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Abstract

Aligning Large Language Models (LLMs) and
Large Multimodal Models (LMM:s) to human
preferences is crucial for improving their real-
world behavior. A common approach is to
use reward models that enable reinforcement-
learning post-training. However, traditional
reward modeling requires finetuning on large
preference datasets, limiting adaptability to
new preferences. We introduce Activation Re-
ward Models (Activation RMs)—the first mech-
anistic interpretability approach that steers
LLM activations to align with few-shot pref-
erence data without finetuning. Our method
combines activation denoising and output to-
ken likelihood scoring, achieving state-of-the-
art performance on standard reward model-
ing benchmarks, surpassing zero-shot, few-
shot, and voting-based baselines. We further
demonstrate that Activation RMs mitigate re-
ward hacking behaviors and remain robust
to noisy exemplars and spurious reward sig-
nals. To evaluate this, we propose Prefer-
enceHack, a novel few-shot benchmark test-
ing reward models on reward hacking in a
paired preference format, where Activation
RMs achieve state-of-the-art performance, sur-
passing GPT-40. The project page is avail-
able at https://chancharikmitra.github.
io/ActivationRM.

1 Introduction

Aligning Large Language Models (LLMs) (Rad-
ford and Narasimhan, 2018; Touvron et al., 2023)
and Large Multimodal Models (LMMs) (Li et al.,
2023; OpenAl, 2023; Wang et al., 2024b; Bai
et al., 2025) with human preferences has become in-
creasingly important for applications such as ques-
tion answering (Ouyang et al., 2022b; Yu et al.,
2024b; Zhang et al., 2025¢), summarization (Sti-
ennon et al., 2020b), and retrieval (Zhang et al.,
2025a). While traditional fine-tuning effectively
improves generative performance, it predominantly

optimizes next-token prediction objectives that may
not align with human intents on specific tasks. Re-
ward modeling and preference optimization have
emerged as essential paradigms for post-training
alignment (Ouyang et al., 2022b; Bai et al., 2022b),
but traditional approaches require large preference
datasets and separate reward models for each new
task, limiting rapid adaptation to emerging safety
threats or specific biases.

Recent approaches use LLMs as zero-shot re-
ward models without finetuning (Bai et al., 2022c;
Lee et al., 2024b), including LL.M-as-a-Judge (Gu
et al., 2024) and token probability scoring (Lin
et al., 2024; Zhang et al., 2025b). However, these
generative reward models underperform special-
ized reward models and can be exploited through
reward hacking (Wang et al., 2024a; Denison et al.,
2024), even after extensive red-teaming (Perez
et al., 2022; Ramesh et al., 2024). These chal-
lenges underscore the need for reward modeling
approaches that can rapidly adapt using few-shot
examples (Kobalczyk et al., 2024) while maintain-
ing robustness against exploitation.

To address these limitations, we propose Activa-
tion Reward Models (Activation RMs)—the first
mechanistic interpretability (Hendel et al., 2023a;
Huang et al., 2024a; Mitra et al., 2024) approach
designed specifically for few-shot reward modeling.
Our method comprises three components, each ad-
dressing a critical challenge in existing approaches.
First, we leverage few-shot examples to select at-
tention heads well-suited for the preference objec-
tive, enabling more precise task alignment than
in-context learning (Brown, 2020). Second, since
human preferences lack the clear metrics of stan-
dard tasks like VQA or captioning—preference
labels are imperfect estimators of underlying hu-
man values—we employ a weighted PCA variant
to extract the underlying preference signal from
few-shot activations by combining top principal
components weighted by explained variance ratios.
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Figure 1: Activation Reward Models. The Activation RMs pipeline has two high-level steps. First, few-shot
examples are used to steer specific attention heads within the model. Second, using this edited model, downstream
inference for reward modeling is done via token probability scoring.

With outlier noise filtered out, these activations are
replaced at selected heads for steering. Third, we
address the variability and hallucination of gener-
ative LLM-as-a-Judge approaches by leveraging
token probability scoring rather than free-form gen-
eration, offering a more reliable reward signal.

To rigorously evaluate reward model robustness,
we introduce PreferenceHack, the first benchmark
designed to test reward hacking vulnerabilities
through paired preference evaluation in a few-shot
setting. Unlike existing benchmarks focusing on
standard preference accuracy, PreferenceHack sys-
tematically probes models for exploitable biases
such as length and format preferences, and eval-
uates their ability to mitigate such biases given
few-shot exemplars.

Our contributions are: (i) We introduce Activa-
tion RMs, a mechanistic interpretability framework
that rapidly adapts to new preferences using only a
handful of examples, outperforming existing few-
shot approaches on RewardBench and Multimodal-
RewardBench without parameter updates; (ii) We
present PreferenceHack, the first benchmark for
evaluating reward hacking in paired preference for-
mats; (iii) We demonstrate state-of-the-art robust-
ness against reward hacking, surpassing GPT-40
while maintaining flexibility to adapt to novel bi-
ases with few-shot examples.

2 Related Work

Activation Steering and Task Vector Methods.
Recent advances in mechanistic interpretability
have revealed how model behavior can be ma-
nipulated through internal representations. Early
work (Bau et al., 2017, 2020; Zhou et al., 2018)
established frameworks for understanding how neu-
rons encode semantic concepts, while activation
steering methods (Subramani et al., 2022; Turner
et al., 2024; Panickssery et al., 2023) demonstrated
behavior modification without parameter updates.
The discovery of specialized components (e.g., in-
duction heads (Olsson et al., 2022; Yin and Stein-
hardt, 2025), task-specific neurons (Hernandez
et al., 2023)) led to task vector abstractions (Hen-
del et al., 2023b; Todd et al., 2024), later ex-
tended to multimodal settings through visual (Hojel
et al., 2025), multimodal (Huang et al., 2024b), and
sparse attention vectors (Mitra et al., 2024). While
these methods have shown success, our work is
the first to apply few-shot activation steering to
reward modeling, integrating it with token proba-
bility scoring for fast adaptation without parameter
updates.

Reward Modeling. Early work showed rein-
forcement learning could leverage human feed-
back (Christiano et al., 2017; Ziegler et al., 2019;
Stiennon et al., 2020a), leading to the standard
RLHEF pipeline (Ouyang et al., 2022a; Bai et al.,
2022a) using PPO (Schulman et al., 2017). Recent
approaches simplify this: DPO (Rafailov et al.,
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2023) derives the optimal policy in closed-form,
while ranked response methods (Yuan et al., 2023;
Chen et al., 2025) and guided optimization (Shao
et al., 2024) offer alternatives. Newer reward mod-
eling approaches include LLM-as-judge prompt-
ing (Gu et al., 2024), Generative Verifiers (Zhang
et al., 2024), and Al feedback methods (Bai et al.,
2022d; Lee et al., 2024a). Benchmarks like Re-
wardBench (Lambert et al., 2024) and its vari-
ants (Gureja et al., 2024; Jin et al., 2024; Miao et al.,
2024a; Wu et al., 2025; Yasunaga et al., 2025b)
have standardized evaluation.

Reward Hacking. A critical challenge in reward
modeling is reward hacking, where models exploit
spurious correlations rather than learning intended
behaviors. Recent work has documented how mis-
alignment can emerge naturally from reward hack-
ing (MacDiarmid et al., 2025), with reasoning mod-
els potentially learning to obfuscate such behav-
iors (Baker et al., 2025). Mitigation strategies
include robust reward model training (Liu et al.,
2024), information-theoretic approaches (Miao
et al., 2024b), regularized sampling (Jinnai et al.,
2024), and dynamic labeling (Rashidinejad and
Tian, 2024). Our PreferenceHack benchmark pro-
vides the first systematic evaluation of reward hack-
ing in paired preference formats.

Few-Shot Preference Learning. Approaches
to few-shot preference adaptation include meta-
learning-based FSPO (Singh et al., 2025), In-
Context Preference Learning (Yu et al., 2024a),
neural process-based steering (Kobalczyk et al.,
2024), variational preference learning (Poddar
et al., 2024), group preference optimization (Zhao
et al., 2023), feature-based methods (Barreto et al.,
2025), and rule-based rewards (Mu et al., 2024). In
contrast to these approaches requiring fine-tuning,
prompting, or complex RL, our Activation RMs
leverage activation steering to construct accurate
reward models from minimal examples with no
additional training.

3 Activation Reward Models

While traditional reward modeling effectively
aligns LLMs and LMMs to human preferences,
it fundamentally lacks adaptability due to its de-
pendence on large labeled datasets and extensive
training. We present Activation Reward Models
(Activation RMs), a framework that enables pre-
cise reward modeling with minimal examples and
no additional training through three targeted com-

ponents: activation steering for task specification,
weighted PCA denoising for robust preference ex-
traction, and generative scoring for reliable evalua-
tion. Figure 1 illustrates our approach.

3.1 Problem Setup

In reward modeling, given responses 7 to a prompt
p, areward model R evaluates alignment with hu-
man preferences—either as a scalar score for a sin-
gle response or as a preference between multiple
responses. Traditional approaches require exten-
sive preference datasets and separate model train-
ing. In contrast, few-shot reward modeling con-
structs accurate reward signals using only a small
set of examples {(p;, r;, yi) } 7, where y; indicates
the preference outcome (whether a response meets
criteria or which response is preferred). Activa-
tion RMs leverage these few examples to adapt to
new preference specifications without parameter
updates.

3.2 Attention Head Selection and Activation
Extraction

Unlike in-context learning which relies on surface-
level patterns, we directly modify the model’s in-
ternal representations to encode preference criteria.
We begin by identifying which attention heads best
capture preference evaluation and extracting their
activations.

A transformer with L layers and H attention
heads processes inputs through multi-head self-

attention where in each layer [ € {1,..., L} and
head m € {1,..., H}, the attention mechanism
computes:

meoy QK T>
h]"(z;) = softmax < Nz Vv
where Q, K, V are the query, key, and value matri-
ces, and d,,, = d/H is the dimensionality per head.
We denote h;"(z;) as the attention vector for head
m in layer [ at position 4.

For each few-shot triple (p;, 75, y;), we wrap the
task in a pairwise template. When the model runs
this template, we read last token activations 2z, ;
at head (I, m) for criterion j. To choose the heads
that encode the criterion, we optimize a Bernoulli
over head indicators with REINFORCE (Williams,
2004): sample a binary mask over heads, evaluate
accuracy on a validation split, and update inclu-
sion probabilities toward higher accuracy masks,
yielding an optimized select set \;¥M.
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3.3 Weighted PCA Denoising for Robust
Preference Extraction

Human preference labels contain inherent noise
from annotator disagreements and inconsistent cri-
teria application. Rather than using simple averag-
ing which treats all activation dimensions equally,
we apply weighted PCA to extract the core prefer-
ence signal.

We run PCA on the activation vectors 2, ;
from the selected heads over all few-shot exam-
ples, yielding components v, . . . , vg with variance
weights wq, . . ., wy that quantify how much pref-
erence signal each captures.

To denoise the activations, we compute a
weighted average of the top-k principal compo-
nents: ,uf‘RM = Zle w; - v; where wj is the ex-
plained variance ratio of the i-th principal com-
ponent, normalized across the top-k£ components.
This weighted combination prioritizes the dimen-
sions that capture the most variance in the pref-
erence signal while filtering out noise from less
informative dimensions, making our method robust
to label inconsistencies and annotation errors.

3.4 Generative Scoring for Formalized
Evaluation

Instead of free-form generation which is prone to
randomness and hallucinations we score via token
probabilities. For a new response 7 to prompt p, we

inject denoised activations M?RM at the selected at-

ARM
Aj

tention head locations and query the model:

s(r | p) = Pp(“Yes” | geva, \j*M, pf®™M) (D)
where gevar 1S the prompt “Does this response
meet the specified criteria?”

The reward score is the probability of generating
“Yes”, providing a calibrated scalar signal that di-
rectly leverages the model’s understanding without
additional training. This approach eliminates the
inconsistencies of language-based judgments while
maintaining interpretability.

3.5 Implementation and Applications

Activation RMs naturally extend to multimodal in-
puts by incorporating visual information into the
prompt structure, enabling consistent preference
evaluation across modalities. The framework’s
flexibility supports diverse applications: serving
as a general evaluator by adapting evaluation crite-
ria, enabling best-of-N sampling through response

ranking, or providing scalar rewards for reinforce-
ment learning-based preference optimization. Im-
portantly, all adaptation occurs through the few-
shot examples alone—no architectural changes or
parameter updates are required, making Activation
RMs immediately deployable for new preference
specifications.

4 PreferenceHack: A Few-Shot Reward
Hacking Benchmark

Reward hacking—where certain model biases ex-
ploit confounding factors in reward functions rather
than satisfying the intended objectives—remains
a significant challenge for alignment. To evaluate
the robustness of reward models against such ex-
ploitation, we introduce PreferenceHack, a novel
evaluation benchmark specifically designed to as-
sess reward models’ susceptibility to common bias-
based reward hacking behaviors.

4.1 Benchmark Design

To the best of our best knowledge, PreferenceHack
is the first benchmark that evaluates reward hacking
in a few-shot setting with a paired preference for-
mat, allowing direct assessment of reward models’
vulnerabilities to known biases.

The benchmark consists of six distinct splits
across language and multimodal domains, with
each split containing 80 few-shot training examples
and 920 evaluation examples. This structure allows
robust evaluation of reward models across diverse
bias conditions with strong statistical power. We
show some examples of our benchmark in Figure 2.
More details about our dataset and its construction
are included in Sec C.2 of the Supp.

4.2 Dataset Construction

4.2.1 Language Splits

For the language-based splits, we built upon find-
ings from the “Helping or Herding?” study (Eisen-
stein et al., 2023), which documented exploitable
biases in language models. We used high-quality
ground truth answers from the original dataset and
generated preference pairs by systematically in-
jecting three well-known biases into the incorrect
samples: (i) Length Bias: Models often assign
higher scores to longer responses regardless of con-
tent quality. We generated longer alternatives to the
incorrect responses while preserving their factual
inaccuracies; (ii) Format Bias: Structured formats
like numbered lists often receive higher scores de-
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Correct Length Bias
A male individual,
A man attired in an upper-body
. garment characterized
we'armg'a by alternating
white shirt horizontal or vertical
and tie bands on the color
stan dll’lg in a white—commonly
referred to as a striped
room. white shirt—
\ / \_  supplemented by... /
Y
A brown and black dog
An orange is comfortably stretched
. out on top of a sturdy
and_ white cat travel bag, its body
laying on top fully relaxed as it
ofa bag of enjoys a quiet moment
atop the well-packed
IUggage~ luggage.
-~ J —

Format Bias

1. A man,

2. Dressed in a white
shirt featuring
striped patterns,

3. Wearing a formal
necktie,

4. Stands motionless

5. Inside a typical
enclosed space,

\ such as a room. /

1. A brown and black

dog,

2. Resting in a
relaxed, reclined
position,

3. Positioned atop a
travel bag,

4. Intended for

carrying

\ belongings. /

Positivity Bias

A confident man,
impeccably dressed
in a crisp striped
white shirt and
stylish tie, stands
poised in a well-
appointed room.

0/

A beautiful brown
and black dog,
peacefully lounging
atop a neatly
packed bag of
luggage, radiates
calm and quiet

confidence.

Figure 2: PreferenceHack Examples. We show samples based on two images of our PreferenceHack benchmark.
Each sample would consist of a ground truth response paired with a biased incorrect response. The reward model is
tasked with preferring the correct description over the biased one.

spite potential content issues. We reformatted in-
correct responses into structured formats to exploit
this bias; and (iii) Positivity Bias: Responses con-
taining positive attitudes tend to score higher. We
injected positive tone into incorrect responses to
trigger this bias.

To ensure consistency in generating the non-
preferred responses, we used GPT-40-mini to inject
the bias being evaluated into the incorrect response.

4.2.2 Multimodal Splits

For multimodal evaluation, we created three
splits using image-prompt pairs from SUGAR-
CREPE (Hsieh et al., 2023), a challenging com-
positional image-text retrieval dataset. Each pair
in the multimodal split of PreferenceHack contains
an image with a correct and incorrect prompt de-
scription. Similar to our language splits, we used
GPT-40-mini to inject model biases into the incor-
rect descriptions while preserving their factual er-
rors. This approach creates a test bed for assessing
multimodal reward hacking vulnerabilities.

4.3 Evaluation Protocol

PreferenceHack employs a few-shot evaluation pro-
tocol where reward models are exposed to a small
set of examples (80 per split) before being evalu-
ated on the larger test set (920 examples per split).
This format specifically tests the ability of reward
models to quickly adapt to model biases given few-
shot examples.

For each preference pair, a reward model is con-

sidered successful if it assigns a higher reward
score to the correct response compared to the bi-
ased alternative. This simple evaluation metric
directly measures a reward model’s susceptibility
to common exploitation patterns.

5 [Evaluation

We evaluate Activation RMs across a diverse set
of benchmarks to assess their effectiveness as few-
shot reward models and their ability to mitigate
reward hacking. We apply our approach to two
state-of-the-art Large Multimodal Models: LLaVA-
OneVision-7B and Qwen2.5-VL-7B. Our experi-
ments focus on comparing Activation RMs against
existing few-shot approaches in standard reward
modeling tasks, evaluating robustness against re-
ward hacking, and assessing performance on multi-
modal retrieval tasks.

5.1 Implementation Details

We implemented Activation RMs using Py-
Torch (Paszke et al., 2019). We used the official im-
plementations of LLaVA-OneVision-7B (Li et al.,
2024) and Qwen2.5-VL-7B (Bai et al., 2025) as
base models. All experiments were conducted on
a single NVIDIA A100 GPU with 80GB memory.
For the activation steering procedure directly edit
the output of each attention head before the projec-
tion layer.

For each experiment, we used a consistent few-
shot setting with n < 130 examples for training our
Activation RMs unless otherwise specified. The
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Table 1: Evaluation of Activation RM on RewardBench and Multimodal Reward Benchmarks. We perform
a thorough evaluation of Activation RMs and baselines across multiple splits in language-only and multimodal
settings. We present GPT-40 as a reference closed-source result.

Language-Only (RewardBench)

Multimodal (Multimodal RewardBench)

Safety  Chat I(-:I:?dl R:;S; Overall 1\12:/20 Correct.  Pref. Knowl. Math Coding Safety VQA | Overall l\iz:/cgr‘o
Method / Model (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%)
GPT-40 85.74 9474 73.01 90.93 ‘ 87.63 86.10 | 5091 48.09 60.20 59.11 5442 8519 4748 ‘ 5543 5792
LLaVA-OneVision-7B
ZS LLM-as-a-Judge 68.85 82.89 4049 52.81 | 5793 6126 | 53.54 51.81 5528 53.14 57.88 490 49.82 | 48.04 46.62
8-shot LLM-as-a-Judge 58.69 43.42 45.09 49.65 | 50.71 49.21 | 57.61 59.16 5580 58.07 5022 38.10 46.07 | 51.57 52.15
ZS Generative Scoring ~ 49.51 5526 50.61 47.43 | 49.09 50.70 | 48.88 49.05 48.00 52.60 50.00 49.21 50.84 | 49.88 49.80
3-sample voting 67.21 84.21 4080 5273 | 57.65 61.24 | 56.19 5439 5620 5391 56.86 529 4981 | 4893 4752
SAV 69.40 85.70 45.60 6520 | 6450 6647 | 5550 53.20 54.80 53.50 5690 4030 49.50 | 51.80 52.00
Activation RM 7098 88.60 5031 69.02 | 68.84 69.73 | 49.90 4856 5491 5290 50.62 81.62 49.00 | 53.75 55.36
Owen2.5-VL-7B
ZS LLM-as-a-Judge 7590 88.16 5859 70.64 | 7197 7332 | 6592 64.89 5920 57.03 5730 79.63 7495 | 66.88 65.56
8-shot LLM-as-a-Judge 80.00 87.72 61.35 73.02 | 7456 75.52 | 6430 64.89 60.60 58.07 5487 76.19 73.74| 6598 64.66
ZS Generative Scoring ~ 50.00 46.05 52.45 50.19 | 50.06 49.67 | 61.66 6298 4820 53.12 53.76 49.21 6224 | 57.20 55.88
3-sample voting 77.05 8991 57.67 69.18 | 71.52 7345 | 66.53 64.70 59.00 56.77 59.29 80.16 74.58 | 67.06 65.86
SAV 76.50 90.20 56.80 74.30 | 7450 7445 6450 6250 5870 56.53 54.77 100.00 72.00 | 67.50 67.00
Activation RM 78.03 9474 57.06 78.86 | 77.24 77.17 | 6329 6584 56.40 59.64 60.18 98.15 76.82 | 69.27 68.62

activation extraction process involves collecting
attention head activations from the last token of
the input prompt. For attention head selection, we
use 600 optimization steps with the REINFORCE
algorithm (Williams, 2004). Additional implemen-
tation details and hyperparameters can be found in
the Appendix.

5.2 Datasets

We evaluate Activation RMs on three paired pref-
erence datasets where models must identify the
preferred response between two candidates: (i)
RewardBench (Lambert et al., 2024) and Mul-
timodalRewardBench (Yasunaga et al., 2025a)
are comprehensive reward modeling benchmarks
that evaluate out-of-the-box pretrained LLMs and
LMMs on a variety of different language-only and
multimodal tasks; in both benchmarks, given a
prompt, the model must choose between a preferred
and non-preferred response; (ii) PreferenceHack
evaluates reward models’ susceptibility to reward
hacking with seven splits (80 training, 920 eval-
uation examples each) across language and mul-
timodal domains. It systematically injects biases
(Iength, format, numerical, and orientation) to as-
sess how quickly reward models can identify and
mitigate exploitation patterns with minimal exam-
ples. More details are in Section C.2 of the Supp.

5.3 Baselines

We compare Activation RMs against several es-
tablished reward modeling approaches: LLM-as-
a-Judge prompts the model to directly output a
preferred response given a pair in either zero-shot

or few-shot (8 examples) settings; Generative Ver-
ifier (Zhang et al., 2025b; Lin et al., 2024) de-
rives preferences by comparing the probability of
a "Yes" token when asked if responses meet speci-
fied criteria; 3-Sample Voting - A natural language
reward modeling approach that implements self-
consistency through a chain-of-thought method-
ology. The model generates three independent
evaluations for each response, and the final prefer-
ence is determined by majority voting across these
samples;Sparse Attention Vectors (SAVs) (Mitra
et al., 2024) - A method that leverages few-shot ex-
amples to extract features from the attention heads
of a model for classification, enabling another com-
parable SOTA form of few-shot reward modeling.

6 Results

We evaluate our Activation Reward Model on multi-
ple benchmarks against a variety of baselines, using
a maximum of 130 examples for activation steer-
ing on general benchmarks and 80 examples on
PreferenceHack. We first present results on general
reward model benchmarks, then focus on safety
and reward hacking evaluation, followed by abla-
tion studies.

6.1 Reward Benchmark Results

We evaluate on RewardBench (Lambert et al.,
2024) and Multimodal RewardBench (Yasunaga
et al., 2025a) as shown in Table 1. Across all splits,
our Activation Reward Model outperforms all zero-
shot and few-shot open-source baselines on both
language-only and multimodal benchmarks, clos-
ing the gap with GPT-40. This is particularly sig-
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Table 2: Evaluation of Activation RM on PreferenceHack Benchmark. We thoroughly evaluate Activation RMs
and baselines on our novel few-shot reward hacking benchmark: PreferenceHack. We present GPT-4o as a reference

closed-source result.

Language-Only Splits Multimodal Splits

Method / Model Length Format Positivity Image+Length Image+Format Image+Positivity

(%) (%) (%) (%) (%) (%)
GPT-40 3.91  48.04 92.39 22.35 55.78 87.65
LLaVA-OneVision-7B
ZS LLM-as-a-Judge 14.46  44.89 59.24 28.30 51.20 54.75
8-shot LLM-as-a-Judge 23.15  37.50 57.17 38.45 45.65 52.30
ZS Generative Scoring ~ 45.54  47.17 76.96 57.80 54.25 71.40
3-sample voting 15.43  43.26 59.67 30.85 49.75 55.10
SAV 45.80  75.30 86.45 60.25 78.40 80.65
Activation RM 49.24  79.89 90.11 65.70 83.45 85.25
QOwen2.5-VL-7B
ZS LLM-as-a-Judge 1.41  41.63 88.70 18.75 48.30 82.15
8-shot LLM-as-a-Judge 8.70  47.39 87.28 25.40 53.85 80.60
ZS Generative Scoring ~ 17.72  50.65 93.59 35.20 58.40 88.25
3-sample voting 1.41  41.85 88.70 19.30 48.75 82.50
SAV 73.50  65.75 93.80 78.65 70.35 88.90
Activation RM 78.37  68.26 96.74 84.25 75.50 91.80

Table 3: Ablations. We conduct ablations on Activation RMs using Qwen2.5-VL on RewardBench.

Ablation Method Safety Chat Chat Hard Reasoning Overall Macro Avg.
(%) (%) (%) (%) (%) (%)
7S LLM-as-a-Judge 7590 88.16 58.59 70.64 71.97 73.32
CoT baseline 73.93 88.60 51.23 69.95 70.18 70.93
CoT + Voting 74.59 89.47 52.15 70.25 70.71 71.62
LoRA Finetuning 77.50 92.41 59.44 72.40 73.56 73.51
Mean Activation Addition 65.82 81.37 42.15 61.28 62.47 62.66
Top PCA Vector Replacement  76.24  91.58 54.91 75.93 74.73 74.67
Mean Activation Difference 76.51 92.85 55.32 77.24 75.48 75.48
ActivationRM 78.03 94.74 57.06 78.86 77.24 7717

nificant as GPT-40 and other closed-source models
are often used as reward models or judges of open-
source outputs. A key advantage of our approach
is interpretability: few-shot examples directly spec-
ify the reward signal for a given task. Thus, our
approach provides both a more aligned and inter-
pretable reward score for model alignment. No-
tably, few-shot, generative verification, and voting
baselines struggle to outperform zero-shot LLM-
as-a-Judge, suggesting reward modeling is a chal-
lenging domain for these common methods and
further highlighting the effectiveness of Activation
RM. Additional results are provided in Section A
of our Supp.

6.2 PreferenceHack Results

To evaluate effectiveness on a critical safety task,
we apply our method to PreferenceHack as shown

in Table 2. Across multiple reward hacking bi-
ases in both language-only and multimodal settings,
our method significantly outperforms all baselines
in protecting against common reward hacks, even
surpassing GPT-40 on most splits. Since reward
hacking evolves rapidly as new methods emerge to
exploit model biases, our approach is well-suited
for adapting reward models to new attacks given
just a few examples.

6.3 Ablation Studies

We explore properties of our framework via ab-
lation studies in Table 3 using Qwen2.5-VL-7B
evaluated on RewardBench.

Effect of CoT on Activation RMs. We investigate
how generating a CoT reasoning chain before out-
putting a preference impacts Activation RM. Exam-
ples are formulated with the prompt, responses, and
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Figure 3: Robustness to label noise on PreferenceHack language splits. We evaluate ActivationRM against three
baselines (LoRA fine-tuning, ICL Generative Scoring, and ICL LLM-as-a-Judge) across increasing levels of label
noise (0% to 30%). Results are shown for Length, Format, and Positivity preference splits.

chain-of-thought; at inference, a CoT is first gener-
ated, then the preference is output conditioned on
all components. Interestingly, CoT reasoning has
little effect on our results, suggesting a future area
of exploration for Activation RM.

Activation RM Comparable w/ LoRA Finetun-
ing. We compare our framework with the common
approach of finetuning an LLM/LMM as a reward
model, applying rank-16 LoRA finetuning for 3
epochs using 130 examples. Interestingly, Activa-
tion RM yields similar performance while requiring
no weight updates to the generative model. This
demonstrates that our method is both effective and
sample-efficient for reward modeling.

6.4 Additional Results

Superior Robustness to Label Noise. Fig-
ure 3 shows Activation RM’s resilience to
label corruption across PreferenceHack splits.
While LoRA fine-tuning exhibits catastrophic
degradation—dropping over 50% in some
cases—Activation RM maintains stable perfor-
mance even with 30% label corruption. This
robustness stems from our design: weighted PCA
filters noisy variations in calibration data, while
output token likelihood scoring provides more
stable signals than methods that directly optimize
on potentially mislabeled examples.

7 Conclusion

‘We introduce Activation Reward Models, the first
mechanistic interpretability approach designed for
few-shot reward modeling. By combining ac-
tivation steering for precise task specification,

weighted PCA denoising for robust preference ex-
traction, and generative scoring for reliable eval-
uation, our method achieves state-of-the-art per-
formance without any parameter updates. Our
comprehensive evaluation demonstrates that Ac-
tivation RMs consistently outperform existing few-
shot approaches on both language-only and multi-
modal benchmarks, surpassing even GPT-40 on our
novel PreferenceHack benchmark while providing
greater interpretability through explicit few-shot
examples.

Without extensive data collection or model re-
training, the framework’s flexibility enables fast
deployment across diverse applications—from gen-
eral evaluation tasks to best-of-N sampling and
reinforcement learning—with adaptation occurring
solely through few-shot examples. Our ablations
suggest that performance can scale with more ex-
amples while maintaining few-shot practicality,
and that our approach achieves comparable results
to LoRA fine-tuning without requiring any weight
updates. By enabling models to adapt to evolving
preferences and emerging safety threats as shown
by strong peformance on our novel PreferenceHack
benchmark, Activation RMs provide a practical
path toward more adaptive and robust Al align-
ment.

8 Limitations

Activation Reward Models represent a significant
advancement in few-shot reward modeling, but sev-
eral limitations should be acknowledged. First,
our approach requires access to a model’s inter-
nal architecture to extract and manipulate attention
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head activations, making it inapplicable to closed-
source models like GPT-40 (OpenAl et al., 2024)
and Claude (Ant). Second, while Activation RM
performs well on our benchmarks, the method’s
effectiveness may diminish for tasks that are less
well-specified or require understanding of a broad
range of criteria that cannot be captured in a few
examples, such as mathematics. Finally, the current
implementation focuses on single-turn interactions,
and extending the approach to multi-turn dialogues
or longer contexts may require additional research
on how activation steering propagates across ex-
tended sequences. These limitations highlight op-
portunities for future work in developing more ro-
bust few-shot reward modeling techniques that can
operate with more limited model access or handle
more complex evaluation scenarios.

Potential Risks. As with any activation steering
method, Activation RMs could theoretically be
used to steer models toward undesirable behaviors
rather than away from them, or to encode harmful
preferences into reward signals. We believe the ben-
efits of rapid adaptation to emerging safety threats
outweigh these risks, but recommend careful vali-
dation of few-shot exemplars before deployment in
safety-critical applications.
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Supplementary Material for “Activation
Reward Models”

Here, we provide additional information about our
experimental results, implementation details, and
datasets. Specifically, Section A provides more
experiment results, Section B provides additional
method details, and Section C provides additional
implementation details. Full data-loading code,
bias-injection prompts, and inference-time prompt
templates for every benchmark and baseline are
released on our project page. '

A Additional Experiment Results
A.1 Additional Results

The results in Table 4 extend our analysis to addi-
tional models, including smaller architectures such
as Granite Vision (Team et al., 2025). The abil-
ity of Activation RMs to effectively align smaller
models suggests broad applicability across model
scales, making the method useful for settings with
constrained compute or specialized smaller models.
This adaptability reinforces that leveraging internal
activation patterns for preference encoding is less
dependent on model size than methods requiring
full-parameter finetuning.

A.2 Additional Ablations

Shots Per Sample.. In Table 5, we study the effect
of the number of shots per entry used to derive ac-
tivation steering vectors. For language-only tasks,
increasing the shots per entry generally improves
performance, as richer sets of examples yield more
stable and representative activation signals for steer-
ing. This trend holds even when the underlying
pool of unique preference samples is fixed (130 for
LLaVA-OneVision-7B, 80 for Qwen2.5-VL-7B).

Scaling with Number of Examples.. We eval-
uate the effect of pool size by varying the total
number of few-shot examples across 12, 20, 40,
and 80. Performance scales with more examples,
indicating improved steering quality, while strong
performance persists across all settings, demon-
strating the sample efficiency of Activation RMs.

B Additional Method Details

B.1 Attention Head Selection Details

The attention head selection component of Ac-
tivation RMs automatically identifies the subset

1https ://chancharikmitra.github.io/
ActivationRM

of attention heads that most effectively captures
preference evaluation criteria, avoiding both the
noise of using all heads and the overhead of man-
ual selection. We adapt the REINFORCE algo-
rithm (Williams, 2004; Hojel et al., 2025) for
gradient-based optimization of this subset, as de-
tailed in Algorithm 1.

We model head selection as learning a Bernoulli
distribution over each attention head location. For a
model with L layers and H heads per layer, param-
eters 0; ,,, are transformed via sigmoid to produce
selection probabilities. Each iteration samples 32
binary masks for variance reduction; for each mask,
we extract activations only from selected heads, ap-
ply weighted PCA denoising, and inject the result-
ing activations during inference. The cross-entropy
loss between the model output and the target token
serves as a negative reward.

The REINFORCE gradient estimator is com-
puted as Y, log p(b;) - (R; — R), where R; is the
normalized loss for sample i and R is the batch
mean serving as a variance-reduction baseline. Op-
timization uses Adam with a learning rate of 0.1
for 200 iterations, with sigmoid outputs clamped to
[e,1—¢] (e = 10~3) for numerical stability. We val-
idate every 50 iterations on a held-out set and select
heads with learned probabilities above 7 = 0.5.

In practice, this procedure identifies 10-30% of
attention heads as most relevant for preference eval-
uation, with higher layers showing stronger selec-
tion probabilities, consistent with prior work show-
ing that higher layers encode more task-specific
information.

B.2 Flexibility to Prompt Formats

Activation RMs support few-shot reward model
adaptation across multiple preference-label formats.
Two prominent examples used in our experiments:

Ranked Setting.. For selecting the better of two
responses: Input: [Prompt] / Response A:
[r_1] / Response B: [r_2] / Which response
better meets the [specified criterial?

Scalar Reward Setting.. For evaluating a single
response against criteria: Input: [Prompt] /
Response: [r] / Does this response meet
the [specified criterial?

Full prompt templates for every benchmark and
baseline are released on our project page.
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Table 4: Evaluation of Activation RM on Language-Only RewardBench for granite-vision-3.1-2b.

Method / Model Safety Chat Chat Re.aso- Overall Macro
Hard  ning Avg.

(%) (o) () (%) (%) (%)

granite-vision-3.1-2b

ZS LLM-as-a-Judge 52.13 50.44 53.07 49,50 50.71  51.28
8-shot LLM-as-a-Judge 49.02 55.26 52.76 48.89  50.02  51.48
ZS Generative Scoring ~ 60.33 54.82 46.32 52.04  53.59  53.38
Activation RM 69.84 69.74 47.24 53.42  58.17  60.06

Table 5: Evaluation of Activation RM on RewardBench for a variety of shots per entry.

Method / Model  Safety Chat Pt Reaso- o oy Macro
Hard  ning Avg.

(%) (%) (%) (%) (%) (%)
LLaVA-OneVision-7B

+ 2-shot 70.98 88.60 50.31 69.02 68.84 69.73
+ 4-shot 73.77 8772 50.00 60.49 6491  68.00
+ 8-shot 72.79 90.79 48.77 60.80 64.95 68.29
Owen2.5-VL-7B
+ 2-shot 78.03 91.67 5H7.06 76.71 7582 7587
+ 4-shot 75.74 93.86 54.29 7748 7550 75.34
+ 8-shot 73.77 8772 50.00 6049 6491  68.00
+ 12-shot 76.72 9254 61.66 7533 75.46  76.56
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Table 6: Effect of Number of Examples on Activation RM Performance. We evaluate Activation RMs using
different numbers of calibration examples on Qwen2.5-VL with RewardBench.

Number of Examples Safety Chat Chat Hard Reasoning Overall Macro Avg.
(%) (%) (%) (%) (%) (%)

12 examples 7426  93.86 58.59 78.17 76.06 76.22

20 examples 77.05 94.74 56.44 78.40 76.67 76.66

40 examples 75.57 92.98 60.43 77.09 75.98 76.52

80 examples 76.39  92.98 57.06 79.25 76.88 76.42

130 examples (default) 78.03 94.74 57.06 78.86 77.24 7717

Algorithm 1 REINFORCE-based Attention Head Selection

Require: Model F, validation set V = {(pi, ri, ¥i) }+_,, learning rate c, iterations T’

Ensure: Selected attention head locations AARM

1: Initialize parameters ¢; ,,, <— —1 for all layers [ and heads m
2: Initialize Adam optimizer with learning rate o« = 0.1

3: fort =1to7T = 200 do

Compute probabilities p; ,, = sigmoid(6; ,,,) clamped to [e, 1 — €]

fors=1to S =32do

> Multiple samples for variance reduction

Extract activations from selected heads and apply weighted PCA
Compute loss L = CrossEntropy(model output, target token)

4
5
6: Sample mask b ~ Bernoulli(p)
7
8
9

Store log p(bs) and L,
10 end for

11: Normalize losses: Rs = (L5 — mean(L))/(std(£) + €)
12: Compute policy gradient: V = Zle log p(bs) - Rs
13: Update parameters using Adam: 6 <— Adam(6, V)

14: if t mod 50 = 0 then

15: Validate on held-out set V
16: end if
17: end for

18: return \**M = {(1.m) : sigmoid(6,,,) > 7}

> Threshold 7 = 0.5

C Additional Implementation Details

For each benchmark, we designated the first 130
examples from each topical split of Multimodal
RewardBench and RewardBench, and the first 80
examples from each split of PreferenceHack, as
training sets for deriving Activation RM steering
vectors and for few-shot baseline prompting. The
remaining examples form the test set. Although
these training pools define the maximum few-shot
budget, Activation RM does not necessarily con-
sume every example when generating each steer-
ing vector. Full data-loading code and inference-
time prompt templates (zero-shot generative scor-
ing, zero- and 8-shot LLLM-as-a-Judge, 3-sample
voting, and chain-of-thought variants) are released
on our project page.

C.1 Multimodal RewardBench

Multimodal RewardBench (Yasunaga et al., 2025b)
contains 5,211 expert-annotated preference triplets
spanning six domains: general correctness, pref-
erence, knowledge, reasoning (math and coding),
safety, and VQA. Each triplet consists of a mul-
timodal prompt (typically an image and a textual
question or instruction), a chosen response pre-
ferred by human evaluators, and a rejected response.
This diversity enables fine-grained evaluation of
LMMs as reward models across a wide range of
multimodal preference scenarios, making it a key
benchmark for assessing few-shot adaptation with
Activation RMs.
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C.2 PreferenceHack

PreferenceHack contains six splits targeting spe-
cific biases: three purely textual (Length, For-
mat, Positivity) and three multimodal counterparts
applying the same biases to captions paired with
SUGARCREPE images. Each item is a paired-
preference triple with a prompt and two responses,
exactly one of which is faithful and unbiased while
the other is engineered to exhibit the targeted bias.
All synthetic biased responses were generated us-
ing gpt-4o-mini. Base datasets carry permissive
licenses.

Length Bias.. Source articles are drawn from the
test split of the OpenAl TLDR dataset (Stiennon
et al., 2020b), a summarization corpus of approx-
imately 3.8M Reddit posts paired with human-
written summary snippets. The human snippet
serves as the preferred response. gpt-4o-mini gen-
erates an intentionally verbose and repetitive sum-
mary as the biased alternative, with explicit instruc-
tions to avoid introducing new facts.

Positivity Bias.. We sample 1,000 instruction-
answer pairs from the cleaned Alpaca-Instruct
dataset (Stanford Center for Research on Founda-
tion Models (CREM), 2023).2 The original answer
serves as the preferred response, and gpt-4o0-mini
produces a biased rewrite that removes useful in-
formation while making the response flattering and
upbeat.

Format Bias.. We draw 1,000 contexts from the
test split of Anthropic’s HH-RLHF dataset (Bai
etal., 2022b).3 The chosen assistant reply serves as
the good response, and the rejected reply is rewrit-
ten by gpt-4o-mini into an unhelpful but plausible-
sounding bulleted list. This exploits the observa-
tion by Eisenstein et al. (2023) that list-formatted
responses often receive inflated scores regardless
of content quality.

Multimodal Splits.. For each SUGARCREPE im-
age (Hsieh et al., 2023), the correct caption serves
as the preferred response, and a biased caption is
constructed by applying one of the three textual
bias manipulations to an incorrect caption (e.g.,
one describing the wrong color or object count).
This ensures the biased response is both textually
manipulated and factually incorrect with respect
to the visual content, forcing the reward model to
prioritize visual grounding over superficial textual

https://huggingface.co/datasets/yahma/
alpaca-cleaned

3https://huggingface.co/datasets/Anthropic/
hh-rlhf

cues.

In all splits we randomize which answer appears
as A versus B and record the key chosen accord-
ingly. The exact bias-injection prompts used for
each split are provided in our released code.

C.3 RewardBench

RewardBench (Lambert et al., 2024) is a widely
used benchmark for language-only reward mod-
els, consisting of prompt-chosen-rejected triplets
judged by humans or advanced models (e.g., GPT-
4) on helpfulness, honesty, harmlessness, coher-
ence, and alignment with user intent. It spans three
major categories: Chat (conversational quality and
engagement), Reasoning (logical consistency and
complex instruction following), and Safety (avoid-
ance of harmful content and refusal of unsafe re-
quests). The chosen-rejected distinctions are often
subtle, requiring fine-grained understanding of lan-
guage quality. As with Multimodal RewardBench,
the first 130 examples of each category serve as our
few-shot training set, with the remainder as the test
set.
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