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Motivation + Multi-Stage Training Framework » Generalization (Zero-Shot Transfer)

Understanding text-rich videos (news, driving, Ul demos, slides) requires reading small, transient textual cues that appear We train Video-R4 with a four-stage curriculum: DRP-SFT = RLq = CRP-SFT — RL.. Trained only on text-rich video QA. No dataset-specific tuning for benchmarks below.

only in specific frames or localized regions. Multi-stage Rumination General Video QA

Trainine Framework Deliberate Rumination Practice (DRP) SFT RL after DRP-SFT Compositional Rumination Practice (CRP) SFT RL after CRP-SFT
S - Models MVBench Video-MME Video-MMMU

Most video QA models rely on single-pass perception over fixed frames with text-only chain-of-thought, leading to
hallucinations about content never actually observed.

Rewards Qwen2.5-VL-7B 57.4 53.] 47.8
O Video-R1-7B 62.7 57.4 49.8
Roce: O2> O;= Og 71 A Pixel-Reasoner 65.4 54.6 477
Video-R4-7B (Ours) 64.5 54.5 52.2

Key Insight: Humans adopt an iterative “pause-zoom-check” strategy. We equip LMMs with the same ability: select frames —

zoom into regions — re-encode pixels — revise understanding. Ry.: O,> O5> O S |
iV' 2 G 1 G A
— | 7 ]— COm;?;tliion — MP-DocVQA (val) SlidesVQA (test)

Rrep: OI= 02>' OG ceo coe
R,.: O,> Os> O, A Big-Bird 41.06 49.29 M3D 33.5 41.7
Hi-VT5 48.28 62.01 Video-R4 (Ours) v 43.0 52.2

4+ Contributions
® Two curated datasets: Video-R4-CoT-17k (SFT) and Video-R4-RL-30k (RL) with executable rumination trajectories.

black van on the right?

What is written on the OG
Answer: Geek SQUAD

. : : : : : : : : : : : . ! = - : | Video-R4 (Ours 4 53.21 62.22 Human - 89.8 93.0
® video-R4: a video reasoning LMM performing iterative visual rumination via frame selection, spatial zooming, and pixel re- Reference Model T R = E 4 Adiv Raiv + Arep Frep + Acur fcur O
| Eq. (4) Eq. (6) Eq. (7)

encoding. KL

Finding 4: Training on text-rich videos transfers well to multi-page documents, slides, and general video QA, with strong gains

® Multi-stage rumination learning: DRP — RL — CRP — RL with GRPO-based RL and novel reward design (diversity + DRP-SFT: Learn each atomic operation (crop/clip) in isolation on 7k trajectories. RLg: Refine with GRPO on 15k single-tool samples. on the text-heavy Video-MMMU benchmark.

representativeness + curiosity). CRP-SFT: Interleave both operations in 10k multi-step trajectories. RL¢: Final GRPO stage (15k) to sharpen decisions on when to
@ state-of-the-art on M4-ViteVQA with strong zero-shot transfer to document QA, slides QA, and general video QA. stop, re-zoom, and explore.

C 4 ° ° °
Visualization Example
GRPO (Group Relative Policy Optimization): For each query, sample a group of G rollouts, compute rewards, and normalize

advantages within the group: A; = (R; - mean) / std. The policy is updated with a clipped objective plus KL regularization to prevent
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22 What type of songs is she playing?

deviation from the reference model. This group-relative formulation reduces variance and encourages relative ranking over absolute

Starting from M4-ViteVQA, we apply rule-based evidence matching (OCR + object detection), synthesize rumination reward magnitudes.
trajecltorles Wlth C“pplng and CrOpplng OperatIOnSI and apply qua“ty ContrOI Via human annOtatlon' This video shows a person working on a laptop with data and spreadsheets. Qeﬂi This video shows a car driving on a highway towards an airport. The road is lined with
They also interact with a phone to play soft Christmas music. Let me begin with : Loy directional signs and surrounded by trees and buildings. I'll begin by focusing on a : .y
Original Dataset Evidence Matching Rumination Trajectory Synthesis a careful review of the frames. <tool call>{"name": "clipping", "arguments": Video-R4 specific region. <tool call>{"name": "cropping", "arguments": {"target image": 10, Video-R4
e e . e . {"target frames": [4, 5, 6]} }</tool call> "bbox_2d": [0.768, 0.343, 0.955, 0.678]} }</tool call>
| M4-ViteVOA | T : A o Templete-Based | LLMs/LMMs-Based
: Trainine Set (5 Ok ) : ¥ Answers | i OCR Results (text) E | : System Message Question Input Video : Video/Clin/Region | \ ) o ﬁ Here are the selected frames: ﬁ Here is the cropped region:
: g - Julebased | b : Captioning | 2 State-of-the-Art on M4-ViteVQA |
| | l ] : CleCIC cC 1! . . . 1 ! : = .
! | ' Questions atching . J 1 {video caption} + {thinking} | ; ,
i o | i (labels) 0 : CoT/Thinking = Task 1-S1 Task 1-S2 " “ - 5
I | | ‘. ; N e e e e e D _ . | FETTEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE I | : = 7
: i st i —:i> Visual Operation ( params: key frame index/bbox ) I : Generation | (EHED s Uzl Acc ANLS Acc ANLS
: | ‘l’ Backtrack to obtain P! H ; ] d freoion: : : | . E ) ) The visuals show a person working on a laptop with spreadsheets and data, with the ) @ T The region shows a highway with a guardrail and trees, but no directional signs or < o' ) T
: : kev fr index/bb : : ere are the selecte ﬁ'ames reston. | Tl‘a_] ectory 2-\/L-7B 35.29 45.84 279 38.4 21.23 28 79 text "just getting started tbh" visible, which is hardly helpful for determining the type : - text are visible, making it hardly helpful for determining where the left lane is going. ’ s an
: Questions ' Match? Y — Xey lrame mde OX l : = : : Refinement Qwen v S. S. .25 A5 . . of songs being played. Let me see a few more frames. <tool call>{"name": Video-R4 Let me expand the region here to capture more context. <tool call>{"name": Video-R4
: : : | e : : | E—— k "clipping", "arguments": {"target frames": [8,9,10]} }</tool call> "crop frame normalized", "arguments": {"target image": 10, "bbox 2d": [0.334,
| Answers | N BN ' \[ GAT-L v 38.30 48.23 30.90 41.81 2213 30.75 0.121, 0.975, 0.698]} }</tool_call>
| ' External Data | ' | ' X ; ﬁ .
| TR il : R X Quality Control Video-R1-7B v v 3710 48.25 33.67 44.94 4316 53.37 = Here are the selected Jrames - ﬂ e m——
. (text. bbox, frame idx) | l | | & } ~10k Pixel-Reasoner v v v 52.91 61.44 48.88 58.23 58.97 65.32 System
| ‘ ' | =
! - | ! -
" Object Detection Results | Drop <~ N Modente -y Add SR data ; i . | remal Video-R4-7B (Ours) v v v 56.17 65.22 52.69 61.89 64.21 69.99
' (label. bbox, frame idx) ' - : ' N Answer? Y— SWELS : . . L o .
: ( ) : Video-R4 RL 30k Il SWCEr : ' ; Human - - — 85.27 89.30 /8.41 82.80 82.26 85.10 The reglop shows a har‘ld‘ hol.dmg"a phone dlsplaylng a play}lst tltle.d §0ft christmas (>3 g 5 The region shows a highway with a car in the left lane, and signs indicating directions o
B 1deO- B B R d VldeO_R4_COT_ 1 7k Songs’. with text des"crlblng 1t aS. not boppy Chrls'tmas. m!lSK:; less JOVlal trumpets more Video-R4 Newark Airport terminals A’ B, and C’ Stating "USE BOTH LANES," which 1s helpful m :
crackling fireplaces, Whlch_ls highly helpful for 1dent1fy1:1g the"ty}') e of spn%s being for determining the lane's direction. I'll refine the region further in this frame. Video-R4
Fi nd i ng 1 8 layed. Leii'me:' focus ond tlg,,h ter jlrea here."<tool_ca11>{ flame .- Cropping -, <tool call>{"name": "cropping", "arguments": {"target image": 10, "bbox_2d": [0.354,
17k 30 k 2 arguments": {"target image": 9, "bbox_ 2d": [0.354, 0.225, 0.67, 0.393]} }</tool call> 0.141, 0.479, 0.303]} }</tool _call>
R . , Longer rumination with more pixel-grounded steps consistently boosts accuracy, demonstrating a clear test-time scaling effect.
CoT Trajectories (SFT) RL Samples (GRPO) Visual Ops (Clip+Crop) ﬁ Here is the cropped region: Here is the cropped region:
System
Finding 3
ﬁ Reward Desian RL encourages a preference for cropping over clipping. Zooming provides more informative and less redundant evidence,
g W I . . . USE BOTH LANMNES
g mirrorin g h oW h umans pa use an d INS peCt fra mes. The region shows a phone displaying a playlist titled "soft christmas songs," which Qe T ' o
directly indicates the type of songs being played. The description "not boppy christmas ) ey
music; less jovial trumpets more crackling fireplaces" further supports that the musicis ~ Video-R4 The sign in the region indicates directions to "Newark Airport Terminals A, B, C" and
R/ . R _|_ A . R . _|_ )\ R _|_ )\ R soft and mellow. This evidence confirms that the songs being played are indeed soft states "USE BOTH LANES." This suggests that the left lane is going towards the airport. ' a
- div £ldiv Iep < *1ep cur +*~cur ‘\}J Christmas songs. Given the observations, the answer is \boxed{soft christmas songs}. The presence of the airport symbol further supports this direction. The visual cues Video-R4
® indicate that the answer 1s \boxed { Airport}.
2 Ablation Study

. . Iterative visual rumination in action: the model selects frames, zooms into text regions, re-reads, and refines its answer.
Diversity Reward R j;, Training Framework Task 1-S1 Task 1-S2

Encourages selected regions to be mutually dissimilar in feature space via average pairwise cosine distance.

DRP—-RL4—CRP—RL_ (full) 56.17 65.22 52.69 61.89 64.21 69.99
Representativeness Reward Rrep W/0 Reyr 54.35 63.92 50.90 61.10 61.92 69.20

Ensures selected frames cover the global video in feature space by minimizing average nearest-neighbor distance. DRP—CRP—RL, 5498 5374 . 50.80 50.44 58 59 /" Conclusion

CRP-SFT only 46.76 62.67 40.47 59.68 49.47 66.33
Base (Qwen2.5-VL-7B) 26.53 44.91 24.34 39.60 32.81 50.82

Video-R4 acquires evidence through iterative visual rumination, decomposing video understanding into frame
selection, spatial zooming, and re-encoding cycles. Multi-stage training with GRPO-based RL proves essential.
Finding 2 Achieves state-of-the-art on M4-ViteVQA with broad zero-shot generalization to documents, slides, and general
video QA.

Curiosity Reward R,
Encourages visual tool use when under-utilized; penalizes excessive calls to prevent over-reliance.

DRP — RL =& CRP — RL schedule is optimal. Curiosity reward is critical for stable training. Project Page & Cod
roject age ode

Code & Data: github.com/yunlong10/Video-R4 Acknowledgements: Supported by Sony Group Corporation. Thanks to Sayaka Nakamura and Jerry Jun Yokono. CVPR 2026 Findings | Contact: yunlong.tang@rochester.edu



