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Abstract

Grounded video question answering requires consistent lo-
calization of question-referred objects over time, despite oc-
clusion and visual ambiguity. We introduce Gemini-SAM3,
a modular framework in which Gemini 3.7 Flash generates
a shared tracking plan, Gemini provides sparse amodal lo-
calization, and SAM3 performs dense temporal propaga-
tion. We further adapt SAM3 for amodal tracking and com-
bine the resulting branches using validation-based routing.
Our final system achieves an official test HOTA of 0.6637.

1. Introduction

Grounded video question answering (GVQA) requires iden-
tifying question-referred object instances and tracking them
consistently over time, as exemplified by the Perception
Test benchmark [7]. Unlike video object tracking, targets
may be defined by roles, interactions, appearance order, or
set membership rather than category labels or initial masks,
requiring semantic identification and temporal localization.

Occlusion further complicates GVQA: dense trackers
may drift, switch identities, or lose the target, while vision-
language models can identify the correct object but produce
sparse or spatially inconsistent localization. These limita-
tions motivate amodal reasoning, which estimates the full
object extent beyond visible regions [2, 4, 5, 9].

We propose Gemini-SAM3, which separates semantic
target understanding from dense visual tracking. Gemini
3.7 Flash [3] generates a shared tracking plan and sparse
amodal predictions, while SAM3 [1] provides dense trajec-
tories; reliability-aware fusion and validation-derived rout-
ing combine zero-shot and amodal-adapted branches.

†Equal contribution.
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2. Method
As illustrated in Fig. 1, our framework combines
question-guided target planning, dense and sparse tracking,
reliability-aware fusion with routing, and amodal adapta-
tion of SAM3. All branches share the target identities and
anchor prompts produced during planning.

2.1. Question-Guided Target Planning
Given a video and question, Gemini 3.7 Flash identifies re-
ferred object instances and constructs a tracking plan con-
taining target IDs, visibility intervals, anchor frames, and
bounding boxes. A critic verifies the target description, and
multiple anchors are used when necessary to cover targets.

Gemini predicts bounding boxes at the selected anchor
frames, and the resulting shared tracking plan is reused by
zero-shot SAM3, amodal-adapted SAM3, and sparse Gem-
ini tracking to ensure consistent target definitions.

2.2. Dense and Sparse Tracking
For dense localization, SAM3 [1], following the promptable
tracking paradigm of SAM2 [8], uses Gemini-generated an-
chor boxes to propagate targets bidirectionally through the
video. Visibility intervals serve as gates to reduce drift, and
SAM3 masks are converted into bounding boxes.

In parallel, Gemini predicts sparse amodal boxes at fixed
temporal intervals, estimating full object extent under par-
tial occlusion and position from temporal context under full
occlusion. These predictions provide identity-aware refer-
ences where dense tracking is unreliable.

2.3. Reliability-Aware Fusion and Routing
Each dense SAM3 track is accepted for fusion only if it
satisfies:

IoU(banchor, bSAM) ≥ 0.25, Nshared ≥ 3,
1

Nshared

∑︂
t

IoU(bAt , b
D
t ) ≥ 0.30.
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Figure 1. Overview of Gemini-SAM3. Gemini 3.7 Flash generates a shared tracking plan and sparse amodal predictions, while SAM3
performs dense tracking. Reliability-aware fusion and validation-derived routing produce the final grounded track.

Here, banchor and bSAM denote the anchor box and the
SAM3 box at the anchor frame, bAt and bDt denote sparse
Gemini and dense SAM3 boxes, and Nshared is the number
of shared frames. If the gate fails, the Gemini sparse trajec-
tory is retained. Otherwise, SAM3 predictions are overlaid,
and on reliable shared frames we compute the box residual

r(t) = bAt − bDt ,

which is temporally interpolated along the dense SAM3
trajectory to preserve the sparse Gemini alignment while
recovering higher-frequency localization. Residual prop-
agation and gap interpolation are applied only over reli-
able short intervals to avoid extrapolating erroneous tracks
across long occlusions.

Fusion produces zero-shot and amodal-adapted candi-
dates, F (z) and F (a), respectively. A validation-derived de-
terministic router selects between them:

R(q, P ) =

{︄
F (a), C(q, P ),

F (z), otherwise.

Here, q and P denote the question and tracking plan, and
C(q, P ) holds when P contains multiple targets and q is
neither an occlusion-game nor an appear-twice question.

2.4. Amodal Adaptation of SAM3
To improve tracking under occlusion, we adapt SAM3 us-
ing visible and amodal supervision from SAIL-VOS [5].
The SAM3 backbone, decoders, and memory pathway are
frozen, while only a residual head is trained to correct
visible-mask logits to recover the full amodal object ex-
tent. The objective combines focal, Dice, IoU, presence,

and containment losses:

L = 20Lfocal + Ldice + Liou + Lpresence + 5Lcontain.

Focal and Dice losses jointly supervise the amodal mask
prediction, while the IoU and presence terms provide auxil-
iary supervision. The containment loss encourages the visi-
ble region to remain within the predicted amodal extent.

3. Experiment

The amodal branch is trained on SAIL-VOS [5] using 10
training and four disjoint validation sequences. Samples are
eight-frame shot-aware causal clips, with fully occluded ob-
jects retained as positive amodal targets and ignored regions
excluded from the loss. Training runs for 20 epochs at 1008-
pixel resolution with batch size 1 using AdamW and cosine
learning-rate decay from 10−4 to 10−5. Only the residual
head is optimized; frozen SAM3 components run in BF16,
while the residual head is computed in FP32.

We evaluate with HOTA [6], which balances detection
and association accuracy. Gemini 3.7 Flash [3] is used
zero-shot for planning and sparse amodal localization. At
inference, SAM3 performs dense tracking at 10 fps, while
Gemini provides sparse localization at 1 fps. SAM3 uses
the official checkpoint, while the amodal branch uses the
SAIL-VOS-trained residual head. Routing is fixed using
the challenge validation set and applied unchanged to the
test set, without test annotations or per-example scores.

Table 1 shows gains from both amodal adaptation and
sparse Gemini fusion, with selective routing achieving the
best test HOTA of 0.6637.



Table 1. Test-set HOTA results.

Method HOTA
Zero-shot SAM3 pipeline 0.6263
Amodal-adapted SAM3 0.6448
SAM3 + Gemini sparse fusion 0.6620
Selective routing 0.6637

4. Conclusion
We presented Gemini-SAM3, a modular framework for
grounded video question answering that separates semantic
target identification, dense visual tracking, and amodal rea-
soning. The final system achieves a test HOTA of 0.6637.
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