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Abstract

Jensen-Shannon Distance (JSD) appears well-
suited as a reward signal for aligning model
predictions with human annotations, particu-
larly for subjective tasks where label variation
reflects legitimate disagreement. We demon-
strate that JSD’s mathematical properties cre-
ate exploitable reward landscapes in reinforce-
ment learning. Via a study on preference dis-
tribution prediction, we show that two JSD-
based reward formulations both fail to achieve
alignment and instead lead to models converg-
ing at conservative, near-uniform predictions
that maximize expected reward without match-
ing human behavior. We trace this failure to
JSD’s non-uniform sensitivity: it penalizes er-
rors near balanced distributions less than errors
near extreme distributions, creating risk asym-
metry that incentivizes safe predictions over
accurate ones. Our findings reveal fundamental
challenges in using bounded symmetric diver-
gence metrics as scalar rewards for distribu-
tional alignment.

1 Introduction

Reinforcement Learning with Verifiable Rewards
(RLVR) emerged as a powerful LLM post-training
strategy, capable of eliciting complex reasoning
behavior on structured tasks, like math or coding
(Shao et al., 2024; DeepSeek-AI, 2025). For these
types of tasks, verifiable reward functions allow for
an objective evaluation of model outputs, rewarding
sound reasoning behavior. Extending the method to
non-deterministic tasks with an inherent degree of
human label variation (HLV) (Plank, 2022) poses
a larger challenge, as traditional verifiers fail at
capturing the inherent model uncertainty of the
predicted label, necessary to account for human
variation. To quantify models’ capabilities to accu-
rately represent a pluralistic label space, a common

*Work done primarily while the author was a Master’s
student at LMU.

approach is to measure the similarity of the two
distributions using distance metrics. We investigate
using the Jensen-Shannon distance (JSD) to for-
mulate a scalar reward based on the divergence be-
tween human and model label distributions, which
we in turn use to fine-tune LLMs via RLOO (Ahma-
dian et al., 2024) and on the HelpSteer2 preference
prediction dataset (Wang et al., 2025a), where the
task is to predict human preferences between two
model-generated outputs. Rather than improving
human alignment, the fine-tuned models exhibited
a severe failure mode, collapsing into predicting
purely balanced distributions. An analysis of the
possible values JSD can take in binary tasks re-
veals that JSD’s non-uniform sensitivity makes it
highly susceptible to reward hacking, rendering it
an unsuitable reward estimator for this task. We
detail which distance metric properties lead to the
observed behavior and what this implies for distri-
butional reward function design.

2 Related Work

An increasing body of work explores distributional
rewards to capture subjective variation. Siththa-
ranjan et al. (2024) frame preference learning as
inherently distributional and model the reward as
a distribution. Zhang et al. (2025) train a mean-
variance reward model and optimize it using the
KL-Divergence loss on preference data. Zawar et al.
(2024) compare using KL-Divergence and JSD for
reward modeling in Multi-Agent Constrained Pol-
icy Optimization and find that the latter offers a
more robust alternative to KL, due to its symme-
try. The most similar to our approach is Lu et al.
(2026), who align LLM uncertainty to human anno-
tator variation, wherein they define an uncertainty
calibration reward based on the mean absolute error
between model predictions and human annotator
distributions and use GRPO for optimization. In
our work, we show that for a similar approach,
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certain distance metrics, like JSD lead to a failure
mode and detail what general properties in distance
metrics lead to this behavior.

3 Reward Functions

This section presents the formulation of the two
JSD-based reward functions.

3.1 JSD-based Reward Estimation

Jensen-Shannon Distance For measuring the
similarity between the model-predicted distribu-
tion and human annotator judgments, we employ
JSD, i.e., the bidirectional extension of the KL-
divergence. An advantage of using the JS Distance
compared to JS Divergence is the fact that it sat-
isfies the requirements for being a metric, making
it a better-scaled distance and thus better for inter-
preting the results (Endres and Schindelin, 2003).
JSD is defined as:

JSD =

√
1

2
DKL(H ∥ M) +

1

2
DKL(M ∥ H)

Reward Functions The following details the de-
sign of the JSD-based reward functions. For each
function, the input is comprised of two probability
distributions, M and H , over the possible labels,
where M is the model-predicted distribution and
H is the distribution of human-annotated labels.

For the Direct Approach, we define the reward
as Rdirect = 1− JSD(H||M), so that predictions
closely matching the human distribution yield re-
wards near 1, while more divergent predictions
approach 0.

Next, the Binned Approach estimates the re-
ward by placing JSD(H||M) into reward bins. By
mapping JSD to specified rewards, we can provide
larger reward signals for more accurate predictions,
thereby rewarding exploitation. For the case that no
parsable probability distribution is generated, the
model is penalized with a score of -5 to encourage
valid distributions. A detailed overview of the bins
can be found in Table 1. Formally, this is defined
as a piecewise function:

Rbinned =

{
B(JSD), if output is valid
−5, if output is unparsable

where B(·) represents the mapping function that
assigns the JSD score to its corresponding reward
bin.

JSD 0.0 < 0.1 < 0.2 < 1.0 undefined

Reward 10 5 2 0 -5

Table 1: Bins for the Binned approach, where JSD is
JSD(H||M).

4 Experiment

The following section details the experimental
setup based on Chen et al. (2024)’s setup for em-
ploying LLM-as-a-judge for distribution prediction
for NLI.

4.1 Setup

Data We use the HelpSteer2-Preference (Wang
et al., 2025b) dataset, which contains 7,118
prompts and preference pairs. To avoid overfitting
to the most common distribution in the training
data in the fine-tuning experiments, we prune the
dataset to keep a more balanced set of distributions.
For each unique distribution, we keep up to 120
samples, yielding 666 in total. These were split
70/15/15 into 466 training samples and 100 each
for testing and validation; see Appendix A.8 for an
example.

Models We use two models from different model
families for the experiments to account for variance
in model architecture. In an effort to reduce com-
putational costs and to keep the necessary compute
requirements to a minimum, smaller-scale mod-
els were chosen. The two models Qwen2.5-3B-
Instruct,1 and Llama-3.2-3B-Instruct2 are hence-
forth referred to as Qwen and Llama.

Algorithm We use the REINFORCE Leave-
one-out (RLOO) algorithm for reward-based fine-
tuning. RLOO treats each complete generation as
a single action and optimizes the reward for the
entire sequence. It reduces variance by generating
k samples per prompt and computing each sample’s
baseline as the average reward of the other k-1 sam-
ples. The policy gradient is estimated by averag-
ing these k individual gradient estimates (Williams,
1992; Ahmadian et al., 2024; Kool et al., 2019).

Implementation To extract the model’s probabil-
ity distribution, we employ the verbalized proba-
bility expression approach, where the prediction is
extracted directly from the LLM’s generated output.

1https://huggingface.co/Qwen/Qwen2.5-3B-Instruct
2https://huggingface.co/meta-llama/Llama-3.2-3B-

Instruct
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Compared to other expression methods, verbaliza-
tion has been found to be the closest calibrated
to human judgment (Meister et al., 2025). The fi-
nal distribution was extracted from the generation
using regular expressions. The detailed prompt
can be found in Appendix A.1. To calculate the
JSD, we used the jensenshannon method of the
scipy.entropy library 3 with the base e, bounding
the possible values in [0,

√
ln 2] ≈ [0, 0.833]. To

determine whether the failure mode is unique to
the verbalization approach, we do additional tests
using a logit-based approach, but after fine-tuning
the model’s behavior did not change significantly
and as such, we focused on the verbalized approach
(see Appendix A.7 for further details on the logit
approach).

4.2 Evaluation Metrics

To evaluate the method, we utilize distance corre-
lation (Székely et al., 2007) and average Jensen-
Shannon Divergence (JSD) to assess overall model
performance across the test set. Specifically, dis-
tance correlation captures global trends, while av-
erage JSD evaluates performance at the instance
level. Additionally, we calculate average entropy to
analyze the distributional shape of the predictions
both before and after fine-tuning.

Dist.-Corr. captures global dependence between
model and human predictions (0 = independent, 1
= perfectly dependent), detecting both linear and
nonlinear relationships, and is computed across the
test set.

Average JSD is computed per instance and aver-
aged over the test set and shows whether training
was able to minimize the objective, but does not
give information on the actual divergence of the
distributions.

Average Entropy of the predictions before and
after fine-tuning is reported to gain an understand-
ing of the general shape of the model-predicted
distributions, where values close to 1.0 indicate
balanced distributions and 0.0 indicate imbalanced
distributions.

4.3 Results

The following results demonstrate that the models
converged to output balanced predictions (see Ta-
ble 3). We focus on the change of the predicted

3https://docs.scipy.org/doc/scipy/reference/generated/
scipy.stats.entropy.html

distributions before and after fine-tuning, as this is
the main point of interest for the later discussion.

Distributions Analyzing the mean entropy
shows that across both models and reward func-
tions, the entropy rises above 0.94, indicating
highly balanced predictions. Notably, Llama-base
initially already had high average entropy, and as
such, the difference before and after fine-tuning
is not as large. Averaging the predictions shows
that both base models show a pronounced position
bias toward Response A - approximately [0.6/0.4]
for Qwen and [0.7/0.3] for Llama, see Figure 3 in
Appendix A.5. This bias, a well-documented is-
sue in LLM evaluation (Wang et al., 2024), does
not affect our validation study, as our goal is to
demonstrate mode collapse, which remains evi-
dent even under the bias. This bias persists af-
ter fine-tuning in Qwen-direct, Llama-direct, and
Llama-bins ([0.6/0.4]) and in Qwen-bins ([0.4/0.6]),
which might be attributed to the inherent position
bias of both models.

Model Version Dist.-Corr.↑ Avg. JSD↓ Avg. Entropy

Qwen
Base 0.243 0.276 0.604

Direct 0.208 0.206 0.943
Binned 0.095 0.210 0.940

Llama
Base 0.187 0.218 0.869

Direct 0.201 0.205 0.944
Binned 0.278 0.210 0.963

Table 2: Results of fine-tuning experiments. Green:
improvement from base, Red: deterioration from base.
Fine-tuning was able to minimize the target JSD in all
settings, Dist.-Corr. improved using Llama and deterio-
rated with Qwen.

Performance Fine-tuning successfully reduced
the average JSD across all models and functions,
validating the effectiveness of the algorithm. Even
though the predicted distributions collapsed, a mi-
nor correlation persists post-fine-tuning, with Dist.-
Corr. values ranging from 0.095 to 0.278—likely
a result of balanced instances appearing in the test
set. Interestingly, while Dist.-Corr. decreased for
Qwen, it unexpectedly improved over the baseline
for Llama, a shift potentially explained by the ex-
ceptionally low baseline correlation Llama exhib-
ited initially.

5 Discussion

To identify reasons for the previous results, we
analyze the possible rewards the function can out-
put, revealing risk-averse behavior due to the non-
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Figure 1: Values JSD can take with two-element dis-
tributions using base e. A large part of the surface is
covered by values below 0.4.

uniform reward landscape of the reward functions
and discuss other factors that might have con-
tributed to the behavior.

5.1 Reward Landscape
To identify potential reasons for the failure mode,
we analyzed the reward landscape, i.e., the val-
ues the rewards can take, using JSD as an opti-
mization goal. Figure 1 shows the possible values
JSD(A||B) can take in a two-event case, where
A,B ∈ P(R2) are two-dimensional distributions,
which is directly applicable to our binary prefer-
ence task. The heatmap reveals non-uniform sensi-
tivity: predictions near [0.5/0.5] achieve JSD < 0.4,
while extreme predictions face JSD ranging from
0.0 to 0.83 depending on the target distribution. In
our case, if a model predicts highly-divergent dis-
tributions, it can either achieve very low JSD or
very high JSD based on the human distribution, but
if it predicts balanced predictions, no matter the
target distribution, it gets a relatively good reward.
This creates a risk asymmetry where conservative
predictions are low-risk (bounded penalty) and ex-
treme predictions are high-risk (variable penalty).
Given this structure, RL optimization converges to
near-uniform predictions that minimize expected
penalty rather than accurately matching diverse hu-
man distributions.

5.2 Reasons for Failure
As previously discussed, the main issue of the
method is the non-uniform sensitivity of the met-
ric, as predictions close to the corners of the graph
run the risk of producing larger errors, than those
closer to the corners of the graph in Figure 1. This
leads to strategies focusing on the exploitation of

the balanced and safe distributions without incen-
tivizing exploration of more divergent predictions
with a chance of receiving a smaller reward. A fur-
ther issue might be RLOO’s leave-one-out baseline
subtraction. When models generate diverse predic-
tions, reward variance creates large advantages that
destabilize training. Conservative predictions near
[0.5/0.5] yield consistent rewards and stable gradi-
ents, implicitly penalizing the exploration needed
for accurate distribution matching.

5.3 Implications

Having identified what properties lead to this fail-
ure mode, we can identify other metrics and algo-
rithms that share these characteristics and, as such,
can also not be leveraged for reward design. In
general, any bounded metric that creates a “safe
zone” in the reward landscape, where moderate re-
wards can be earned across diverse targets without
severe penalties, is prone to similar exploitation.
Here, we focus on symmetric metrics. Appendix
A.6 shows that KL-divergence, as an inherently
asymmetric metric, exhibits comparable behavior.
This risk-reward asymmetry makes conservative
predictions a rational strategy from the model’s
optimization perspective, even when they fail to
achieve the intended alignment objective.

The observed behavior exemplifies reward hack-
ing, i.e., models exploiting oversights in reward de-
sign to achieve high rewards through unintended so-
lutions (Skalse et al., 2022). While reward hacking
is well-documented in single-objective RL (Wang
et al., 2023), we reveal a distinct failure mode:
bounded symmetric divergences like JSD are in-
herently exploitable through risk aversion. Un-
like typical reward hacking that exploits learned
errors or specification ambiguities, our experiments
suggest that JSD-based rewards fail due to their
mathematical structure—the reward landscape it-
self incentivizes conservatism regardless of target
distributions.

Our findings highlight the need to analyze re-
ward landscapes before deployment, especially for
distributional objectives where metric properties
can create stable but misaligned incentives. While
we showed a failure case of distribution similarity-
based reward estimation, future work might try to
increase the robustness of the methods by leverag-
ing multi-objective rewards (Sorensen et al., 2024)
or adding constraints to the reward.
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Limitations

Our mathematical analysis focuses on two-event
distributions, which directly apply to our binary
preference task but may not fully characterize the
reward landscape for multi-class problems. Future
work should examine whether similar reward hack-
ing emerges in higher-dimensional label spaces.
Our experiments were done on a limited number
of models with minimal hyperparameter-tuning, as
we observed the failure after early experiments on
smaller models and did not extend them to larger
models. Furthermore, we discuss the usage of two
distinct reward functions, which both show the de-
scribed behavior, but did not fine-tune the specific
hyperparameters, e.g., the size of the bins or the
degree of the rewards and penalties. However, to
generalize the findings to other metrics and models,
more extensive tests might be beneficial. Due to
computational constraints, we did not do extensive
RLOO hyperparameter tuning. RLOO has previ-
ously been shown to be sensitive to failure modes
under certain hyperparameters. We acknowledge
that this is a contributing factor to the observed
behavior, but the focus of this paper is JSD’s non-
uniform sensitivity and why it contributes to the
failure mode.

A possible other factor which affected the re-
sulting failure case is the RLOO leave-one-out
baseline-subtraction effect and further experiments
with other optimization metrics are necessary to
establish how much of the effect is attributable to
the metric itself compared to the algorithm.

For most of our settings, there is a clear bias
towards response A. This phenomenon is well doc-
umented and can be used to make one model seem
stronger than the other simply because it came first
in the order of responses (Wang et al., 2024). As we
did not correlate the specific models that generated
the responses to model performance, this bias did
not directly impact any of our results, apart from
being less aligned with human views. The dataset
includes model responses from various LLMs with
no models being consistently encoded as either
response A or B. As such we did not randomly
swap the position of the model responses for Fur-
thermore, we aim to show the mode collapse after
fine-tuning, which is still evident under a biased
prediction.
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A Appendix

A.1 Prompt

The prompt used for fine-tuning, where the model
is tasked to first output a reasoning path and the
probability distribution:

Please carefully and fairly base your se-
lection on the comments below to esti-
mate which model-generated output, la-
beled ’Response A’ and ’Response B’,
is preferable given the provided query.
Base your decision on the criteria: help-
fulness, correctness, coherence, com-
plexity, and verbosity. Please first give
a reasoning detailing how you come to
the decision, marked with the tag ‘REA-
SONING:’. After the reasoning steps,
generate a probability distribution, for
how likely each response is to be chosen,
marked with the tags ‘PROBABILITY
A:’ and ‘PROBABILITY B:’

Instructions: {INSTRUCTIONS}

Response A: {RESPONSE A}

Response B: {RESPONSE B}

The output should look like this:

REASONING:

PROBABILITY A:

PROBABILITY B:

Answer:

A.2 Technical details

Fine-tuning with RL algorithms requires a large
amount of compute due to multiple models being
necessary in the training objective. Two A100
GPUs were used to fine-tune the model for 3
epochs. Lora was used for more efficient fine-
tuning with rank 8 and alpha 32. The experiments
were implemented using the verl-library4 (Sheng
et al., 2025), which supports a plethora of Rein-
forcement Learning algorithms for model align-
ment. For fine-tuning the following hyperparame-
ters were used: learning rate was set to 1e-6, batch
size of 12, rollout of n=4 and the kl-coefficient for
RLOO to 0.001.

4https://github.com/volcengine/verl

A.3 Distributions

This section presents the distributions of both the
test data and the predicted distributions. After fine-
tuning, there is a considerable shift towards bal-
anced distributions.

A.4 Test Data

Distribution of the human annotations in the test
data.

Figure 2: Distribution of the ratios of the human annota-
tions for the valid test data. There is a wide variety of
distributions in the test set.

A.5 Model Distributions

Figure 3 shows the predicted distributions on the
test set of the raw and fine-tuned models. All mod-
els converge to near-uniform distributions.

A.6 Discussion of Asymmetric Metrics

In our study, we analyze the symmetric, bounded
JSD and explain how it can generalize to other met-
rics, which show large "safe zones" in the reward
landscape. Apart from such symmetric measures,
other asymmetric ones warrant discussion, as their
behavior might slightly differ. A common example
of asymmetric divergence measures is the Kull-
back–Leibler divergence (Kullback and Leibler,
1951), which quantifies the information loss when
one probability distribution is used to approximate
another.

Running an analysis of its reward landscape (Fig-
ure 4) under the same two-event distribution setting
as in our study reveals a very large "safe zone" with
small values ranging from balanced distributions
to more divergent ones. However, similar to JSD,
there are high peaks in the corners where divergent
predictions run the risk of achieving low rewards.
This shows that the same issue persists in the asym-
metrical metric, with the model preferring balanced
distributions to avoid risking low rewards, albeit
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less extreme than in JSD due to the large "safe
zone". This suggests that our claim also general-
izes to asymmetric distribution measures.

Figure 4: Values KL-divergence can take with two-
element distributions. Similarly to the JSD reward land-
scape, the surface is covered by low values.

A.7 Logit-based probability expression

A common alternative to verbalized probabilities is
the logit-based expression method, where a proba-
bility distribution is inferred by extracting specific
logits from the model’s distribution over the vo-
cabulary and normalizing it. Using the direct ap-
proach, we fine-tuned Qwen3.1-1.7B on the com-
plete helpsteer dataset. Prior to fine-tuning, the
model substantially overestimated one of the la-
bels (avg. entropy of predictions = 0.04), and this
behavior remained essentially unchanged follow-
ing fine-tuning. Moreover, neither of the evalua-
tion metrics exhibited any improvement after fine-
tuning, suggesting that the adopted approach did
not effectively alter the model’s behavior. A plau-
sible explanation is that, because the initial model
policy was strongly biased toward unbalanced la-
bel distributions, the model primarily received re-
wards for predictions corresponding to these un-
balanced instances. Consequently, it failed to ad-
equately explore more balanced distributions and
instead continued to prioritise the unbalanced cases.
For this experiment, the learning rate and the KL-
coefficient in RLOO were set to 1e-5 and 0.0005,
respectively.

Version Dist.-Corr.↑ Avg. JSD↓ Avg. Entropy

Base 0.04 0.43 0.04
Direct 0.04 0.44 0.08

Table 3: Results of the fine-tuning experiments. The
low mean entropy shows that the predicted outcomes
were highly unbalanced.

A.8 Sample
Table 4 shows a sample from the test set. The
prompt is composed of instructions on how to solve
the task, two model outputs from distinct models,
and a template of how to format the output. The
lower part details the models’ predictions after fine-
tuning for both approaches and shows the JSD.
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Figure 3: Overview of predicted Distributions. Each bar is made up of Response A at the bottom and Response B
at the top. The average prediction is provided per model and highlighted in the plots as a dotted line. The Llama
models and Qwen-direct tended to predict a [0.6/0.4] distribution, and Qwen-bins predicted [0.4/0.6].
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Prompt

Please carefully and fairly base your selection on the comments below to estimate which model generated
output, labeled ’Response A’ and ’Response B’, is preferable given the provided query. Base your
decision on the criteria: helpfulness, correctness, coherence, complexity, verbosity. Please first give
a reasoning detailing how you come to the decision, marked with the tag REASONING:. After the
reasoning steps, generate a probability distribution, for how likely each response is to be chosen, marked
with the tags ’PROBABILITY A:’ and ’PROBABILITY B:’

Instructions: Make it to an academic writing setting.

The observations to be made of the experiment was through data analysis of the data. that was
that as depth or height increased so to as the pressure value. In the experiment involving the center of
gravity apparatus, as the water, weight, and depth are proportionally direct to each other.

Response A: Sure, here’s a revised version of your sentence that is more appropriate for aca-
demic writing:

As the depth or height of the experiment increased, so did the pressure value. In the experi-
ment involving the center of gravity apparatus, the water, weight, and depth were proportionally direct to
each other.

Response B: In the experiment involving the center of gravity apparatus, the data analysis showed a direct
proportionality between water weight, depth, and pressure value. As the depth or height increased, so
did the pressure value. This is in accordance with the theory that water weight and depth are directly
proportional to each other. This experiment provides evidence to support the idea that as the depth
of a liquid increases, so does its pressure value. This is due to the fact that the weight of the liquid is
distributed over a larger area, resulting in a greater pressure. This experiment also provides evidence to
support the idea that the center of gravity of an object can be determined by measuring the pressure values
at different points on the object.

The output should look like this:

REASONING:

PROBABILITY A:

PROBABILITY B:

Answer:

Method Predicted Dist. Human Dist. JSD↓

Direct [0.3, 0.7] [0.2, 0.8] 0.0819
Binned [0.4, 0.6] [0.2, 0.8] 0.1554

Table 4: Random sample taken from the test-set of a formatted prompt containing the task and both model outputs.
The predicted distribution and model distributions are presented along with the achieved JSD.
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