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ABSTRACT

Reward models (RMs) are central to aligning large language models (LLMs) with
human preferences, yet they often overfit to spurious correlations such as response
length or sycophancy. Existing approaches mainly focus on mitigating these arti-
facts, but overlook reinforcing the true causal link from prompt intentions to re-
sponses. We propose CARP (Causal Alignment of Reward Models via Response-
to-Prompt Prediction), a framework that leverages inverse prompt prediction to
measure how well a response addresses the intent embedded in its prompt. A
prompt decoder is trained to estimate the original prompt embedding from a given
response, and the reconstruction error defines a Semantic Alignment Score (SAS),
which we use to adjust preference labels and regularize reward model training. We
show theoretically that SAS isolates the prompt-to-response causal signal while
filtering out spurious cues. Empirically, the prompt decoder selects shorter and
less sycophantic responses with 87.7% accuracy across math, helpfulness, and
safety benchmarks. Incorporating SAS into Bradley—Terry reward model training
on Gemma-2B-it and Gemma-2-9B-it leads to significant improvements in Re-
wardBench evaluation accuracy, demonstrating CARP’s effectiveness in building
more causally aligned reward models.

1 INTRODUCTION

Reinforcement Learning from Human Feedback (RLHF) has become a widely adopted framework
for aligning large language models (LLMs) with human preferences (Christiano et al., [2023). A
central component of this framework is the reward model, which is typically trained on pairwise hu-
man preference data to approximate evaluative judgments of model outputs and guide reinforcement
learning towards outputs better aligned with human expectations(Ouyang et al.| 2022).

However, recent work has revealed that reward models are susceptible to reward hacking, where
models exploit imperfections in the learned reward function rather than genuinely aligning with
human intent (Amodei et al., [2016). Reward hacking can arise from unintentional and prompt-
irrelevant human preferences (Wang et al.,[2025). For example, a preference for longer or sycophan-
tic responses induces length bias(Stiennon et al.l 2022) and sycophancy bias(Perez et al., [2022).

Early work focused on identifying specific spurious attributes and mitigating their impact on reward
models. |Shen et al.| address length bias by decomposing the reward and suppressing the length-
based bias signal during optimization. Later, causal methods (Pearl, 2009; [Yao et al., 2021) were
introduced to handle general unintentional artifacts. Some approaches reduce reward hacking by
eliminating the causal edge from spurious artifacts to reward models; for instance, RRM attenu-
ates this effect via counter-artifact data augmentation (Liu et al,, 2025). In contrast, methods like
CROME strengthen the causal edge from context-related intentions by generating augmented train-
ing samples (Srivastava et al.,2025). However, these methods only rely on data augmentation rather
than explicitly quantifying prompt intentions in responses. We instead estimate this signal and use
it to strengthen the causal edge from prompt intention to the reward model.

Estimating how much a given response faithfully reflects the prompt intention is difficult. The in-
tention is a latent and unobservable variable. To capture such hidden factors, representation learning
methods are often employed, such as sparse autoencoders (SAEs)(Makhzani & Frey,2014)) and vari-
ational autoencoders (VAEs)(Kingma & Welling| [2022). It also requires disentangling meaningful
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alignment from incidental correlations and irrelevant attributes. Moreover, leveraging the prompt
intention signal requires an effective mechanism to integrate it into reward model training.

To resolve these challenges, we frame reward model training within a causal graph to separate
prompt-related intentions from context-free artifacts, develop a framework that quantifies how well
aresponse realizes the latent prompt intention, and utilize it in training reward models. The pipeline
is illustrated in Figure[I} To summarize, the contributions of this paper are three-fold:

* We point out that existing alignment studies lack frameworks to quantify a response’s real-
ization of prompt intention, particularly through causal manners.

* To address this, we construct a causal graph for reward model training, develop a frame-
work (CARP) to quantify the extent of a response’s alignment with prompt intention
through SAS, and reinforce the causal effect of prompt intention in reward model train-
ing.

* We theoretically prove that SAS isolates prompt intention while compressing spurious arti-
facts. On RewardBench (Malik et al.| [2025)), our SAS-regularized reward model improves
accuracy by 3.6% over the vanilla RM and RRM (Liu et al., 2025) on the 9B model.

* Downstream evaluations in Table [3| and Table |8 show that our model consistently favors
on-topic responses, positioning CARP as a complementary component to nearly all exist-
ing reward hacking mitigation approaches and suggesting potential for further gains when
integrated into a unified framework.
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Figure 1: CARP. A prompt decoder is trained on multiple-response-to-one-prompt SFT data to
suppress spurious signals. The resulting Semantic Alignment Score (SAS) is used as an additional
signal in reward model training, incorporated into the loss function to strengthen the causal link
between prompt intent and reward labels. This encourages the reward model to capture human
preferences that are genuinely aligned with the prompt’s intent.

2 SAS-REGULARIZED REWARD MODEL TRAINING

2.1 PROMPT-AWARE CAUSAL ABSTRACTION

Traditional methods typically build a causal graph as (Figure [2a), constructing .S and C' as effects of
X and Y, focusing on mitigating the causal effect from C to R ((Liu et al.,[2025)). In contrast, we
adopt an innovative modeling approach and formulate a DAG G to model the causal relationships

(Figure [2b).

In G, X is the prompt, Y is the response. W € R% is the latent human intention embedded within
the prompt, which we assume to be the sufficient statistic that captures all human intentions from the
prompt to generate the response. Z € R% is the latent artifact which we assume to be the sufficient

statistic that captures all context-free causal factors that are necessary for generating a response,
aside from W. We assume that W is independent from X and W. R € R is the reward model.

Unlike traditional methods, our objective is to assign higher rewards to responses that are more
aligned with the prompt’s intention. Therefore, in our modeling, we employ anti-causal engineering
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(a) Traditional causal graph of reward model. X the prompt. W is the human intention embedded
is the prompt. Y is the response. S is the con- within the prompt. Z is the context-free artifact
textual signal that depends on X and Y. A is the that is independent from W and X. Y is the re-
context-free artifact that only depends on Y. R is sponse. R is the reward model. Our work aims to
the reward model. build and strengthen the edge from W to R.

Figure 2: Causal graphs of Reward model.

to construct representations of latent W and Z, while establishing and strengthening the causal edge
from W to R via data augmentation. This encourages the reward model to preferentially capture
responses aligned with the prompt’s intention, thereby mitigating reward hacking.

Setup Suppose that we have a dataset of N prompts with M responses each. For the i'" prompt
and its j*" response:

* Prompt embedding: z; € R% « Prompt intention: w; = w(z;) € R

* Artifacts: z; ; € R4

* Response embedding: y; ; = f(w;) + g(z; ;) € R? (Assume decomposed additivity)
« Response SAE: Encoder(y; ;) = u;; = TopK(Py; ;), where P € R¥*4

« Prompt Decoder: Decoder(u; j) = Lu; j + b,where L € Rd**

2.2 SEMANTIC ALIGNMENT SCORE (SAS)

Our key intuition is that a decoder should be able to reconstruct the embedding of the prompt from
the response representation if a response faithfully addresses the intent of its prompt. Moreover,
when multiple responses correspond to the same prompt, their shared components are more likely
to capture the underlying intent, while spurious artifacts, such as verbosity or sycophancy, vary
idiosyncratically and cancel out in expectation. We theoretically justified our ideas in Theorem
and Theorem [2] In practice, we train a prompt decoder that maps sparse response representations
to their corresponding dense prompt embeddings. The training procedure consists of three stages:
dataset preparation, representation extraction, and supervised decoder fitting.

Data Construction We build a hybrid 20K prompt-response pairs from two SFT corpora:
Smoltalk (Allal et al., 2025) for reasoning and code tasks and AlpacaFarm (Dubois et al.l 2024)
for daily dialogues, and augment each prompt with three completions from DeepSeek-V3.1-
Base (DeepSeek-Al et al) [2025), LLaMA3-72B (Grattafiori et al. [2024) and Qwen3-235B-
A22B (Yang et al.| [2025). Thus, each prompt has four responses, balancing semantic overlap and
stylistic diversity to support learning invariant causal patterns.

Representation Extraction For each response, we extract a sparse semantic representation using
the a sparse autoencoder (SAE) pretrained on LLaMA-3-8 with TopK = 192 activation selection.
This sparse vector serves as the input to the prompt decoder. The target output for the decoder is the
last-token prompt embedding extracted from the 14th hidden layer of LLaMA-3-8B, which we treat
as a stable and informative representation of the prompt’s semantics.

"We used https://huggingface.co/EleutherAl/sae-1lama-3-8b-32x
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Prompt Decoder Training Now the training proceeds by minimizing the Mean Squared Error
(MSE) between predicted and target embeddings:

N M
. 2
Lypa = argmin NMZ >l Luiy +b— i3,

i=1 j=1

where NN is the number of prompts and M is the number of responses per prompt. Given a re-
sponse u and a prompt x,We define the corresponding Semantic Alignment Score (SAS) as the
reconstruction error, so a lower SAS value indicates better alignment:

SAS(u,z) = ||Lu+b—z|3

2.3 THEORETICAL ANALYSIS OF SAS

We show that, with high probability, the output of our prompt decoder depends primarily on w
and z, and is approximately independent from z. This implies that SAS evaluates how well a
response aligns with the prompt’s intent, compressing signals from artifacts. For large NV and
M, Theorem (1| states that the decoder parameters approximate the ideal ones that are independent
from artifacts z. Meanwhile, Theorem [2] asserts that given a new sample response, the prompt
decoder prediction is nearly independent from z. Theoretical support is provided below with formal
proofs in Appendix

Definition 1 (Ideal Top-K Indices). The ideal case is that the decoder output only contains w and is
independent from z. For a given prompt intention w; and its corresponding signal s; = P f(w;) €
R, the ideal Top-K indices are defined as:

Jw, ={j1,J2, - Jxt C{L 2, k} (1)

where j1, ja, . . ., ji are the indices corresponding to the K largest absolute values in s; = P f (w;).
That is:

[Sigal 2 ISigal =00 2 Isige| = Inax £ 2)

i

Denote 1;, as the coordinate selection matrix corresponding to J,,, 1j,, as the real coordinate

real
selection matrix when choosing Top-K indices from Py;;. Thus, we have:
TopK(Pyi;) = 11,,Pyij;  TopKiaeal(Pyij) = L1, Pyi;

Definition 2 (Flip Event). Given a prompt i with ideal signal s; = P f(w;) and perturbation n; j =
9(z ;), a flip event occurs when TopK(P(f(w;) + 1)) 7 Juw;-

ppip = Pr(TopK(P(f(wi) +mi5)) # Juw,) 3)
Definition 3 (Ideal Population Matrix). The following matrices only depends on w while indepen-
dent form z.

SO =E[x(l,,s)7], 20 =E[(I,,s),3)7]

LO = OO, 0O =Elz] - LOE[, 3

Theorem 1 (High-Probability Artifacts Suppression in Decoder). Under assumptions (1)—(5) stated
2
below, if NM > C% (d + k 4 1og(1/n)), then with probability at least 1 — 1, 3C1,Cy > 0, such
that:
||L - L(O) ||op < Cl (5 + pﬂip>7 ||b - b(0)||2 < 02<5 + pﬂip)

Theorem 2 (Artifacts Suppression in Prediction). Under Assumptions (1)—(5) stated in Appendix|B}
given a new sample y = f(w) + g(2), upew = TopK(Py), then for any confidence parameter
n € (0, 1), with probability at least 1 — 1 the following holds:

[Zttuen + = (LO Ly, Pf(w) + 6
~ My
< i op—= )
< O((e o) 1Pl L+ o /i Tog(1/n)

where o is the sub-Gaussian scale according to assumptionin Appendix@ and C > 0 is a constant
depending only on the constants appearing in Assumptions (1)—(5) and on operator norms of L(®)
and Py, .

4)
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2.4 SAS-REGULARIZED DYNAMICS IN REWARD MODEL TRAINING

We extend the Bradley—Terry framework with SAS regularization. Let r., r,. be the reward scores of
the chosen and rejected responses, s, s, their SAS scores, o the sigmoid function and k the tuning
parameter. The loss of vanilla RLHF and SAS-based RLHF are as follows:

»Cvanila = - Z loga(yic - yir)a ['SAS = - Z loga((yic - yzr) + k- (sic - sir)) (5)

K2

7§n (.’E, y) = arg mﬁx[_Lvanilla]v TA'nSAS(x» y) = arg mTaX [ - LSAS] (6)

Effect on Parameter Updates Here we analyze the effect of SAS-regularized training process
through gradients in the parameter updates, with detailed derivations provided in Appendix [C.1]

Since we have

oL — . ) 8yzc _ 82/17
% - Z[U(ylc - yzr) 1][ 96 90 ]

i

aLSAS _ o el _ ayw 7ayw’
o0 = 2 _lo(Wie = ir + k(sic = sir)) = 1[5 5° = — ]

g

SAS modulates gradients: when aligned with preferences, it magnifies updates toward prompt in-
tention; when in conflict, it mitigates them, thus modifying the update steps and reducing artifact
influence.

Causal Nature of SAS According to Proposition 1| in Appendix we have 7,545(2,y) =
fn(xvy) —k- 8($7y).

We evaluate the causal effect of SAS by deriving the ATE on the difference between on-intention
and off-intention responses, where the treatment corresponds to incorporating SAS rather than the
presence of intention itself.:

ATE = E[f(x, yon) - 7q(337 yoff)|SAS} - EV(JZ yon) - ’F(l‘, yoff)‘vanilla]
- E[fnSAS(xa yon) - ’FnSAS(xa yoff)] - E[fn(xa yon) - 'Fn(l', yoff)]
= kE[_S(xvyon) + S(xvyoff)] >0

Therefore, although SAS can be regarded as a penalty term for the reward, it induces a positive
shift in the reward difference between on-intention and off-intention responses compared to vanilla.
Consequently, incorporating SAS effectively strengthens the causal effect of prompt intention sig-
nal on the reward model. In Section [2.3] we show that in high probability, the decoder output is
approximately independent from artifact z, so do SAS. Thus, the causal effect introduced by SAS
is independent from 2z, thereby removing = as a confounder.

Curriculum Learning Schedule To facilitate stable training, we implement a curriculum learning
approach so that ke = & - I(Epoch > 1).

Safety Alignment Considerations Denote ds,s = S. — S, In practice, we apply thresholding for
safety alignment scenarios. Safety-critical cases often exhibit counterintuitive SAS patterns where
safe responses (e.g., refusal to answer harmful queries) may appear “off-topic” compared to poten-
tially dangerous but directly responsive answers. To handle this, we introduce a safety threshold 7:
Sthres — §eas1(0sas < 7). When dgs > 7, the SAS regularization is disabled (61 = (), allowing the
loss to revert to standard Bradley—Terry preference learning. This mechanism preserves safety align-
ment by preventing SAS scores from interfering with cases where topical deviation may actually
indicate safer, more appropriate responses. We demonstrated the effectiveness of our thresholding

further in Section[3.2]



Under review as a conference paper at ICLR 2026

3 EXPERIMENTS

In this section, we first systematically evaluate the overall performance of the prompt decoder trained
using the scheme described in Section [2.2] We then visualize the distribution of the computed SAS
scores on the RLHF training set, and finally present the downstream reward model training results.

3.1 PROMPT DECODER RESULTS

Evaluation Dataset. We construct a 300-sample evaluation set by sampling 100 preference pairs
from each of the following sources: (i) 100 pairs of helpfulness preference from the HH-RLHF-
Helpful-standard (Dong et al., 2024). (ii) 100 pairs from the Reward-Bench-2 (Malik et al.l [2025))
math category. (iii) 100 pairs from the Reward-Bench-2 safety category. To evaluate the sensitivity
of the prompt decoder to stylistic artifacts, we create perturbed versions of the chosen responses us-
ing the GPT-40-mini model. The rewriting prompt is designed to preserve the factual content while
introducing stylistic variations; detailed rewrite instructions are demonstrated in the Appendix

To validate Theorem [T} we first train a decoder on a dataset of 20K prompts without augmentation.
As shown in Figure[3a] the decoder already achieves solid performance: selects the human preferred
response over its stylistic rewrite in roughly 80% cases, where selection means having a lower SAS
score, indicating that the decoder has successfully learned to filter out superficial stylistic variations.

To further verify the effectiveness of the one-to-many training paradigm, we compare three settings:
(1) 20K without augmentation, (ii) 20K with four responses per prompt (augmented), and (iii) 80K
unaugmented prompts, which matches the augmented setting in total number of responses. We
evaluate each decoder along two axes: (1) distinguishing chosen from rewritten responses, and (2)
distinguishing chosen from rejected responses. The results are presented in Figure[3aJand Figure

Average Performance Across Reject Tasks -mse
(Helpful, Math, and Safety Domains)
—— 20¢ - 20¢
20K sugmented 20K augmented
—— 80K = 80K

Average Performance Across Rewrite Tasks -mse
(Helpful, Math, and Safety Domains)

uuuuu

Average Accuracy

7 g I3 7 3 T H 3 I g
Training Epoch Training Epoch

(a) Average accuracy of the prompt decoder
on the chosen-vs-rewrite task across helpful,
math, and safety domains. Augmented training
(20K _augmented) yields the best performance,
surpassing both unaugmented 20K and 80K data.

(b) Average accuracy of the prompt decoder on the
chosen-vs-reject task. Performance remains near
random guess (50%) across all training regimes,
indicating that SAS captures a signal orthogonal
to human preference labels.

Figure 3: Average Accuracy Curve of Prompt Decoder

All prompt decoders were trained with a batch size of 128 and a learning rate of 1le—5 for 8 epochs
on a single NVIDIA RTX 4090 GPU. Each decoder matches the size of the encoder used in the
corresponding sparse autoencoder (SAE) mentioned in Across all epochs, the augmented 20K
dataset achieves highest accuracy 87.7% and outperforms both the 20K and 80K baselines on the
chosen-vs-rewrite task, indicating that response augmentation offers stronger supervision than sim-
ply increasing data volume. In particular, the decoder consistently fails to distinguish chosen from
rejected responses, with accuracy near 50% regardless of the size of the data set. This highlights
that SAS is a complementary alignment signal rather than leaking human preference supervision,
and thus further filtering out unintentional signal introduced by human labellers.

3.2 REWARD MODEL RESULTS

Training and Evaluation Datasets. We follow the training and evaluation protocol established
in RRM (Liu et al., 2025). For training, we randomly sample a 70K subset from their 700K
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Prompt Decoder

Chosen vs Rewrite (1) Chosen vs Reject (—50%)
Helpful Math Safety Overall | Helpful Math Safety Overall

20K 73.0 94.0 71.0 79.3 53.0 51.0  41.0 48.3

80K 75.0 98.0 77.0 83.3 56.0 470 430 48.7
20K_augmented 86.0 93.0 84.0 87.7 53.0 47.0 460 48.7

Table 1: Accuracy (%) of prompt decoders on the Chosen vs Rewrite and Chosen vs Reject tasks,
evaluated at the best epoch for each model across helpful, math, and safety domains.

Chosen - Rejected SAS Score Distribution

12000 — <=0.005 [ Chosen - Reject mean: -0.000240 |
10000
8000

6000

Count

4000

2000

-0.02 -0.01 0.00 0.01 0.02 0.03
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Figure 4: Distribution of the difference of Semantic Alignment Scores (SAS) between chosen and
rejected responses on the 70K training pairs.

RLHF dataset (Dong et al., 2024ﬂ, which contains approximately 700K pairwise preference ex-
amples. While RRM uses a pairwise preference reward model (Jiang et al.,|2023)), we instead adopt
a Bradley—Terry scheme (Bradley & Terry},[1952). For evaluation, we adopt RewardBench (Lambert
et al., [2024)), which provides curated test sets across four evaluation dimensions—chat, chat-hard,
safety, and reasoning.

SAS for Reward Model. To compute SAS for the 70K training pairs, we use the prompt de-
coder trained on the 20K augmented dataset at Epoch 3, which achieves the highest accuracy on the
chosen-vs-rewrite task (Table[I)) and best reconstructs prompt embeddings from responses.

Once selected, the decoder remains frozen throughout reward model training. For each training pair
(z,y*,y™), we compute SAS scores by encoding the chosen and rejected responses into sparse
vectors via the SAE, and decoding them back into the prompt embedding space. We visualize
the distribution of SAS scores across the training set in Figure While the chosen responses
tend to have slightly lower SAS values than the rejected ones, the overall distributions are closely
aligned. This observation motivates the use of a larger tuning parameter k in the SAS-regularized
loss (Equation [5) to amplify the effect of this fine-grained alignment signal during training.

RM Training. We fine-tune reward models based on Gemma-2-2B-it (Team et al., |2024) and
Gemma-2-9B-it, using the SAS-regularized Bradley—Terry objective. Each model is trained for 2
epochs with a batch size of 256 and a learning rate of 2e—6, optimized using AdamW with cosine
learning rate decay. We set k = 0 during the first epoch to allow the model to learn basic preference
alignment, and apply non-zero SAS regularization only in the second epoch. All training is con-
ducted on an 8 xNVIDIA H200 GPU cluster. We experiment with k € {4e3, 1.6e4, 3.2e4, 6.4e4}
and find that the best performance is achieved at k& = 3.2e4 for the 2B model and & = 6.4e4 for
the 9B model. For all subsequent reward model training, we set the safety threshold 7 = 0.005,
which filters out approximately 7% of extreme cases from the training data, and results are shown in

https://huggingface.co/datasets/RLHFlow/pair_preference_model_dataset
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Table[2] On RewardBench, the overall accuracy of the 9B model improves from 83.22% to 86.83%.
For both 2B and 9B models, the Chat-Hard category sees a consistent gain of over 4%. Detailed
evaluations for each single scaling value are attached in Appendix [D} We obtain the baseline model
simply by setting £ = 0. Moreover, we apply RRM’s data permutation framework to the Bradley—
Terry reward model. Details of the training setup are provided in the Appendix [D}

(a) Gemma-2B-it (k = 3.2e4)

Model | Chat Chat-Hard Safety Reasoning Avg. Weighted Avg.
Vanilla RM 97.77 54.82 83.24 66.18 75.50 72.46
Bradley-Terry RRM | 92.19 48.03 49.46 69.11 64.69 63.79
CARP (Ours) 96.93 58.99 79.05 71.56 76.63 74.54
(b) Gemma-9B-it (k = 6.4e4)
Model | Chat Chat-Hard Safety Reasoning Avg. Weighted Avg.
Vanilla RM 96.37 63.37 89.73 82.88 83.09 83.22
Bradley-Terry RRM | 93.02 59.65 61.22 78.55 73.11 73.10
CARP (Ours) 94.69 68.86 88.24 89.87 85.42 86.83

Table 2: RewardBench accuracy (%) of reward models across four evaluation categories.
CARP (Ours) denotes the SAS-regularized reward model with best-performing k value. Each sub-
table corresponds to a different model scale. The weighted average reflects the overall proportion of
correctly ranked preference pairs across all subsets.

Safety Alignment We conduct an ablation study to assess the impact of the safety threshold 7
when k = 3.2e4. As shown in Table |3} the model with thresholding (7 = 0.005) outperforms the
one without thresholding (7 = 0) on the Safety dimension.

Spurious Correlation Analysis. To further assess the robustness of our SAS-regularized reward
models to spurious alignment signals, we conduct a subtle experiment on the same 300 preference
pairs subsets sampled from RewardBench2 when we evaluate the prompt decoder For each
chosen response, we construct three rewrites designed to isolate specific confounding factors:

* Rewrite 1 (Lengthened): We apply a RATE-style rewriting prompt to make the chosen re-
sponse significantly longer, while preserving its factual content, stance, and topicality (Re-
ber et al., [2025).

* Rewrite 2 (Shortened): Starting from Rewrite 1, we apply another RATE-style prompt to
reduce its length, again without altering the original intent or content.

* Rewrite 3 (Lengthened, Off-topic): We generate a longer version of the chosen response
that includes slight topical drift—maintaining politeness and fluency, but deviating from
the core question or user intent.

By comparing the reward scores assigned to Rewritel vs Rewrite2, we test whether the
reward model exhibits length bias—i.e., whether longer responses are consistently favored despite
content parity. Meanwhile, comparing Rewritel vs Rewrite3 probes the model’s ability to
penalize off-topic responses, even when they are longer or more stylistically polished.

This design ensures that any performance difference arises from the model’s sensitivity to spurious
features such as verbosity or topic coherence. Our results in Table 4| show that SAS-regularized
models remains indifferent to length bias while being more sensitive to topical alignment.

We observe similar trends in the 9B setting [/} where CARP amplifies the distinction between on-
topic and off-topic responses while remaining robust to verbosity.
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Model ‘ Chat Chat-Hard Safety Reasoning Avg. Weighted Avg.
CARP (7 = 0.005) | 96.93 58.99 79.05 71.56 76.63 74.54
CARP (71 =0) 96.09 62.06 77.97 70.09 76.55 73.94

Table 3: RewardBench accuracy (%) comparison of best CARP 2B-model with and without SAS
thresholding. Using thresholding (k = 3.2e4, 7 = 0.005) disables SAS regularization for safety-
critical examples. We observe that removing the threshold (7 = 0) reduces the model safety.

Model (2B) Rewritel vs Rewrite2 Rewritel vs Rewrite3(7)
Helpful Math Safety Avg. | Helpful Math Safety Avg.
57.0 92.0 90.0 79.67

Bradley—Terry RRM 44.0 740 620 60.0
CARP(Ours) 53.0 67.0 46.0 55.33

53.0 62.0 86.0 72.0

Vanilla RM 43.0 550 59.0 5233
83.0 95.0 89.0 89.0

Table 4: Accuracy (%) of reward models on the Rewritel vs Rewrite2 and Rewritel vs Rewrite3
tasks, evaluated at the best epoch for each model across helpful, math, and safety domains.

4 CONCLUSION AND FUTURE DISCUSSION

Reward hacking arises from unintentional, prompt-unrelated biases in preference data. Prior work
has sought to address this issue by reinforcing the causal link between prompt intent and reward
model predictions, but has lacked a principled framework to quantify the extent to which a response
aligns with the prompt. We propose CARP, a framework that introduces the Semantic Alignment
Score (SAS) to measure how well a response reflects latent prompt intentions. We theoretically
show that SAS depends only on prompt-relevant information and suppresses context-independent
artifacts with high probability. Experimental results [5and [5] show that SAS captures prompt intent
independently of human preference labels. Incorporating SAS into reward model training further
improves performance over both Vanilla RM and RRM. Our framework thus enables reward models
to be more directly guided by prompt semantics, reducing reliance on spurious artifacts and mitigat-
ing reward hacking. Results in in Table|3|and Table|8|show that that CARP improves reward model
behavior in a subtle, orthogonal manner to most existing reward hacking mitigation methods. Rather
than replacing existing methods, CARP offers a principled mechanism for injecting prompt intent
supervision into reward training, opening the door to unified pipelines.

5 RELATED WORK

Reward Hacking The problem of reward hacking has become increasingly prominent with the
growing adoption of RLHF (Amodei et al.,2016; (Casper et al., 2023; | Kaufmann et al., |2023)). Mod-
els are likely to achieve high rewards without fulfilling the intended objectives(Pan et al., 2022}
Weng], [2024). For example, reward models are easily hacked by lengthSinghal et al.[(2024), syco-
phancyPerez et al.|(2022), concept(Zhou et al.,[2024)), and demography(Salinas et al.,[2023). Recent
works employ model merging (WARP(Ramé et al., 2024a) and WARM(Ramé et al., 2024b)), and
hacking reward decomposition(Chen et al.||2024) to mitigate hacking in online RLHF.

Causal Solutions to Reward Hacking On one hand, some researchers weaken the causal edge
from spurious attributes. RATE employs a “rewrite-twice” strategy to correct the imperfections of
counterfactuals(Reber et al.,|2025). RRM trains robust reward models by augmenting the training
distribution with counter-artifact examples(Liu et al.| 2025). Causal-Debias explicitly represents
spurious attributes and trains invariant predictors by minimizing the dependence between learned
representations and such attributes(Zhou et al.,|2023). On the other hand, others enhance the causal
relationship among intentional causal attributes. CROME applies causal data augmentation by in-
tervening on causally relevant attributes to generate training samples, strengthening their influence
on the reward model(Srivastava et al., [2025]).
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REPRODUCIBILITY STATEMENT

All code used for training the response SAE, prompt decoder, and reward models (RM, RRM, and
SAS-regularized RM), as well as for running the experiments, will be made publicly available upon
publication. The full implementations of the data generation pipeline and the training procedures for
SAE, prompt decoder, and reward models will be released on GitHub, and all trained models will
be uploaded to HuggingFace. For publicly available datasets used in our experiments, we provide
detailed preprocessing steps in the supplementary materials. For datasets generated by us, we will
release them on HuggingFace, with rewriting prompts described in the appendix. We also include
the complete set of hyperparameters (e.g., learning rates, batch sizes, and optimization settings) to
facilitate replication. Finally, our evaluation protocols are fully documented in the main text and
appendix, ensuring that all reported results can be reproduced.

REFERENCES

Loubna Ben Allal, Anton Lozhkov, Elie Bakouch, Gabriel Martin Blazquez, Guilherme Penedo,
Lewis Tunstall, Andrés Marafioti, Hynek Kydli¢ek, Agustin Piqueres Lajarin, Vaibhav Srivastav,
Joshua Lochner, Caleb Fahlgren, Xuan-Son Nguyen, Clémentine Fourrier, Ben Burtenshaw, Hugo
Larcher, Haojun Zhao, Cyril Zakka, Mathieu Morlon, Colin Raffel, Leandro von Werra, and
Thomas Wolf. Smollm2: When smol goes big — data-centric training of a small language model,
2025. URL https://arxiv.org/abs/2502.02737.

Dario Amodei, Chris Olah, Jacob Steinhardt, Paul Christiano, John Schulman, and Dan Mané. Con-
crete problems in ai safety, 2016. URL https://arxiv.org/abs/1606.06565,

Ralph Allan Bradley and Milton E. Terry. Rank analysis of incomplete block designs: I. the method
of paired comparisons. Biometrika, 39(3/4):324-345, 1952. ISSN 00063444, 14643510. URL
http://www. jstor.org/stable/2334029.

Stephen Casper, Xander Davies, Claudia Shi, Thomas Krendl Gilbert, Jérémy Scheurer, Javier
Rando, Rachel Freedman, Tomasz Korbak, David Lindner, Pedro Freire, Tony Wang, Samuel
Marks, Charbel-Raphaél Segerie, Micah Carroll, Andi Peng, Phillip Christoffersen, Mehul
Damani, Stewart Slocum, Usman Anwar, Anand Siththaranjan, Max Nadeau, Eric J. Michaud,
Jacob Pfau, Dmitrii Krasheninnikov, Xin Chen, Lauro Langosco, Peter Hase, Erdem B1yik, Anca
Dragan, David Krueger, Dorsa Sadigh, and Dylan Hadfield-Menell. Open problems and fun-
damental limitations of reinforcement learning from human feedback, 2023. URL https:
//arxiv.org/abs/2307.15217.

Lichang Chen, Chen Zhu, Davit Soselia, Jiuhai Chen, Tianyi Zhou, Tom Goldstein, Heng Huang,
Mohammad Shoeybi, and Bryan Catanzaro. Odin: Disentangled reward mitigates hacking in rlhf,
2024. URL https://arxiv.org/abs/2402.073109.

Paul Christiano, Jan Leike, Tom B. Brown, Miljan Martic, Shane Legg, and Dario Amodei. Deep
reinforcement learning from human preferences, 2023. URL https://arxiv.org/abs/
1706.03741l

DeepSeek-Al, Aixin Liu, Bei Feng, Bing Xue, Bingxuan Wang, Bochao Wu, Chengda Lu, Cheng-
gang Zhao, Chengqi Deng, Chenyu Zhang, Chong Ruan, Damai Dai, Daya Guo, Dejian Yang,
Deli Chen, Dongjie Ji, Erhang Li, Fangyun Lin, Fucong Dai, Fuli Luo, Guangbo Hao, Guanting
Chen, Guowei Li, H. Zhang, Han Bao, Hanwei Xu, Haocheng Wang, Haowei Zhang, Honghui
Ding, Huajian Xin, Huazuo Gao, Hui Li, Hui Qu, J. L. Cai, Jian Liang, Jianzhong Guo, Jiaqi
Ni, Jiashi Li, Jiawei Wang, Jin Chen, Jingchang Chen, Jingyang Yuan, Junjie Qiu, Junlong Li,
Junxiao Song, Kai Dong, Kai Hu, Kaige Gao, Kang Guan, Kexin Huang, Kuai Yu, Lean Wang,
Lecong Zhang, Lei Xu, Leyi Xia, Liang Zhao, Litong Wang, Liyue Zhang, Meng Li, Miaojun
Wang, Mingchuan Zhang, Minghua Zhang, Minghui Tang, Mingming Li, Ning Tian, Panpan
Huang, Peiyi Wang, Peng Zhang, Qiancheng Wang, Qihao Zhu, Qinyu Chen, Qiushi Du, R. J.
Chen, R. L. Jin, Ruiqi Ge, Ruisong Zhang, Ruizhe Pan, Runji Wang, Runxin Xu, Ruoyu Zhang,
Ruyi Chen, S. S. Li, Shanghao Lu, Shangyan Zhou, Shanhuang Chen, Shaoqing Wu, Shengfeng
Ye, Shengfeng Ye, Shirong Ma, Shiyu Wang, Shuang Zhou, Shuiping Yu, Shunfeng Zhou, Shut-
ing Pan, T. Wang, Tao Yun, Tian Pei, Tianyu Sun, W. L. Xiao, Wangding Zeng, Wanjia Zhao,

10


https://arxiv.org/abs/2502.02737
https://arxiv.org/abs/1606.06565
http://www.jstor.org/stable/2334029
https://arxiv.org/abs/2307.15217
https://arxiv.org/abs/2307.15217
https://arxiv.org/abs/2402.07319
https://arxiv.org/abs/1706.03741
https://arxiv.org/abs/1706.03741

Under review as a conference paper at ICLR 2026

Wei An, Wen Liu, Wenfeng Liang, Wenjun Gao, Wenqin Yu, Wentao Zhang, X. Q. Li, Xiangyue
Jin, Xianzu Wang, Xiao Bi, Xiaodong Liu, Xiaohan Wang, Xiaojin Shen, Xiaokang Chen, Xi-
aokang Zhang, Xiaosha Chen, Xiaotao Nie, Xiaowen Sun, Xiaoxiang Wang, Xin Cheng, Xin
Liu, Xin Xie, Xingchao Liu, Xingkai Yu, Xinnan Song, Xinxia Shan, Xinyi Zhou, Xinyu Yang,
Xinyuan Li, Xuecheng Su, Xuheng Lin, Y. K. Li, Y. Q. Wang, Y. X. Wei, Y. X. Zhu, Yang
Zhang, Yanhong Xu, Yanhong Xu, Yanping Huang, Yao Li, Yao Zhao, Yaofeng Sun, Yaohui
Li, Yaohui Wang, Yi Yu, Yi Zheng, Yichao Zhang, Yifan Shi, Yiliang Xiong, Ying He, Ying
Tang, Yishi Piao, Yisong Wang, Yixuan Tan, Yiyang Ma, Yiyuan Liu, Yongqiang Guo, Yu Wu,
Yuan Ou, Yuchen Zhu, Yuduan Wang, Yue Gong, Yuheng Zou, Yujia He, Yukun Zha, Yunfan
Xiong, Yunxian Ma, Yuting Yan, Yuxiang Luo, Yuxiang You, Yuxuan Liu, Yuyang Zhou, Z. F.
Wu, Z. Z. Ren, Zehui Ren, Zhangli Sha, Zhe Fu, Zhean Xu, Zhen Huang, Zhen Zhang, Zhenda
Xie, Zhengyan Zhang, Zhewen Hao, Zhibin Gou, Zhicheng Ma, Zhigang Yan, Zhihong Shao,
Zhipeng Xu, Zhiyu Wu, Zhongyu Zhang, Zhuoshu Li, Zihui Gu, Zijia Zhu, Zijun Liu, Zilin Li,
Ziwei Xie, Ziyang Song, Ziyi Gao, and Zizheng Pan. Deepseek-v3 technical report, 2025. URL
https://arxiv.org/abs/2412.19437.

Hanze Dong, Wei Xiong, Bo Pang, Haoxiang Wang, Han Zhao, Yingbo Zhou, Nan Jiang, Doyen
Sahoo, Caiming Xiong, and Tong Zhang. RIhf workflow: From reward modeling to online rlhf,
2024. URL https://arxiv.org/abs/2405.07863.

Yann Dubois, Xuechen Li, Rohan Taori, Tianyi Zhang, Ishaan Gulrajani, Jimmy Ba, Carlos
Guestrin, Percy Liang, and Tatsunori B. Hashimoto. Alpacafarm: A simulation framework for
methods that learn from human feedback, 2024. URL https://arxiv.org/abs/2305.
14387.

Aaron Grattafiori, Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey, Abhishek Kadian, Ahmad
Al-Dahle, Aiesha Letman, Akhil Mathur, Alan Schelten, Alex Vaughan, Amy Yang, Angela Fan,
Anirudh Goyal, Anthony Hartshorn, Aobo Yang, Archi Mitra, Archie Sravankumar, Artem Ko-
renev, Arthur Hinsvark, Arun Rao, Aston Zhang, Aurelien Rodriguez, Austen Gregerson, Ava
Spataru, Baptiste Roziere, Bethany Biron, Binh Tang, Bobbie Chern, Charlotte Caucheteux,
Chaya Nayak, Chloe Bi, Chris Marra, Chris McConnell, Christian Keller, Christophe Touret,
Chunyang Wu, Corinne Wong, Cristian Canton Ferrer, Cyrus Nikolaidis, Damien Allonsius,
Daniel Song, Danielle Pintz, Danny Livshits, Danny Wyatt, David Esiobu, Dhruv Choudhary,
Dhruv Mahajan, Diego Garcia-Olano, Diego Perino, Dieuwke Hupkes, Egor Lakomkin, Ehab
AlBadawy, Elina Lobanova, Emily Dinan, Eric Michael Smith, Filip Radenovic, Francisco
Guzmén, Frank Zhang, Gabriel Synnaeve, Gabrielle Lee, Georgia Lewis Anderson, Govind That-
tai, Graeme Nail, Gregoire Mialon, Guan Pang, Guillem Cucurell, Hailey Nguyen, Hannah Kore-
vaar, Hu Xu, Hugo Touvron, Iliyan Zarov, Imanol Arrieta Ibarra, Isabel Kloumann, Ishan Misra,
Ivan Evtimov, Jack Zhang, Jade Copet, Jaewon Lee, Jan Geffert, Jana Vranes, Jason Park, Jay Ma-
hadeokar, Jeet Shah, Jelmer van der Linde, Jennifer Billock, Jenny Hong, Jenya Lee, Jeremy Fu,
Jianfeng Chi, Jianyu Huang, Jiawen Liu, Jie Wang, Jiecao Yu, Joanna Bitton, Joe Spisak, Jong-
soo Park, Joseph Rocca, Joshua Johnstun, Joshua Saxe, Junteng Jia, Kalyan Vasuden Alwala,
Karthik Prasad, Kartikeya Upasani, Kate Plawiak, Ke Li, Kenneth Heafield, Kevin Stone, Khalid
El-Arini, Krithika Iyer, Kshitiz Malik, Kuenley Chiu, Kunal Bhalla, Kushal Lakhotia, Lauren
Rantala-Yeary, Laurens van der Maaten, Lawrence Chen, Liang Tan, Liz Jenkins, Louis Martin,
Lovish Madaan, Lubo Malo, Lukas Blecher, Lukas Landzaat, Luke de Oliveira, Madeline Muzzi,
Mahesh Pasupuleti, Mannat Singh, Manohar Paluri, Marcin Kardas, Maria Tsimpoukelli, Mathew
Oldham, Mathieu Rita, Maya Pavlova, Melanie Kambadur, Mike Lewis, Min Si, Mitesh Ku-
mar Singh, Mona Hassan, Naman Goyal, Narjes Torabi, Nikolay Bashlykov, Nikolay Bogoy-
chev, Niladri Chatterji, Ning Zhang, Olivier Duchenne, Onur Celebi, Patrick Alrassy, Pengchuan
Zhang, Pengwei Li, Petar Vasic, Peter Weng, Prajjwal Bhargava, Pratik Dubal, Praveen Krishnan,
Punit Singh Koura, Puxin Xu, Qing He, Qingxiao Dong, Ragavan Srinivasan, Raj Ganapathy, Ra-
mon Calderer, Ricardo Silveira Cabral, Robert Stojnic, Roberta Raileanu, Rohan Maheswari, Ro-
hit Girdhar, Rohit Patel, Romain Sauvestre, Ronnie Polidoro, Roshan Sumbaly, Ross Taylor, Ruan
Silva, Rui Hou, Rui Wang, Saghar Hosseini, Sahana Chennabasappa, Sanjay Singh, Sean Bell,
Seohyun Sonia Kim, Sergey Edunov, Shaoliang Nie, Sharan Narang, Sharath Raparthy, Sheng
Shen, Shengye Wan, Shruti Bhosale, Shun Zhang, Simon Vandenhende, Soumya Batra, Spencer
Whitman, Sten Sootla, Stephane Collot, Suchin Gururangan, Sydney Borodinsky, Tamar Herman,
Tara Fowler, Tarek Sheasha, Thomas Georgiou, Thomas Scialom, Tobias Speckbacher, Todor Mi-
haylov, Tong Xiao, Ujjwal Karn, Vedanuj Goswami, Vibhor Gupta, Vignesh Ramanathan, Viktor

11


https://arxiv.org/abs/2412.19437
https://arxiv.org/abs/2405.07863
https://arxiv.org/abs/2305.14387
https://arxiv.org/abs/2305.14387

Under review as a conference paper at ICLR 2026

Kerkez, Vincent Gonguet, Virginie Do, Vish Vogeti, Vitor Albiero, Vladan Petrovic, Weiwei
Chu, Wenhan Xiong, Wenyin Fu, Whitney Meers, Xavier Martinet, Xiaodong Wang, Xiaofang
Wang, Xiaoqing Ellen Tan, Xide Xia, Xinfeng Xie, Xuchao Jia, Xuewei Wang, Yaelle Gold-
schlag, Yashesh Gaur, Yasmine Babaei, Yi Wen, Yiwen Song, Yuchen Zhang, Yue Li, Yuning
Mao, Zacharie Delpierre Coudert, Zheng Yan, Zhengxing Chen, Zoe Papakipos, Aaditya Singh,
Aayushi Srivastava, Abha Jain, Adam Kelsey, Adam Shajnfeld, Adithya Gangidi, Adolfo Victoria,
Ahuva Goldstand, Ajay Menon, Ajay Sharma, Alex Boesenberg, Alexei Baevski, Allie Feinstein,
Amanda Kallet, Amit Sangani, Amos Teo, Anam Yunus, Andrei Lupu, Andres Alvarado, An-
drew Caples, Andrew Gu, Andrew Ho, Andrew Poulton, Andrew Ryan, Ankit Ramchandani, An-
nie Dong, Annie Franco, Anuj Goyal, Aparajita Saraf, Arkabandhu Chowdhury, Ashley Gabriel,
Ashwin Bharambe, Assaf Eisenman, Azadeh Yazdan, Beau James, Ben Maurer, Benjamin Leon-
hardi, Bernie Huang, Beth Loyd, Beto De Paola, Bhargavi Paranjape, Bing Liu, Bo Wu, Boyu
Ni, Braden Hancock, Bram Wasti, Brandon Spence, Brani Stojkovic, Brian Gamido, Britt Mon-
talvo, Carl Parker, Carly Burton, Catalina Mejia, Ce Liu, Changhan Wang, Changkyu Kim, Chao
Zhou, Chester Hu, Ching-Hsiang Chu, Chris Cai, Chris Tindal, Christoph Feichtenhofer, Cynthia
Gao, Damon Civin, Dana Beaty, Daniel Kreymer, Daniel Li, David Adkins, David Xu, Davide
Testuggine, Delia David, Devi Parikh, Diana Liskovich, Didem Foss, Dingkang Wang, Duc Le,
Dustin Holland, Edward Dowling, Eissa Jamil, Elaine Montgomery, Eleonora Presani, Emily
Hahn, Emily Wood, Eric-Tuan Le, Erik Brinkman, Esteban Arcaute, Evan Dunbar, Evan Smoth-
ers, Fei Sun, Felix Kreuk, Feng Tian, Filippos Kokkinos, Firat Ozgenel, Francesco Caggioni,
Frank Kanayet, Frank Seide, Gabriela Medina Florez, Gabriella Schwarz, Gada Badeer, Georgia
Swee, Gil Halpern, Grant Herman, Grigory Sizov, Guangyi, Zhang, Guna Lakshminarayanan,
Hakan Inan, Hamid Shojanazeri, Han Zou, Hannah Wang, Hanwen Zha, Haroun Habeeb, Harri-
son Rudolph, Helen Suk, Henry Aspegren, Hunter Goldman, Hongyuan Zhan, Ibrahim Damlaj,
Igor Molybog, Igor Tufanov, Ilias Leontiadis, Irina-Elena Veliche, Itai Gat, Jake Weissman, James
Geboski, James Kohli, Janice Lam, Japhet Asher, Jean-Baptiste Gaya, Jeff Marcus, Jeff Tang, Jen-
nifer Chan, Jenny Zhen, Jeremy Reizenstein, Jeremy Teboul, Jessica Zhong, Jian Jin, Jingyi Yang,
Joe Cummings, Jon Carvill, Jon Shepard, Jonathan McPhie, Jonathan Torres, Josh Ginsburg, Jun-
jie Wang, Kai Wu, Kam Hou U, Karan Saxena, Kartikay Khandelwal, Katayoun Zand, Kathy
Matosich, Kaushik Veeraraghavan, Kelly Michelena, Keqian Li, Kiran Jagadeesh, Kun Huang,
Kunal Chawla, Kyle Huang, Lailin Chen, Lakshya Garg, Lavender A, Leandro Silva, Lee Bell,
Lei Zhang, Liangpeng Guo, Licheng Yu, Liron Moshkovich, Luca Wehrstedt, Madian Khabsa,
Manav Avalani, Manish Bhatt, Martynas Mankus, Matan Hasson, Matthew Lennie, Matthias
Reso, Maxim Groshev, Maxim Naumov, Maya Lathi, Meghan Keneally, Miao Liu, Michael L.
Seltzer, Michal Valko, Michelle Restrepo, Mihir Patel, Mik Vyatskov, Mikayel Samvelyan, Mike
Clark, Mike Macey, Mike Wang, Miquel Jubert Hermoso, Mo Metanat, Mohammad Rastegari,
Munish Bansal, Nandhini Santhanam, Natascha Parks, Natasha White, Navyata Bawa, Nayan
Singhal, Nick Egebo, Nicolas Usunier, Nikhil Mehta, Nikolay Pavlovich Laptev, Ning Dong,
Norman Cheng, Oleg Chernoguz, Olivia Hart, Omkar Salpekar, Ozlem Kalinli, Parkin Kent,
Parth Parekh, Paul Saab, Pavan Balaji, Pedro Rittner, Philip Bontrager, Pierre Roux, Piotr Dollar,
Polina Zvyagina, Prashant Ratanchandani, Pritish Yuvraj, Qian Liang, Rachad Alao, Rachel Ro-
driguez, Rafi Ayub, Raghotham Murthy, Raghu Nayani, Rahul Mitra, Rangaprabhu Parthasarathy,
Raymond Li, Rebekkah Hogan, Robin Battey, Rocky Wang, Russ Howes, Ruty Rinott, Sachin
Mehta, Sachin Siby, Sai Jayesh Bondu, Samyak Datta, Sara Chugh, Sara Hunt, Sargun Dhillon,
Sasha Sidorov, Satadru Pan, Saurabh Mahajan, Saurabh Verma, Seiji Yamamoto, Sharadh Ra-
maswamy, Shaun Lindsay, Shaun Lindsay, Sheng Feng, Shenghao Lin, Shengxin Cindy Zha,
Shishir Patil, Shiva Shankar, Shuqiang Zhang, Shugiang Zhang, Sinong Wang, Sneha Agarwal,
Soji Sajuyigbe, Soumith Chintala, Stephanie Max, Stephen Chen, Steve Kehoe, Steve Satter-
field, Sudarshan Govindaprasad, Sumit Gupta, Summer Deng, Sungmin Cho, Sunny Virk, Suraj
Subramanian, Sy Choudhury, Sydney Goldman, Tal Remez, Tamar Glaser, Tamara Best, Thilo
Koehler, Thomas Robinson, Tianhe Li, Tianjun Zhang, Tim Matthews, Timothy Chou, Tzook
Shaked, Varun Vontimitta, Victoria Ajayi, Victoria Montanez, Vijai Mohan, Vinay Satish Ku-
mar, Vishal Mangla, Vlad Ionescu, Vlad Poenaru, Vlad Tiberiu Mihailescu, Vladimir Ivanov,
Wei Li, Wenchen Wang, Wenwen Jiang, Wes Bouaziz, Will Constable, Xiaocheng Tang, Xiao-
jian Wu, Xiaolan Wang, Xilun Wu, Xinbo Gao, Yaniv Kleinman, Yanjun Chen, Ye Hu, Ye Jia,
Ye Qi, Yenda Li, Yilin Zhang, Ying Zhang, Yossi Adi, Youngjin Nam, Yu, Wang, Yu Zhao,
Yuchen Hao, Yundi Qian, Yunlu Li, Yuzi He, Zach Rait, Zachary DeVito, Zef Rosnbrick, Zhao-
duo Wen, Zhenyu Yang, Zhiwei Zhao, and Zhiyu Ma. The llama 3 herd of models, 2024. URL
https://arxiv.org/abs/2407.21783.

12


https://arxiv.org/abs/2407.21783

Under review as a conference paper at ICLR 2026

Dongfu Jiang, Xiang Ren, and Bill Yuchen Lin. Llm-blender: Ensembling large language models
with pairwise ranking and generative fusion, 2023. URL https://arxiv.org/abs/2306.
02561.

Timo Kaufmann, Sarah Ball, Jacob Beck, Eyke Hiillermeier, and Frauke Kreuter. On the challenges
and practices of reinforcement learning from real human feedback. In PKDD/ECML Workshops
(2), pp. 276-294,2023. URLhttps://doi.org/10.1007/978-3-031-74627-7_21.

Diederik P Kingma and Max Welling. Auto-encoding variational bayes, 2022. URL https:
//arxiv.org/abs/1312.6114l

Nathan Lambert, Valentina Pyatkin, Jacob Morrison, LJ Miranda, Bill Yuchen Lin, Khyathi
Chandu, Nouha Dziri, Sachin Kumar, Tom Zick, Yejin Choi, Noah A. Smith, and Hannaneh
Hajishirzi. Rewardbench: Evaluating reward models for language modeling, 2024. URL
https://arxiv.org/abs/2403.13787.

Tianqi Liu, Wei Xiong, Jie Ren, Lichang Chen, Junru Wu, Rishabh Joshi, Yang Gao, Jiaming Shen,
Zhen Qin, Tianhe Yu, Daniel Sohn, Anastasiia Makarova, Jeremiah Liu, Yuan Liu, Bilal Piot, Abe
Ittycheriah, Aviral Kumar, and Mohammad Saleh. Rrm: Robust reward model training mitigates
reward hacking, 2025. URL https://arxiv.org/abs/2409.13156.

Alireza Makhzani and Brendan Frey. k-sparse autoencoders, 2014. URL https://arxiv.org/
abs/1312.5663l

Saumya Malik, Valentina Pyatkin, Sander Land, Jacob Morrison, Noah A. Smith, Hannaneh Ha-
jishirzi, and Nathan Lambert. Rewardbench 2: Advancing reward model evaluation, 2025. URL
https://arxiv.org/abs/2506.01937.

Long Ouyang, Jeffrey Wu, Xu Jiang, Diogo Almeida, Carroll Wainwright, Pamela Mishkin, Chong
Zhang, Sandhini Agarwal, Katarina Slama, Alex Ray, John Schulman, Jacob Hilton, Fraser Kel-
ton, Luke Miller, Maddie Simens, Amanda Askell, Peter Welinder, Paul F Christiano, Jan Leike,
and Ryan Lowe. Training language models to follow instructions with human feedback. In
S. Koyejo, S. Mohamed, A. Agarwal, D. Belgrave, K. Cho, and A. Oh (eds.), Advances in
Neural Information Processing Systems, volume 35, pp. 27730-27744. Curran Associates, Inc.,
2022. URL https://proceedings.neurips.cc/paper_files/paper/2022/
file/blefde53be364a73914£f58805a001731-Paper—Conference.pdf.

Alexander Pan, Kush Bhatia, and Jacob Steinhardt. The effects of reward misspecification: Mapping
and mitigating misaligned models, 2022. URL https://arxiv.org/abs/2201.03544.

Judea Pearl. Causality. Cambridge university press, 2009.

Ethan Perez, Sam Ringer, Kamilé Lukositte, Karina Nguyen, Edwin Chen, Scott Heiner, Craig Pet-
tit, Catherine Olsson, Sandipan Kundu, Saurav Kadavath, Andy Jones, Anna Chen, Ben Mann,
Brian Israel, Bryan Seethor, Cameron McKinnon, Christopher Olah, Da Yan, Daniela Amodei,
Dario Amodei, Dawn Drain, Dustin Li, Eli Tran-Johnson, Guro Khundadze, Jackson Kernion,
James Landis, Jamie Kerr, Jared Mueller, Jeeyoon Hyun, Joshua Landau, Kamal Ndousse, Lan-
don Goldberg, Liane Lovitt, Martin Lucas, Michael Sellitto, Miranda Zhang, Neerav Kingsland,
Nelson Elhage, Nicholas Joseph, Noemi Mercado, Nova DasSarma, Oliver Rausch, Robin Lar-
son, Sam McCandlish, Scott Johnston, Shauna Kravec, Sheer El Showk, Tamera Lanham, Timo-
thy Telleen-Lawton, Tom Brown, Tom Henighan, Tristan Hume, Yuntao Bai, Zac Hatfield-Dodds,
Jack Clark, Samuel R. Bowman, Amanda Askell, Roger Grosse, Danny Hernandez, Deep Gan-
guli, Evan Hubinger, Nicholas Schiefer, and Jared Kaplan. Discovering language model behaviors
with model-written evaluations, 2022. URL https://arxiv.org/abs/2212.09251.

Alexandre Ramé, Johan Ferret, Nino Vieillard, Robert Dadashi, Léonard Hussenot, Pierre-Louis
Cedoz, Pier Giuseppe Sessa, Sertan Girgin, Arthur Douillard, and Olivier Bachem. Warp: On
the benefits of weight averaged rewarded policies, 2024a. URL https://arxiv.org/abs/
2406.16768.

Alexandre Ramé, Nino Vieillard, Léonard Hussenot, Robert Dadashi, Geoffrey Cideron, Olivier
Bachem, and Johan Ferret. Warm: On the benefits of weight averaged reward models, 2024b.
URL https://arxiv.org/abs/2401.12187.

13


https://arxiv.org/abs/2306.02561
https://arxiv.org/abs/2306.02561
https://doi.org/10.1007/978-3-031-74627-7_21
https://arxiv.org/abs/1312.6114
https://arxiv.org/abs/1312.6114
https://arxiv.org/abs/2403.13787
https://arxiv.org/abs/2409.13156
https://arxiv.org/abs/1312.5663
https://arxiv.org/abs/1312.5663
https://arxiv.org/abs/2506.01937
https://proceedings.neurips.cc/paper_files/paper/2022/file/b1efde53be364a73914f58805a001731-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2022/file/b1efde53be364a73914f58805a001731-Paper-Conference.pdf
https://arxiv.org/abs/2201.03544
https://arxiv.org/abs/2212.09251
https://arxiv.org/abs/2406.16768
https://arxiv.org/abs/2406.16768
https://arxiv.org/abs/2401.12187

Under review as a conference paper at ICLR 2026

David Reber, Sean Richardson, Todd Nief, Cristina Garbacea, and Victor Veitch. Rate: Causal
explainability of reward models with imperfect counterfactuals, 2025. URL https://arxiv.
org/abs/2410.11348.

Abel Salinas, Parth Shah, Yuzhong Huang, Robert McCormack, and Fred Morstatter. The un-
equal opportunities of large language models: Examining demographic biases in job recom-
mendations by chatgpt and llama. In Equity and Access in Algorithms, Mechanisms, and Op-
timization, EAAMO °23, pp. 1-15. ACM, October 2023. doi: 10.1145/3617694.3623257. URL
http://dx.doi.org/10.1145/3617694.3623257.

Wei Shen, Rui Zheng, Wenyu Zhan, Jun Zhao, Shihan Dou, Tao Gui, Qi Zhang, and Xuanjing
Huang. Loose lips sink ships: Mitigating length bias in reinforcement learning from human
feedback, 2023. URL https://arxiv.org/abs/2310.05199.

Prasann Singhal, Tanya Goyal, Jiacheng Xu, and Greg Durrett. A long way to go: Investigating
length correlations in rlhf, 2024. URL https://arxiv.org/abs/2310.03716,

Pragya Srivastava, Harman Singh, Rahul Madhavan, Gandharv Patil, Sravanti Addepalli, Arun
Suggala, Rengarajan Aravamudhan, Soumya Sharma, Anirban Laha, Aravindan Raghuveer,
Karthikeyan Shanmugam, and Doina Precup. Robust reward modeling via causal rubrics.
In 2nd Workshop on Models of Human Feedback for Al Alignment, 2025. URL https:
//openreview.net/forum?id=10sNFOnBhpl

Nisan Stiennon, Long Ouyang, Jeff Wu, Daniel M. Ziegler, Ryan Lowe, Chelsea Voss, Alec Radford,
Dario Amodei, and Paul Christiano. Learning to summarize from human feedback, 2022. URL
https://arxiv.org/abs/2009.01325.

Gemma Team, Morgane Riviere, Shreya Pathak, Pier Giuseppe Sessa, Cassidy Hardin, Surya Bhu-
patiraju, Léonard Hussenot, Thomas Mesnard, Bobak Shahriari, Alexandre Ramé, Johan Fer-
ret, Peter Liu, Pouya Tafti, Abe Friesen, Michelle Casbon, Sabela Ramos, Ravin Kumar, Char-
line Le Lan, Sammy Jerome, Anton Tsitsulin, Nino Vieillard, Piotr Stanczyk, Sertan Girgin,
Nikola Momchev, Matt Hoffman, Shantanu Thakoor, Jean-Bastien Grill, Behnam Neyshabur,
Olivier Bachem, Alanna Walton, Aliaksei Severyn, Alicia Parrish, Aliya Ahmad, Allen Hutchi-
son, Alvin Abdagic, Amanda Carl, Amy Shen, Andy Brock, Andy Coenen, Anthony Laforge,
Antonia Paterson, Ben Bastian, Bilal Piot, Bo Wu, Brandon Royal, Charlie Chen, Chintu Kumar,
Chris Perry, Chris Welty, Christopher A. Choquette-Choo, Danila Sinopalnikov, David Wein-
berger, Dimple Vijaykumar, Dominika Rogozifiska, Dustin Herbison, Elisa Bandy, Emma Wang,
Eric Noland, Erica Moreira, Evan Senter, Evgenii Eltyshev, Francesco Visin, Gabriel Rasskin,
Gary Wei, Glenn Cameron, Gus Martins, Hadi Hashemi, Hanna Klimczak-Pluciriska, Harleen
Batra, Harsh Dhand, Ivan Nardini, Jacinda Mein, Jack Zhou, James Svensson, Jeff Stanway, Jetha
Chan, Jin Peng Zhou, Joana Carrasqueira, Joana Iljazi, Jocelyn Becker, Joe Fernandez, Joost van
Amersfoort, Josh Gordon, Josh Lipschultz, Josh Newlan, Ju yeong Ji, Kareem Mohamed, Kar-
tikeya Badola, Kat Black, Katie Millican, Keelin McDonell, Kelvin Nguyen, Kiranbir Sodhia,
Kish Greene, Lars Lowe Sjoesund, Lauren Usui, Laurent Sifre, Lena Heuermann, Leticia Lago,
Lilly McNealus, Livio Baldini Soares, Logan Kilpatrick, Lucas Dixon, Luciano Martins, Machel
Reid, Manvinder Singh, Mark Iverson, Martin Gorner, Mat Velloso, Mateo Wirth, Matt Davidow,
Matt Miller, Matthew Rahtz, Matthew Watson, Meg Risdal, Mehran Kazemi, Michael Moyni-
han, Ming Zhang, Minsuk Kahng, Minwoo Park, Mofi Rahman, Mohit Khatwani, Natalie Dao,
Nenshad Bardoliwalla, Nesh Devanathan, Neta Dumai, Nilay Chauhan, Oscar Wahltinez, Pankil
Botarda, Parker Barnes, Paul Barham, Paul Michel, Pengchong Jin, Petko Georgiev, Phil Culli-
ton, Pradeep Kuppala, Ramona Comanescu, Ramona Merhej, Reena Jana, Reza Ardeshir Rokni,
Rishabh Agarwal, Ryan Mullins, Samaneh Saadat, Sara Mc Carthy, Sarah Cogan, Sarah Perrin,
Sébastien M. R. Arnold, Sebastian Krause, Shengyang Dai, Shruti Garg, Shruti Sheth, Sue Ron-
strom, Susan Chan, Timothy Jordan, Ting Yu, Tom Eccles, Tom Hennigan, Tomas Kocisky, Tulsee
Doshi, Vihan Jain, Vikas Yadav, Vilobh Meshram, Vishal Dharmadhikari, Warren Barkley, Wei
Wei, Wenming Ye, Woohyun Han, Woosuk Kwon, Xiang Xu, Zhe Shen, Zhitao Gong, Zichuan
Wei, Victor Cotruta, Phoebe Kirk, Anand Rao, Minh Giang, Ludovic Peran, Tris Warkentin, Eli
Collins, Joelle Barral, Zoubin Ghahramani, Raia Hadsell, D. Sculley, Jeanine Banks, Anca Dra-
gan, Slav Petrov, Oriol Vinyals, Jeff Dean, Demis Hassabis, Koray Kavukcuoglu, Clement Fara-
bet, Elena Buchatskaya, Sebastian Borgeaud, Noah Fiedel, Armand Joulin, Kathleen Kenealy,

14


https://arxiv.org/abs/2410.11348
https://arxiv.org/abs/2410.11348
http://dx.doi.org/10.1145/3617694.3623257
https://arxiv.org/abs/2310.05199
https://arxiv.org/abs/2310.03716
https://openreview.net/forum?id=1OsNFOnBhp
https://openreview.net/forum?id=1OsNFOnBhp
https://arxiv.org/abs/2009.01325

Under review as a conference paper at ICLR 2026

Robert Dadashi, and Alek Andreev. Gemma 2: Improving open language models at a practical
size, 2024. URL https://arxiv.org/abs/2408.00118.

Joel A. Tropp. User-friendly tail bounds for sums of random matrices. Foundations of Com-
putational Mathematics, 12(4):389—434, August 2011. ISSN 1615-3383. doi: 10.1007/
$s10208-011-9099-z. URL http://dx.doi.org/10.1007/s10208-011-9099-zl

Chaoqi Wang, Zhuokai Zhao, Yibo Jiang, Zhaorun Chen, Chen Zhu, Yuxin Chen, Jiayi Liu, Lizhu
Zhang, Xiangjun Fan, Hao Ma, and Sinong Wang. Beyond reward hacking: Causal rewards for
large language model alignment, 2025. URL https://arxiv.org/abs/2501.09620.

Lilian Weng. Reward hacking in reinforcement learning. lilianweng.github.io, Nov 2024. URL
https://lilianweng.github.io/posts/2024-11-28-reward-hacking/|

An Yang, Anfeng Li, Baosong Yang, Beichen Zhang, Binyuan Hui, Bo Zheng, Bowen Yu, Chang
Gao, Chengen Huang, Chenxu Lv, Chujie Zheng, Dayiheng Liu, Fan Zhou, Fei Huang, Feng Hu,
Hao Ge, Haoran Wei, Huan Lin, Jialong Tang, Jian Yang, Jianhong Tu, Jianwei Zhang, Jianxin
Yang, Jiaxi Yang, Jing Zhou, Jingren Zhou, Junyang Lin, Kai Dang, Keqin Bao, Kexin Yang,
Le Yu, Lianghao Deng, Mei Li, Mingfeng Xue, Mingze Li, Pei Zhang, Peng Wang, Qin Zhu, Rui
Men, Ruize Gao, Shixuan Liu, Shuang Luo, Tianhao Li, Tianyi Tang, Wenbiao Yin, Xingzhang
Ren, Xinyu Wang, Xinyu Zhang, Xuancheng Ren, Yang Fan, Yang Su, Yichang Zhang, Yinger
Zhang, Yu Wan, Yuqiong Liu, Zekun Wang, Zeyu Cui, Zhenru Zhang, Zhipeng Zhou, and Zihan
Qiu. Qwen3 technical report, 2025. URL https://arxiv.org/abs/2505.09388.

Liuyi Yao, Zhixuan Chu, Sheng Li, Yaliang Li, Jing Gao, and Aidong Zhang. A survey on causal
inference. ACM Trans. Knowl. Discov. Data, 15(5), May 2021. ISSN 1556-4681. doi: 10.1145/
3444944, URL https://doi.org/10.1145/3444944,

Fan Zhou, Yuzhou Mao, Liu Yu, Yi Yang, and Ting Zhong. Causal-debias: Unifying debiasing
in pretrained language models and fine-tuning via causal invariant learning. In Anna Rogers,
Jordan Boyd-Graber, and Naoaki Okazaki (eds.), Proceedings of the 61st Annual Meeting of
the Association for Computational Linguistics (Volume 1: Long Papers), Toronto, Canada, July
2023. Association for Computational Linguistics. doi: 10.18653/v1/2023.acl-long.232. URL
https://aclanthology.org/2023.acl-1long.232/.

Yuhang Zhou, Paiheng Xu, Xiaoyu Liu, Bang An, Wei Ai, and Furong Huang. Explore spurious
correlations at the concept level in language models for text classification, 2024. URL https:
//arxiv.org/abs/2311.08648.

15


https://arxiv.org/abs/2408.00118
http://dx.doi.org/10.1007/s10208-011-9099-z
https://arxiv.org/abs/2501.09620
https://lilianweng.github.io/posts/2024-11-28-reward-hacking/
https://arxiv.org/abs/2505.09388
https://doi.org/10.1145/3444944
https://aclanthology.org/2023.acl-long.232/
https://arxiv.org/abs/2311.08648
https://arxiv.org/abs/2311.08648

Under review as a conference paper at ICLR 2026

A LLM USAGE STATEMENT

In preparing this manuscript, large language models (LLMs) were used solely as auxiliary tools
for improving the clarity and readability of the text. Specifically, LLMs were employed to correct
grammatical errors, refine phrasing, and polish the language style to ensure that the writing is more
formal and consistent with academic standards.

Importantly, LLMs were not used for research ideation, retrieval or discovery of related work, data
analysis, or generation of scientific content. All conceptual contributions, methodological designs,
experimental implementations, and substantive writing were conducted entirely by the authors. The
authors take full responsibility for the final content of the paper.

B THEORETICAL DERIVATION FOR ARTIFACTS COMPRESSION

Assumption 1 (Conditional Zero-Mean of Artifacts).
E[g(zi,;) [ wi] = 0.

Since z is independent from w, the conditional expectation is a constant, which can be generalized
to non-zero case easily.

Assumption 2 (Sub-Gaussian Distribution).

1. There exist a constant o > 0 such that for every coordinate of p, and every A € R,
E[exp(X-py g(2i))] < exp(a?X?/2).

2. There exist constants 0,0, > 0 such that for every unit vectors a & R%, b € R%, and
every A € R,

E[eXp(/\ a'(z; — m-))} < exp(v;i) :
E[GXP()\ b’ (uij — Mu(wi))} < eXp(Azgai) s () i = Elug j | 2]

Assumption 3 (Top-K Margin Condition). For s; = P f(w;) and ideal Top-K indices Jy,,, there
exists & > 0 such that:

min min (|s; ;| — |s;.¢]) > 6.
Jmin W’wiﬂ il = siel) =

Assumption 4 (Positive Definite Covariance).
Amin (Zuu) = Ao > 0,
where ¥, = E[uuT].
Assumption 5 (Bounded Expectation).
IMy, My, My > 0, s.t. Ell|lzi|[3] < M7, E[||f (w)l[3] < M7, Ell|ug|3] < M
Lemma 1. If ||Pn; j||co < §/2, then no flip occurs. Moreover, the flip probability satisfies:

52
i < Pr(1 Pl > 872) < 2hesp (~ 5 )

Proof of Lemmall] Lets; = Pf(w;)and A; j; = P, ;. Forany j € J,, andt ¢ J,,,:
[(si 4 D )il = (s + Dig)el = Isi gl = [Dijsl = Isiel = [Aija
2 [sijl = Isiel = 2|12

>5-2(6/2)=0

o0

Thus the Top-K selection remains unchanged.

By union bound:

k
Pr1 Pl > 0/2) = Pr (max Iofneg| > 6/2) < S Prllofus = 3/2) )

r=1
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Since pI'n; ; is sub-Gaussian with parameter o2, by tail bounds:

(9/2)? 62
552 ) = 2exp <_802> ®)

Therefore: pgip < 2k exp(—§2/802). O

Pr(|pfni ;| > 6/2) < 2exp (_

Lemma 2 (Population Covariance Decomposition). Denote I, as the coordinate selection matrix
corresponding to J.,, and Ig, as the real coordinate selection matrix when flipping.

20 =E[e(17,9)7], Sew=E[eu”], 29 =E[(I1,5)1,9], Suu=E[uu’]

w uu

The population cross-covariance can be decomposed as:
with ||Azu||0p < prﬂip7 ||AUUH0P < Cupﬂip'

Proof of Lemma[2] Recall the notation for a fixed prompt index i:
Yij = flwi) +9(zi5), vi; = Pyij, u;,; = TopK(v;5),
and write, for brevity,
si=Pf(wi),  nmij=9(z;),  Dij:=Pnj,
so that v; ; = s; + A, ; and u; ; = TopK(s; + A, ;).

Step 1 Prove that there exist constants C' > 0, such that [|[E[A;; | w;, flip]|[3 < C. Fix a
coordinate r € {1,..., k}. Denote A;j. :== (Pn; ;)» = p, ni.;- By the sub-Gaussian assumption,

t2
P(|Aijy| > t) < 2exp ( - ﬁ) vt > 0.

The flip event implies that the Top-K selection has been altered, which by the margin assumption
requires
flip = |Ayjr| >0/2 for some 7.

Hence, for each coordinate,

2 . 2
E[Am | wy, flip] < E[Aijr

| |Aijr| > 6/2].

By the definition of conditional expectation,

E[Azzjrl\Aijr|25/2]
P(|Aijr| > 6/2)

E[AZ, | |Air| >6/2] =

jr

Using the sub-Gaussian tail bound, the numerator can be bounded by integrating the tail:

2

s

o0 T o0 t

]E[AfjrllAm‘Z%}:A P(AY 1A, 53 zt)dt:A 1dt+ﬁ2 2eXp(—ﬁ>dt§C’102,
T

where C; > 0 is a constant depending only on ¢ and o. The denominator P(|A;;.| > §/2) < 1, so
E[Aﬁjr | ‘Aijr| > 5/2} S 010'2.

Finally, summing over all k£ coordinates,

k
IE[Ai; | ws, flip] |13 < E[[| A ;113 | wi, flip] = > E[AZ, | w;, flip] < kCyo?,

r=1

which proves the conclusion with C' := kC, 2.
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Step 2 Prove the lemma.

Using the law of total expectation:
E[Ai; [ wi] = E[Aq; | w;, no-flip] P(no-flip | w;) + E[A;; | ws, flip] P(flip | w;)
= E[A;; | wi, no-flip)(1 — P(flip | w;)) + E[As; | w;, flip] P(flip | w;)
=0

_ P(flip | w;)

Here we denote A = E[A,; | w;, flip], according to Step 1, ||A|[3 < C,

E[ui; | wi]
=E[u;; | w;,no-flip] - P(no-flip|w;) + Efu;; | w;, flip] - P(flip|w;)
=(1 — P(flip|w;))1,,, (si + E[Aij|w;, no-flip]) + P(flip|w;) Lz, (si + E[Agj]w;, flip])
=1, si + P(flip|w;) (I, — I1,,)(si + A)
Ypw = E[az ug] E[xZE[uzﬂwl]T]

Agy = Sou — B = Elz; P(flip|w;)(s; + A)T (15, — I, )"]
18sullop < /IELei 13\ IELP(iplw:) (L, — 11, )(si + A3
< 2,/ [Ele.] |3 VEP@iplon) 24/ |[ELPS (w3 + | ELA]|3
< 2Mepaip/ || P12, My + C = Cupaip

Similarly, Ay = Syu — S < Cuppip H

Lemma 3 (High-probability Concentration of Empirical Matrices). Denote the empirical matrix as
follows:

R 1 N M A N M
Exuzw Z 1] ]Rdxk7 uu: NMZZ Zju kak

IfFNM > C";—;(d + k +log(1/m)), for some constant C > 0, o2 > 0, then with probability at least
1—mn:
||Ezu - E:quop S e and ||Euu - Euu”op S 3 (9)

Proof of Lemma 3| Fix a prompt index 4. Define
N M

M
_ 1
u; = MZUM, pu(24) == Elu; ; | z;]. Sou = Zzgcz Uy gy Ngu = Elz; u;rj]

j=1 zlgl

Step 1 (Block decomposition). Rewrite
1 & 1
S _ Z : L 72 ST T
qu - Emu - N Y;a Y; T M (‘r’bui,j JI iU j])
i=1 j=1
Conditioning on z;, we decompose
_ T
Vi = i (@ — (@) + (wagnale) "~ Bl ).
—_—————

A

B;

Here, A; is the average of M independent responses, E[A; | x;] = 0. B; depends only on z;, and
E[B;] = 0. Thus,
E[Yi] = E[E[Y;|2:]] = E[Ai] + E[B;] = E[E[A;]2,]] + E[Bi] = 0

{Y;}¥, remain independent mean-zero random matrices.

18



Under review as a conference paper at ICLR 2026

Step 2 (Concentration of A;). Condition on x;. Then

Ai = i(W; — pu () "
By Assumption 2| each w; ; — p,,(z;) is conditionally o,,-sub-Gaussian. By vector Bernstein (or
e-net argument), for any § > 0,

Pr (||a,- — pa(@)|l2 = Croyy/ EHeBAD ’z) <.

By union bound over i = 1, ..., N, with probability at least 1 — 7/4,

i — (1) |2 < Croy /ANy,
Aillop < llzill2 - Croy ) B8 (10)

Step 3 (Bounding B;). We have
B; = xmu(aci)—r — E[xiu—r].
Clearly E[B;] = 0. Using Cauchy-Schwarz inequality,
IBillop < llillall(@i)ll2 + | Elziu fop-

Thus

From E||z;||3 < M2 and E||u,,(2;)]|3 < M2, we get
E|B;|2, < M2M?2.

‘ip ~

Thus the variance contribution of B; is of constant order (not scaled by 1/M).

Step 4 (Truncation and Bernstein). To apply matrix Bernstein, we need a uniform almost-sure
bound on ||Y;||op. Define the truncated version

BT = B {||Billop < 7}, Y7 1= A+ B

Since || B; ||op is sub-exponential (as quadratic form of sub-Gaussians), for any 1 > 0 we can choose
T <X M, M, log(N/n)
so that with probability at least 1 — 1/4 simultaneously for all 4,
[Billop < 7.

On this event, we have
”Yi”op < ”AiHop +7<Ljs+ Lp,

Ly:=0C4 m?,x ||;C,H2 . Uu\/@, Lp :=CoM, M, 10g(N/77)-

Thus we may apply Matrix BernsteinTropp| (2011). Define the variance proxy

N N
o2 = maX{H S EYY,] Y EY,'Y) Op}.
=1 =1

where

’
op

We estimate

2 2
i k
Bla.47] = o 2% gy gy — o),
so overall 5 o
Mzozk
o2 < N(L'“ + M§M§).

Now Bernstein inequality yields: for alle > 0,

1 N
Pr N;Y”

N252/2
> < (d+k - .
ze)| <(d+ )eXp( g§+(LA+LB)Ns/3>

op
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Conclusion. Combining Steps 1-4 and union bounding over the failure probabilities, we conclude
that with probability at least 1 — 7,

o2M2k  MZM?2
op ™ NM N

log((d + K)/n) _ _

ixu - Ezu
H NS

+ (La+Lp)

Similarly, when M, N large enough, we can prove that

||Euu - Euu”op S 9

Corollary 1. Combining Lemma|2]and Lemma 3| and:
||§zu - Eg)“ﬂp < e+ Cuppip
||§uu - 2522“0[1 < e+ Cupfiip

Lemma 4 (High Probability Concentration of OLS Decoder). Under the conditions of previous
lemmas, N M is large enough, for some constant Cr,, > 0, then with probability at least 1 — n:

IZ = L*|lop < Ci, (€ + i) (11)
where L* = EMEJJ and C1,, depends on Xy, C, C,,.

Proof of Lemma[d] By definition,
L-L" = S5 —x,,50 L
Adding and subtracting Zmiqj& yields the standard perturbation decomposition:

L—L* = (Spu — Zou)Sui + 20w (00 — 200). (12)

uu

Step 1 (Bounding the first term) By submultiplicativity of the operator norm,
||(Zwu - ZLEU)Z'L}HOP < Hzﬂﬂu - Za:uHop : HZ;&HOP'
From Corollary[I] we have
||Ewu - Zwu”op S €+ Cxpﬂip~
Moreover, since Amin(Zyu) > Ao > 0 and Him — yullop < € with high probability, a standard
Weyl inequality argument implies
a A
)\min(zuu> Z )\O — & 2 ?Oa
for ¢ sufficiently small. Consequently,
a 2
Sodllop < ~—.
H uu || P — /\0
Step 2 (Bounding the second term) For the inverse perturbation term, we use the standard matrix
identity
E;ul - E;ul = Z;& (Euu - Euu)zﬁi-

Taking operator norms and applying submultiplicativity yields
||E;11 - E;}”Op < ”Z;}HOP : ”Zuu - Euu“OlD : ”21711”010'

By assumption ||£7![lep < 1/Ao, and from the previous bound [|[S;}]lop < 2/Ao. Using Corol-
lary [T} we also have

||Euu - Euu”op S e+ Cupﬂip'
Hence,

oo _ 2 1 2
||Eu1} - Z’LH}HOP S )\70 . (5 + Cupﬂip) . )\70 = P (E + Cupﬂip)~
0
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Step 3 (Combining bounds) Substituting the two bounds back into the decomposition of equa-
tion (12} and using || X,y |lop < C (from moment conditions), we obtain

~ ) 2 2C,
1L —L ||0p < —(e+ Czpﬂip) + == (e + Cupﬂip)-
Ao G

2 2C,

Let Cp, = max(5; + 20, + % w)> we have

BY R
1L = L*|lop < CL, (€ + priip)
O

Lemma 5 (High Probability Concentration of Ideal Decoder). Under the conditions of previous
lemmas, if NM is large enough, for some constant Cr,, > 0, then with probability at least 1 — 1:

[L* = LO)op < Cupaip, (13)

where L(0) = E&?} (2522) 71, Cr, > 0is a constant depending only on (Ao, Cy, Cy,).

Proof of Lemma/[5] We start from the decomposition

Lr - LO = 5,55 - 20(=0) (14)
= (Zou = ) (B0) 7 + 20 (Z0 - (=) 7). (1)

Step 1 (Bounding the first term) By Lemmal[2] we have
Xz — Egc%)”Op < C: paip-

Furthermore, since )\min(EE&)) > Ao, it follows that

_ 1
IS8 M lop < N
Therefore,
_ Ce
1(Sau = ZEDNED) M lop < 2 P (16)

Step 2 (Bounding the second term) We use the inverse perturbation identity:
St = (Z0) 7 =2 (50 - Zu) (€07
Hence,
=20 = EED)  op < 1Z50lop - 18w = Z&llop - 1EED) ™ lop-

From Lemma 2}
”Euu - ESL)”O}) < Cupﬂip«

Moreover, |57} lop < 1/A0 and [|(25) 1 lop < 1/Ao. Thus,

_ _ Cy
150 = (CED) oy < 55 P (17)
0
Multiplying by ||E:(,3(L)||0p < C, gives
- - C:Cy
Hzgc%)(zuz} - (Zgou)) 1)Hop < )\(2) Pitip- (18)
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Step 3 (Combining Bounds) Combining both terms in equation[I3] we obtain

HL* _ L(O)”Op < (& + CrCy

=% T(Q))pﬂipzolqpﬂip

Absorbing constants into C'r,, yields the claimed result. O

Theorem 1 (High-Probability Artifacts Suppression in Decoder). Under assumptions (1)—(5) stated

below, if NM > C’Z—j(d + k +log(1/n)), then with probability at least 1 —n, 3C1,Cy > 0, such
that:

IZ = Loy < Ci(e +paip), 116 =02 < Cale + i)

Proof of Theorem([I] According to previous lemmas, we have

||E - L(O)HOP = HE - L'+ L" - L(O)HOP
<L = L¥)lop + IL* = LOlop
< Cr, (e + paip) + CrL,paip
< (CLI + CL2)(E + pﬂip)
= C1(e + prip)

Similarly, || — b© || < Ca(e + paip) =

Theorem 2 (Artifacts Suppression in Prediction). Under Assumptions (1)—(5) stated in Appendix@
given a new sample y = f(w) + g(2), Upew = TopK(Py), then for any confidence parameter
n € (0, 1), with probability at least 1 — 1) the following holds:

Hiunew Jrg* (L(U)IJWPJC(U)) + b(O))||2

~ M “4)
< O((e + paw) IPllop L+ o/k+Tog(L/).

where o is the sub-Gaussian scale according to assumptionin Appendix@ and C > 0 is a constant
depending only on the constants appearing in Assumptions (1)—(5) and on operator norms of L(®)
and Py

w®

Proof. Denote the following items:
S i1= Pf(w), Ajew = PQ(Z), Unew ‘= S+ Apew,  Unew =: TOpK(Unew)7 0= Upew — 17,5

w

We have upew = I, Pf(w) + 9.

Define the prediction error

£ = qunew Jrg* (L(O)ijpf(w) + b(o))H2
= |(Z = LOYtper + LO5 + (5 )],
< |IZ = LOlopllunewllz + IZ@ opll6]l2 + [ — 6@ |lo.

From Theorem|T] there exists a constant C; > 0 such that with high probability

IL = LOop < Cile +pain), |6 =02 < Cile + paip),

Write tupew = 7,5 + 6. Then

[umewll2 < 27, 8ll2 + [16]l2 < [, lop [ Pllopll.f (w)llz + [[6]l2 = 1 Pllopl f (w)l2 + [I6]]2
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Step 1 (High-probability control of ||4||2)
0 = Unew — 17,8
= L, P(f(w) +9(2)) = 1, Pf(w)
= (g = 13,)Pf(w) + 15, Pg(2)
= (Lpew = 15, )P f(w) + 15, Anew

* When event no-flipping occurs, 6 = 1,

real

Apew and thus |62 < [[Anew]|2-

» When event flipping occurs, a conservative bound is ||6]2 < || Anew||2 + [|8]]2-
By the sub-Gaussian assumption on Ayey (Assumption [2)), there is Co > 0 such that for any 1 €
(0, 1), with probability at least 1 — 7,

[Anewll2 < Cooav/k +log(1/n). (19)

Moreover, by Lemma [T margin assumption the flip probability satisfies the exponential-type bound
62
prip < 2k exp (—&‘2>

Combining the two displays and taking union bounds, we obtain that with probability at least 1 — 7,

6]l < C2oa/k +1og(1/n) + Cs paip [|s]|2,

for some constant C's > 0 (the second term accounts for the rare flips whose magnitude can scale
with [|s||2).
Step 2 (High-probability control of ||s||2)

Isll2 = Pf(w) < |[Pllop [|.f(w)]l2-
According to Assumption [5| E[f(w)] < Mj.

By Chebyshev-inequality, for the chosen confidence 7 € (0, 1),

Pr(lf)le > 1) <

hence with probability at least 1 — 7,
My
va

Combining this with the previous bound on ||§]|2 we get: with probability at least 1 — 7,

M
16]l2 < Co o\/k +log(1/n) + Cs paip ||P||op7;;. (20)

Conclusion Substitute Step 1, Step 2 and equation [20] into the decomposition for £. There exist
constants C' (depending on C1, Cs, Cs, HL(O) lop) such that, with probability at least 1 — 7,

£<Cie +pﬂip)(||HP||op|\f( M2+ [18112) + 1L [op I6]]2 + Ci (e +pﬂip)
<Ci(e +pﬂip)(llHP||op N L4 Cy o/ +1og(1/n) + Cs paip HPHop )

NG
+ HL(O)HOP (C20v/k +1log(1/n) + C3 paip || Pllop \/»)"'Cl(g'i‘pﬁlp)

< Mypy. e ip) + Capaip + C3| L ;

> \/ﬁH HOP[ 1(5+pﬂ1p)+ 3Pfip + 3|| HOppﬂlp]

+ ok +1log(1/n) [C1Ca(e + paip) + ||ILO]|opC2] + Ci( + paip)

< O((e 4 pan) NPy 72+ o/E T Tog(17m).
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C DERIVATION FOR SAS-INDUCED CAUSAL EFFECT

C.1 GRADIENT PERSPECTIVE

We can also tell the causal effect of SAS by observing the gradient when parameters are updated.
Denote 6 as the reward model parameters, r(x,y) as the reward model, z as the prompt, y. as the
chosen response, ¥, as the rejected responses, s. as the SAS score of chosen response, s, as the
SAS score of rejected response.

Now we derive the gradients. Denote d; = k - (S;c — Sir)

OLsas O0Lsas
—— = 0(Yic — Yir -1, —— = —0(Wic¥ir 1
v o(Yic — Yir +d) i o (Yicyir +d) +
OLsas  ~x—=OLsas 0yic , OLsas Oyir
20 Z Oy 00 T Oy 00

_ o o ayzc o ayzr

oL — R 8yic _ 6yzr
% - Z[U(yzc yzr) 1][ 96 90 ]

l

When the human preference are aligned with SAS score, i.e the chosen response is more related to
prompt intention. Then SAS(z, y;.) < SAS(x, yir), |0 (Yic — Yir) — 1| < |0 (Yic — yir + d) — 1],
the reward model trained with SAS score will be updated more aggressively. On contrast, when the
human preference are conflicted with SAS score, SAS(z, y;.) > SAS(z,Yir)s |0 (Yic — yir) — 1] >
lo(Yic — yir + d) — 1], the reward model trained with SAS score will be updated more merely.

This observation fits our goal perfectly. If the human preference are aligned with SAS, indicating
that there is not much unintentional spurious favor in human labels, then we can update more in this
correct direction. Instead, if the human preference are conflicted with SAS, it is possible that there
are some prompt-unrelated artifacts in human label, thus we should slow our steps in this direction.

C.2 ATE PERSPECTIVE
Recall the notations in reward model training:

F(,y) = argmax } _logo(ric = rir),

?

fnSAS(xvy) = arg mﬁileogJ((mc - Tir) + k- (Sic - Szr))

Proposition 1. Denote SAS(x,y) as s(x,y). By simple equivalent substitution, we can derive:
’f'n(xa y) - TAnSAS(xa y) = k’S(%, y)

Proof. Letr(z,y) + ks(x,y) = f(x,y), then
Tnsas(v,y) + ks(z,y)

=arg ?ﬁfz [log o[(r(zi, yic) + ks(2i, yic)) — (r(xi; yir) + ks(@i, yic))]]
=arg m?XZ [log olf(xi, yic) — f(x, yzr)]]

=arg mﬁxz [log olr(xi, yic) — 7”(961‘73/17*)}] = in(,y)
Thus, 7, (2, y) — Pnsas(z,y) = ks(z,y). O
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D COMPLETE EXPERIMENTAL RESULTS

D.1 PROMPT DECODER EXPERIMENTS

In this section, we provide additional details on the training, evaluation, and SAS output of our
prompt decoders.

Data Augmentation for Prompt Decoder Training To train our prompt decoder with improved
semantic generalization, we augment each prompt with multiple diverse responses drawn from both
human-written and model-generated sources.

The following is our rewriting prompt and a specific result:

Rewriting Prompt

Rewrite the assistant’s answer so that all factual content, stance, and conclusions remain
the same. Do not introduce new factual claims. You may add extra sentences or rephrase for
style, politeness, or verbosity if requested. When adding extra text, ensure it is stylistic (e.g.,
compliments, polite preambles, transitions) and does not alter the factual meaning.

Rewriting Example

Prompt:
Are tacos a Mexican food dish?

Original Chosen Response (SAS= 0.7713):

Tacos are a dish that originated in Mexico, although they’re now widely popular in
other cultures. They’re also called burritos in some places, and there are quite a
few regional variants. Tacos are traditionally served with shredded lettuce, tomato,
onions, and a mild sauce, but they may also be wrapped in a variety of ways and
served with a variety of additional ingredients, such as shredded cheese, guacamole,
or refried beans.

Rewritten Chosen Response (SAS= 0.7767):

Absolutely! Tacos are indeed a delightful dish that originated in Mexico, and their
popularity has truly transcended borders, captivating the hearts and palates of people
around the world. It’s fascinating how they are sometimes referred to as burritos in
certain regions, showcasing the rich diversity of culinary traditions. Traditionally,
tacos are beautifully adorned with shredded lettuce, tomatoes, onions, and a mild
sauce, but their versatility is truly remarkable! They can be wrapped in various ways
and accompanied by an array of scrumptious ingredients like shredded cheese, gua-
camole, or refried beans. It’s no wonder that tacos have become a beloved staple in
so many cultures!

\. J

Per-Dimension Evaluation Results The separate accuracy of the prompt decoder on helpfulness,
math, and safety subsets is shown in Figure 5] highlighting domain-specific patterns and strengths.
Apart from MSE loss, we also train the prompt decoder with cosine-similarity loss. The prompt
decoder’s average accuracy is shown in Figure 6] and the separate accuracy in three domains is
shown in Figure [7] Since the prompt decoder trained with MSE loss in Figure [3a] outperformed
the one trained with cosine similarity in Figure [6] we adopt the MSE-trained decoder to compute
Semantic Alignment Scores (SAS) for downstream reward model training.

SAS Score Distribution on Reward Model Training Data The distributions of Semantic Align-
ment Scores (SAS) computed on the 70K reward model training set are shown in Figure[8] including
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Figure 5: Accuracy Curve of Prompt Decoder between Rewrite and Reject Groups in Helpful,
Safety, and Mathematical Reasoning Domains
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(a) Average accuracy of the prompt decoder (b) Average accuracy of the prompt decoder on the
on the chosen-vs-rewrite task across helpful, chosen-vs-reject task. Performance remains near
math, and safety domains. Augmented training random guess (50%) across all training regimes,
(20K _augmented) yields the best performance, indicating that SAS captures a signal orthogonal
surpassing both unaugmented 20K and 80K data. to human preference labels.

Figure 6: Average Accuracy Curve of Prompt Decoder

those of the chosen responses, the rejected responses, and their pairwise differences. This further
indicates that the prompt decoder captures a signal that is complementary to human-labeled pref-
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Figure 7: Accuracy Curve of Prompt Decoder between Rewrite and Reject Groups in Helpful,
Safety, and Mathematical Reasoning Domains with Cosine Similarity Loss

erences, rather than simply replicating them, and is thus more robust to unintentionally introduced
human noise.

Chosen SAS Score Distribution Rejected SAS Score Distribution Chosen - Rejected SAS Score Distribution

SAS chosen mean: 0.889826 SAS reject mean: 0.890066| 12000 1 Chosen - Reject mean: -0.000240

3500
10000

3000
2500 8000

£ 2000 z

H 8 s000

1500
4000

1000
2000

500

o

002 -001 0.00 001 002 003
SAS Score Difference

Figure 8: Distribution of Semantic Alignment Scores (SAS) among chosen responses, rejected re-
sponses and their difference on the 70K training pairs.
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D.2 REWARD MODEL TRAINING

This section covers implementation details and extended results for our SAS-regularized reward
model training and its baselines.

Our Reproduction of RRM  We reimplement the RRM training pipeline based on|Liu et al.|(2025)
using the same 70K preference dataset as CARP, enabling direct comparison with our CARP frame-
work. While the original RRM employs a pairwise preference modeling objective that directly
predicts preference probability from prompt-response pairs, we adopt the classical Bradley—Terry
formulation, which is more widely used and compatible with our existing reward model setup.

We adopt RRM’s artifact mitigation strategy of prompt—response permutation following Equation 5
in their paper to obtain 14x augmented samples. Training is conducted with batch size 256 and
learning rate 1e—6 for one epoch. To reduce data size, we keep only augmented pairs satisfying

I[P(A = B) — P*(A = B)| > 0.2, resulting in a final dataset of 224K example

Our reproduced Bradley-Terry RRM underperforms the original on RewardBench ((see Table [3))),
likely because augmentation from 70K examples fails to capture sufficient variability. The permu-
tation scheme introduces complex reward signals that require the original full 700K dataset to be
effective. However, Bradley—Terry RRM achieves improved robustness in downstream evaluation
as shown in Table ] and Table[7] indicating that RRM’s artifact invariant augmentation generalizes
in all reward model formulations, but requires a sufficiently large base dataset.

Complete Result Comparison Here we provide the full comparison between Vanilla RM, RRM
(replicated), and CARP models across RewardBench and spurious signal tests for both 2B and 9B
settings in Table[5]

(a) Gemma-2-2B-it

Model | Chat Chat-Hard Safety Reasoning Avg. Weighted Avg.
Vanilla RM 97.77 54.82 83.24 66.18 75.50 72.46
RRM (Bradley-Terry) 92.19 48.03 49.46 69.11 64.69 63.79
RRM (Pair Preference) | 97.21 49.01 72.71 70.08 72.25 -
CARP (k = 4.0e3) 98.04 54.82 81.62 65.41 74.97 71.73
CARP (k = 1.6e4) 97.21 58.11 79.73 68.83 75.97 73.30
CARP (k = 3.2e4) 96.93 58.99 79.05 71.56 76.63 74.54
CARP (k = 6.4e4) 93.30 62.72 77.43 72.47 76.48 74.70
(b) Gemma-2-9B-it

Model \ Chat Chat-Hard Safety Reasoning Avg. Weighted Avg.
Vanilla RM 96.37 63.37 89.73 82.88 83.09 83.22
RRM (Bradley-Terry) | 93.02 59.65 61.22 78.55 73.11 73.10
RRM (Pair Preference) | 96.51 65.57 83.90 90.62 84.15 -
CARP (k = 4.0e3) 96.65 61.40 89.59 83.16 82.70 83.04
CARP (k = 1.6e4) 96.37 62.94 89.32 88.26 84.22 85.63
CARP (k = 3.2e4) 96.09 66.23 89.50 88.40 85.04 86.20
CARP (k = 6.4e4) 94.69 68.86 88.24 89.87 85.42 86.83

Table 5: RewardBench accuracy (%) of reward models across four evaluation categories.
CARP (Ours) denotes the SAS-regularized reward model with best-performing k value. Each sub-
table corresponds to a different model scale. The weighted average reflects the overall proportion of
correctly ranked preference pairs across all subsets. Note: RRM’s weighted average is not reported
in the original paper.

3P*(A > B) equals 1 if A is preferred, 0 if B is preferred, and 0.5 if tied.
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Spurious Correlation Evaluation We describe the rewriting strategy to construct the evaluation
data sets for spurious correlation testing in Table [6| followed by a specific example of the rewriting
results|D.2| The detailed evaluation of spurious correlations of the 9B models is shown in Tablem

Rewriting Type Rewrite 1 Rewrite 2 Rewrite 3
Rewriting Rewrite the Make the previous ~ Expand the
Instruction response to be response more response with
longer while concise without stylistic
preserving meaning losing core elaboration,
and style. information. allowing mild
topical drift.

Table 6: Rewriting instructions used to construct response variants for robustness testing. Each
instruction targets different attributes such as response length or topicality.

Rewriting Example

Prompt: Why are the Kardashians so famous?

Rewrite 1: The Kardashian family has undeniably emerged as a prominent and influ-
ential cultural phenomenon within contemporary American society. They are most
notably represented by the reality television show Keeping Up with the Kardashians,
which has garnered widespread critical acclaim and achieved record-breaking rat-
ings throughout its various seasons and spin-offs. This show has not only captivated
audiences but has also significantly shaped popular culture and social dynamics. Be-
yond their television presence, the Kardashian family has successfully ventured into
various other fields, with multiple members pursuing thriving careers in fashion, en-
tertainment, social media, and other diverse arenas. Their entrepreneurial spirit and
ability to capitalize on their fame have led to the creation of numerous brands and
products that resonate with fans and consumers alike. Overall, the Kardashian fam-
ily serves as a striking representation of the increasing prevalence of celebrity and
media culture in contemporary American society. Their influence underscores the
importance of images and narratives in modern cultural discourse, illustrating how
celebrity status can shape public perception and societal trends.

Rewrite 2: The Kardashian family has become a significant cultural phenomenon
in contemporary American society, primarily through their reality show Keeping
Up with the Kardashians, which has received critical acclaim and achieved record-
breaking ratings. This show has not only captivated audiences but also shaped pop-
ular culture and social dynamics. Beyond television, the family has successfully
ventured into various fields, with members building thriving careers in fashion, enter-
tainment, and social media. Their entrepreneurial spirit has led to numerous brands
and products that resonate with fans and consumers. Overall, the Kardashian family
exemplifies the rise of celebrity and media culture in modern America, highlighting
how celebrity status can influence public perception and societal trends.
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Rewrite 3: The Kardashian family has undeniably emerged as a prominent and influ-
ential cultural phenomenon within contemporary American society, captivating au-
diences with their unique blend of glamour, drama, and entrepreneurial spirit. Most
notably represented by the reality television show Keeping Up with the Kardashians,
which has garnered widespread critical acclaim and achieved record-breaking rat-
ings across its various seasons, the family’s impact extends far beyond the confines
of the small screen. Each member of the family has carved out a niche for them-
selves, pursuing successful careers in diverse fields such as fashion, entertainment,
and social media, thereby illustrating the multifaceted nature of their influence. This
phenomenon raises intriguing questions about the evolving landscape of celebrity
culture and the ways in which images and narratives shape public perception. More-
over, one might consider how the rise of social media platforms has transformed the
way we engage with celebrities, blurring the lines between public and private life, and
fostering a culture of constant connectivity. It’s fascinating to think about how this
shift has not only affected the Kardashians but also countless other public figures
who navigate the complexities of fame in the digital age. Overall, the Kardashian
family’s prominence serves as a reflection of the increasing prevalence of celebrity
and media culture in contemporary American society, highlighting the significance
of visual storytelling and the narratives we construct around public personas. What
does this say about our collective values and the way we consume media?

Model (9B) Rewritel vs Rewrite2 Rewritel vs Rewrite3(7)
Helpful Math Safety Avg. | Helpful Math Safety Avg.
73.0 93.0 87.0 8433

Bradley-Terry RRM 62.0 89.0 80.0 77.0
CARP 59.0 51.0 51.0 53.67

72.0 91.0 90.0 84.33

Vanilla RM 37.0 66.0 540 52.33
88.0 920 87.0 89.0

Table 7: Accuracy (%) of reward models on the Rewritel vs Rewrite2 and Rewritel vs Rewrite3
tasks, evaluated at the best epoch for each model across helpful, math, and safety domains.

E FURTHER ABLATION STUDY ON SAFETY ALIGNMENT

We conducted an ablation study as Table [3]to assess the impact of the safety threshold 7 when k =
3.2e4. As shown in Table[8] for & = 1.6e4, the model with thresholding (7 = 0.005) outperforms
the one without thresholding (7 = 0) on the Safety dimension.

Model ‘ Chat Chat-Hard Safety Reasoning Avg. Weighted Avg.
CARP (7 = 0.005) | 97.21 58.11 79.97 68.83 75.97 73.30
CARP (1 =0) 97.49 58.99 77.84 67.92 75.56 72.56

Table 8: RewardBench accuracy (%) comparison of best CARP 2B-model with and without SAS
thresholding. Using thresholding (k = 1.6e4,7 = 0.005) disables SAS regularization for safety-
critical examples. We observe that removing the threshold (7 = 0) reduces the model safety.
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