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Solution. Text Preference RL

——————————————————————————————

Stage 1: RL on Textual Data

Query: I bought a Timex watch for $10 but
I think it may be a counterfeit Timex. How
can I tell if it is?

—a Res A: You can tell if a watch is a genuine
Timex by checking ... ..

Res B: You can usually tell if a watch isa
counterfeit Timex by looking ... ..
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e RLVR: Reinforcement Learning with verifiable rewards
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Solution: Caption-based RL

—————————————————————————————————————————————————————————————————————
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Ta S k g a p E Stage 2: Preference Generalization :
| - - - |
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I | Light-colored walls, ... ... format ||
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Solution: Multimodal RL

Task Input Content Description

Given an image and a textual query, the model evaluates

Image Understandin <Query>, <Image>, <Res A>, <Res B> .
5 g (<Query 7 ) which of the two responses better answers the query.

Given an image caption, the model decides which of the

Image Generation <Caption>,<Image A>,<Image B> . )
5 (<Cap 7 J ) two generated images better reflects the described content.

Given a video and a textual query, the model decides which

Video Understanding (<Query>,<Video>,<Res A>,<Res B>)
of the two responses better answers the query.

Given a video caption, the model evaluates which of the

Video Generation <Caption>»,<Video A>,<Video B> . )
(<Cap ) two generated videos better reflects the described content.

——————————————————————————————————————————————————————————————————————

Stage 3: RL on Multimodal Data

: What is the attire of
the kayaker?
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Result: Better than MLLM-as-a-Judge

Method Gen. Hall. Reason. Avg.
Generative Baseline 57.2 745 68.2 66.6
MSRL 754 78.2 74.2 75.9
w/o Stage 1 62.7 734 70.2 68.8
w/o Stage 2 (Caption Data) 73.2  76.3 73.5 74.3
w/o Stage 2 (CMKD) 724 758 72.0 73.4
w/o Stage 3 70.8 74.6 72.4 72.6

Method Params. Image Gen.  Video Under. Video Gen. Average
GenAlBench ShareGPT  GenAlBench VideoGen
MLIM-as-a-Judge

GPT-40 - 59.6 54.7 63.5 62.1 60.0

InternVL3.5-8B 8B 56.7 58.8 60.1 54.5 57.5

InternVL3.5-14B 14B 60.4 64.3 66.5 60.1 62.8

Open-Source Multimodal Reward Models

VisionReward? 19B 66.4 - 73.1 68.2 -

UnifiedReward’ 7B 70.9 72.6 77.2 79.3 75.0

UnifiedReward-think (w/ CoT)" 7B 72.5 81.0 82.3 80.5 79.1

Training on the Same Multimodal Preference Data (InternVL3.5-4B)

Discriminative MRM 4B 69.0 72.2 76.4 73.2 72.7

Generative MRM 4B 62.3 70.4 759 71.6 70.1

MSRL (Ours) 4B 70.4 76.5 80.6 78.5 76.5
+voting@ 16 4B 71.8 78.4 81.8 79.2 77.8

Training on the Same Multimodal Preference Data (InternV1L3.5-8B)

Discriminative MRM 8B 72.3 74.5 70.3 76.4 73.4

Generative MRM 8B 70.2 80.6 68.3 78.2 74.3

MSRL (Ours) 8B 75.7 85.5 81.4 80.1 80.7
+voting@ 16 8B 75.9 87.3 82.5 82.0 81.9
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Problem

(a) Imitation Learning for AD Policy
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World Model Enhanced Planning '
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Result

. L L2(m) . Collision (%) |

Method Input Auxiliary Supervision Is 75 2 v, s 2% 2 o
IL [37] LiDAR None 044 1.15 247 135 | 008 027 195 077
NMP [57] LiDAR Box & Motion 0.53 1.25 2,67 148 | 0.04 0.12 087 0.34
FF [17] LiDAR Freespace 0.55 1.20 254 143 | 006 0.17 1.07 043
EO [26] LiDAR Freespace 067 136 278 160 | 0.04 009 088 0.33
BevFormer [33]+0ccWorld [63] | Camera 3D-0Occ 043 0.87 1.31 0.87 - - - -

BevFormer [33]4+0cc-LLM [52] | Camera 3D-occ 0.26 0.67 098 0.64 - - - -

ST-P3 [18] Camera Map & Box & Depth 1.33 211 290 211 | 023 062 1.27 071
UniAD [20] Camera | Map & Box & Motion & Tracklets & Occ | 048 096 1.65 1.03 | 0.05 0.17 071 0.31
VAD-Base [25] Camera Map & Box & Motion 054 1.15 198 1.22 | 0.04 039 1.17 0353
UAD [12] Camera Box 0.39 081 1.50 090 | 0.01 0.12 043 0.19
PARA-Drive [45] Camera | Map & Box & Motion & Tracklets & Oce | 040 0.77  1.31 083 | 0.07 025 060 0.30
OccNet [43] Camera 3D-0Occ & Map & Box 1.29 213 299 214 | 021 059 137  0.72
GenAD [64] Camera Map & Box & Motion 036 083 155 091 | 0,06 023 1.00 043
Epona [29] Camera None 061 1.17 198 1.25 | 0.01 022 085 0.36
SSR [29] Camera None 0.24 065 136 075 | 0.00 0.10 036 0.15
OccWorld [63] Camera None 043 108 199 1.17 | 0.07 038 135 0.60
RenderWorld [53] Camera None 048 1.30 267 148 | 0.14 055 223 097
GaussianAD [65] Camera 3D-0Occ & Map & Box 040 066 092 066 | 049 038 061 049
GaussianAD [65] Camera 3D-Occ & Map & Box & Motion 040 064 088 0064 | 0.09 038 0381 042
Drive-OccWorld [56] Camera 4D-0Occ 032 075 149 085 | 005 017 064 0.29
Baseline Camera 3D-0Occ 0.29 079 156 088 | 0.70 076 1.71 1.06
WPT-Student (Ours) Camera 4D-0Occ 0.24 058 1.17 066 | 0.14 0.16 042 0.24
WPT-Teacher (Ours) Camera 4D-0Occ 025 058 101 061 | 0.16 008 010 0.11
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Result

Method Avg. L2 (m) | | Driving Score T Success Rate (%) T  Efficiency T Comfortness T
AD-MLP [5¥] 3.64 18.05 0.00 48.45 22.63
UniAD-Base [20] 0.73 45.81 16.36 129.21 43.58
UniAD-Tiny [20] 0.80 40.73 13.18 123.92 47.04
VAD-Base [25] 0.91 42.35 15.00 157.94 46.01
VAD-Tiny [25] 1.15 34.28 10.45 70.04 66.86
SparseDrive [42] 0.87 44.54 16.71 170.21 48.63
GenAD [64] - 44.81 15.90 - -
DiFSD [41] 0.70 52.02 21.00 178.30 -
DriveTransformer [24] 0.62 63.46 35.01 100.64 20.78
Difft AD [45] - 67.92 38.64 - -
WoTE [31] - 61.71 31.36 - -
DriveDPO [39] - 62.02 30.62 166.80 26.79
BridgeAD [5Y] 0.71 50.06 22.73 - -
Baseline 0.79 65.23 34.10 184.86 23.44
WPT-Student (Ours) 0.75 72.61 45.45 188.52 17.80
WPT-Teacher (Ours) 0.76 79.23 54.54 188.63 16.39
TCP-traj* [50] 1.70 59.90 30.00 76.54 18.08
ThinkTwice™* [22 0.95 62.44 31.23 69.33 16.22
DriveAdapter® [21] 1.01 64.22 33.08 70.22 16.01
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Result
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Distillation Type Planning
Query Im. Rwd. Sim. Rwd. | Avg. L2 (m) | Avg. Col. (%) |
- - - 0.88 1.06
v - - 0.69 .86
v v - 0.68 0.25
v v v 0.66 0.24

Query Distillation

Reward Distillation
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SEBA. Sample-Efficient Black-Box Attacks
on Visual Reinforcement Learning
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Visual RL
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Problem
Vector-based RL Discrete-action visual RL
Vector 4f HEOE uleEh Vs Action =7t A <lA| w2t Jts

Continuous-action visual RL

DAY =2 g8t HE jction vectorE £361Y
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Problem
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Sample efficiency Black-box attackOll | L{F 20| querydtH H|EH A

ﬂﬂ !_g Robot Intelligence Learning & System



y

Solution
Shadow Q mod
Attack Strength ZAXILQE Q% H 2 reward& 0|F
cpep GAN module
Imperceptibility Generator?} perturbation 44, discriminator}

clean image2t 71 &2

o World Model
Sample efficiency  world mode

2] rollout= 0|83l 2 =021k Q2
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1) Training of W : i Stage D) Qsnadow
E[ argmin‘?shadnw'ﬂq ]

* minibatch

:  Shadow model « Generator G Discriminator D,
World model W | 2 Ushadow P
. v ;- » :1' -p"
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Result

No Attack White-box Black-box
Task (Reward |) Clean PGD C&W SimBA Square SEBA
Cheetah Run 859.26i35|{}[] 15{].72:]:,15;_52 183.41 + 50.01 52*15i2n|{}9 182.9{]:&2;;.(]5; 1.61 + 3.97
Walker Walk 944.28i.12,25 3*—“12.78i:;5_32 438.67;1:28.5(& 68.77;& 15.44 ?52.19:&22,22 35.74:|:ﬁ_57
Walker Run 718.15:&25,79 118.35j: 16.38 13*—1.43;1;25.532 32*8715_23 258:—’11 4+ 16.31 17.09:|:4_73
Reacher Hard STD*QZE{][},.H 232.3:1::51.?1 332.021:;1{}_34 2.?;|:ﬁ.fil'l 8?0.?:&9[}.38 0.3:1:[],9
Hopper Stand 849.60 + 128.49 1.85 +5.56 8.22 1+ 14.61 4186 1672 6521048602 1.25 41375
FID | / 109.43 110.97 78.05 118.01 62.43
Train Env (total) | / / / / / 160K
Train Vic (total) | / / / / / 800K
Atk. Vic (per-step) | / 20 20 400 202 0
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Result

Table 4. Ablation study on SEBA components. Each variant removes one module: (-D) removes the discriminator, (-Noise) replaces
noisy perturbed states in Stage | with clean states. and (-WM) removes the world model. Lower reward and FID indicate stronger attacks.

Task (Reward ) Clean SEBA (-D) (-Noise) (-WM)
Cheetah Run 859*26i35_[}{; lﬁﬁliglg;? 3*15i5.2;1 19.25ig;_;;1 Dﬁlgi[}.{m
Walker Walk 944.28 4206  39.741667 22.64d1513 1181142764 36.01410.54
Walker Run (181542679  17.094473 22444554 060.2711123  28.044 1408
Reacher Hard STDﬁgﬂigm_q;; D.Bﬁiﬂ,gm 0.33i[}_1;_| 12.98;t.f].21 D.{}Oi[},m}
HDppEI’ Stand 849.60:|: 128.49 1.25;&3,75 3.1{}j:2_35; 1{}.78:1:13, 18 D.35i[},45;
FID | / 62.43 97.18 60.72 63.98
Train Env (total) | / 160K 160K 160K S00K
Train Vic (total) | / 300K 300K 800K 300K
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