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What is a Reward Model?

® A reward model serves as a learned proxy for human preferences, assigning scores to model
outputs to reflect how well they align with human expectations, and providing feedback signals
to guide model optimization in RLHF

%

Initial LLM RL fine-tuning feedback loop

The policy model The reward model
mmmmmmadl S2amples a promptand Eag computes areward for [Eag
generates output the <prompt, output> pair

Prompt Dataset (Unlabeled) @
“The Earthis...” @3
Reward Model

| Fine-tuned LLM

RL Fine-Tuning, using

reward signal to update
policy model weights

Collect Human Feedback :
(Preference) Dataset

o “The Earth is our beautiful home.”
9 “The Earth is a blue-green planet.”

0>0



Challenges of Reward Modeling

® Modality Imbalance: limited support beyond @ Preference Rigidity: reliance on fixed

text and images, limiting performance on
video, audio, and 3D tasks

Problem 1: Modality Imbalance

Social Media Post Generation

User: Generate a cute video
to post on social media

Social Media Post Generation

Video A

Video B

e VIS ST
Reward: +1.2 Reward: -0.8
<1 Reward Model (limited video support)

© Cannot effectively evaluate video outputs X

binary preferences that fail to capture
diverse and fine-grained human judgments

Problem 2: Preference Rigidity

Social Media Post Generation

| on social media. I'd prefer a close-up shot
with the guinea pig holding the carrot.

Social Media Post Generation

Reward: A=B

u.-. Reward Model (binary preference)

© Fails to capture user’s true preference X



Omni-Reward

® Omni-RewardBench
® A comprehensive benchmark covering 9 tasks across 5 modalities with 3,725 high-quality
preference pairs and free-form preference criteria for evaluation
® https://hf.co/datasets/HongbangYuan/OmniRewardBench

® Omni-RewardData
® A large-scale multimodal dataset with 317K preference pairs, including 248K general and
69K instruction-based, free-form preferences
® https://hf.co/datasets/jinzhuoran/OmniRewardData

® Omni-RewardModel
® A generalist reward model supporting both discriminative and generative reward modeling
® https://hf.co/jinzhuoran/OmniRewardModel
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Omni-RewardBench

® Text-to-Text (T2T)

® Text-Image-to-Text (TI2T)
® Text-Video-to-Text (TV2T)
® Text-Audio-to-Text (TA2T)
® Text-to-lmage (T2I)

® Text-to-Video (T2V)

® Text-to-Audio (T2A)

® Text-to-3D (T23D)

® Text-Image-to-Image (TI2l)

Text-to-Text

Q: What is "superposition state" !
in quantum physics? i

[' (1: The response should
mcet rescarch-level
requirements with formal

RI: A quantum system can exist in a linear «_definitions and equations.

combination of eigensiales simulianeously,
described by the wave function.

R2: It's like a spinning coin in mid-air  both

i (2: The responsc should cnable i
| intuitive association for rcaders R2 > R7 | R2: It’s a sad-sounding classical piece that becomes

————————————————————————————————————— 3 Text-Audio-to-Text

SSLIIII IS T T
i

1 CL: The response uses

1 technical musical

| vocabulary.

©: Describe this audio. £ s e[l el 258

RI: The piece starts with a melancholic piano theme in
3/4 time. Strings gradually enter, building to a dramatic
< climax before fading into a sofi resolution. Ko ;

Jure Jading 4 1 C2: The response is casy
 for a general audience to

\
]
1

"heads" and "tails" at the same time. | without a technical background. intense and then calms down. il R2>RI
Text-to-Audio ' C1: The audio recording should cxhibit i 5 Text-to-Video /',(’;l”- Thc Vdic;é"s’ o
! S < A i ¥ { A d )
0: A fomalc's spocch followed by ! ;]carlcnllnc1§t1?11 and al:tlculahon of the E \ o sk bosaal ' physical interaction |
a dog barking and whimpering, _1Mal¢ S}_)E:a{\e_r_s fpeec""RZ_ >_{H ______ ! i = S IS playing : " with the ball should !
AT v s T e v 5 | be realistic. such as !
RI: °'|'|'|||'"'||HJ[ e 1C2: The sound clements in the audio, such as % % RIFIANNNENNNNRENENNNN] ¢ u g

| the female's speech, the dog's barking, and the

E dog's whimpering, should be well-separated
and discernible. RI>R2

R2: Q) il

1
|
\

Text-Video-to-Text
ssssRsBEBBNREES

©Q: What did the boy do in the room?

R1: He first picked up the books scaitered on the
floor one by one and put them back on the shelf,
then wiped the desk with a damp cloth, and finally
swept the paper scraps and dust into the dustpan.
R2: He was tidving up the room.

C1: Provide a concrete !
| and sequential description

N
PRt

: Convey the overall activity in a
‘; highly abstract manner. making it more
R2>RI

{ C1: The depiction should pair the man
and woman in a way that suggests

| Interaction or connection.

S

Text-to-Image

Q: Hyperrealism, man and woman,
together, made of clay.

RI:

| C2: The image should clearly R2~RI

)
i
i
'
'

i C1: Focus on art historical

i analysis, prioritizing
1 .
. technical accuracy.

RI >R2

: What techniques
does this painting use
to convey emotion?

RI: Short, swirling brushstrokes (impasto technique) and complementary color
contrasts (blue-yellow) create visual turbulence and movement.

R2: It feels like a restless dream—the undulating sky seems to pull you inward,
evoking a profound sense of unease.

i hitting, chasing, or

' holding the ball |
\ \ \ nawrally. R7>R2;
% ,'"(‘2: The dog’s \

\ \ | expressions and

N N ! behavior should

convey cuteness
and playfulness,

tail or having a

“Text-Image-to-Image

EM— RI:

©: Replace the

i
|

|

H . .

| such as wagging its
i

i

.

; coffee with beer.
/// ey
{ C1: The small cake in the bottom-right corner of the original
/ | image should remain unchanged. R2>RI

Text-to-3D

/ 0: A 3D sword with a green and brown handle, | CI: The handle must have a clearly '
metal accents, and a chain attached to it.  distinguishable green and brown color ;
| combination. i

RI: R2: reipialpcy dallc ity ol S ey s
1 C2: Textures should align with the contours
i of the sword smoothly. RI>R2




Omni-RewardData

® 248K general preference pairs (shared
human values)

® 69K instruction-based, free-form
preference pairs (user-specific criteria)

® T2T, TI2T, T2l, and T2V

Task Subset #Size
Skywork-Reward-Preference 50,000
T2T  Omni-Skywork-Reward-Preference®* 16,376
Omni-UltraFeedback™ 7,901
RLAIF-V 83,124
TIT OmniAlign-V-DPO 50,000
Omni-RLAIF-V* 15,867
Omni-VLFeedback™ 12,311
HPDv2 50,000
™1 EvalMuse 2,944
Omni-HPDv2* 8,959
Omni-Open-Image-Preferences™ 8,105
TV VideoDPO 10,000

VisionRewardDB-Video

1,795




Omni-RewardModel

® Discriminative RM (BT): Directly assigns scalar reward scores using the Bradley—
Terry objective for efficient preference prediction
® Generative RM (R1): Generates reasoning before predicting preferences, enabling

interpretable and flexible reward modeling
—~log (a(p(11x) - p(:21%)))

! Instruction 1: Provide a concrete and

! A ' sequential description of the boy’s actions.
o) o ] T < :
s LM Decoder S| a
o¥. -3 2a | FisRERS 5
I:I I:I I:I [:‘ D I:I D;D"D_Bil:' D I:] I:I I:I |:| [] l ; What did the boy do in the room?é

Instruction 1

6.3 ! He first picked up the books

E E ' scattered on the floor one by one and put I
Vision | Audio E ' them back on the shelf, then wiped... :
Encoder i/ Encoder \; i He was tidying up the room... !

(1) Discriminative Reward Modeling with Bradley-Terry.

reward =1 i Instruction 2: The depiction should pair the '
| 1 .
' man and woman in a way that suggests
o shows the 1. . . Y g8
v i interaction or connection.
man and woman ! i
), 1] L = standing closely with | Hyperrealism, man and woman,
< LM Decoder 8 2 emotioqally engaged ! together, made of clay.

. .59d o, expressions,...,so the !

better response is

DDDDDDDDDDD \boxed{ )

Instruction 2

(2) Generative Reward Modeling with Reinforcement Learning. ;AR e :



Experimental Results on Omni-RewardBench

® Under the w/o Tie setting

® Under the w/ Tie setting

Model T2T TI2T TV2T TA2T T2I T2V T2A T23D TI2I Overall Model T2T TI2T TV2T TA2T T2I T2V T2A T23D TI2I Overall
Open-Source Models Open-Source Models
Phi-4-Multimodal-Instruct 7098 53.60 62.53 5574 3536 32.14 4477 24.17 2271 4467 Phi-4-Multimodal-Instruct 81.15 68.14 7474 6347 46.03 51.72 5505 39.02 4928 58.73
Qwen2.5-Omni-7B 65.71 55.11 56.66 59.66 5599 5085 32.60 4371 4323 51.50 Qwen2.5-Omni-7B 82.79 68.14 78.16 63.77 6553 63.09 50.76 5644 5411 64.75
MiniCPM-0-2.6 6139 51.89 6095 6050 4735 39.70 2190 37.09 3930 46.67 MiniCPM-0-2.6 74.04 66.05 7158 69.76 58.50 61.16 5480 5492 4879 62.18
MiniCPM-V-2.6 57:55 #4734 53.27 - 4892 4461 B 3940 36.68 47.88 MiniCPM-V-2.6 7486 65.12 69.47 - 5737 58.15 - 51.14 53.62 61.39
LLaVA-OneVision-7B-ov 50.84 4223 4537 - 4342 40.08 B 3543 37.12 4207 LLaVA-OneVision-7B-ov 66.67 57.67 5342 - 51.93 5172 - 4394 4348 52.69
Mistral-Small-3.1-24B-Instruct-2503 7458 5798 68.62 - 58.55 59.92 - 60.60 62.88  63.30 Mistral-Small-3.1-24B-Instruct-2503 84.43 65.79 79.47 - 65.99 68.67 - 67.80 7198  72.02
Skywork-R1V-38B 7794 5947 67.72 - 4794 4594 B 4371 4192 5495 Skywork-R1V-38B 88.25 7442 76.84 - 55.10 57.94 - 4583 5266 6443
Qwen2-VL-7B-Instruct 63.55 5530 59.37 - 3320 61.25 B 4238 10.04 4644 Qwen2-VL-7B-Instruct 79.78 70.00 76.58 - 37.41 68.03 - 4735 12.08 55.89
Qwen2.5-VL-3B-Instruct 53.00 49.05 51.24 - 4774 51.23 B 4536 4454 4888 Qwen2.5-VL-3B-Instruct 68.58 66.05 60.00 - 52.15 60.09 - 51.89 53.62 5891
Qwen2.5-VL-7B-Instruct 68.59 53.03 68.40 - 60.51 47.83 - 50.99 41.05 55.77 Qwen2.5-VL-7B-Instruct 80.87 66.28 78.95 - 65.53 64.59 - 64.77 50.72  67.39
Qwen2.5-VL-32B-Instruct 7482 60.23 63.88 - 60.51 62.38 - 6258 6943 64.83 Qwen2.5-VL-32B-Instruct 86.34 74.19 77.37 - 70.29 70.39 - 68.56 70.05 73.88
Qwen2.5-VL-72B-Instruct 7698 61.17 68.40 - 58.94 56.52 B 59.60 62.01 63.37 Qwen2.5-VL-72B-Instruct 87.70 74.65 80.53 - 71.88 67.17 - 66.67 69.57 74.02
InternVL2_5-4B 57.55 50.76  55.30 - 48.72 47.07 - 4735 47.16 50.56 InternVL2_5-4B 69.95 6349 6447 - 58.50 54.94 - 5038 4155 57.61
InternVL2_5-8B 60.43 49.62 54.63 - 5442 49.53 - 4272 4410 50.78 InternVL2_5-8B 72.13 64.88 65.00 - 64.40 61.59 - 58.33 53.14 62.78
InternVL2_5-26B 64.75 57.01 62.98 - 56.97 49.72 - 57.28 48.03 56.68 InternVL2_5-26B 77.60 7279 76.32 - 68.03 62.88 - 68.56 5990 69.44
InternVL2_5-38B 69.06 54.73 64.56 - 54.81 40.26 B 5596 46.72 55.16 InternVL2_5-38B 84.15 66.05 70.53 - 66.67 63.30 - 68.94 5797 6823
InternVL2_5-8B-MPO 6595 5246 68.17 - 56.97 52.55 - 5298 4105 55.73 InternVL2_5-8B-MPO 7596 165121 77.63 - 65.99 61.80 - 62.88 55.07 66.35
InternVL2_5-26B-MPO 70.74 6098 70.43 - 58.74 47.26 B 56.95 48.03 59.02 InternVL2_5-26B-MPO 80.87 73.72 80.53 - 68.93 62.66 - 67.80 60.87 70.77
InternVL3-8B 76.02 58.71 67.95 - 5737 48.77 - 51.66 4367 57.74 InternVL3-8B 84.70 71.63 76.84 - 69.39  65.67 - 59.85 53.62 68.81
InternVL3-9B 73.86 57.39 66.59 - 5737 51.80 - 60.93 47.16 59.30 InternVL3-9B 83.06 70.23 78.42 - 6531 65.67 - 7197 5845 7044
InternVL3-14B 76.74 61.74 68.62 - 60.51 61.25 B 59.27 55.02 63.31 InternVL3-14B 85.79 74.65 77.11 - 7279 68.24 - 68.56 5894 7230
Gemma-3-4B-it 7434 56.82 68.40 - 60.31 60.30 - 54.64 54.15 61.28 Gemma-3-4B-it 83.88 73.02 77.37 - 7234  66.09 - 67.05 63.77 7193
Gemma-3-12B-it 73.62 58.52 66.14 - 59.33 62.57 - 5695 5633 61.92 Gemma-3-12B-it 81.69 72.09 7842 - 7120 71.03 - 67.05 6570 7245
Gemma-3-27B-it 7722 61.17 67.04 - 59.14 61.44 B 6391 6594  65.12 Gemma-3-27B-it 88.25 75.58 78.16 - 68.48 71.03 - 73.86 7150 7527
Proprietary Models Proprietary Models
GPT-40 78.18 61.74 6930 6275 5933 65.03 4453 70.86 69.87 64.62 GPT-40 86.89 75.58 77.11 7096 69.61 73.18 5328 77.65 7391 73.13
Gemini-1.5-Flash 7290 58.52 68.62 5742 6248 6352 3285 6225 6332 6021 Gemini-1.5-Flash 83.88 69.53 78.16 6228 7143 7189 40.66 7424 7343 69.50
Gemini-2.0-Flash 74.10 5492 6050 6190 6228 6749 3187 68.54 6550 60.79 Gemini-2.0-Flash 85.25 6791 7526 6796 7052 7425 6086 79.17 7198 72.57
GPT-40-mini 76.50 60.23  67.95 - 57.56 65.22 . 60.26 6026  64.00 GPT-40-mini 87.43 74.65 77.89 - 67.80 74.89 - 7159 66.67 7442
Claude-3-5-Sonnet-20241022 76.74 61.55 67.04 - 61.69 64.27 - 68.54 6594  66.54 Claude-3-5-Sonnet-20241022 88.25 76.28 78.68 - 70.75 72.53 - 77.65 7246  76.66
Claude-3-7-Sonnet-20250219-Thinking  75.78 63.83 68.85 - 6228 62.38 B 68.21 63.76  66.44 Claude-3-7-Sonnet-20250219-Thinking  84.43 76.28 77.89 - 70.07  70.60 - 76.89 7246 7552
Specialized Models Specialized Models
PickScore 4293 43.56 46.95 - 60.12  66.92 B 59.27 5153 53.04 PickScore 49.18 5349 5447 - 69.61 7597 - 67.05 5749 61.04
HPSv2 4341 4527 4470 - 63.85 64.65 - 61.26 55.02 54.02 HPSv2 49.18 55.12 51.58 - 73.70 73.61 - 7045 60.87 62.07
InternLM-XComposer2.5-7B-Reward ~ 59.95 52.65 65.69 - 45.19 61.25 - 43.05 9.6l 48.20 InternLM-XComposer2.5-7B-Reward ~ 68.85 64.19 74.74 - 5147 68.24 - 46.59 56.04 6145
UnifiedReward 60.19 5322 69.53 - 59.72  70.32 B 5993 4236 59.32 UnifiedReward 68.58 59.77 79.47 - 68.93 79.83 - 68.56 46.86 67.43
UnifiedReward1.5 59.47 54.17 69.30 - 58.35 69.57 - 61.59 4541  59.69 UnifiedReward1.5 67.76 6739 78.68 - 67.57 7897 - 7045 50.72  68.79
" Omni-RewardModel-R1 =~~~ =~ 7 71.22° 756.06 6388 - T T 61.69 5822 ~ -~ 6391 4629 ~ 60.18 Omni-RewardModeli-Ri ¢ 81.77 76953 ~ 75537~ - T 7120 6202 ~ - 7235 5556 ~ 69.71
Omni-RewardModel-BT 7530 60.23 6885 70.59 5835 64.08 6399 6788 5895 65.36 Omni-RewardModel-BT 85.79 72.79 7947 7545 67.12 72775 6641 77.65 65.70 73.68
Average 6732 5552 63.02 59.66 5531 5559 3475 5398 4860 56.68 Average 7838 68.57 73.77 6637 6461 66.62 5257 6354 5810 67.29




Experimental Results on VL-RewardBench

Models General Hallucination Reasoning Overall Acc Macro Acc
Open-Source Models
LLaVA-OneVision-7B-ov 32.2 20.1 57.1 29.6 36.5
Molmo-7B 31.1 31.8 56.2 37.5 39.7
InternVL2-8B 35.6 41.1 59.0 44.5 45.2
Llama-3.2-11B 33.3 38.4 56.6 42.9 42.8
Pixtral-12B 35.6 25.9 59.9 35.8 40.4
Molmo-72B 33.9 42.3 54.9 44.1 43.7
Qwen2-VL-72B 38.1 32.8 58.0 39.5 43.0
NVLM-D-72B 38.9 31.6 62.0 40.1 44.1
Llama-3.2-90B 42.6 57.3 61.7 56.2 53.9
Proprietary Models
Gemini-1.5-Flash 47.8 59.6 58.4 57.6 55.3
Gemini-1.5-Pro 50.8 72.5 64.2 67.2 62.5
Claude-3.5-Sonnet 43.4 55.0 62.3 55.3 53.6
GPT-40-mini 41.7 34.5 58.2 41.5 44.8
GPT-40 49.1 67.6 70.5 65.8 62.4
Specialized Models
LLaVA-Critic-8B 54.6 38.3 59.1 41.2 44.0
IXC-2.5-Reward 84.7 62.5 62.9 65.8 70.0
UnifiedReward 60.6 78.4 60.5 66.1 66.5
Skywork-VL-Reward 66.0 80.0 61.0 73.1 69.0

Omni-RewardModel-BT 50.8 89.3 60.4 76.3 66.8




Impact of Training Data Composition

® Mixed Multimodal Data

® Training on single modalities — marginal improvements
® Training on mixed multimodal data — significantly better generalization

® Instruction-Tuning Data

® Removing instruction-based data — clear performance drop
® [nstruction tuning is critical for fine-grained reward modeling

Model T2T TI2T TV2T TA2T T2I T2V T2A T23D TI2I Overall

MiniCPM-0-2.6 61.39 51.89 6095 60.50 4735 3970 2190 37.09 3930 46.67
w/ T2T 7430 5473 66.37 69.75 4538 4386 5596 49.67 54.15 57.13
w/ TI2T 74.54 59.62 6682 69.75 4145 4877 6131 51.00 5633  58.84
w/ T21 & T2V 52.28 4583 5147 5938 5893 6484 5693 6755 60.26 57.50
w/ Full 75.30 60.23 6885 70.59 5835 64.08 6399 6788 5895 65.36
w/ Preference-Only 5492 4980 64.79 5574 59.14 61.06 64.00 6490 53.71 58.67




Correlation of Performance Across Tasks

® Understanding Tasks (text, image, video understanding)
® High correlation: 0.8 — 0.9

® Generation Tasks (image, video, 3D generation)
® Moderate to high correlation: 0.7 — 0.8
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Future Work

® Scaling to Richer Modalities
® Extend reward modeling to richer and more complex modalities, such as embodied agents and
GUI-based agents, where evaluation involves interactive behaviors and long-horizon decision-
making

® Agentic Reward System
® Integrate multiple specialized reward experts, each focusing on different aspects such as
modality, task, or preference type, with dynamic selection and aggregation for adaptive
evaluation

® Heterogeneous Preference Alignment
® Move beyond binary preference learning to model heterogeneous and multi-dimensional
human preferences across diverse users, contexts, and scenarios
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