con-J using the DPO
loss on contrastive judgments and the SFT loss on positive judgments.

(S1) Judgment sampling:We construct contrastive judgment pairs by prompting the LLM to gen-
erate multiple judgments. As shown in Figure 2, this is achieved by (1)repeated samplingand
(2) hint-driven sampling. Repeated sampling prompts the LLM to generate multiple outputs from
the same prompt, each utilizing a different random seed. However, the LLM may produce only
one-sided judgments (i.e., all judgments preferreda1 or a2) across all repeated samples, making it
impossible to construct contrastive judgment pairs. Therefore, we propose hint-driven sampling to
compel the LLM to generate judgments that prefer speci�c answers. Essentially, the LLM is pro-
vided with an explicit indication of which answer is better, and is instructed to generate the judgment
accordingly in JSON format as above. The prompt template for hint-driven sampling is provided in
Table 6. By manipulating the hint, we can get a contrastive judgment pair for any prompt input.

(S2) Judgment �ltering:We denote the outputs from repeating sampling asM (p). M (p) can poten-
tially include both “positive” and “negative” judgments. A positive judgment indicates the prefer-
ence prediction corresponding to the keyword"better answer" is correct (j + ), while a negative
judgment (j � ) indicates the preference prediction is incorrect (j i ) or the model doesn't explicitly
indicate its preference (j n ). Contrastive judgment pairsf (j + ; j � )g are then constructed as the direct
product of the positive judgment setM (p)+ and negative judgment setM (p) � . We set the number
of repeated samplings to 8, allowing for the construction of up to 4 contrastive pairs (in the optimal
case, there exist 4 positive and 4 negative judgments among the 8). For hint-driven sampling, we
prompt the LLM with one correct and one incorrect hint and construct one pair from its judgments.
The detailed sampling and �ltering process is outlined in Algorithm 1.

(S3) Contrastive training: Based on the contrastive judgment pairsD J = f (q; a+ ; a� ;
j + ; j � ) i gK

i =1 , we train the LLM� with a direct preference optimization (DPO) loss function:

`DPO = �
X

(p;j + ;j � )

log �
�
� log

� (j + jp)
� 0(j + jp)

� � log
� (j � jp)
� 0(j � jp)

�
(4)

where� 0 is the reference model initialized as the base LLM and remains untrained. Following
existing practice (Hong et al., 2024; Pal et al., 2024; Yang et al., 2024b; Huang et al., 2024a; Cen
et al., 2024), the DPO also fuses a small weight of supervised �ne-tuning (SFT) loss to help mitigate
the overoptimization issue (Liu et al., 2024; Fisch et al., 2024), which can be formulated as:

`SFT = �
X

(p;j + )

log � (j + jp) (5)

Then we linearly combine the DPO loss and the SFT loss with a small weight� :

` �nal = `DPO + � � `SFT (6)

DPO training enables LLM to better distinguish different answers. Existing methods to im-
prove the judgment accuracy of an LLM are generally based on supervised �ne-tuning (SFT) (Kim
et al., 2024; Zhang et al., 2024; Li et al., 2023) to imitate correct judgments. However, we empir-
ically �nd that SFT only is insuf�cient (see Setion 4). Intuitively, LLMs should identify the more
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important aspects of a judgment, rather than patterns that may appear in both positive and negative
judgments (Park et al., 2024). For example, both “answer 1 has logical errors, so the better answer
is 2” and “answer 2 has logical errors, so the better answer is 1” could be positive judgments for
different prompt inputs, even though they are opposite in meanings. When LLM is trained with SFT
loss, it may primarily imitate the common pattern that appears in both answers rather than devel-
oping the ability to make judgments based on the prompt. Existing evidence1 even suggests that
the likelihood of generating negative output might even surpass that of positive output during SFT
training.

Rationales bring robustness against bias.The proposed Con-J can generate rationales in addition
to the binary preference prediction. We suggest that training the model to generate rationales can
impart a regularization effect and help avoid potential biases in the datasets. Here we provide a
theoretical motivation for this effect. We decompose a judgmentj into j r andj y , representing the
rationale and the binary preference prediction, respectively. Adding the rationales as training targets
can be formalized by introducing an intermediate variablej r in�uencing the conditional probability
P� (j y j p):

P� (j y j p) =
X

j r

P� (j y j j r ; p) P� (j r j p) (7)

By including rationales, the bias in preference data is distributed betweenj y andj r , reducing its
direct impact onj y . We can formalize the loss function as:

`(� ) = �
X

(p;j )2 D

logP� (j y j j r ; p) �
X

(p;j )2 D

logP� (j r j p) (8)

The lossP� (j r j p) encourages the model to �nd effective representations for predictingj r , exerting
a regularizing effect compared to directly predicting the preferencej y .

LLM-as-a-Judge resists bias with LLM's prior learning from pretraining. SM modi�es the
LLM's architecture with a classi�cation head and uses a discriminative training target. On the
contrary, Con-J uses an architecture consistent with the pertaining process and generative training
objectives (Zhang et al. (2024)). We refer to Erhan et al. (2009) and assume the parameter inherited
from the pre-trained LLM as adding an in�nite penalty:

`(� ) = `data (� ) +
�
2

jj � � � 0jj2 (9)

where� is the regularization strength. We make an ideal hypothesis that there exists an optimal� �

which fully encodes human values and consistently makes true judgments. Hence we assume that
the parameters obtained during the pre-training phase are closer to� � than a random distribution.
This analysis suggests Con-J gets a smaller penalty term for optimization towards� � . In contrast,
SM adopts a different training objective and introduces a randomly initialized head, making the
regularization effect less signi�cant (smaller
 and partially randomly initialized� 0). Hence, SM
can be good at encoding the knowledge re�ected in the preference dataset but is also more sensitive
to its bias than Con-J.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Datasets.We train scalar models and Con-J on three datasets within different vertical domains: Cre-
ation, and Math, then evaluate their performance in terms of the accuracy of preference predictions.
The datasets are self-built commercial datasets consisting of approximately 120,000, 50,000, and
50,000 preference samples for Creation, Math, and Code, respectively. The Creative dataset involves
tasks on text creation such as writing poetry or crafting headlines. The Math dataset mainly includes
middle and high school math problem-solving tasks. The Code dataset comprises code-writing tasks
in various programming languages and includes code-related problems. These datasets cover diverse
sources, ranging from data generated by a commercial ChatBot, data generated by ChatGPT, and

1https://github.com/LLaMa�a/SFTfunction learning
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data from open-source datasets like HH-rlhf (Bai et al., 2022) and In�nity-Instruct2. The prefer-
ence annotation for these datasets is gathered from human annotators, with each sample annotated
by one annotator and subsequently veri�ed by another. In addition to the self-built datasets, we
train an open-source version of Con-J on a publicly available dataset Skywork-Reward-Preference-
80K-v0.13 and test its performance on public benchmarks including In�nity-Preference4, UltraFeed-
back (Cui et al., 2023) (select its test set according to HuggingFaceH45), PKU-SafeRLHF (Ji et al.,
2024), and Reward-Bench (Lambert et al., 2024). We ensure that no identical prompts appear in
both the training and test sets by �ltering them out of the training set.

Model. We select Qwen2-7B-Instruct (Yang et al., 2024a) as the base model to train both the
scalar model (namedSM) and the proposed model (namedCon-J). SM includes both pairwise
and pointwise variants. Additionally, we included the original pre-trained Qwen2-7B-Instruct as an
untrained variant of Con-J. We also compare Con-J with a range of LLMs-as-Judges, including GPT-
4o6 and two LLMs-as-Judges Auto-J (Li et al., 2023) and Prometheus 2 (Kim et al., 2024) trained
by SFT, Llama series (Llama3.1-8B, and Llama3.1-70B), and Qwen series (Qwen2-7B, Qwen2.5-
72B). The details about hyperparameters, sampling, and sampling strategy of Con-J is provided in
Section A.1.

4.2 MAIN RESULTS

Table 1: Judgment accuracy of GPT-4o, SM,
and Con-J.� indicates the performance dif-
ference between Con-J is signi�cant atp <
0:05using a pair-wise t-test.

Model Creation Math Code

GPT-4o 55:6� 74:8� 68:1�

SM (point-wise) 69:4� 84.8 69.4
SM (pair-wise) 69:2� 84.6 69.6
Con-J 72.4 85.0 70.1

Table 1 presents the results of SM and Con-J on
the self-built commercial datasets across three ver-
tical domains. It can be observed that (i) there
is no signi�cant difference between the pointwise
and pairwise variants of SM. Although existing re-
search suggests that concatenating the list of re-
sponses improves performance for scoring the re-
sponses (Jiang et al., 2023), we do not observe this
effect on our datasets. (ii) Both Con-J and SM out-
perform off-the-shelf GPT-4o, indicating that small
models trained on domain-speci�c data can effec-
tively predict domain-related preferences. (iii) On
the same preference datasets, Con-J consistently out-
performs SM across all tasks with a signi�cant gap
on the Text Creation task. This indicates that Con-J is more effective at acquiring accurate judgment
abilities than SM.

Table 2: Judgment accuracy of Con-J and its
variants. � indicates the performance differ-
ence between Con-J is signi�cant atp < 0:05
using a pair-wise t-test.

Model Creation Math Code

Con-J untrained 53:6� 63:4� 61:7�

Con-J w/o Hint 61:3� 77:4� 68.2
Con-J w/o DPO 54:6� 64:2� 63:5�

Con-J 72.4 85.0 70.1

We carry out an ablation study to investigate the vari-
ants of Con-J. Given that current methodologies of-
ten employ Supervised Fine-Tuning (SFT) to train
LLMs-as-Judges (Li et al., 2023; Kim et al., 2024),
we developed an SFT variant of Con-J, trained ex-
clusively on positive judgments using SFT loss.
As illustrated in Table 2, Con-J trained with our
proposed framework outperforms its variant with-
out DPO loss across all datasets. This observation
demonstrates the effectiveness of training from con-
trastive judgments. In addition, Con-J outperforms
its variant without hint-driven sampling, which re-
lies solely on repeated sampling and may be infeasi-
ble to construct contrastive judgment pairs for some
prompts. Similar �ndings have been observed when using self-taught techniques to improve LLMs
(Zelikman et al., 2022). More variants of Con-J were tested and detailed in Section A.2.

2https://huggingface.co/datasets/BAAI/In�nity-Instruct
3https://huggingface.co/datasets/Skywork/Skywork-Reward-Preference-80K-v0.1
4https://huggingface.co/datasets/BAAI/In�nity-Preference
5https://huggingface.co/datasets/HuggingFaceH4/ultrafeedbackbinarized
6https://openai.com/index/hello-gpt-4o/
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Table 3: Accuracy of generative judges on the test sets of four benchmarks: In�nity-Preference,
UltraFeedback, PKU-SafeRLHF, and Reward-Bench. Results inbold are the best among all models
and results with underlineare the second-best.

Model
In�nity-

Preference
Ultra-

Feedback
PKU-

SafeRLHF
Reward-Bench

Chat Chat-H Safety Reasoning

Llama3.1-8B 59.0 62.9 66.4 80.7 49.8 64.0 68.1
Llama3.1-70B 64.0 71.4 67.6 97.2 70.2 82.8 86.0
Qwen2-7B 59.0 64.5 67.2 91.3 44.8 73.6 69.0
Qwen2.5-72B 70.0 66.0 58.7 86.6 61.4 74.5 90.7
Auto-J 69.0 63.9 66.9 93.0 40.0 65.5 50.5
Prometheus 2 68.0 63.3 63.0 85.5 49.1 77.1 76.5
GPT-4o 75.0 72.2 69.6 95.3 74.3 87.6 86.9
Con-J (ours) 81.0 73.0 68.4 91.3 79.6 88.0 87.1

For a fair comparison with other LLMs-as-Judges, we tested the open-source version of Con-J on
public benchmarks, as shown in Table 3. Con-J outperforms existing open-source LLMs-as-Judges
in the vast majority of benchmarks, including commercial instruction-tuned models such as Llama
series, Qwen series, and a series of LLMs-as-Judges trained specially for preference judgments such
as Auto-J and Prometheus 2, except in the Chat and Reasoning sub-task of Reward-Bench. Addi-
tionally, Con-J achieves comparable performance with the closed-source model GPT-4o across all
benchmarks. Speci�cally, it surpasses GPT-4o in the In�nity-Preference and UltraFeedback bench-
marks and also outperforms it in the average performance of the Reward-Bench.

4.3 PREFERENCE LEARNING YIELDS MEANINGFUL AND USEFUL RATIONALES.

We investigate the quality of rationales in the Math dataset because the evaluation of math problem-
solving tasks is relatively more objective. We select 6 checkpoints trained on different numbers of
contrastive judgment pairs, i.e., 2k, 4k, 8k, 16k, 32k, and 64k, with 64k being the �nal checkpoint.
Then we prompt GPT-4o to score the rationale's correctness (1 to 5) and its consistency with the
predicted preference (1 to 3) (see the prompt in Table 9). Additionally, GPT-4o is tasked as a
meta-judge to judge whether Con-J makes correct preference predictions. If the judgments of GPT-
4o con�ict with the dataset's true preference annotations, we exclude these questions for further
analysis, as these questions may exceed GPT-4o's capabilities.

Experimental results are presented in Figure 3. From Figure 3(a), we observe thatthe correctness
of the rationales improves when Con-J is trained with more data and achieves increased pref-
erence prediction accuracy. However, we �nd that the consistency between Con-J's preference
prediction and its rationales decreases with the increase in judgment accuracy, as shown in Fig-
ure 3(b). These observations indicate that Con-J's abilities to make binary preference predictions
and generate correct rationales both improve with training. However, the increase in inconsistency
indicates that these improvements may not be balanced. We suspect that supervision from prefer-
ence datasets, focused solely on binary preference prediction, enhances Con-J's binary prediction
ability more than its reasoning ability, leading to inconsistencies.

We further test whether the improved rationales can be used to help a weak judge make more accu-
rate preference predictions. We use the untrained Con-J as the weak judge and prompt it with the
rationales generated by the stronger model. As shown in Figure 3(c), the weak judge yields more
accurate preference prediction with the rationales provided by a stronger model. Additionally, we
�nd that rationales generated by GPT-4o can also improve the weak judge, with performance com-
parable to the rationales from the strongest checkpoint of Con-J. This indicates that Con-J not only
surpasses GPT-4o in preference prediction performance but also generates rationales with similar
effectiveness.

Motivated by the above observation and the fact that the training of Con-J is only supervised by
preference labels, we further investigated whether controlling the quality of the rationales can help
Con-J make better preference prediction, which is elaborated in Section A.4.Experimental re-
sults indicate that by controlling the quality of Con-J's rationale, we can not only improve the
quality of the rationale but also further enhance the accuracy of the preference prediction.
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