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Abstract

Reward models (RMs) are crucial for the train-
ing of large language models (LLMs), yet they
typically rely on large-scale human-annotated
preference pairs. With the widespread deploy-
ment of LLMs, in-the-wild interactions have
emerged as a rich source of implicit reward sig-
nals. This raises the question: Can we develop
reward models directly from in-the-wild interac-
tions? In this work, we explore this possibility
by adopting WildChat as an interaction source
and proposing a pipeline to extract reliable hu-
man feedback, yielding 186k high-quality in-
stances for training WILDREWARD via ordi-
nal regression directly on user feedback with-
out preference pairs. Extensive experiments
demonstrate that WILDREWARD achieves com-
parable or even superior performance compared
to conventional reward models, with improved
calibration and cross-sample consistency. We
also observe that WILDREWARD benefits di-
rectly from user diversity, where more users
yield stronger reward models. Finally, we ap-
ply WILDREWARD to online DPO training and
observe significant improvements across vari-
ous tasks. Code and data are released at https:
//github.com/THU-KEG/WildReward.

1 Introduction

Reward models (RMs) are crucial for the training
and inference-time scaling of large language mod-
els (LLMs). They are typically used to model hu-
man preferences and trained on large-scale human-
annotated preference pairs (Ouyang et al., 2022).
Prior work has primarily focused on collecting pref-
erence pairs (Wang et al., 2024d, 2025b; Liu et al.,
2025a), requiring substantial annotation efforts.

With the widespread deployment of LLMs, nu-
merous in-the-wild interactions with humans have
emerged, such as human-LLM conversations (Zhao
et al., 2024; Zheng et al., 2024). These interactions

* Work done during an internship at Zhipu AI
† Corresponding author: Juanzi Li

What is the highest mountain in the world?

The highest mountain in the world is Mount Everest, 
known as Qomolangma. Its elevation (snow height) 
is 8,848.86 m, and it is located in South America.

Human

Nah, Qomolangma is on the border between 
China and Nepa.

Human Feedback implicates the response quality.

Provide feedback on the model's response

Human

Model

Figure 1: Illustration of a human-LLM interaction with
implicit feedback signals in the conversation. The user
provides valid feedback and identifies an error.

typically contain rich human feedback. For exam-
ple, as shown in Figure 1, humans provide textual
feedback regarding the previous model response.
This feedback directly reflects the response quality
and authentic human preferences, thereby naturally
serving as training data for reward models. Despite
the large scale and richness of these interactions,
their utility remains under-explored. This raises a
critical question: Can we develop reward models
directly from these in-the-wild interactions?

In this work, we explore training reward mod-
els using in-the-wild human interactions. Specifi-
cally, we leverage WildChat (Zhao et al., 2024), a
large-scale human-LLM conversation dataset. We
first conduct a preliminary analysis of user queries
within WildChat, which reveals two primary ob-
servations and challenges: (1) Feedback sparsity.
Feedback is mostly implicit. Approximately 82%
of follow-up queries do not explicitly convey feed-
back or preference regarding the previous response.
Notably, explicit positive feedback is particularly
scarce, which accounts for only 1%. (2) Feedback
noise. User feedback is prone to noise, especially
in safety scenarios. For instance, when an LLM
correctly refuses a sensitive question, the user may
provide negative feedback, which is unjustified. To
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mitigate these issues, we propose an automated
pipeline to filter noise and extract reliable feedback.
Specifically, we classify user feedback into five
levels of satisfaction, indicating response quality,
including explicit rejection, error correction, neu-
tral ambiguity, positive engagement, and explicit
satisfaction. We adopt gpt-oss-120b (Agarwal et al.,
2025) for automatic classification and adopt a con-
servative strategy that defaults to neutral ambiguity
in the absence of strong evidence to minimize la-
bel noise. Furthermore, we propose a two-stage
refinement strategy to extract implicit feedback
and mitigate noise: (1) Implicit feedback mining,
which recovers implicit positive signals; (2) Re-
fusal validation, which validates justified safety
refusals. Finally, we exclude the neutral ambiguity
subset, resulting in WILDFB, which contains 186k
instances, each consisting of a conversation history,
a user query, a response, and a label indicating the
response quality. We verify data quality through
sampled 100 instances and observe little noise. For
training reward models, we adopt the ordinal re-
gression objective (Wang et al., 2025a) to explicitly
learn accurate relative rankings of user feedback,
resulting in our reward model WILDREWARD.

We conduct extensive experiments to validate the
efficacy of WILDREWARD. We first evaluate WIL-
DREWARD on standard and widely used reward
model benchmarks, including RewardBench (Lam-
bert et al., 2025), RM-Bench (Liu et al., 2025e),
PPE (Frick et al., 2025), and JudgeBench (Tan
et al., 2025). We find that WILDREWARD achieves
performance comparable or superior to conven-
tional reward models. This demonstrates that WIL-
DREWARD effectively captures general human pref-
erences without any dedicated human-annotated
preference pairs. We conduct extensive analyses
and draw the following conclusions: (1) Data strat-
egy. Both implicit feedback mining and refusal val-
idation strategies are beneficial. Furthermore, WIL-
DREWARD benefits from user diversity, as more
users yield stronger models. (2) Calibration. WIL-
DREWARD is well-calibrated. By using the score
margin between chosen and rejected responses as a
proxy for confidence, we observe a strong positive
correlation between confidence and accuracy. This
indicates that WILDREWARD can be integrated
with more powerful LLMs (Xu et al., 2025b) or hu-
mans to produce more accurate reward signals. (3)
Cross-sample consistency. WILDREWARD exhibits
strong global score calibration and provides a uni-
fied and meaningful score for assessing response

quality. We introduce an implicit feedback predic-
tion task designed to predict binary user reception
(positive or negative) based on the conversation
context, user query, and response. WILDREWARD

achieves significantly higher ROC-AUC scores. (4)
Application in DPO training. WILDREWARD effec-
tively guides policy model training. When applied
to online DPO (Rafailov et al., 2023), the trained
model achieves significant improvements across
various downstream tasks, including mathemati-
cal reasoning, instruction following, and creative
writing. In conclusion, this work demonstrates the
potential of real-world interactions and highlights
a promising direction for leveraging these rapidly
growing resources. We encourage more research
efforts to explore this area in the future.

2 Methodology

We adopt WildChat (Zhao et al., 2024), a human-
LLM conversation dataset, as primary interaction
source. This section presents a preliminary analysis
of WildChat (§ 2.1), the automated pipeline used
to extract feedback and construct a high-quality
dataset WILDFB (§ 2.2), and the training method
(§ 2.3) for the reward model WILDREWARD.

2.1 Preliminary Analysis

We conduct a preliminary analysis of WildChat.
Specifically, we first sample 10, 000 instances, each
consisting of a conversation history, the user query,
the corresponding model response, and the user’s
follow-up query. We then analyze the follow-up
query, as it potentially reflects the user preference
or the quality of the preceding response. We adopt
gpt-oss-120b (Agarwal et al., 2025) to automati-
cally classify the follow-up query into three feed-
back categories: Negative, Neutral, and Positive.
We observe that valid feedback is sparse: approx-
imately 82% of queries are Neutral, i.e., do not
explicitly express feedback, while 17% contain
negative feedback, e.g., pointing out errors. Only
1% are Positive, which is expected as users rarely
express explicit gratitude in natural interactions.

We further sample 200 instances from this clas-
sified set and conduct a manual inspection. In the
Neutral category, approximately 86% are new re-
quests unrelated to the previous response, while
the remaining 14% are relevant follow-up ques-
tions, which may serve as implicit feedback. In
the Negative and Positive categories, the classifica-
tion accuracy of gpt-oss-120b is high, where most
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Figure 2: Overview of the proposed pipeline for extracting human feedback from in-the-wild conversations.

follow-up queries express corresponding negative
or positive feedback. However, we still find a type
of noise: an LLM correctly refuses a sensitive ques-
tion, yet the user provides negative feedback, which
is unjustified. In conclusion, while in-the-wild con-
versations contain valuable feedback signals, they
present challenges regarding sparsity and noise.
It requires a well-designed pipeline for extracting
valid feedback. More details are in Appendix A.

2.2 WILDFB Dataset Construction

Based on the preliminary analysis, we propose an
automated pipeline to extract valid feedback and
mitigate noise from WildChat. The overall frame-
work is shown in Figure 2. To capture fine-grained
feedback signals, we classify user feedback into
five levels of satisfaction, indicating response qual-
ity, and the corresponding descriptions are shown
in Figure 2. Inspired by our initial findings in § 2.1
that relevant follow-up questions may signal active
user involvement, we consider such engagement
as a form of implicit positive feedback. Therefore,
we introduce the Positive Engagement category
to collect more instances with positive feedback.
Given the reliability of gpt-oss-120b verified in
§ 2.1, we employ it for automatic feedback classifi-
cation. To minimize label noise, we adopt a conser-
vative strategy that defaults to Neutral Ambiguity
in the absence of strong evidence. The distribution
of extracted feedback is shown in Figure 2.

To further extract valid feedback and mitigate
labeling noise, we propose a two-stage refinement
strategy: (1) Implicit feedback mining. As ob-
served in § 2.1, the Neutral Ambiguity category con-
tains implicit positive feedback. To exploit this, we

find that if a user provides positive feedback in ad-
jacent turns within a coherent conversation context,
e.g., the same topic, the intermediate responses are
likely also of high quality with positive feedback.
We analyze 20 randomly sampled instances and
find that 90% support this intuition. Consequently,
we mine Neutral Ambiguity instances where the
user query shares high semantic similarity (> 0.6)
with a positive-feedback query within a two-turn
window. The semantic similarity is computed us-
ing the cosine similarity of sentence embeddings
derived from all-MiniLM-L6-v21. These instances
are reclassified as positive feedback, yielding ap-
proximately 12, 310 additional samples and ex-
panding the positive feedback subset by 29%. (2)
Refusal Validation. As observed in § 2.1, nega-
tive user feedback in safety contexts may introduce
noise, as users often respond negatively even when
the model correctly refuses sensitive queries. To
address this, we employ gpt-oss-120b to analyze
instances of the Explicit Rejection and Error Cor-
rection categories, determining whether the nega-
tive feedback is unjustified given the valid refusal,
which finally fixes about 572 such errors. Although
the scale is small, this correction significantly im-
proves performance on safety subsets in reward
model benchmarks, as demonstrated in our ablation
study (§ 3.3). Finally, we exclude the remaining
Neutral Ambiguity subset as it lacks clear feedback
signals and obtain WILDFB, a high-quality dataset
comprising approximately 186k instances across
four feedback categories, each containing a con-
versation history, a user query, a response, and a

1https://huggingface.co/sentence-transformers/
all-MiniLM-L6-v2
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label indicating the response quality. More data
construction details are placed in Appendix A.

2.3 Training WILDREWARD

Conventional reward models typically rely on a
large-scale set of preference pairs and are trained
using the Bradley-Terry model (Bradley and Terry,
1952). In contrast, WILDFB consists of point-wise
user feedback labels that exhibit an intrinsic ordinal
ranking structure. For instance, Positive Engage-
ment reflects a higher level of user satisfaction or
response quality than the Error Correction category.
To leverage this ranking structure, we map the four
feedback categories (excluding the Neutral Ambi-
guity subset) to discrete quality scores ranging from
1 to 4, where 1 represents Explicit Rejection and 4
represents Explicit Satisfaction. We train a reward
model to learn this hierarchy, enabling it to produce
reliable ranking scores for model responses. Specif-
ically, we adopt an ordinal regression objective for
training, which is demonstrated effective to explic-
itly learn the accurate relative rankings (Wang et al.,
2025a). Compared to standard regression, ordinal
regression models the inherent order of feedback
without assuming uniform intervals and provide
probabilistic outputs for confidence filtering.

Formally, given a training instance consisting
of a dialogue history c, a user query q, the corre-
sponding response s, and an associated feedback
label y ∈ {1, 2, 3, 4}, we define the model input
as x = (c, q, s). The reward model is trained by
minimizing the following objective:

L = −
K−1∑

k=1

[
I(y > k) logP (y > k|x; θ)

+ (1− I(y > k)) log(1− P (y > k|x; θ))
]

Here, θ represents the learnable parameters of
the reward model. K is the total number of ordinal
categories, which is 4 in this case. I denotes the
indicator function. During inference, we compute
a continuous reward score for each input x. The
final reward score is computed as follows:

R(x) = 1 +

K−1∑

k=1

P (y > k|x; θ)

This score represents the expected value of the
predicted feedback. As a probabilistic measure, it
can be effectively used for confidence filtering.

3 Experiment

This section presents the experimental setup (§ 3.1)
and evaluation results on standard reward bench-
marks (§ 3.2). We further analyze our data construc-
tion strategy (§ 3.3), investigate the properties of
WILDREWARD (§§ 3.4 and 3.5), and demonstrate
its effectiveness in guiding DPO training (§ 3.6).

3.1 Experimental Setup

Regarding implementation details, we use Qwen3
4B and 8B (Yang et al., 2025) as backbone LLMs.
We train these models on WILDFB for one epoch
to develop the reward models WILDREWARD-4B
and WILDREWARD-8B, with a training batch size
of 512 and a learning rate of 1× 10−5. Regarding
investigated baselines, we adopt various represen-
tative reward models for comparison, which are
typically trained on large-scale preference pairs, in-
cluding Llama-3-OffsetBias-RM-8B (Park et al.,
2024), ArmoRM (Wang et al., 2024a), Athene-
RM (Frick et al., 2024), Skywork-Reward (Liu
et al., 2024), InternLM2-Reward (Cai et al., 2024),
INF-ORM-Llama3.1-70B (Minghao Yang, 2024),
and Llama-3.1-Nemotron-70B (Wang et al., 2024c).
Regarding evaluation benchmarks, we adopt stan-
dard and widely used reward model benchmarks, in-
cluding RewardBench (Lambert et al., 2025), RM-
Bench (Liu et al., 2025e), PPE (Frick et al., 2025),
and JudgeBench (Tan et al., 2025). We leverage
all three difficulty levels (easy, normal, hard) of
RM-Bench. RewardBench, RM-Bench, PPE Hu-
man, and JudgeBench use a binary choice setting
to select the chosen response, while PPE Correct-
ness employs a Best-of-N evaluation setting, which
aligns with test-time scaling evaluation. The evalu-
ation benchmarks cover diverse domains, including
creative writing, instruction following, mathemat-
ics, commonsense reasoning, coding, and safety.

3.2 Reward Model Benchmarking Result

The experimental results are presented in Table 1,
we can observe that: (1) WILDREWARD achieves
comparable or even superior performance to con-
ventional reward models without human-annotated
preference pairs. Notably, WILDREWARD, with
only 4 or 8 billion parameters, surpasses the per-
formance of much larger 70B reward models. It
demonstrates that we can train reward models di-
rectly from human feedback, rather than relying on
preference pairs and also confirms that there are
valid human feedback exists within in-the-wild in-
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Model RewardBench RM-Bench PPE JudgeBench
Easy Normal Hard Human Correctness

ArmoRM-Llama3-8B-v0.1 90.4 80.4 71.5 55.8 60.6 60.6 59.7
Athene-RM-8B 84.8 89.8 76.6 51.4 64.6 62.0 70.1
Llama-3-OffsetBias-RM-8B 89.0 83.9 73.2 56.9 59.2 64.1 63.5
Skywork-Reward-Llama-3.1-8B-v0.2 93.1 70.5 74.2 49.3 62.2 62.5 62.9
Internlm2-20b-reward 90.2 79.4 74.2 62.8 61.0 63.0 64.3
Skywork-Reward-Gemma-2-27B-v0.2 94.3 88.9 71.9 42.1 63.6 61.9 66.5
Llama-3.1-Nemotron-70B 93.9 92.2 76.5 47.8 64.2 63.2 65.8
INF-ORM-Llama3.1-70B 95.1 92.1 80.0 54.0 64.2 64.4 70.2

WILDREWARD-4B 83.6 82.0 77.0 68.6 61.6 63.6 61.1
WILDREWARD-8B 86.0 83.5 78.4 69.7 62.5 65.6 66.0

Table 1: Experimental results (%) on several representative reward model benchmarks. PPE Human and Correctness
denote the human and correctness preference subset, respectively. The highest score in each column is in bold.

teractions. Furthermore, this approach is inherently
data scalable, given the vast amount of such inter-
action data available in the real world. One may
collect more human feedback and develop more ad-
vanced reward models. (2) On RM-Bench Hard and
PPE Correctness, WILDREWARD demonstrates su-
perior performance. RM-Bench Hard specifically
evaluates robustness to superficial cues, such as
irrelevant styles and length bias, and the ability to
select factual responses (Liu et al., 2025e). PPE
Correctness also evaluates objective factual accu-
racy. The superior results on these two benchmarks
demonstrate that WILDREWARD is more robust
to superficial biases. This observation is reason-
able, as humans typically provide negative feed-
back to verbose yet incorrect answers in real-world
interactions. (3) WILDREWARD-8B consistently
outperforms WILDREWARD-4B, which indicates
that larger models can more effectively leverage
in-the-wild interaction data. This trend also demon-
strates the effectiveness of WILDFB and suggests
the potential for model scaling. However, due to
computational constraints, we leave the exploration
of further scaling to future work. In conclusion, the
experimental results demonstrate the significant
potential of training reward models from in-the-
wild human interactions. It also validates that vast
amounts of human interactions are a potentially
vital resource for the future of LLM training.

3.3 Analysis on Data Strategy

We analyze the impact of different data curation
strategies on the resulting reward models. We first
conduct an ablation study to evaluate our proposed
data strategies described in § 2.2: implicit feedback
mining and refusal validation. Specifically, we ex-
clude the corresponding data and retrain the model,

Model Chat Math Code SRF SRP

WILDREWARD-4B 79.3 75.6 65.8 90.4 72.0

w/o Feedback Mining 77.3 73.6 65.5 68.3 77.5
w/o Refusal Validation 80.0 74.6 64.8 28.5 97.0
w/o All 77.0 74.5 64.8 39.7 95.5

Table 2: Ablation study results (%) on RM-Bench Nor-
mal. The variants “w/o Feedback Mining” and “w/o
Refusal Validation” mean models trained without the
corresponding data. “SRF” and “SRP” denote Safety-
Refusal and Safety-Response subsets, respectively.

while keeping all other configurations identical.
The results are presented in Table 2. “SRF” de-
notes the Safety-Refusal subset, where the prompt
is sensitive and the refusal response is the chosen
one. “SRP” denotes the Safety-Response subset,
where the prompt is normal and the standard, help-
ful response is the chosen one. We can observe that
ablating either data strategy results in a significant
performance degradation, which demonstrates that
both the two strategies are effective for collecting
high-quality data. The impact is particularly signif-
icant on the safety subset, where SRF performance
drops by 60% when the Refusal Validation strat-
egy is excluded. This is expected, as its removal
introduces noise by labeling valid refusals with
negative feedback, which induces a bias against
refusals. Notably, the Refusal Validation strategy
yields only 572 instances, but it has a substantial
impact on the final experimental results. This sug-
gests that the safety boundary of reward models is
sensitive, requiring further efforts to enhance its ro-
bustness. It further suggests that in-the-wild human
interactions contain much subtle noise, requiring a
robust pipeline to extract valid human feedback.

A significant advantage of in-the-wild human
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Figure 3: Performance on RM-Bench Normal across
varying data sizes and user counts.

interactions lies in the user diversity, rather than a
limited group of human annotators. To investigate
this, we conduct an analysis on the impact of user
diversity on training reward models. We measure
user diversity by the number of unique users. We
construct two series of datasets of identical size,
where one contains ten times the number of unique
users as the other. The results of trained reward
models are shown in Figure 3. We can observe that:
(1) Generally, model performance improves with
the training data size, which aligns with the data
scaling law (Kaplan et al., 2020). (2) For a given
data size, models trained on data from a larger num-
ber of users consistently perform better. It demon-
strates that the model benefits directly from user
diversity, as more diverse users may provide more
robust feedback. In conclusion, scaling up the size
and diversity of human interactions is promising
for developing advanced reward models.

3.4 Analysis on Calibration
A robust reward model should be well-calibrated,
meaning that its prediction accuracy should corre-
late positively with its confidence. Here, we focus
on binary classification tasks, which is a widely-
used setting in reward model benchmarks to select
the better of two given responses (chosen and re-
jected). As detailed in § 2.3, we employ ordinal
regression to train our reward models. A key ad-
vantage of this approach is that it directly leverages
probabilities as scores, which theoretically pro-
motes good calibration. In this section, we explore
the calibration properties of WILDREWARD using
the RM-Bench Normal dataset. We use the score
margin between chosen and rejected responses as
a confidence proxy, and apply Platt Scaling (Guo
et al., 2017) to map raw margins to the [0, 1] range:
confidence = σ(a × scorediff + b). Here, σ is the
sigmoid function, a and b are learnable parame-
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Figure 4: Accuracy and data coverage against score dif-
ference threshold, filtering for predictions where the
chosen-rejected score margin exceeds the threshold.
The results are reported on RM-Bench Normal.

ters. We use 50% data to fit a and b, and the re-
maining 50% to evaluate calibration. We adopt the
widely used Expected Calibration Error (ECE) as
the metric, where a lower value indicates better
calibration. WILDREWARD achieves a remarkably
low ECE of 2.76%. This implies that, on aver-
age, the discrepancy between the predicted confi-
dence and its actual accuracy is less than 3%. In
comparison, ArmoRM-Llama3-8B-v0.1 yields an
ECE of 8.81%. Without scaling, the ECE of WIL-
DREWARD and ArmoRM is 18.7% and 23.5%, re-
spectively. It demonstrates that WILDREWARD is
well-calibrated for pairwise classification tasks.

We further investigate the accuracy across vary-
ing score differences. Specifically, we use a thresh-
old to filter out predictions with score margins be-
low this threshold and re-calculate the accuracy for
the remaining subset. As illustrated in Figure 4,
accuracy consistently improves as the threshold
increases. Notably, setting the threshold to 0.2 im-
proves the accuracy to 87% for retaining about 50%
of the predictions. This demonstrates that the score
difference serves as a reliable proxy for confidence,
allowing for the effective filtering of uncertain pre-
dictions. Consequently, WILDREWARD can be ef-
fectively integrated with stronger LLMs (Xu et al.,
2025b), external tools (Peng et al., 2025), or even
human experts to provide highly precise rewards.
We leave this exploration for future work.

3.5 Analysis on Cross-Sample Consistency

In real-world applications, a robust reward model
is expected to exhibit cross-sample consistency,
which is to assign absolute scores that are com-
parable across different queries. This property is
essential not only for stabilizing downstream RL
training (Xu et al., 2025a) but also for deployment,
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Model GSM8K MATH-500 MMLU Pro IFEval Alpaca Eval 2.0 Arena Hard Average

Llama3.1-8B-Instruct 83.6 49.6 48.0 78.7 19.7 21.5 50.2

WILDREWARD (Offline DPO) 84.3 48.6 48.5 80.9 20.1 21.3 50.6
ArmoRM-Llama3-8B-v0.1 86.7 49.4 50.3 80.6 24.5 26.6 53.0
Athene-RM-8B 89.0 51.4 50.1 79.7 26.3 29.3 54.3
Llama-3-OffsetBias-RM-8B 87.3 52.6 50.1 79.8 24.2 25.5 53.3
Skywork-Reward-Llama-3.1-8B-v0.2 87.2 49.0 49.3 79.0 28.3 28.5 53.6
WILDREWARD 87.9 51.6 48.9 82.1 23.5 27.9 53.7

Table 3: Results (%) of the original Llama3.1-8B-Instruct and models trained using DPO with different reward
models. All experiments use online DPO training unless otherwise noted.
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Figure 5: ROC curves and ROC-AUC scores of different
reward models in the pointwise evaluation.

enabling a unified score threshold to filter out unac-
ceptable responses regardless of the context. How-
ever, existing reward model benchmarks primarily
assess local pairwise ranking, determining relative
ranking rather than guaranteeing cross-sample con-
sistency. To address this, we evaluate cross-sample
consistency using the ROC-AUC metric on a cu-
rated evaluation set from WildChat. The evaluation
set is sampled from the WildChat held-out set. Fol-
lowing the pipeline described in § 2.2, we instead
simplify the task from four-category (excluding the
Neutral Ambiguity category) to binary classifica-
tion, i.e., positive and negative, to reflect the real
user satisfaction (accept or reject) with the response.
In this user-centric formulation, we consider the
responses with positive feedback as high-quality
and those with negative feedback as low-quality.
The resulting pointwise evaluation set contains 948
instances, each consisting of a conversation history,
a user query, the corresponding response, and a
binary feedback label (positive or negative). More
details are in Appendix B. ROC-AUC measures the
probability that a positive instance is ranked higher
than a negative one across the global distribution,
thereby evaluating cross-sample consistency.

We evaluate WILDREWARD and several conven-
tional reward models, and the results are shown in
Figure 5. We observe that WILDREWARD signifi-

cantly outperforms the baselines, which are trained
on preference pairs using the Bradley-Terry objec-
tive. This aligns with the widely recognized limi-
tation that such models often exhibit poor global
score calibration (Casper et al., 2023). In contrast,
WILDREWARD is trained via ordinal regression on
a global scale, which inherently promotes superior
cross-sample consistency. In conclusion, our anal-
ysis demonstrates that mining absolute feedback
signals from authentic human interactions offers a
promising pathway for global reward calibration.

3.6 Application in DPO Training

Finally, we evaluate the practical utility of reward
models by applying them directly to guide pol-
icy model training. Specifically, we curate a train-
ing dataset of 20, 000 prompts sourced from Infin-
ity Instruct (Li et al., 2025a) and employ Llama-
3.1-8B-Instruct (Dubey et al., 2024) as the policy
model. We conduct Direct Preference Optimiza-
tion (DPO; Rafailov et al., 2023) using two settings:
(1) Offline DPO. For each prompt, we first sample
four responses offline from the policy model. We
then adopt reward models to score these candidates,
and select the highest and lowest-scoring responses
to form preference pairs for training. (2) Online
DPO. During training, for a batch of prompts, we
generate eight responses per prompt on-the-fly us-
ing the current policy model. We then adopt re-
ward models to score these responses and select
the highest and lowest-scoring responses to form
preference pairs. We evaluate the trained policy
model using various widely-used benchmarks, in-
cluding GSM8K (Cobbe et al., 2021) and MATH-
500 (Hendrycks et al., 2021) for mathematical rea-
soning, MMLU Pro (Wang et al., 2024b) for gen-
eral QA, IFEval (Zhou et al., 2023) for instruc-
tion following, and Alpaca Eval 2.0 (Dubois et al.,
2024) and Arena Hard (Li et al., 2025b) for creative
writing. More details are placed in Appendix B.

The experimental results are presented in Table 3.
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We can observe that: (1) Online DPO with WIL-
DREWARD yields significant gains over Llama3.1-
8B-Instruct and also outperforms ArmoRM. Given
that Llama3.1 has already undergone extensive
DPO training on large-scale datasets (Dubey et al.,
2024), the additional improvements demonstrate
that WILDREWARD provides effective rewards in
guiding policy optimization. Furthermore, surpass-
ing ArmoRM suggests that WILDREWARD also
learn an effective reward scoring mechanism even
without training on preference pairs. Due to com-
putational constraints, we adopt only about 20k
training prompts. We believe scaling the training
data holds potential for even better performance.
(2) Improvements are most significant on Alpaca
Eval 2.0 and Arena Hard, which serve as proxies
for subjective human evaluation. This demonstrates
that WILDREWARD captures authentic human pref-
erences. We also observe gains in mathematical rea-
soning and instruction following, suggesting that
WILDREWARD also evaluates objective response
quality effectively. (3) Offline DPO yields nearly
no improvements. The reason may be that it suffers
from a distribution shift, where static data fails to
align with the evolving policy distribution (Guo
et al., 2024). This suggests that online learning is
an effective way for further enhancing model ca-
pabilities. Consequently, we advocate that future
research on reward models adopt online DPO to
validate model effectiveness. In conclusion, WIL-
DREWARD effectively guides policy online opti-
mization. As an initial step to explore training re-
ward models from human interactions, we believe
developing dynamic reward models that coevolve
with new human interactions is a promising direc-
tion. We leave this exploration for future work.

4 Related Work

This work primarily focuses on reward modeling
for large language models. Since the introduction
of Reinforcement Learning from Human Feedback
(RLHF; Ouyang et al., 2022), which utilizes re-
ward models as proxies for human feedback to train
LLMs and enhance their alignment, the standard
practice to train reward models has been to col-
lect extensive preference pairs and train models via
the Bradley-Terry (BT; Bradley and Terry, 1952)
objective. There are numerous studies aiming to
develop more advanced reward models, generally
focusing on three key directions: (1) Expanding
preference data. Motivated by data scaling laws,

this direction of research focuses on automatically
or manually collecting larger and more diverse sets
of preference pairs to develop more advanced re-
ward models (Bai et al., 2022; Lee et al., 2024; Park
et al., 2024; Cui et al., 2024; Zollo et al., 2024;
Zhu et al., 2024; Wang et al., 2024d; Liu et al.,
2024, 2025a; Wang et al., 2025b). (2) Improving
objectives and model architectures to enhance ro-
bustness and discriminative capability of reward
models (Chen et al., 2024; Li et al., 2024a; Yang
et al., 2024; Wang et al., 2024a; Liu et al., 2025b,c).
(3) Novel modeling frameworks. This direction in-
volves developing new modeling methods, such as
training pairwise reward models (Jiang et al., 2023;
Xu et al., 2025a; Liu et al., 2025d), generative re-
ward models (Kim et al., 2023; Liu et al., 2025g;
Chen et al., 2025; Guo et al., 2025), and hybrid sys-
tems integrated with external tools (Li et al., 2024b;
Liao et al., 2025; Zhang et al., 2025; Peng et al.,
2025). Nonetheless, the training of conventional
reward models relies heavily on preference pairs.

Therefore, recent efforts have focused on lever-
aging implicit feedback from massive human-LLM
interactions in the wild. A widely used approach
is to collect negative feedback from interactions to
rewrite responses, constructing preference pairs for
DPO training (Shi et al., 2024; Jin et al., 2025) or
directly for SFT training (Liu et al., 2025f). How-
ever, these approaches do not train a reward model,
relying solely on static human feedback. This lim-
its their scalability and applications. For example,
they can not generalize to new queries or support
online learning methods such as Online DPO. No-
tably, there are two studies by Han et al. (2025)
and Pang et al. (2024) that are closely related to
our work. They extract feedback from human in-
teractions to train a binary classifier that predicts
whether a user is satisfied with a response. How-
ever, this binary classifier fails to capture response
ranking information and can not serve as a reward
model. Consequently, its application is limited to
the Best-of-N search (Pang et al., 2024) or integra-
tion with other reward models (Han et al., 2025). In
this work, we train an advanced reward model WIL-
DREWARD directly from interaction data without
using preference pairs. WILDREWARD achieves
impressive performance with improved calibration.

5 Conclusion

In this work, we explore training reward models
from in-the-wild human interactions. We leverage
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WildChat as our interaction source and propose
an automated pipeline to extract valid human feed-
back, resulting in WILDFB, a curated dataset of
186k high-quality instances. Using this dataset, we
train WILDREWARD directly via ordinal regression
without preference pairs. Extensive experiments
demonstrate the efficacy of WILDREWARD, with
improved calibration and cross-sample consistency.
Given the growing scale of in-the-wild interactions,
our work highlights a promising direction for lever-
aging these valuable resources, and we encourage
more efforts to explore this area in the future.

Limitations

This section discusses the limitations of our work,
which are primarily threefold: (1) Regarding the
dataset WILDFB, this work only considers English
and Chinese conversations within the WildChat
dataset. This may limit the broader application of
our reward models to other languages. We encour-
age the research community to use more languages
to develop more advanced and multilingual reward
models. (2) Regarding WILDREWARD, we do not
perform a sufficient search for optimal configura-
tions, e.g., hyper-parameters or backbone models,
when training our reward models. Other settings
could yield superior performance. Due to the com-
putational constraints, we leave a more thorough
exploration of the configuration space to future
work. (3) Regarding applications in policy training,
we do not employ WILDREWARD for RL training.
Because it is highly resource-intensive and non-
trivial to stabilize the RL training. We adopt online
DPO training using WILDREWARD and the results
demonstrate the effectiveness of our model.

Ethical Considerations

We discuss potential ethical concerns as follows:
(1) Intellectual property. This work mainly uses
two open-sourced datasets, WildChat and Infinity-
Instruct. WildChat is released under the ODC-By
license2. Infinity-Instruct is released under the CC
BY-NC 4.0 license3. We strictly adhere to their
licenses and terms of use. Our dataset WILDFB
will be released under Apache License 2.04. (2) In-
tended use. WILDFB consists of authentic human
feedback and is designed for training reward mod-
els. From this dataset, we train WILDREWARD, a

2https://opendatacommons.org/licenses/by/1-0/
3https://creativecommons.org/licenses/by-nc/4.

0/
4https://www.apache.org/licenses/LICENSE-2.0

reward model that scores the quality of generated
responses, which can be used for training or test-
time scaling. (3) Potential risk control. WILDFB
is derived from WildChat. We believe it is properly
anonymized. We do not introduce any additional
sensitive information. WILDREWARD is trained on
real-world data and may inherently contain biases.
Users should not exploit these biases for malicious
purposes, such as reward hacking. We advise that
the usage of WILDREWARD should undergo a ver-
ification process before usage. (4) AI assistance.
We adopt Gemini to polish some sentences.
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A WILDFB Construction Details

We adopt the WildChat-4.8M5 dataset as a source
of real-world human-LLM interactions. Given the
much noise in real conversations, we implement a
heavy filtering strategy to curate the dataset. The
specific filtering criteria are as follows:

1. Language restriction. We retain only English
and Chinese conversations, as these are the primary
languages of focus for our study.

2. Exclusion of multimodal queries. Queries that
require multimodal understanding or generation,
such as image processing, are removed.

3. Exclusion of tool-dependent queries. We filter
out any conversations needing the use of external
tools, such as web searches or running Python code.

4. Exclusion of trivial and identity queries. We
filter out trivial queries, such as those asking about
the model’s identity, e.g., “Who are you?”.

5. Exclusion of context-dependent queries. We
remove queries that rely on external context, such
as “Read the information from this document”.

6. Length-based filtering. We filter out queries
with conversation histories exceeding 20 turns, as
they likely contain much irrelevant information.
We also exclude queries with fewer than five words
or responses shorter than ten words.

We manually write a series of rules and regu-
lar expressions of the above criteria for efficient
filtering. After the filtering process, as mentioned
in § 2.1, we sample 10, 000 instances and employ
gpt-oss-120b to classify user follow-up queries into
three feedback categories: Negative, Neutral, and
Positive. The prompt used for this task is detailed
in Figure 6. For the automated feedback mining
pipeline detailed in § 2.2, we adopt gpt-oss-120 to
identify and classify implicit user feedback into five
distinct categories: Explicit Rejection, Error Cor-
rection, Neutral Ambiguity, Positive Engagement,
and Explicit Satisfaction. To minimize annotation
noise, we adopt a conservative strategy that defaults
to Neutral Ambiguity in the absence of strong evi-
dence. The specific prompt for this mining process
is shown in Figure 7. The prompt for the Refusal
Validation step is shown in Figure 8.

B Experimental Details

We conduct all experiments using NVIDIA H100
GPUs. For reward model training, we adopt the

5https://huggingface.co/datasets/allenai/
WildChat-4.8M

huggingface TRL framework6. We adopt a batch
size of 512, a learning rate of 1 × 10−5, and a
maximum sequence length of 4, 096, training for
a single epoch. Regarding reward model evalua-
tion, we employ the RewardBench codebase7 to
assess performance on RewardBench, RM-bench,
and JudgeBench and use the official evaluation
code for PPE8. Regarding the cross-sample con-
sistency pointwise evaluation in § 3.5, we first
sample 5, 000 instances from the WildChat held-
out set. Following the pipeline described in § 2.2,
we instead simplify the task from four-category
(excluding the Neutral Ambiguity category) to bi-
nary classification, i.e., positive and negative, to
reflect the real user satisfaction (accept or reject)
with the response. We then downsample the nega-
tive instances for label balancing and collect about
1, 000 samples for manual verification. This verifi-
cation process evaluates negative feedback to dis-
tinguish between objectively low-quality responses
and those reflecting personal preference (which
will be marked as noise). Two authors indepen-
dently check the data, and we filter out any instance
flagged as noise by at least one author. This results
in a final set of 948 instances. Regarding DPO
training, we construct a dataset of 20, 000 samples
from Infinity-Instruct (Li et al., 2025a). Specifi-
cally, we adopt gpt-oss-120b (Agarwal et al., 2025)
to rate instruction difficulty on a scale of 1 to 5,
discarding samples with extreme scores (1 and 5).
The final dataset contains a mix of 60% subjec-
tive tasks, 20% mathematics, and 20% common-
sense reasoning. We conduct training using the
verl framework9 and we integrate a custom Online
DPO feature. We employ a batch size of 64 with 8
rollouts per prompt, a learning rate of 5×10−7, and
a maximum sequence length of 4, 096. For policy
evaluation, we adopt an advanced LLM GPT-5.2
as the judge model for Alpaca Eval 2.0 and Arena
Hard. For IFEval, we report the average accuracy
across the prompt strict, prompt loose, instruction
strict, and instruction loose metrics.

C More Results

We also train a reward model using Llama-3.1-8B-
Instruct as the backbone. The results are shown
in Table 4. We can observe that the Llama-based
reward model underperforms its Qwen3-8B coun-

6https://github.com/huggingface/trl
7https://github.com/allenai/reward-bench
8https://github.com/lmarena/PPE
9https://github.com/volcengine/verl
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Backbone RewardBench RM-Bench PPE JudgeBench
Easy Normal Hard Human Correctness

Qwen3-8B 86.0 83.5 78.4 69.7 62.5 65.6 66.0
Llama3.1-8B-Instruct 80.1 80.7 70.0 53.6 55.6 59.4 58.9

Table 4: Experimental results (%) of our reward models trained using different backbones.

Objective RewardBench RM-Bench PPE JudgeBench
Easy Normal Hard Human Correctness

Oridinal Regression 83.6 82.0 77.0 68.6 61.6 63.6 61.1
Standard Regression 80.7 79.1 73.2 62.3 52.9 60.7 61.5

Table 5: Results of reward models trained using different objectives.

terpart. The primary reason may be that Llama-3.1-
8B-Instruct exhibits weaker reasoning capability in
math and code compared to Qwen3-8B. Nonethe-
less, it still achieves competitive performance. Us-
ing human-annotated data could further improve
the performance and we leave it for future work.

We also train our reward model using a standard
regression objective and the results are shown in Ta-
ble 5. We can observe that the performance of stan-
dard regression is significantly worse than ordinal
regression, which suggests that ordinal regression
is indeed effective for explicitly learning accurate
relative rankings. We further train WILDREWARD

three times using seeds 41, 42, and 43, and report
the standard deviations. As shown in Table 6, the
performance remains stable, which confirms the
robustness of the observed improvements.
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Model RewardBench RM-Bench PPE JudgeBench
Easy Normal Hard Human Correctness

WILDREWARD-4B 83.2±0.3 82.2±0.2 76.9±0.2 68.6±0.6 61.4±0.5 63.7±0.8 62.7±1.2
WILDREWARD-8B 86.0±0.7 80.6±2.0 77.2±0.9 71.3±1.2 62.1±0.9 64.7±1.4 65.5±0.2

Table 6: Mean results and standard deviations across three training trials.

You are an expert annotator. Your task is to infer how satisfied the user was with the assistant’s
previous response, based solely on the user’s latest message.
[IMPORTANT RULES]
1. Only use strong and explicit evidence from the user’s message to classify their satisfaction.
2. Do NOT assume the user is satisfied just because they continue the topic.
3. A follow-up question without clear positive or negative cues should be considered Neutral.
[INPUT INFO]
<User’s previous message>: {prev query}
<Assistant’s previous response>: {prev response}
<User’s latest message>: {query}
Based on the user’s latest message, classify their preference toward the assistant’s previous response
into one of the following categories:
[CATEGORIES] (strong evidence only)
[[1]] NEGATIVE
The user explicitly criticizes, rejects, expresses frustration, or points out a mistake, missing
constraint, or error in the assistant’s response.
Examples: “This is wrong.”, “You didn’t answer my question.”, “I asked for Python, not C++.”
[[2]] NEUTRAL
The user shows no clear positive or negative attitude. The message is a generic follow-up, an
unrelated question, or ambiguous.
Examples: “Okay, next question.”, “What is the formula for X?”, “How does this apply to Y?”
[[3]] POSITIVE
The user expresses clear gratitude, satisfaction, or positively builds upon the response with explicit
approval or interest. This requires a clear positive signal.
Examples: “Thanks, this solves it.”, “Perfect answer.”, “Interesting, what happens if we scale it?”
[OUTPUT FORMAT]
[[<category number>]] <brief reasoning>

Figure 6: The prompt used for the three-class user feedback annotation task in § 2.1.
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You are an expert annotator. Your task is to infer how satisfied the user was with the assistant’s
previous response, based solely on the user’s latest message.
[IMPORTANT RULES]
1. Only use strong and explicit evidence to classify satisfaction.
2. Do NOT assume the user is satisfied or inspired just because they continue the topic.
3. Users often ask follow-up questions even when they are dissatisfied.
4. Neutral, ambiguous, or topic-extending queries should NOT be labeled as "inspired".
[INPUT INFO]
<User’s previous message>: {prev query}
<Assistant’s previous response>: {prev response}
<User’s latest message>: {query}
Based on the user’s latest message, classify their preference toward the assistant’s previous response
into one of the following categories:
[CATEGORIES] (strong evidence only)
[[1]] CLEARLY NEGATIVE / REJECTION
User explicitly criticizes, rejects, or expresses frustration.
Examples: “This is wrong.”, “You didn’t answer my question.”, “No, that’s not what I need.”
[[2]] CORRECTION / ERROR POINTER (Negative)
User points out a mistake, missing constraint, or hallucination in the previous response. The
assistant failed to follow the original instruction perfectly.
Examples: “You calculated the last step wrong.”, “I asked for Python, not C++.”, “You forgot to
mention the limitations.”, “This code doesn’t run.”
[[3]] NEUTRAL / UNCLEAR
User shows no clear positive/negative attitude. Question is unrelated, generic, or ambiguous. May
simply continue asking questions without emotional signals. Examples: “Okay, next question.”,
“What is the formula for X?”, “How does this apply to Y?” (no emotional cue). IF THE MESSAGE
IS UNCLEAR (CATEGORY 3): 1. Optionally, check the assistant response quality. If the response
is objectively high-quality (correct, helpful, structured), mark as [[4]]. 2. If average, leave as [[3]].
3. If poor (misleading, wrong, unsafe), mark as [[1]]. 4. DO NOT mark as [[5]] (that requires
explicit user satisfaction). Examples: “Okay, next question.” → [[3]] or fallback [[4]]/[[1]] based
on response quality.
[[4]] POSITIVE ENGAGEMENT (strong evidence only)
User explicitly builds upon the response with positive emotional framing (e.g., excitement, interest,
approval). Not just continuing the topic.
Examples: “Interesting, then what happens if we scale it?”, “That’s helpful — can we apply it to
drones?”, “Great point! What about the dynamic case?” DO NOT label as 4 unless there is clear
positive emotion + meaningful extension.
[[5]] CLEAR SATISFACTION
User expresses gratitude, satisfaction, or says the problem is solved.
Examples: “Thanks, this solves it.”, “Perfect answer.”, “That’s all I need.”
[OUTPUT FORMAT]
[[<category number>]] <brief reasoning>

Figure 7: The prompt used for the five-class user feedback classification used in the pipeline in § 2.2.
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You are an expert AI Safety Adjudicator. We are classifying user-model interactions to identify
refusal behaviors. Analyze the [User Query] and [Model Response] and classify them into one of
the following three categories.
[IMPORTANT RULES]
Check if the Model Refused:
Did the model explicitly decline to answer? (e.g., “I cannot fulfill this request,” “I apologize,” “I
am unable to,” or citing safety guidelines).

• IF NO (Model Answered) → Output [[2]].

• IF YES (Model Refused) → Proceed to check the User Query Safety:

– Is the User Query HARMFUL / SENSITIVE?
(e.g., Illegal acts, violence, self-harm, sexual content, PII, hate speech).
→ Output [[1]]
(Meaning: The query was dangerous, so the refusal was correct.)

– Is the User Query SAFE / BENIGN?
(e.g., General knowledge, harmless requests, creative writing, or incorrectly flagged
topics).
→ Output [[0]]
(Meaning: The query was safe, but the model refused. This is a False Refusal.)

[INPUT INFO]
<user query>: {user query}
<model response>: {model response}
[OUTPUT FORMAT]
Please output ONLY [[0]], [[1], or [[2]] without any markdown or explanation.

Figure 8: The prompt used for the Refusal Validation step in § 2.2. We find that gpt-oss-120b with this prompt can
effectively identify justified refusals.
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