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Abstract: Multimodal large language models (MLLMs) have become a prevailing paradigm for unified video perception.
However, post-training on large multi-task datasets remains challenging, as existing reinforcement learning methods sample
on-policy groups with few high-quality rollouts even with costly chain-of-thought (CoT) generation. In this paper, we study the
sample efficiency and scalability of RL post-training for video MLLMs and introduce OraRL. We identify an overlooked role
for annotations: Beyond scoring rollouts, each can enter its on-policy group as an oracle rollout, a direct positive optimization
target. Direct oracle integration, however, is nontrivial: a high-reward oracle raises the group baseline and inverts otherwise
positive policy advantages, a failure we term advantage inversion. At the core of OraRL is a decoupled advantage estimator:
policy rollouts determine an oracle-free baseline, while the oracle-policy gap modulates both a directional gain and a separate
detached oracle advantage. Sign-balanced pruning improves efficiency: by retaining only the oracle and the strongest rollouts
of each sign, OraRL requires just 2.2 the step time of SFT, less than half the 4.9 x required by GRPO with CoT. OraRL scales
with model size and data, surpassing its backbone from 0.8B to 9B and GRPO up to 100k prompts. Without chain-of-thought,
Video-ORA-9B decodes in 130 ms instead of 4,780 ms. Compared with the respective prior best models, it raises temporal
mloU from 62.5 to 66.0, tracking AO from 73.0 to 78.2, segmentation from 64.3 to 70.4, and the three-benchmark spatial-
intelligence macro average from 51.0 to 56.1; on VSI-Bench, it scores 73.1 against 55.0 for GPT-5 and 55.1 for Gemini-3-Pro.
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1 Introduction

Unified video perception is a key capability for physical intelli-
gence [8], extending beyond coarse textual descriptions to precise
temporal localization [58, 108], spatial grounding and segmen-
tation [46, 103], object tracking [72], and spatial understand-
ing [56, 96]. Recent generalist multimodal large language mod-
els (MLLMs), including LLaVA-OneVision-2 [1], Molmo2 [12],
InternVideo3 [91], and VideoChat3 [44], increasingly integrate
multiple such capabilities within a single model, yet still trail
task-specific models in fine-grained perception. The largest pro-
prietary models, including GPT-5 [67], Gemini-3-Pro [26], and
Seed-2.0 [63], underperform open-source specialists with fewer
than 10B parameters on temporal grounding [108, 118] and spatial
intelligence [96, 113], suggesting that fine-grained precision is
determined primarily by task-aligned post-training rather than by
model scale. Scaling post-training data alone does not close this
gap, because the central bottleneck is sample efficiency: under ex-
isting paradigms, additional training prompts yield only marginal,
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task-dependent gains and can even degrade performance.

This limitation is particularly pronounced in supervised fine-tuning
(SFT) [60, 29, 46, 73, 38, 27], which uses each annotation as a
maximum-likelihood target. This objective enforces the required
output format but provides no task-level supervision to distinguish
near-correct predictions from clearly incorrect ones. Recent video
RL methods [20, 78, 43], often based on group relative policy
optimization (GRPO) [65], address this limitation by comparing
task rewards across multiple on-policy rollouts, but each anno-
tation serves only as a scoring reference. Yet on-policy rollouts
rarely recover the precise intervals, boxes, masks, or trajectories
specified by these annotations, leaving many groups without a
reliable positive anchor. Chain-of-thought (CoT) reasoning does
not alleviate this scarcity; it lengthens every rollout, increasing
training and inference costs without clear performance gains.

Instead of incorporating CoT, we use the annotation itself as a
reliable positive target for policy optimization, a role overlooked
by existing video RL methods. This principle, which we term
annotation-as-rollout, is task-independent: each annotation is se-
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Figure 1 Video-ORA: one model, trained by a single OraRL recipe, for unified video perception. Each column presents a representative input
and a family-level score computed over common benchmark coverage. Video-ORA-9B, evaluated without chain-of-thought decoding, outperforms
every displayed baseline [71, 118, 21, 2, 96, 1] across seven task families. See Sec. 4 for detailed metrics.

rialized into the model’s response format and appended to the
on-policy group as an additional oracle rollout. However, standard
normalization of this mixed-policy group includes the high-reward
oracle in the advantage baseline, raising the threshold for a positive
advantage. Consequently, on-policy rollouts with rewards above
the on-policy mean may be assigned negative advantages, a phe-
nomenon we term advantage inversion (Fig. 2(c)). These inverted
advantages suppress the high-quality rollouts that should be rein-
forced, and in the worst case the entire on-policy group, collapsing
learning toward oracle imitation while suppressing all exploratory
rollouts and causing naive oracle augmentation to underperform
standard GRPO, as analyzed in Sec. 4.10.

In this paper, we introduce a new RL paradigm, named OraRL,
which excludes the oracle from the advantage baseline while re-
taining it as a detached optimization target, ensuring that advantage
signs are determined solely by comparisons among on-policy roll-
outs (Fig. 2(d)). Because excluding the oracle removes the oracle-
policy gap from policy-relative advantage estimation, OraRL en-
codes it in two update terms: a directional gain that increases
with the gap to amplify above-average on-policy rollouts, and a
weight on the detached oracle update that decays as the gap closes.
To improve training efficiency, OraRL back-propagates through a
sign-balanced subset that always includes the oracle, preserving
the sign contrast that drives the update, whereas magnitude-only
pruning [48] can retain rollouts of a single sign and push every
retained rollout in the same direction. OraRL then re-centers and
rescales the retained advantages to prevent selection from biasing
or amplifying the policy update, while selective back-propagation
yields a 1.48 x speedup over full-group optimization.

Our earlier Tempsamp-R1 [45] mitigated the same degradation
with a hand-designed reward-shaping transform, which depended
on task-specific reward semantics and left advantage inversion
unexplained. Computing advantages from on-policy rewards and
the oracle-policy gap removes this dependence, so one update rule
handles any annotation expressed in the model’s response format.

We train our new model Video-ORA with OraRL and evaluate it
across the seven task families summarized in Fig. 1. Without CoT
decoding, Video-ORA-9B achieves the best mloU on all three
TimeLens benchmarks (61.8, 63.6, and 72.5) and the best AO on
GOT-10k (78.2). It also obtains leading segmentation scores on
RefCOCO (79.4 cloU) and MeViS (61.3 J&F), while ranking first
on all eight RefCOCO comprehension splits and all four STVG

metrics. Beyond these perception tasks, it ranks first among open-
source models on five of seven Video QA benchmarks with a
66.8 macro average and on both MMSI-Bench and MindCube,
while its VSI-Bench average of 73.1 is the best reported overall.
OraRL improves over the corresponding backbone at all four scales
from 0.8B to 9B and outperforms GRPO at every evaluated data
budget up to 100k prompts. Answer-only generation also reduces
median end-to-end latency on ten-minute videos from 29.0 to 24.3
seconds relative to the CoT-enabled backbone. Together, these
results establish annotation-as-rollout as an efficient and scalable
reinforcement learning principle for unified video perception. Our
contributions are summarized as follows:

* We introduce annotation-as-rollout, a task-independent mecha-
nism that converts each annotation into an oracle rollout, pro-
viding reliable positive supervision without requiring CoT or
sacrificing on-policy exploration.

* We identify advantage inversion in naive oracle mixing and
address it by separating policy advantages from oracle guidance.
Sign-balanced pruning retains both advantage signs and, with
post-selection moment correction, yields a 1.48x speedup.

* We develop Video-ORA from 0.8B to 9B, achieving leading
results across seven task families and consistent gains across
data budgets and backbone families, together with improved
training and inference efficiency.

2 Related Work

Multimodal foundation models for video understanding. Mul-
timodal large language models (MLLMs) typically connect a vi-
sual encoder to a language model through lightweight projection
or cross-attention modules [87, 107, 37, 2]. Video MLLMs extend
this architecture by representing sampled frames as visual token
sequences, as exemplified by Video-ChatGPT [53], the Video-
LLaMA series [106, 105], Chat-UniVi [31], the VideoChat se-
ries [40, 42, 44], and the LLaVA-OneVision and LLaVA-Video
families [37, 112, 1]. Beyond architectural integration, large-
scale video-text pretraining has produced dedicated video foun-
dation models, from InternVideo [77] to InternVideo3 [91]. Gen-
eral open MLLMs, including Qwen3-VL [2], Qwen3.5 [71], In-
ternVL3 [117], InternVL3.5 [76], Molmo2 [12], Keye-VL [70],
MiniCPM-V [102], MiMo-VL [86], and Eagle2.5 [7], further
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Figure 2 Four paradigms for using annotations in model adaptation. Panel (b) shows rewards, whereas panels (c) and (d) show advantages.
Unlike mixed-policy normalization, OraRL excludes GT from the on-policy baseline while retaining it as an optimization target, preventing advantage

inversion and enabling a sign-balanced update.

broaden image and video understanding within unified archi-
tectures. Long-video understanding has additionally motivated
memory mechanisms and visual-token compression, as surveyed
in [68]. Proprietary systems such as GPT-5 [67], Gemini [13, 26],
Grok-4 [85], and Seed-2.0 [63] demonstrate strong capabilities
in open-ended multimodal understanding. Collectively, these ad-
vances [44, 1, 91] have strengthened open-ended video under-
standing, but fine-grained temporal and spatial perception remains
a distinct post-training challenge.

Fine-grained video perception. Temporal grounding and high-
light detection localize a language query in time and have been
studied extensively before the MLLM era [33, 24, 110, 36]. Trans-
ferring this ability to MLLMs has been dominated by supervised
fine-tuning, from TimeChat [60], VTimeLLM [29], Grounding-
GPT [46], and VTG-LLM [27] to Grounded-VideoLLM [73],
LLaVA-ST [38], and the TimeLens generalists [108, 118]. Fine-
grained spatial perception has developed in parallel through
reasoning segmentation and referring video object segmenta-
tion [18, 35, 61, 59, 89, 84, 3, 47, 50, 103, 16], as well as visual
tracking, where transformer specialists [9, 4] remain the stan-
dard and MLLM-based trackers have appeared only recently [72].
More recently, research on spatial intelligence has focused on
inferring metric and relational structure from visual observa-
tions [96, 56, 113, 81, 94, 109, 83, 8]. Although unified models
such as OneThinker [21] cover many of these tasks, they rely on
CoT supervision, whereas we train all seven families with answer-
only rollouts under a single annotation interface and update rule.

Reinforcement learning for multimodal models. Reinforcement
learning is widely used to adapt language and multimodal models
beyond supervised imitation, with PPO [62] providing a standard
policy-optimization foundation. GRPO [65] estimates advantages
by normalizing rewards within a group of rollouts sampled for the
same query, without requiring a learned critic. This formulation
has been adopted for visual and video reasoning [20, 104], with
task-specific variants for temporal grounding [78, 43], referring
expression comprehension [100, 6], segmentation [99, 88, 25],
and tracking [72]. Across these methods [78, 100, 99, 72], anno-
tations serve only as reward references for sampled rollouts, so the
learning signal remains bounded by the quality of the on-policy
group. To strengthen weak groups, LUFFY [90] injects teacher
traces with regularized importance sampling, and on-policy distil-

lation has been applied to temporal grounding [39], whereas our
oracle comes directly from the paired annotation and needs no
teacher. Adding it to the group, however, shifts the baseline and
inverts useful on-policy advantages (Sec. 4.10), which importance
weighting cannot correct because all on-policy ratios equal one, so
OraRL keeps the oracle as an optimization target while excluding
it from the baseline. Group-based RL is also costly because each
prompt needs several rollouts, especially with CoT [79], and while
CPPO [48] prunes rollouts with low absolute advantages and re-
ward shaping [28, 52] enriches a fixed budget, OraRL retains the
oracle with equal numbers of positive and negative rollouts so the
pruned group keeps its sign contrast.

3 Methodology

As shown in Fig. 3, OraRL appends each annotation as an oracle
rollout to its corresponding on-policy group, providing a reliable
positive target for every query. Standard group normalization,
however, incorporates the high-reward oracle into the advantage
baseline, raising the threshold for a positive advantage and caus-
ing above-average on-policy rollouts to be penalized rather than
reinforced. OraRL avoids this by computing the baseline from
on-policy rewards alone and encoding the oracle-policy gap in two
terms: a directional gain for above-average rollouts and a sepa-
rate, bounded oracle advantage. For efficiency, it back-propagates
through a sign-balanced subset containing the oracle, then re-
centers and rescales the selected advantages.

3.1 Preliminaries

Let ¢ = (v, ) denote a multimodal query containing a video
(or image) v and an instruction x. Given g, group relative policy
optimization (GRPO) samples n rollouts

OOP = {Oi}zn:la

and evaluates each rollout with a task reward r; = R(o;, ¢). With-
out requiring a learned critic, vanilla GRPO estimates a group-
relative advantage as

05 ~ 7r901d(' ‘ Q), (D

n

1
Hegrp = ﬁ Z Tj, 2)

j=1

AGRPO _ i ~ Mgrp
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Tgrp + €
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Figure 3 Overview of OraRL. The annotation is appended as an oracle rollout to n on-policy rollouts. On-policy rewards define the baseline, while
the oracle separately strengthens promising rollouts and provides an adaptive anchor. Sign-balanced pruning retains informative positive and negative
rollouts together with the oracle, yielding K rollouts for the policy update.

where o, is the standard deviation of {r;}”_, and € is a small
constant used throughout for numerical stability. For response
token o; ;, define the importance ratio

WQ(Oi,t | q, 0z‘,<t)

Pl = (ot | 4-00) ®
The clipped policy objective is
1L 1 o
Jcrpo(6) gz o] 2 Zmln p”A RPO 5. A_GRPO) 7
i=1 @

where p; ; denotes p; ; clipped to [1—¢., 14+€.]. OraRL retains this
objective unchanged, modifying only rollout-group composition,
advantage estimation, and rollout selection for policy updates.

3.2 OraRL

Annotation-as-rollout construction. Let y denote the annotation
associated with ¢ and T}, the transform that serializes it into
the model’s response format, so that the oracle rollout and the
augmented group are

Ogt = Trask(Y), Oang = Oop U {Ogt}a |Oaug| =n+1. ()

Appending the oracle rather than replacing an on-policy rollout
preserves all n on-policy rollouts and the policy-relative compar-
isons among them, so the oracle adds supervision without reducing
exploration. Depending on the task, og¢ encodes an answer choice,
temporal interval, spatial box, box trajectory, interval with sampled
boxes, or timestamped box-and-point segmentation prompt.

Advantage inversion under mixed-group normalization. Let
Hop = % Z?Zl r; be the on-policy reward mean and let 7 be the
oracle reward. If all n + 1 rollouts are normalized together, the
group mean becomes

Nfbop + Tgt
n+1

gt
n+1

Tgt — Hop

p + (6)

Haug = =
When 714 > fiop, the oracle raises the baseline, and every on-
policy rollout satisfying jiop < 7; < flaug oOutperforms the current
policy on average but receives a negative advantage. Let A} de-
note the mixed-group advantage. For these rollouts, AZ»GRPO >0
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while A < 0, which constitutes the advantage inversion quanti-
fied in Sec. 4.10. The inversion band has width (gt — ftop)/(n+1)
and therefore grows linearly with the oracle-policy reward gap.
Moreover, the oracle increases the mixed-group standard devia-
tion, reducing the magnitudes of normalized on-policy advantages
and their gradient contributions. OraRL avoids both effects by
centering advantages on the on-policy mean without variance nor-
malization and encoding the oracle-policy gap through separate
scaling terms, as detailed below.

On-policy advantage estimation. To preserve policy-relative
comparisons, OraRL defines AEO) =7 — Hop fOori =1,...,n
without variance normalization. No rollout that outperforms the
on-policy mean can therefore receive a negative advantage, so
this inversion interval is empty by construction. To retain infor-
mation about the oracle-policy gap, we compute the on-policy
and augmented reward dispersions as oo, = Std({r;}]-;) and
Taug = Std({r; }I'_q U{rg}), respectively. These quantities enter
only the directional scaling introduced next.

Oracle-gap directional gain. The base advantage AEO) preserves

policy-relative comparisons but not the oracle—policy discrepancy.
We estimate this discrepancy from the change in reward dispersion
with the bounded gain:
1/4
)]

gq = clip [(

Since 0ay¢ includes the oracle, g, grows as its reward deviates
from the on-policy distribution. Clipping preserves the base scale
and prevents excessive amplification when o, is small. We apply
gq only to above-mean rollouts:

Oaug

Oop + €

)

®)

This transform increases the advantages of rollouts above the
on-policy mean without amplifying those below it. Because the
asymmetric scaling generally shifts the group mean, we remove
this shift by setting A?” = U; —n~"' 3_"_, U;. By construction,
>, AP = 0, while the increased separation between rollouts
above and below the on-policy mean is preserved.



Detached oracle advantage. Rather than using the raw difference
Tt — Hop directly, OraRL derives a detached oracle advantage
whose scale is calibrated to both the remaining oracle-policy gap
and the strongest useful on-policy signal. We first define the
normalized reward-gap weight

2
Wy = {clip(Tgt_'qu,O, 1)] . )

Tgt—f—e

The weight becomes zero when the on-policy mean reaches the
oracle reward and approaches one as the mean decreases relative
to that reward. It therefore measures the residual supervision
provided by the annotation, while the exponent sharpens its decay
as the policy improves. We then calibrate this gap-dependent
scale against the strongest positive on-policy advantage, A} =
maux(O7 max; A?p):

(10)

Agy = min(2wg, clip(1.2 Af,,, 0.05, 1)) .
The first term sets the nominal oracle scale, whereas the second
caps it relative to the strongest useful on-policy signal, preventing
the oracle from dominating the group. If no positive on-policy
rollout exists, the cap is 0.05, yielding a small bootstrap signal
when w, > 0 and vanishing when w, = 0. Finally, g, is not
applied to Ay because both terms respond to the oracle-policy

discrepancy and would double-count the same correction.

Sign-balanced advantage pruning. To reduce update cost,
OraRL computes all on-policy and oracle advantages before prun-
ing, then performs the policy forward and backward passes only
on the retained subset. Pruning therefore leaves the pre-correction
advantages unchanged. We retain K = |n(l — k)] rollouts,
where x € [0,1) is chosen such that X' > 1 and the budget
is defined relative to the original n on-policy rollouts. Let s;
denote the sequence-level advantage of rollout o;, computed as
the masked mean over its valid response tokens. We define the
positive and negative candidate sets as O = {o; : s; > 0} and
O~ ={o0; : s; < 0}. The retained set is

Sy = {og} UTopg, (OF, |si]) UTopg (O™, [si]), (1)

where 1 + K + K_ = K. The oracle is always retained and
treated as a positive anchor when allocating the quota. The re-
maining K — 1 positions are divided as evenly as possible be-
tween positive and negative rollouts, with candidates ranked by
|s;| within each sign. If one sign has insufficient candidates, its un-
used positions are reassigned to the other sign, and zero-advantage
rollouts are selected only when necessary. For n = 8 and xk = 0.5,
the retained set contains the oracle, one positive on-policy roll-
out, and two negative rollouts. Unlike magnitude-only pruning
in CPPO [48], which may select only one sign, the sign quota
preserves both reinforcing and suppressive signals when available.

Post-selection moment correction. Sign-balanced pruning
changes the mean and scale of the retained advantages because it
always keeps the positive oracle and favors large-magnitude roll-
outs. Without correction, the reduced group can therefore produce
a nonzero mean and a disproportionate update scale. Let a; denote
the pre-correction advantages of the K rollouts in S,. We first re-
store a zero mean by setting z; = a; — K ! Zzesq ap. If zg¢ <0,
centering would penalize the known-correct oracle. We therefore

project the centered vector onto the constraints ). z; = 0 and
ggt > 0:

0, i = gt,

Z = 12

ZH—KZg_tl, i # gt. 12
This projection sets the oracle advantage to zero and distributes
its offset uniformly across the remaining rollouts while preserving
the zero sum. When 2z, > 0, we simply set z; = z;. We next
control the retained scale using the pre-pruning on-policy RMS,
RMS,, = v/n~ 1> 1 (A;")?, and the selected RMS, RMSs =
VE-LY, z2. The corrected advantages are A\Z = A¢Z;, Where

RMS,
)\q = Chp(]il\/[ssije7 0257 1) .

The ratio matches the pre-pruning RMS whenever it lies within
the clipping range. The upper bound prevents amplification, while
the lower bound limits attenuation to a factor of four. We skip
scale matching when o, is numerically zero because the on-
policy RMS then provides no meaningful reference. Overall, the
correction restores a zero mean, keeps the oracle nonnegative, and
controls the update scale relative to the full on-policy group.

(13)

Unified policy update. We evaluate each rollout in the aug-
mented group, including the serialized oracle, under the frozen
pre-update policy to obtain its old token log-probabilities. Let
Ny =3 S |o;| be the retained response-token count. Broad-

~

casting A; to these tokens gives

o]

Jours(0) = NL Z Zmin(Pi,t;{ia ﬁi,tgi) .

9 ies, t=1

(14)

The objective increases the likelihood of the oracle and positive
policy rollouts while reducing that of negative ones.

3.3 Oracle Serialization and Task Rewards

Each task adapter serializes annotation y as the oracle rollout ogt
and evaluates rollout o with the scalar score Ry (o, y). Let Fj(0) €
{0,1} indicate output validity. Thus, R(o,q) = Ri(0,y)Fy(0),
with malformed outputs assigned zero. We instantiate adapters
for temporal and highlight grounding, spatial and spatial-temporal
grounding, visual tracking, segmentation, video question answer-
ing, and spatial intelligence. Video question answering and spatial
intelligence use textual answers rather than geometric predictions,
showing that annotation-as-rollout also applies beyond localiza-
tion. During reinforcement learning, each rollout group uses one
adapter, so normalization never mixes task reward scales. Ap-
pendix C specifies all oracle serializations and task scores.

4 Experiments

4.1 Experimental Setup

Training data. Supervised fine-tuning and reinforcement learning
use 284,779 and 100,032 distinct prompts, respectively, from the
same seven task families. Answer-only tasks comprise 82% of the
supervised mixture, whereas structured tasks comprise 63% of the
reinforcement learning mixture.



Table 1 Temporal grounding results. We report R1@0.3, R1@0.5, R1@0.7, and mloU on three TimeLens benchmarks.

Charades-TimeLens [24, 108]

ActivityNet-TimeLens [33, 108]

QVHighlights-TimeLens [36, 108]

Model

R1@0.3 R1@0.5 R1@0.7 mloU R1@0.3 R1@0.5 R1@0.7 mloU R1@0.3 R1@0.5 R1@0.7 mloU
Proprietary Models
GPT-5 [67] 59.3 42.0 22.0 40.5 57.4 449 30.4 429 72.4 60.4 46.4 56.8
Gemini-2.5-Pro [13] 74.1 61.1 34.0 52.8 72.3 64.2 47.1 58.1 84.1 75.9 61.1 70.4
Open-Source Models
Qwen3.5-35B-A3B [71] 69.5 50.4 27.3 48.2 59.4 58.6 40.1 52.6 81.6 72.6 56.5 66.0
Qwen3-VL-30B-A3B [2] 70.3 46.5 25.1 48.1 61.7 51.1 36.5 494 79.3 67.6 52.6 63.2
Keye-VL-2.0-30B-A3B [70] - - - 58.4 - - - 58.5 - - - 70.1
VideoChat-Flash-7B [42] 60.2 37.9 17.8 39.7 355 21.8 10.5 24.8 452 30.6 16.7 32.7
Time-R1-7B [78] 57.9 32.0 16.9 36.6 44.8 31.0 19.0 33.1 65.8 51.5 36.1 49.2
Tempsamp-R1-7B [45] 59.1 37.3 16.2 39.8 48.3 332 18.6 344 75.6 60.6 41.1 55.1
MiMo-VL-7B [86] 57.9 42.6 20.5 39.6 493 38.7 224 35.5 57.1 42.6 28.4 41.5
Video-O3-7B [104] 58.7 342 16.2 38.6 53.2 41.0 24.4 38.9 62.7 49.5 344 47.4
Molmo2-4B [12] 444 31.1 18.5 34.7 50.8 40.3 29.9 40.9 73.7 62.6 51.8 60.8
VideoChat3-4B [44] 78.4 64.9 359 56.1 70.1 60.5 422 54.6 81.0 72.5 56.8 67.0
Qwen3-VL-8B [2] 69.2 53.4 27.5 48.3 62.1 51.2 344 46.8 74.2 64.6 49.3 59.4
InternVideo3-8B [91] 75.8 61.7 32.8 53.2 60.0 514 334 46.3 72.2 62.6 48.9 59.2
Video-OPD-8B [39] 73.1 45.8 324 - 60.5 45.6 35.8 - 73.8 60.3 50.4 -
LLaVA-OneVision-2-8B [1] 73.1 59.6 34.0 52.6 65.6 57.9 40.9 52.4 78.2 70.0 57.0 65.7
TimeLens2-8B [118] 80.9 68.0 38.9 58.6 74.0 65.6 46.6 58.6 84.4 76.1 61.2 70.2
Qwen3.5-4B [71] 73.0 53.5 26.7 494 68.9 57.9 38.8 51.9 80.7 71.7 55.3 64.5
Qwen3.5-9B [71] 73.0 57.3 30.2 50.6 69.8 59.6 38.7 52.2 80.1 72.7 56.7 65.8
Video-ORA-4B 77.1 64.9 37.9 56.8 69.3 60.1 43.8 57.3 81.4 72.6 58.6 67.5
Video-ORA-9B 84.5 71.6 424 61.8 77.4 69.5 53.3 63.6 84.9 77.6 64.0 72.5

Training protocol and system optimizations. All controlled vari-
ants share the same initialization, training data, and optimization
budget, isolating algorithmic differences. We implement OraRL in
veRL [66] with VLLM [34] for rollout generation and FSDP [114]
for training. Task queues are interleaved to balance exposure, and
each rollout group uses one adapter and reward function. Our
pipeline reduces preprocessing overhead by decoding each video
once and sharing its frames and temporal metadata between the
rollout and actor engines. With n = 8 and x = 0.5, it compacts
each nine-rollout group to four retained rollouts and balances
sequence lengths across data-parallel ranks, reducing backward
computation. Rewards are evaluated asynchronously; the single-
update protocol reuses detached old log-probabilities from the
pre-update forward pass, avoiding a second old-policy evaluation.

Benchmarks and metrics. Controlled analyses cover three tasks:
temporal grounding on the TimeLens [108] splits of Charades-
STA [24], ActivityNet Captions [33], and QVHighlights [36],
measured by mloU; visual tracking on GOT-10k [30], measured
by AO; and mask-aware video segmentation on MeViS [17]
and ReasonVOS [3], measured by J&F. The unified evaluation
adds spatial grounding and image segmentation on the Ref-
COCO series [101, 54], reported by R@0.5 and cloU; spatial-
temporal grounding on STVG [38], reported by tloU@O0.5,
mean tloU, sloU@0.5, and mean sloU; seven Video QA bench-
marks [22, 23, 41, 115, 11, 82, 116], reported by accuracy; and
spatial intelligence on VSI-Bench [93], MindCube [75], and
MMSI-Bench [95], reported by exact-match accuracy and, for
numerical VSI questions, mean relative accuracy. Unless stated
otherwise, Video-ORA generates answers directly, without chain-
of-thought decoding. Boldface marks the best result, underlining

the second best, and “~" an unreported result.

4.2 Main Results

Temporal grounding. Tab. | reports the three TimeLens splits,
where Video-ORA-9B leads every metric, improving mloU over
the temporal specialist TimeLens2-8B by 2.3 to 5.0 points and ex-
ceeding Gemini-2.5-Pro on all three. The margin over TimeLens2-
8B is not uniform across thresholds: on ActivityNet and QVHigh-
lights it widens as the required overlap tightens, reaching 6.7 points
at R1@0.7 on ActivityNet. This is the pattern that annotation-
as-rollout predicts, since coarse retrieval of the right region is
already within reach of the backbone, whereas an exactly correct
boundary is what on-policy sampling rarely produces and what
the annotation supplies in every group. The gains also hold at 4B:
Video-ORA-4B ranks second in mIoU among open models below
10B, behind only TimeLens2-8B.

Referring grounding. Video-ORA-9B ranks first in R@0.5 on
all eight validation and test splits of RefCOCO, RefCOCO+, and
RefCOCOg in Tab. 2. It exceeds the strongest baseline by 0.5 to 2.7
points, with the largest margin on RefCOCO+ validation. Because
RefCOCO+ excludes absolute location words, the larger gains are
consistent with stronger grounding from visual appearance and
object relations rather than coarse positional information.

Video question answering. For multiple-choice Video QA, the
annotated option serves as the oracle rollout and is rewarded by
exact match. Among the open-source models reported in Tab. 3,
Video-ORA-9B ranks first on five of seven benchmarks and im-
proves the macro average over its Qwen3.5-9B backbone from



Table 2 Spatial grounding results on the RefCOCO family. All values are R@0.5 on RefCOCO, RefCOCO+, and RefCOCOg.

RefCOCO [101]

RefCOCO+ [101] RefCOCOg [54]

Models

testA testB val testA testB val test val
Perception-R1 [100] 914 84.5 89.1 86.8 74.3 81.7 85.4 85.7
Ground-R1-7B [6] 93.9 88.0 92.9 90.8 78.8 86.5 90.2 90.1
Game-R1-7B [57] 92.3 84.7 90.1 89.6 77.3 84.3 86.6 88.1
OneThinker-8B [21] 93.7 88.9 92.0 914 82.7 87.0 88.8 89.2
Qwen3.5-4B [71] 91.1 87.2 89.6 86.2 71.5 82.9 89.0 87.3
Qwen3.5-9B [71] 93.6 89.2 92.1 90.4 82.1 86.7 87.3 89.9
Video-ORA-4B 93.0 89.2 91.9 90.2 81.7 87.0 90.6 89.1
Video-ORA-9B 94.6 90.6 93.4 92.7 84.4 89.7 91.0 90.8

Table 3 Video question answering results. We evaluate VideoMME [22],

VideoMME-v2 [23], MV-Bench [41], MMVU [115], VideoHolmes [11],

LongVideoBench [82], and MLVU [116]. LongVideoBench and MLVU-MC use validation and development M-Avg., respectively.

Models VideoMME  VideoMME-v2 MV-Bench MMVU(mc) VideoHolmes LongVideoBench MLVU-MC
InternVL3.5-8B [76] 66.0 26.0 72.1 - - 62.1 70.2
Keye-VL-1.5-8B [92] 73.0 23.8 56.9 - - 66.0 75.0
Eagle2.5-8B [7] 72.4 24.9 74.8 - - 66.4 77.6
MiniCPM-V-4.5-8B [102] 67.9 26.5 60.5 - - 63.9 70.2
InternVideo3-8B [91] 73.8 27.6 75.0 - - 66.8 77.3
LLaVA-OneVision-2-8B [1] 71.9 19.9 66.2 - - 66.9 76.6
Qwen3.5-9B [71] 71.1 299 68.2 72.5 50.3 64.6 76.7
Video-ORA-4B 69.8 26.1 67.2 65.4 61.9 60.2 73.2
Video-ORA-9B 76.7 32.0 72.5 77.0 65.5 66.2 77.7

Table 4 Tracking results on GOT-10k. We report average overlap (AO)
and recall at IoU thresholds 0.3, 0.5, and 0.7.

Table 5 Spatial-temporal grounding results on STVG. We report
tloU@0.5, mean tloU, sloU@0.5, and mean sloU.

~10k [3 3

Models Frame GOT 10k [30] Models Frame STVG [38]

AO R@03 R®@0.5 R@0.7 tloU@0.5 tloU sloU@0.5 sloU
Qwen3-VL-8B [2] 32 33.7 51.1 28.9 10.6 Grounded-VideoLLM [73] - 30.0 33.0 - -
Qwen3.5-4B [71] 32 453 65.5 46.4 25.2 Qwen3-VL-8B [2] 128 24.4 254 11.6 13.6
Qwen3.5-9B [71] 32 46.0 66.9 46.9 25.8 Qwen3.5-4B [71] 128 35.8 37.7 6.3 11.2
OneThinker-8B [21] 32 73.0 93.9 84.4 68.8 Qwen3.5-9B [71] 128 37.0 39.3 11.9 16.5
Video-ORA-4B 32 67.5 87.2 76.8 57.8 Video-ORA-4B 128 39.0 40.5 22.2 24.2
Video-ORA-9B 32 78.2 94.1 87.8 75.3 Video-ORA-9B 128 40.0 41.7 27.4 28.4

61.9 to 66.8. Gains reach 15.2 points on VideoHolmes, 5.6 on
VideoMME, and 4.5 on MM VU, but only 1.6 on LongVideoBench.

Visual tracking. On GOT-10k, which evaluates complete trajec-
tories, Video-ORA-9B leads AO and recall at every threshold in
Tab. 4, surpassing OneThinker-8B by 5.2 AO. Its recall margin
grows from 0.2 points at R@0.3 to 6.5 at R@0.7. Video-ORA-
4B also reaches 67.5 AO, compared with 45.3 and 46.0 for the
Qwen3.5-4B and 9B backbones.

Spatial-temporal grounding. STVG requires both a temporal
interval and framewise boxes, jointly evaluating event localization
and spatial grounding. Video-ORA-9B ranks first on all four
metrics, with Video-ORA-4B ranking second throughout (Tab. 5).
Relative to Qwen3.5-9B, it gains 3.0 and 2.4 points on tloU@0.5
and mean tloU, but 15.5 and 11.9 points on sloU@0.5 and mean
sloU, showing that the larger improvement comes from frame-
level spatial localization. It also exceeds Grounded-VideoLLM by

10.0 and 8.7 points on its two reported temporal metrics, while
using the same serialized output interface as the other tasks.

Segmentation. Tab. 7 shows that Video-ORA-9B leads every
RefCOCO-family cloU and the MeViS J&F, while Video-ORA-
4B is best on ReasonVOS. Recent specialists are tightly clustered
on image cloU, where Video-ORA-9B adds at most 1.0 point
over the best baseline, whereas the video benchmarks move much
further, from 52.7 to 61.3 on MeViS and from 59.9 to 63.8 on
ReasonVOS. Video segmentation is also the task with the largest
absolute change, improving over the Qwen3.5-9B backbone by
29.2 J&F on MeViS and 42.2 on ReasonVOS, since the backbone
cannot produce usable mask prompts on its own. On Reason-
VOS the 4B and 9B models finish within 0.1 J&F of each other,
so the residual error on that benchmark is not capacity-limited.
Appendix D reports the remaining per-metric scores.

Spatial intelligence. Video-ORA-9B achieves the highest re-



Table 6 Complete results on VSI-Bench [93]. Numerical and multiple-choice tasks use MRA and accuracy; Avg. is their macro average.

Numerical Question

Multiple-Choice Question

Models Avg.
Obj. Count  Abs. Dist  Obj. Size Room Size Rel. Dis  Rel. Dir  Route Plan  Appr. Order
Proprietary Models
Seed-2.0 [63] 49.4 25.3 69.5 25.8 61.8 449 443 71.0 49.0
Grok-4 [85] 37.1 329 60.8 454 53.1 39.6 474 66.8 479
Gemini-2.5-Pro [13] 46.0 37.3 68.7 54.3 61.9 43.9 47.4 68.7 53.5
Gemini-3-Pro [26] 49.0 42.8 71.5 41.8 56.6 57.5 61.9 60.0 55.1
Kimi-K2.5 [69] 57.2 34.9 69.3 54.4 59.6 413 52.1 67.0 54.5
GPT-5 [67] 53.3 344 73.3 47.5 63.7 48.6 50.2 68.9 55.0
Open-source General Models
LLaVA-OneVision-72B [37] 43.5 23.9 57.6 37.5 42.5 39.9 325 44.6 40.2
LLaVA-Video-72B [112] 48.9 22.8 574 353 424 36.7 35.0 48.6 40.9
InternVL3-8B [117] 66.0 34.8 43.6 47.5 48.0 39.3 26.2 31.3 42.1
Qwen3-VL-8B [2] 67.5 47.0 76.3 61.9 58.0 50.9 35.0 66.3 57.9
LLaVA-OneVision-2-8B [1] - - - - - - - - 70.9
Qwen3.5-4B [71] 56.5 40.4 68.9 59.3 65.5 75.7 36.1 74.9 59.7
Qwen3.5-9B [71] 62.0 44.0 73.6 61.9 69.7 79.9 45.4 26.7 57.9
Open-source Spatial Intelligence Models
SpaceR-7B [56] 44.5 24.7 53.5 37.3 41.9 46.1 29.3 54.8 41.5
ViLaSR-7B [83] 58.1 33.8 614 28.8 45.0 46.5 29.9 532 44.6
VST-7B [94] 71.6 43.8 75.5 69.2 60.0 55.6 443 69.2 61.1
Cambrian-S-7B [96] 732 50.5 74.9 722 71.1 76.2 41.8 80.1 67.5
Spatial- MLLM-4B [81] 65.3 34.8 63.1 45.1 413 46.9 335 46.3 47.0
SpatialStack-5B [109] 71.0 55.6 69.1 68.2 67.3 84.1 41.2 83.5 67.5
SpaceMind [113] 73.3 61.4 774 74.2 67.2 88.4 443 70.6 69.6
Video-ORA-4B 72.2 51.2 75.8 64.7 67.5 81.9 41.2 754 66.2
Video-ORA-9B 76.1 58.3 78.2 72.1 75.2 86.9 474 90.6 73.1

Table 7 Segmentation results. RefCOCO/+/g [101, 54] use cloU,

whereas MeViS [17] and ReasonVOS [3] use J&F.

Table 8 Results on MMSI-Bench [95] and MindCube-Tiny [75]. Both
report accuracy; Avg. is their mean.

Model Image (cloU) Video (J&F) Model MMSI MindCube Avg.
RefCOCO + g MeViS ReasonVOS  Proprietary Models
PixelLM-7B [61] 730 663 693 - - Gemini-2.5-Pro [13] 38.0 31.6 47.8
LISA-7B [35] 741 624 664 372 311 g;‘i('; [(8;] iz'g gg'g ig'z
VISA-13B [89] 724 598 655 445 - A : : 2.1
Seg-R1-7B [99] 74.3 62.6 71.0 - - Open-source General Models
Sa2VA-4B [103] 78.9 717 741 462 - InternVL3-8B [117] 28.0 41.5 34.8
MomentSeg-7B [16] 77.8 68.2 70.8 - - Qwen3-VL-8B [2] 31.1 29.4 30.3
VideoSeg-R1-7B [88] 78.2 71.8 73.1 - - Qwen3.5-4B [71] 31.6 46.1 389
ReferFormer [84] - - - 31.0 32.9 Qwen3.5-9B [71] 31.7 41.2 36.5
VideoLISA-3.8B [3] - B B 444 475 Open-source Spatial Intelligence Models
Veason-R1-7B [25] - - - 52.2 59.9 . 5
Spatial- MLLM-4B [81] 26.1 33.5 29.8
Qwen3-VL-8B [2] 73.8 65.1 70.1 229 19.6
. SpaceR-7B [56] 27.4 38.0 32.7
OneThinker-8B [21] 75.8 67.1 70.8 527 54.9 i i
ViLaSR-7B [83] 30.2 35.1 32.7
Qwen3.5-4B [71] 74.7 64.0 69.0 27.7 20.7 )
3.5-9B [71] 75.2 65.6 70.0 32.1 21.5 VST-7B [94] 325 39.7 36.1
Qwen3.5- : : : : : Cambrian-S-7B [96] 27.1 37.9 325
Nty or ST Y 2 8% Video-ORA4B 31.9 48.6 403
1deo-DRA- : o : 231 Video-ORA-9B 37.9 574 477

ported VSI-Bench average of 73.1 in Tab. 6, exceeding LLaVA-
OneVision-2-8B by 2.2 points and the strongest proprietary model
by 18.0. Within this comparison, it ranks first in object count,
object size, relative distance, and appearance order. The largest
margin occurs on appearance order, where it scores 90.6 versus

83.5, while route planning remains behind Gemini-3-Pro, Kimi-
K2.5, and GPT-5. Among the open-source models in Tab. 8, it
scores 37.9 on MMSI-Bench and 57.4 on MindCube-Tiny. Their
average of 47.7 remains below Grok-4 at 50.7, GPT-5 at 49.1,
and Gemini-2.5-Pro at 47.8. Task-level results in Appendix E
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Figure 5 Task-group data scaling and reward dynamics under the controlled 9B protocol. (a) The video-perception aggregate is the macro
average over temporal grounding, tracking, segmentation, and video question answering. (b) The spatial-intelligence aggregate averages VSI-Bench,
MMSI-Bench, and MindCube. (c¢) Total training reward over one epoch for OraRL and GRPO.

show strengths in MMSI camera-object relations and MindCube
“among” and “around,” but weak planning and rotation. Ap-
pendix F repeats the VSI-Bench comparison on the re-annotated
ReVSI benchmark, where Video-ORA-9B again attains the highest
open-source score.

4.3 Model Scaling

Fig. 4 compares Video-ORA at 0.8B, 2B, 4B, and 9B parameters,
each trained under the same OraRL configuration and evaluated
against its corresponding Qwen3.5 backbone. At every scale,
Video-ORA improves all seven task families and exceeds its back-
bone by over 8 points in macro average. Its macro average rises
monotonically from 51.8 at 0.8B to 66.2 at 9B, showing that
performance scales consistently with model size under the same
training configuration. Tracking benefits most from scale, with the
margin widening from 11.3 at 0.8B to 32.2 at 9B and becoming
the largest of any family at 4B and above, suggesting that larger
models use framewise box supervision more effectively. Below
4B the widest margins appear on spatial-temporal grounding: the
backbone scores under 9, while OraRL adds over 22 points.

4.4 Data Scaling and Reward Dynamics

We compare SFT, GRPO, and OraRL at matched checkpoints
spanning 6.4k to 100k processed prompts. Video perception ag-
gregates temporal grounding, tracking, segmentation, and Video
QA, while spatial intelligence aggregates VSI-Bench, MMSI-
Bench, and MindCube-Tiny. Across this range, OraRL gains 5.2
and 3.6 points on the two aggregates, compared with 2.8 and 3.1
for GRPO. Their respective margins therefore widen from 1.7 and
2.1 points to 4.1 and 2.6 in the first two panels of Fig. 5. This scal-
ing advantage is consistent with annotation-as-rollout supplying
a reliable positive target for every added prompt, whereas GRPO
relies solely on reward variation among its sampled rollouts. SFT
instead loses 4.1 points on video perception while gaining 2.5 on
spatial intelligence, indicating that continued imitation does not
transfer uniformly across task groups.

4.5 Does Video Data Improve Spatial Intelligence?

To assess whether video perception supervision transfers to spatial
intelligence, we compare two RL runs initialized from the same
SFT checkpoint. One uses 9,000 spatial-intelligence prompts,



Table 9 Effect of video perception data on spatial intelligence. Avg. is the mean across the three benchmarks.

Training data RL prompts VSI-Bench [93] MMSI [95] MindCube [75] Avg.
Video Spatial

Qwen3.5-9B, no training [71] - - 57.9 31.7 41.2 43.6

Spatial intelligence only - 9k 68.1 33.5 49.2 50.3

+ video perception 9k 9k 70.0 34.2 50.3 51.5

Video-ORA-9B, seven tasks 100k 73.1 379 574 56.1

Table 10 Backbone generalization. Each model family is evaluated
after SFT, GRPO, and OraRL under the same protocol.

Table 11 Chain-of-thought ablation. Temporal-grounding scores are
averaged across Charades, ActivityNet, and QVHighlights; training cost
is reported in seconds per step.

Backbone Stage Temporal Tracking Video Seg. Avg.
Backbone 515 337 213 355 Method Char. ANet. QV. Avg. Train s/step
+SFT 53.2 67.7 55.0 58.6  CoT + answer

Qwen3-VL-88 +GRPO 58.0 68.5 57.8 61.4  Backbone 50.3 45.0 58.9 51.4 N/A
+OraRL 60.8 71.3 59.9 64.0 GRPO 54.8 534 67.2 58.5 135.6
Backbone 56.2 46.0 26.8 43.0  Answer only

Qwen3.5-9B +SFT 58.7 68.0 57.2 61.3  Backbone 494 51.9 64.5 55.3 N/A

' +GRPO 60.2 73.6 60.0 64.6 GRPO 54.0 543 67.7 58.7 93.9

+OraRL 62.3 75.0 60.6 66.0 OraRL 58.0 57.5 68.7 61.4 62.4

while the other augments them with 9,000 video prompts drawn
from temporal grounding, tracking, mask-aware video segmenta-
tion, spatial-temporal grounding, and Video QA. The pretrained
backbone and full seven-task model are included as reference
points. As shown in Tab. 9, the augmented run improves VSI-
Bench, MMSI-Bench, and MindCube-Tiny by 1.9, 0.7, and 1.1
points, respectively, raising their mean by 1.2 points. Although
the augmented run uses twice as many RL updates, its consistent
gains across all three benchmarks support the practical value of
adding video perception data under an expanded training budget.

4.6 Backbone Generalization

We apply the same three-task protocol to Qwen3-VL-8B and
Qwen3.5-9B without separate retuning. For both families, OraRL
outperforms GRPO, SFT, and the pretrained backbone on every
task in Tab. 10. OraRL improves the GRPO average by 2.6 points
on Qwen3-VL-8B and 1.4 points on Qwen3.5-9B. The larger gain
on the weaker Qwen3-VL SFT checkpoint may arise from stronger
oracle guidance when the policy remains farther from the oracle.

4.7 Is Chain-of-Thought Necessary?

Tab. 11 compares CoT and answer-only training on Charades-
TimeLens, ActivityNet-TimeLens, and QVHighlights-TimeLens.
Before RL, CoT lowers the backbone average by 3.9 points, show-
ing that the deficit precedes policy optimization. Under GRPO,
CoT reduces the average from 58.7 to 58.5 while increasing step
time by 44.4%, from 93.9 to 135.6 s. By contrast, OraRL improves
all three datasets over answer-only GRPO, raising the average by
2.7 points while reducing step time by 33.5%. For structured tem-
poral grounding, these results favor direct oracle supervision over
longer reasoning traces in both accuracy and efficiency.
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Table 12 Training paradigm comparison. All post-training runs use
the same Qwen3.5-4B SFT initialization, data, and optimization budget.

Method Temporal Tracking Video Seg. Avg.
Supervised baselines

Backbone 55.3 453 242 41.6

SFT init. 57.6 60.2 55.6 57.8

Continued SFT 552 63.1 57.7 58.7
On-policy group RL

GRPO [65] 58.1 63.9 58.9 60.3

Dr. GRPO [51] 58.3 65.1 58.6 60.7

GDPO [49] 58.0 64.4 58.9 60.4

CPPO [48] 58.5 64.2 58.8 60.5
Group RL with off-policy rollouts

LUFFY-style [90] 57.0 50.0 57.2 54.7

OraRL 60.5 67.1 60.6 62.7

4.8 Comparison of Training Paradigms

All post-training runs in Tab. 12 start from the same answer-only
SFT checkpoint and use the same three-task data and optimization
budget. Continued SFT improves the average by only 0.9 points,
whereas the on-policy group methods gain between 2.5 and 2.9,
indicating that comparative supervision is more effective than fur-
ther imitation once the output format has been learned. Those
methods, however, differ from one another by at most 0.4 points,
with Dr. GRPO reaching 60.7 against 60.5 for CPPO, 60.4 for
GDPO, and 60.3 for GRPO, so removing the normalization biases
or pruning by advantage magnitude leaves the outcome essentially
unchanged. By contrast, OraRL reaches 62.7 and leads all three
tasks, exceeding the strongest variant by 2.0 points, so its gain fol-
lows from the added oracle rather than from a different advantage
estimator or rollout budget. LUFFY-style optimization averages
only 54.7 and lowers tracking to 50.0, consistent with a mismatch



Table 13 Annotation injection under the shared three-task protocol.
Shaping follows Tempsamp-R1.

Table 15 Component ablation. All variants use the same initialization,
data, rollout budget, and optimization schedule.

Variant Temporal Tracking Video Seg. Avg.  Variant Temp. Track. Seg. Avg.
GRPO 58.1 63.9 58.9 60.3  On-policy scaling
Naive GT injection 57.2 52.0 57.0 55.4 w/o directional gain 59.0 64.4 60.1 61.2
+ Reward shaping 60.4 64.0 59.2 61.2  Oracle advantage
OraRL 60.5 67.1 60.6 62.7 w/o detached oracle 58.0 65.5 60.3 61.3
w/o reward-gap weight 58.9 66.1 59.8 61.6
Table 14 Advantage inversion across tasks. Flip rates measure GRPO-  Rollout pruning
positive rollouts assigned negative advantages, so lower is better. w/o sign balance 58.7 67.5 60.0 62.1
w/o pruning (k =0) 60.4 68.0 60.8 63.1
Variant Temporal Tracking Video Seg. Overall w/o moment correction 60.0 66.0 60.1 62.0
Rollout-level flip rate OraRL 60.5 67.1 60.6 62.7
Naive oracle mix 18.8 38.7 4.5 22.4
+ reward shaping [45] 9.7 21.7 1.3 11.9
OraRL, before pruning 1.0 35 03 1.9 Table 16 Accuracy and efficiency trade-off under sign-balanced
OraRL, after pruning 1.1 0.2 0.0 03 pruning. K is the number of retained rollouts from each nine-rollout
— - - group, memory is peak per-GPU allocation, and trade-off is time saved
Gr 0"_’p -level incidence, naive oracle mix per point of average-score loss. OraRL uses xk = 0.5.
Any inverted rollout 25.9 73.4 14.4 42.5
No positive rollout left 17.5 9.2 1.4 8.3 - % Jstep Mem. (GB) Ave. Tradeoff (s/p0)
0 8 925 62.4 63.1 -
(a) Naive oracle mix (b) OraRL 0.25 6 75.0 60.0 62.8 583
0.50 4 62.4 50.9 627 753
0.75 2 45.0 47.5 60.2 16.4

Figure 6 Advantage inversion. Shading marks inverted rollouts; labels
give full-data rates among GRPO-positive samples.

between policy and oracle signals weakening its weighted update.

4.9 From Naive Oracle Injection to OraRL

Under the matched three-task protocol, naive oracle injection low-
ers the GRPO average from 60.3 to 55.4 and tracking by 11.9
points in Tab. 13. This shows that oracle correctness alone is in-
sufficient. Including its high reward in the normalization statistics
shifts the baseline and suppresses useful policy rollouts, espe-
cially when the oracle-policy gap is large. Reward shaping as
in Tempsamp-R1 [45] recovers the average to 61.2 but requires
a manually designed transform for each task reward. Using raw
rewards, OraRL reaches 62.7 and outperforms shaping on every
task, with the largest gain of 3.1 points on tracking.

4.10 Advantage Inversion Analysis

Fig. 6 visualizes 4,000 uniformly sampled rollouts, while Tab. 14
reports pooled rates over all 92,024 rollouts from 11,503 groups.
Naive oracle mixing inverts 22.4% of rollouts that GRPO assigns
positive advantages. At the group level, 42.5% contain at least one
inversion and 8.3% lose every positive rollout. The task variation
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follows the gap dependence predicted by Eqn. (6). Tracking has
the highest flip rate at 38.7%, whereas segmentation has the lowest
at 4.5%. Temporal grounding is especially vulnerable at the group
level, with sparse rewards leaving 17.5% of groups without a
positive rollout. Task-specific reward shaping reduces the pooled
flip rate to 11.9% but cannot remove the baseline shift because the
oracle remains in the normalization statistics. OraRL removes the
oracle-induced baseline shift by estimating policy advantages from
on-policy rewards alone, leaving a residual flip rate of 1.9%. The
residual comes from re-centering rather than from the baseline:
the directional gain amplifies only rollouts above the on-policy
mean, so the advantages acquire a small positive mean whose
subtraction pushes the weakest of them below zero. These rollouts
carry negligible magnitude and are almost all pruned, leaving 0.3%
inverted among the rollouts that receive gradients.

4.11 Component Ablations

Tab. 15 evaluates individual component removals under the shared
three-task protocol. Removing the directional gain, detached or-
acle advantage, and reward-gap weight lowers the average by
1.5, 1.4, and 1.1 points, respectively. Their task effects are com-
plementary. Removing the directional gain costs 2.7 points on
tracking, whereas removing the detached oracle advantage costs
2.5 on temporal grounding. Magnitude-only selection raises track-
ing by 0.4 points but lowers temporal grounding by 1.8 and the
average by 0.6, indicating that sign balance yields more consistent
performance across tasks. Relative to no pruning, pruning without
moment correction loses 1.1 average points. Moment correction
restores 0.7, limiting the loss to 0.4 points at a 1.48x speedup.
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Figure 7 Training and inference efficiency. (a) Accuracy against training cost, where OraRL gives the strongest trade-off and CoT substantially
raises cost. (b) End-to-end single-request latency on one H20 in BF16. All models see the same 2-fps input of about 120K tokens per video. Solid bars
give median latency split at the first token, pale tails run to P90, and the numbers report medians.

4.12 Training and Inference Efficiency

Pruning ratio. In Tab. 16, retaining four rollouts at k = 0.5
cuts step time from 92.5 to 62.4 s while lowering the average by
0.4 points. Peak memory also drops from 62.4 to 50.9 GB. At
x = 0.75, retaining only the oracle and one policy rollout removes
sign contrast and lowers the average to 60.2.

Training cost. In the left panel of Fig. 7, OraRL raises GRPO
without CoT from 58.7 to 61.4 mIoU and cuts step time from 93.9
to 62.4 s. SFT is faster but scores 4.1 points lower; GRPO with
CoT and LUFFY trail OraRL in both speed and accuracy.

Inference latency. The right panel of Fig. 7 reports latency for
individual requests on ten videos, each 10 minutes long and sam-
pled at 2 fps. Video-ORA-9B and its Qwen3.5-9B backbone have
nearly identical TTFTs of 24.17 and 24.25 s, but generate medians
of 13.5 answer tokens and 808.5 reasoning tokens. Consequently,
latency after TTFT rises from 0.13 to 4.78 s and total median
latency from 24.30 to 29.03 s. At P90, variable rationale length
raises the backbone latency to 62.67 s, while Video-ORA-9B re-
mains at 25.15 s.

5 Conclusions

This paper presents OraRL, an efficient and scalable reinforcement
learning framework for unified video MLLMs. OraRL serializes
each annotation as an oracle rollout, providing a reliable positive
target while preserving on-policy exploration. We characterize
advantage inversion caused by direct oracle mixing and remove
the resulting baseline shift by estimating policy advantages from
on-policy rewards alone and calibrating oracle guidance to the
current policy gap. Sign-balanced pruning with moment correction
reduces step time from 92.5 to 62.4 s with an average loss of 0.4
points. Matched evaluations show that OraRL outperforms SFT
and GRPO across all controlled tasks. Consistent improvements
are observed across model scales from 0.8B to 9B, two backbone
families, and data budgets up to 100k prompts. These results
demonstrate the effectiveness and scalability of annotation-as-
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rollout for reinforcement learning in unified video perception.

Limitations and future work. The current formulation assumes
that each annotation can be serialized as a valid oracle rollout and
evaluated by a scalar task reward. Its behavior under ambigu-
ous, partial, or noisy supervision and learned oracles has not been
evaluated. Experiments cover seven task families and two back-
bone families, although spatial tasks requiring complex reasoning
still underperform some proprietary models. Future work should
explore broader supervision, model families, and reasoning.
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SFT ® RL
STRUCTURED 18%—63%
Temporal grounding ® 20,096
Visual tracking ® 13,952
Segmentation ® 12,032
Spatial grounding ® 7,040
Spatiotemporal ® 9,536
ANSWER-ONLY 82%—37%
Video QA ® 20,288
Spatial intelligence Y 17,088

Figure 8 Composition of the SFT and RL training data. Open and
filled markers indicate each task’s mixture proportion during SFT and
RL, respectively. Tasks are grouped by output format, and the rightmost
columns report exact example counts.

A Training Data Construction

SFT and RL cover the same seven task families but use different
sampling distributions (Fig. 8). SFT contains 284,779 prompts
(18% structured and 82% answer-only), whereas RL contains
100,032 prompts (63% structured and 37% answer-only). The
SFT mixture assigns lower sampling proportions to structured
perception tasks, particularly temporal grounding, to mitigate task
imbalance and preserve general video understanding during super-
vised fine-tuning. RL instead prioritizes structured perception and
temporal grounding, whose interval annotations provide precise
oracle rollouts, while retaining video QA and spatial intelligence
at lower proportions. All examples are drawn from public train-
ing splits. We identify videos shared between the training and
evaluation sets and remove the overlapping training examples.

Sources.  Temporal grounding is taken from TimeLens-
100K [108]. Tracking uses GOT-10k [30], TrackingNet [55], and
ElysiumTrack [74]. Image and video segmentation use the One-
Thinker [21] training pack, covering ReVOS [89], Ref-YouTube-
VOS [64], Ref-SAV [103], MeViS [17], DAVIS-17 [32], and
COCO referring expressions [101, 54]. Spatial grounding uses
RefCOCO/+/g [101, 54] on COCO train2014 images, and spatial-
temporal grounding uses LLaVA-ST-STVG [38]. Video QA com-
bines LLaVA-Video-178K [112], LongVILA [10], STAR [80],
CLEVRER [98], and Video-Holmes [11]. Spatial intelligence
uses VSI-590K [96] training scenes from ScanNet [15], Scan-
Net++ [97], and ARKitScenes [4], together with a SenseNova-
SI-800K [5] subset whose templates resemble MMSI-Bench and
MindCube [95, 75] but are not drawn from those benchmarks.

Mixture construction. All source datasets are normalized to a
common schema. Examples with inaccessible media or unrecov-
erable annotations are discarded, and duplicates are identified by
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Table 17 Training hyperparameters. The RL batch size counts prompts
before rollout generation.

Setting SFT RL
Epochs 1 1
Framework ms-swift veRL + VLLM
Distributed strategy ZeRO-2 FSDP full shard
Precision bfloat16 bfloat16
Trainable module language model language model
Global prompt batch 64 64
Update micro-batch / GPU 1 1
Optimizer AdamW AdamW
Learning rate 1x107° 2x107°
Weight decay 1x107° 0

LR schedule cosine constant
Warmup ratio 0.02 0
Gradient clipping 1.0 1.0
Maximum sequence length 12,288 -
Prompt length cap - 24,576
Response length cap - 2,048
Policy rollouts / prompt - 8
Sampling (7', p) - (1.0,0.85)
Actor epochs / PPO clip - 1/0.2

KL coefficient - 0
Pruning ratio x - 0.5

task type, media, question, and answer. The SFT and RL mixtures
are sampled from the resulting pools according to the task pro-
portions in Fig. 8, with at most two prompts retained per video.
For the RL mixture, we estimate the difficulty of each candidate
by performing inference with the SFT checkpoint and scoring
its prediction against the annotation with the corresponding task
metric. Based on these scores, each task-specific RL subset is
constructed to emphasize intermediate-difficulty candidates, with
candidates scoring at least 0.80 restricted to 15% of the subset.

B Training Details

The SFT and RL configurations are reported in Tab. 17.

Supervised fine-tuning. Each model is initialized from its cor-
responding pretrained backbone, with Qwen3.5 used by default.
The vision tower and multimodal aligner remain frozen during
SFT. Before RL, the language-model parameters are initialized by
interpolation as O;,i; = (1 —)0pase +afspT, While the pretrained
visual parameters are retained. We set o = 0.7 for the controlled
4B experiments and a = 0.6 for the 9B model, using an identical
initialization for all methods compared at each scale.

Reinforcement learning. Prompts are batched by task so that
each rollout group shares a reward function and response format.
For each prompt, the policy generates eight on-policy rollouts, and
the annotation is appended as a ninth oracle rollout. All rollouts
follow the task-specific answer format without chain-of-thought
generation. The reward definitions are given in Appendix C, and
outputs that fail format validation receive zero reward.

Optimization and selection. At the default pruning ratio x = 0.5,
sign-balanced pruning retains the oracle together with one positive
and two negative on-policy rollouts. Only these four rollouts



contribute to gradient computation.

Visual processing and hardware. The default video pipeline
samples at 2 fps, retains at most 128 frames, and applies a per-
clip budget of 8.4 million pixels. Tracking instead uses 32 uni-
formly sampled frames. For video QA, segmentation, and spatial-
intelligence tasks requiring higher resolution, the pixel budget
ranges from 10.5 to 16.8 million. The controlled 4B comparisons
use four nodes with eight NVIDIA H20 GPUs each. The full 9B
RL run uses eight such nodes with full parameter sharding.

C Task Oracles and Rewards

For each task k, the adapter serializes an annotation y as an oracle
rollout og¢ and assigns a candidate rollout o the task-aligned score
Ry (o,y). Let A denote the set of syntactically valid responses
for task k, and define the format indicator as Fy (o) = 1[o € Ag].
A valid response contains exactly one <answer> block and ex-
cludes duplicate answer blocks, leaked conversational turns, and
<think> tags. Spatial grounding also permits its task-specific
fenced JSON box schema, which is verified by the spatial parser.
The final score is Fj(0) Ry (o, y), with no further transformation.

Temporal grounding. Following our earlier temporal-grounding
formulation [45], let [t*, ¢¢] and [t*,t°] denote the predicted and
annotated intervals, respectively. The task score is temporal IoU

max (0, min(£¢,°) — max(£*, t*))

max (¢, t¢) — min(£s,t5) + €

15)

Rtemp =

Here, € > 0 ensures numerical stability. The oracle is the annotated
interval in the model’s response format.

Spatial and spatial-temporal grounding. Spatial grounding is
scored by the ToU between the predicted and annotated boxes. For
spatial-temporal grounding, the adapter combines temporal IoU,
strict spatial IoU, temporal coverage, and framewise box qual-
ity. The corresponding oracles are serialized as an annotated box
and an annotated interval with one box per frame, respectively.
Highlight-style temporal queries use the same interval representa-
tion and temporal IoU score as Eq. (15).

Visual tracking. For annotated frames 7T, let IoU; = IoU(l;t, be),
with IoU; = 0 for missing predictions. For threshold 7, we define

AO = % > ToU,
. teT (16)
ROr = — Y "1[loU; > 7).
‘T| teT

We use the evaluation-aligned average overlap as the task reward,
Ry = AO, and retain RQ7 only as a diagnostic metric. The
oracle rollout contains the complete annotated box trajectory in
the model’s response format.

Mask-aware video segmentation. A segmentation rollout speci-
fies a timestamp £, a box b, positive points P+, and negative points
P~ At the selected frame, we decode the annotated mask 1m; and
derive its tight box b(m;). Let In(P*, m;) denote the fraction of
positive points inside the mask and Out(ﬁf, m;) the fraction of
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negative points outside it. The reward is

RY4 = (.35 ToU

seg

(13, b(mf)) +0.10 1[f is valid]
(7
40.40 In (75+, mf) +0.15 Out (75—, mg) .

A rollout without a valid timestamp receives zero reward. To
suppress degenerate solutions that exploit individual reward com-
ponents, we cap the score at 0.1 when no positive point lies inside
the mask and at 0.2 when the mask-box IoU is below 0.1. This
mask-aware score evaluates the complete prompt consumed by
the segmentation evaluator against the annotated mask rather than
against a sampled proxy box or point set.

Video QA and spatial-intelligence tasks. For multiple-choice
Video QA and categorical spatial-intelligence tasks, let ¢ and a
denote the parsed predicted and annotated answer tokens, respec-
tively. We use the exact-match score
Rear = 1[a = a). (18)
Spatial intelligence additionally includes numerical perception
tasks, such as object counting, absolute-distance estimation,
object-size estimation, and room-size estimation. For a predicted

scalar ¥ and a nonzero annotated target v, their score is mean
relative accuracy over C = {0.50,0.55,...,0.95},

1 |6 — v ]
Roum = — 1| ———<1—¢|.
|C|Z { |v]

ceC
The corresponding oracle rollout contains the annotated answer
token or numerical target serialized in the model’s response format.

(19)

D Full Segmentation Results

The following table extends the segmentation comparison in the
main text to every RefCOCO split and reports both R@0.5 and
cloU for the image benchmarks.

E Full Spatial-Intelligence Results

The following table reports complete task-level results for MMSI-
Bench and MindCube-Tiny, which the main text summarizes by
their two-benchmark average.

F Evaluation on ReVSI

ReVSI [111] corrects noisy 3D-derived answers and frame-
budget mismatches in VSI-Bench through expert re-annotation
and budget-specific answer sets. Because Video-ORA is trained on
VSI-590K [96] and leads VSI-Bench in Tab. 6, we test whether its
gain persists under this corrected protocol. We use the official code
and pair 64-frame inputs with the corresponding answer set and
128-frame inputs with the all-frame answer set. Baseline results
are taken from the ReVSI paper. At 128 frames, Video-ORA-
9B scores 58.2 in Tab. 20, the highest open-source result, with
Gemini-3-Pro the only model above it. At 64 frames, it remains
the strongest open-source model and improves over the matched



Table 18 Complete segmentation results. RefCOCO/+/g use cloU on the val set, whereas MeViS and ReasonVOS report J, F, and their mean J&F.

Models Image Segmentation Video Segmentation
RefCOCO [101] RefCOCO+ [101] RefCOCOg [54] MeViS [17] ReasonVOS [3]

cloU cloU cloU J F J&F J F J&F
PixelLM-7B [61] 73.0 66.3 69.3 - - - - - -
LISA-7B [35] 74.1 62.4 66.4 35.1 394 37.2 29.1 33.1 31.1
VISA-13B [89] 72.4 59.8 65.5 - - 44.5 - - -
Seg-R1-7B [99] 74.3 62.6 71.0 - - - - - -
Sa2VA-4B [103] 789 71.7 74.1 - - 46.2 - - -
MomentSeg-7B [16] 77.8 68.2 70.8 - - - - - -
VideoSeg-R1-7B [88] 78.2 71.8 73.1 - - - - - -
ReferFormer [84] - - - 29.8 322 31.0 30.2 35.6 329
VideoLISA-3.8B [3] - - - 41.3 47.6 444 45.1 49.9 47.5
Veason-R1-7B [25] - - - 48.4 56.0 52.2 56.0 63.8 59.9
Qwen3-VL-8B [2] 73.8 65.1 70.1 19.4 26.4 22.9 16.6 22.7 19.6
OneThinker-8B [21] 75.8 67.1 70.8 48.8 56.7 52.7 51.1 58.7 54.9
Qwen3.5-4B [71] 74.7 64.0 69.0 23.5 31.8 27.7 18.0 233 20.7
Qwen3.5-9B [71] 75.2 65.6 70.0 28.9 353 32.1 19.0 24.0 21.5
Video-ORA-4B 76.7 68.7 73.0 53.5 61.5 57.5 60.1 67.4 63.8
Video-ORA-9B 794 72.6 75.1 57.7 64.8 61.3 59.8 67.6 63.7

Table 19 Complete results on MMSI-Bench [95] and MindCube-Tiny [75]. Scores are accuracies; C/O/R denote the MMSI-Bench camera/objec-

t/region categories.

MMSI-Bench MindCube-Tiny

Models .. . . . .

Ave. Positional Relationship Attribute Motion MSR Ave. Rot. Amg. Ard.

C-C OO RR C-O O-R C-R Meas. Appr. Cam. Obj.

Proprietary Models
Gemini-2.5 [13] 38.0 38.7 340 40.7 442 388 410 625 303 392 250 333 57.6 88.0 449 632
Grok-4 [85] 37.8 366 351 395 349 459 506 219 227 405 434 384 63.6 930 544 616
GPT-5 [67] 41.8 419 330 358 49.8 424 68.7 547 374 283 408 364 563 945 382 684
Open-source General Models
Qwen3-VL-8B [2] 31.1 280 372 321 314 353 385 375 152 270 289 298 294 295 28,6 312
InternVL3-8B [117] 28.0 22.6 223 346 314 424 337 250 19.7 203 342 248 415 365 381 536
Qwen3.5-4B [71] 31.6 290 319 247 372 341 458 422 227 284 263 288 46.1 420 415 604
Qwen3.5-9B [71] 31.7 290 351 296 326 318 41.0 453 273 243 290 288 412 335 383 544
Open-source Spatial Intelligence Models
SpaceR-7B [56] 274 258 319 296 256 318 229 266 288 162 342 273 38.0 350 342 492
ViLaSR-7B [83] 302 290 351 284 395 400 446 312 167 176 31.6 232 35.1 355 310 444
VST-7B-SFT [94] 325 398 362 358 372 294 337 297 47.0 365 355 182 39.7 370 359 5038
Cambrian-S-7B [96] 27.1 247 26.6 247 477 224 313 328 242 122 303 242 379 330 390 392
Video-ORA-4B 319 312 351 346 430 271 446 39.1 212 270 290 258 48.6 37.0 498 548
Video-ORA-9B 379 419 309 309 570 412 506 39.1 212 365 237 384 574 440 572 68.8

Qwen3.5-9B backbone from 51.6 to 55.8, with gains of 2.5 to 7.6
points on six of seven tasks. The matched training gain therefore
survives the ReVSI corrections. However, Video-ORA drops by
14.9 points from VSI-Bench to ReVSI, compared with 6.3 points
for the backbone, so its leading score does not imply greater ro-
bustness to the correction. Relative direction is the only task that
does not improve over the backbone.

Relative-direction analysis. ReVSI augments relative-direction
evaluation with backward questions, in which the observer
faces away from the orienting object. At 128 frames, Video-

19

ORA achieves 91.5% accuracy on forward questions but only
8.3% on backward questions. Cambrian-S and VLM3R show sim-
ilar imbalances at 77.0% versus 20.0% and 84.3% versus 14.6%,
whereas Gemini-3-Pro is nearly symmetric at 55.7% versus 56.4%.
Under matched inputs, Video-ORA raises forward accuracy over
Qwen3.5-9B from 77.4% to 85.8% but lowers backward accuracy
from 18.4% to 9.1%. These opposing changes leave the aggregate
score nearly unchanged, matching VSI-590K’s forward-only tem-
plates and motivating backward targets for future spatial training.



Table 20 Results on ReVSI [111]. Numerical and multiple-choice tasks use MRA and accuracy, respectively; Avg. is the reported aggregate over
seven tasks, and the last column gives the original VSI-Bench average. All baseline rows, including their VSI-Bench averages, are quoted from [111],
which evaluates each model at its native frame setting and restricts proprietary models to a 1,093-question subset, so these values differ from our own

measurements in Tab. 6. The backbone and Video-ORA rows are evaluated by us.

Method Frames Numerical Question Multiple-Choice Question Av VSk}jench
Obj. Cnt. Abs. Dist. Obj. Size Room Size Rel. Dist. Rel. Dir. Route Plan &
Chance (frequency) all 52.2 40.1 17.4 20.9 25.8 31.9 30.2 31.4 34.0
Proprietary models
GPT-5.2 [67] 64 56.2 41.5 73.9 63.0 48.4 34.9 38.2 50.9 49.2
Gemini-3-Flash [26] 1 fps 65.7 53.1 71.6 52.8 64.6 479 41.8 57.6 55.9
Gemini-3-Pro [26] 1 fps 60.1 54.7 79.3 51.9 68.1 56.0 56.4 60.9 60.5
Open-source general models
LLaVA-Video-7B [112] 64 31.3 1.4 52.5 16.7 38.3 333 38.4 30.3 36.3
LLaVA-Video-72B [112] 64 40.1 29.6 59.3 27.9 39.6 24.8 43.0 37.8 39.7
InternVL3.5-8B [76] 64 433 54.6 64.2 47.6 45.0 36.3 444 47.9 55.4
InternVL3.5-38B [76] 64 43.8 60.6 70.2 58.4 574 45.9 42.7 54.1 60.8
Qwen3-VL-8B [2] 64 40.4 52.3 69.0 45.1 57.1 39.5 40.5 49.1 57.4
Qwen3-VL-32B [2] 64 46.9 65.0 70.4 55.8 53.8 34.0 47.3 53.3 61.8
Open-source spatial intelligence models
SpaceR-7B [56] 32 30.7 34.5 52.0 18.6 22.8 34.5 20.2 30.5 43.5
Spatial-MLLM-4B [81] 16 41.5 40.0 53.1 - 30.7 39.2 - 40.9 53.8
VST-7B [94] 4 fps 35.4 52.6 67.9 47.2 49.2 36.9 354 46.4 65.2
Cambrian-S-7B [96] 128 48.4 60.5 65.5 46.7 37.1 48.5 37.0 49.1 67.5
VLM3R-7B [19] 32 41.6 61.6 64.8 52.5 46.5 49.5 34.1 50.1 60.9
Qwen3.5-9B [71] (backbone) 64 38.8 58.1 67.9 45.2 58.9 479 44.4 51.6 57.9
Video-ORA-9B 64 46.4 65.3 70.4 50.2 62.3 474 48.8 55.8 73.1
Video-ORA-9B 128 48.8 69.1 72.7 51.1 66.3 49.9 49.8 58.2 73.1

G Qualitative Examples

Fig. 9 through Fig. 15 present qualitative results across all seven
task families. All examples are held-out evaluation samples, and
the predictions are generated by the released Video-ORA check-
point. Each card shows the original prompt, sampled frames, and
serialized outputs from the annotation (GT) and model (PRED).
Amber dashed marks denote annotations, whereas green marks
denote model predictions, following the visual convention used
throughout the paper. Their overlap indicates agreement. For
tracking and spatial-temporal grounding, long structured outputs
are abbreviated to the entries at the displayed timestamps. The
complete outputs contain one box for every second in the target
interval, as required by the prompt.
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Temporal Grounding STRUCTURED PERCEPTION - 3 EXAMPLES

Localize a queried event in an untrimmed video. <video> + query — <answer> ts to te </answer>

EXAMPLE 1 - ACTIVITYNET Frames are decoded at the predicted boundaries and 2.5 s outside them.

<video> To accurately pinpoint the event “He washed a cup” in the video, determine the precise time period of the event.
Provide the start and end times in seconds within <answer> </answer> tags.

pred end 100s

(93,100] s
0s — 156.65
[93,100] s
GT <answer> 93 to 100 </answer>
PRED <answer> 93 to 100 </answer>
EXAMPLE 2 - CHARADES-STA A two-second event inside a 36-second indoor clip.

<video> To accurately pinpoint the event “A person sneezes” in the video, determine the precise time period of the event.
Provide the start and end times in seconds within <answer> </answer> tags.

pred start 29s \ pred end 31s

[29,31]s
0s — 35.85s
[29,31]s
GT <answer> 29 to 31 </answer>
PRED <answer> 29 to 31 </answer>
EXAMPLE 3 - QVHIGHLIGHTS A vlog whose target segment covers six percent of the timeline.

<video> To accurately pinpoint the event “A chef is cooking” in the video, determine the precise time period of the event.
Provide the start and end times in seconds within <answer> </answer> tags.

L ﬂ-"—'nuxu--E—- X

[ 9
4 pred end 28 s e

GT <answer> 19 to 28 </answer>

PRED <answer> 19 to 28 </answer>

Figure 9 Temporal-grounding qualitative examples. Frames are decoded at the predicted boundaries and just outside them, and the timeline carries
the annotated span above the axis and the predicted span below it. Video-ORA recovers all three intervals exactly, including a two-second event and a
segment covering six percent of the timeline.
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Spatial Grounding STRUCTURED PERCEPTION - 3 EXAMPLES

Locate a referred object and return its normalized image coordinates. <image> + expression — box JSON
EXAMPLE 1 - REFCOCO testB IoU 0.98 against the annotated box.
<image> Locate “the teddy bear” in the image. Return its bounding box inside <answer>...</answer>.

GT <answer>[{"bbox_2d": [182, 260, 701, 743]}]</answer>

PRED <answer>[{"bbox,2d": [179, 256, 700, 743]}]</answer>
EXAMPLE 2 - REFCOCO+ testA IoU 0.99; the expression must separate two people in the scene.
<image> Locate “woman on phone” in the image. Return its bounding box inside <answer>...</answer>.

GT <answer>[{"bbox_2d": [410, 53, 737, 988]}]</answer>

PRED <answer> [{"bbox,Zd“ g [409, 56, 739, 987] }] </answer>
EXAMPLE 3 - REFCOCOg test IoU 1.00; the target is truncated at the right image border.
<image> Locate “a bus” in the image. Return its bounding box inside <answer>...</answer>.

GT vs. pred

GT <answer>[{"bbox,2d": [631, 0, 1000, 520]}]</answer>

PRED <answer>[{"bbox-2d": [630, 0, 1000, 520]}]</answer>

Figure 10 Spatial-grounding qualitative examples. Each card pairs the raw input with a copy carrying both boxes in coordinates normalized to
[0,1000]. The two outlines are nearly indistinguishable, with an IoU of 0.98 or above on all three referring expressions.
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Mask-Aware Segmentation STRUCTURED PERCEPTION - 3 EXAMPLES

Predict the box and signed point prompts that drive the segmenter. <video>/<image> + expression — box + signed points

EXAMPLE 1 - REFCOCO IMAGE Predicted box within 1% of the tight box of the annotated mask.

<image> Given the referring expression “ketchup”, provide one bounding box, along with positive points located inside the
object and negative points located outside, as segmentation hints.

P

predicted hints

GT run-length mask, 426x640; tight box [439, 0, 732, 247]

PRED <answer>{"boxes": [435, 0, 740, 245],
"positive_points": [[526, 100], [608, 150], [573, 50]1,
"negative_points": [[154, 125], [353, 501, [859, 200]]}</answer>
EXAMPLE 2 - MEVIS VIDEO Panels are zoomed on the target, which the cue “parking” disambiguates.

<video> Given the referring expression “parking white car”, provide one bounding box, along with positive points located
inside the object and negative points located outside, as segmentation hints.

redicted hints ——

GT run-length mask, 960x540; tight box [812, 135, 917, 252]

, "boxes": [814, 142, 917, 247],
[845, 175], [878, 1951, [895, 165]1,
[750, 200], [950, 150], [800, 100]]}</answer>

"positive_points":

PRED <answer>{"time": 0.0
[
"negative_points": [

EXAMPLE 3 - REASONVOS VIDEO The expression requires reasoning rather than a literal category name.

<video> Given the referring expression “Considering our plans for a self-driving trip with the family this weekend, which
vehicle would be the most appropriate?”, provide one bounding box together with positive and negative point hints.

{ predicted hints

GT run-length mask, 960x540; tight box [367, 331, 759, 696]

, "boxes": [357, 332, 757, 715],
[450, 450], [550, 5001, [650, 40011,
[150, 250], [800, 400], [200, 600]]}</answer>

"positive_points":

PRED <answer>{"time": 0.0
[
"negative_points": [

Figure 11 Mask-aware segmentation qualitative examples. The left panel carries the predicted box with its positive (dots) and negative (crosses)
point prompts, and the right panel tints the annotation mask decoded from its run-length target. The model never emits a mask itself, so the comparison
is between the predicted hints and the tight box of the annotated mask, which agree to within one percent.
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Visual Tracking STRUCTURED PERCEPTION - 3 EXAMPLES

Propagate an initial target box through a video at one-second intervals. <video> + initial box — box trajectory
EXAMPLE 1 - GOT-10k val 000001 Mean IoU 0.97 over all 32 predicted seconds; 4 shown.
<video> Given the bounding box [139, 306, 495, 743] of the target object in the first frame, track this object and
output one bounding box per second, up to second 32, inside <answer>...</answer>.

ErLLISTS

‘ e ¢ second 24

GT <answer>{"boxes": {"1": [139,306,495,743], "8": [98,344,524,807],
"16": [107,326,623,801], "24": [73,325,709,810], ...}}</answer>
PRED <answer>{"boxes": {"1": [139,306,495,743], "8": [98,344,530,808],
"l6": [110,328,620,811], "24": [72,328,704,811], ...}}</answer>
EXAMPLE 2 - GOT-10k val 000042 Mean IoU 0.96; frames are zoomed on a small, nearly static target.

<video> Given the bounding box [331, 603, 386, 669] of the target object in the first frame, track this object and
output one bounding box per second, up to second 32, inside <answer>...</answer>.

GT <answer>{"boxes": {"1": [331,603,386,669], "8": [330,601,386,669],
"l16": [330,601,386,669], "24": [330,601,386,668], ...}}</answer>
PRED <answer>{"boxes": {"1": [331,603,386,669], "8": [331,603,386,669],
"16": [331,603,386,669], "24": [331,603,386,669], ...}}</answer>
EXAMPLE 3 - GOT-10k val 000112 Mean IoU 0.96 while the target grows and drifts upward.
<video> Given the bounding box [407, 526, 665, 863] of the target object in the first frame, track this object and
output one bounding box per second, up to second 32, inside <answer>...</answer>.

GT <answer>{"boxes": {"1": [407,526,665,863], "8": [446,494,746,901],
"le": [374,390,762,954], "24": [357,285,789,956]1, ...}}</answer>

PRED <answer>{"boxes": {"1": [407,526,665,863], "8": [445,494,744,891],
"l6": [378,391,764,951], "24": [361,291,790,9511, ...}}</answer>

Figure 12 Visual-tracking qualitative examples. Four of the thirty-two predicted seconds are shown, covering a target that doubles in width, one
that barely moves, and one that drifts upward while growing. Mean IoU over the full trajectory stays at 0.96 or above in all three sequences.
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Spatial-Temporal Grounding STRUCTURED PERCEPTION - 3 EXAMPLES

Localize a referred event jointly in time and space. <video> + query — time span + per-second boxes

EXAMPLE 1 - HUMAN MOTION tloU 0.94 and mean box IoU 0.87; frames are cropped vertically.

<video> Who holds the bat on the grass? Find the corresponding time period, and give the spatial bounding box for each
integer second inside it.

0s 5.1s

[0.0,4.8]s
GT <answer>{"time": [0.0, 5.105], "boxes": {"0": [252,433,438,744], ...}}</answer>
PRED <answer>{"time": [0.0, 4.8], "boxes": {"O": [250,445,435,7501], ...}}</answer>
EXAMPLE 2 - OUTDOOR SCENE tloU 0.94; the prediction keeps one box for the whole span.

<video> Who is behind the adult on the wild? Find the corresponding time period, and give the spatial bounding box for
each integer second inside it.

\ o :
[0.0,16.0] s
0s 16.0s
[0.0,15.0]s
GT <answer>{"time": [0.0, 15.983], "boxes": {"0": [281,300,436,862], ...}}</answer>
PRED <answer>{"time": [0.0, 15.0], "boxes": {"0": [275,308,434,846], ...}}</answer>
EXAMPLE 3 - CONVERSATION tloU 0.88 and mean box IoU 0.89; the span is rounded outward.

<video> Who speaks to the other adult? Find the corresponding time period, and give the spatial bounding box for each
integer second inside it.

[0.4,5.7] s
0s 6.0s
[0.0,6.0]s
GT <answer>{"time": [0.417, 5.667], "boxes": {"1": [253,352,484,998], ...}}</answer>
PRED <answer>{"time": [0.0, 6.0], "boxes": {"O": [253,364,484,997], ...}}</answer>

Figure 13 Spatial-temporal grounding qualitative examples. The timeline compares the annotated and predicted intervals while the boxes compare
the referred entity at four integer seconds. Temporal IoU stays above 0.87; the wildlife clip shows a typical failure mode, where the model keeps a
single box for the entire span instead of tracking the subject.
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Video Question Answering ANSWER-ONLY REASONING - 3 EXAMPLES

Reason over long-form narrative, fine-grained detail, and attributes. <video> + question — option letter

EXAMPLE 1 - VIDEO-MME long Correct; the count is aggregated over a 10-minute broadcast.

<video> What is the largest run differential in the first inning of the game in the video?
A.4. B.3. C.2. D. 1

Answer with the option letter inside <answer>...</answer>.

GT <answer>A</answer> 4.

PRED <answer>A</answer> 4.

EXAMPLE 2 - VIDEO-MME medium Correct; the deciding detail is visible only briefly.
<video> What sentence best describes the performance?

A. The magic is not wonderful enough to make the audiences cheer up. B. One of the judges stops the performance. C. The
magician does the magic with his eyes closed. D. The magician needs other tools besides leathers.

GT <answer>C</answer> The magician does the magic with his eyes closed.

PRED <answer>C</answer> The magician does the magic with his eyes closed.

EXAMPLE 3 - VIDEO-MME short Correct; a short clip with a single salient attribute question.
<video> What color is the cat?

A. Yellow. B. White. C. Black. D. Blue.

Answer with the option letter inside <answer>...</answer>.

GT <answer>A</answer> Yellow.

PRED <answer>A</answer> Yellow.

Figure 14 Video question-answering qualitative examples. One short, one medium, and one long Video-MME item, spanning attribute recognition,
a briefly visible detail, and a count that has to be aggregated over a ten-minute broadcast.
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Spatial Intelligence ANSWER-ONLY REASONING - 3 EXAMPLES

Integrate egocentric views into metric and relational scene judgments. <video> + spatial question — option letter or value

EXAMPLE 1 - VSI-BENCH appearance order Correct over a 110-second scan of an unseen room.

<video> What will be the first-time appearance order of the following categories in the video: ceiling light, cup, heater,
door?

A. cup, door, heater, ceiling light B. ceiling light, door, cup, heater C. heater, cup, door, ceiling light D. ceiling light, cup,
heater, door

0s

GT <answer>A</answer> cup, door, heater, ceiling light

‘ PRED <answer>A</answer> cup, door, heater, ceiling light

EXAMPLE 2 - VSI-BENCH absolute distance Correct to the annotated value; the answer is a metric quantity.

<video> Measuring from the closest point of each object, what is the direct distance between the toilet and the bathtub?
Answer with a number in meters within <answer>...</answer> tags.

GT <answer>0.4</answer> metres

PRED <answer>0.4</answer> metres

EXAMPLE 3 - VSI-BENCH relative direction Correct; anchor, facing target, and queried object are never co-visible.

<video> If I am standing by the telephone and facing the trash can, is the cup to my left, right, or back? An object is to my
back if I would have to turn at least 135 degrees in order to face it.
A.right B. back C. left

GT <answer>C</answer> left

PRED <answer>C</answer> left

Figure 15 Spatial-intelligence qualitative examples. Sampled egocentric scans of unseen rooms support first-appearance order, a metric distance
regressed in metres, and a relative direction whose anchor and query object are never visible in the same frame.
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