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Abstract. Current Video Large Language Models (VideoLLMs) face a
fundamental trade-off between correctness and computational feasibility.
To manage limited token budgets, existing approaches employ aggres-
sive downsampling, applying as much as 75% compression and system-
atically discarding fine-grained details like small objects and intricate
spatial relationships, while processing at native resolution exceeds mem-
ory constraints. We propose visual scene-graph conditioned VideoLLMs
that address this dilemma through selective spatio-temporal processing.
Rather than encoding entire frames, we leverage pretrained object de-
tection models to extract objects at native resolution, representing each
object as a unified descriptor combining CLIP embeddings with spatial
coordinates. A masked attention mechanism learns rich spatial features
by aggregating information across objects within each frame, with tem-
poral reasoning delegated to the LLM over the sequence of per-frame
scene-graph tokens. Through permutation-invariant aggregation, we pro-
duce scene-graph tokens concatenated with global context tokens from a
frozen Vision Transformer and projected into the language model space.
This hybrid global-local architecture is especially effective for static-
camera scenarios common in robotics, surveillance, and assistive settings.
Our method matches strong baselines on three static-camera benchmarks
while using 35% as many tokens as the finetuned Qwen3-VL baseline on
average across the evaluation benchmarks, transfers across LLM back-
bones, and generalizes zero-shot to dynamic-camera temporal reasoning.
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1 Introduction

Video understanding has become critical for applications ranging from surveil-
lance and autonomous systems to content moderation and assistive technolo-
gies, with the global video analytics market projected to reach $37.4 billion by
2030 [14]. Recent Video Large Language Models (VideoLLMs) [2, 9, 29, 42, 44]
achieve impressive results by aligning vision encoders with large language mod-
els (LLMs) [1,3,7,25,30], enabling question answering, captioning, and temporal
reasoning from visual inputs.

Despite this progress, current VideoLLMs face a fundamental bottleneck in
fine-grained understanding. To process minutes-long videos within memory con-
straints, existing approaches [9,33,44] aggressively downsample frames to nearly
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Fig. 1: Overview of our dual branch VideoLLM architecture. The global con-
text branch processes a reference frame through a pretrained vision encoder to capture
holistic scene layout. The scene graph branch processes scene graphs made from object
detections within and across frames via our Graph Processing Module, which learns
soft graph features to generate scene embeddings projected into the tokenizer space.
Both token types are concatenated and fed to a pretrained LLM.

240p regardless of the original resolution, discarding spatial details necessary for
precise temporal localization and object-level reasoning: distinguishing whether
a person picked up versus put down an object requires hand-object interactions
spanning only a few pixels, indistinguishable after downsampling [33].

Recent efforts explore adaptive resolution strategies [4,5,34] or object-centric
slots [39], but often remain disjoint from the LLM or rely on “hallucinating” struc-
ture via text. Scene graph methods [18], while promising for capturing structure,
typically rely on external, non-differentiable parsers that convert visual data into
symbolic text, severing gradient flow and losing the rich semantic nuance of the
original visual embeddings.

To this end, we propose visual scene graphs as the primary visual modality
for VideoLLMs. Analogous to how PointNet [23] reframed 3D perception from
voxel grids to permutation-invariant point sets, we reframe video as an unordered
set of visual object nodes: each frame is represented as a set of object-level CLIP
embeddings [11,24] paired with spatial coordinates, preserving each object’s se-
mantic identity independent of frame downsampling. A learnable graph adapter,
consisting of a masked attention mechanism, learns soft graph features captur-
ing how objects interact spatially and semantically, without explicit edge anno-
tations or text serialization, and projects them into the LLM’s input space as
“scene-graph” tokens.

We specifically target static-camera video understanding, a regime preva-
lent in robotics manipulation, surveillance, and assistive technologies, where the
constant background makes pixel-level re-encoding of entire frames deeply re-
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dundant. Our dual-branch design exploits this directly: a single reference frame
in the global stream captures the static layout once, while the scene graph stream
tracks how objects move and interact over the full temporal window. Our con-
tributions are:

– An end-to-end trainable VideoLLM that processes videos as scene graphs
projected directly into the LLM, with a differentiable masked graph at-
tention adapter that learns implicit spatial relationships between objects
without symbolic edge supervision.

– A hybrid dual-stream framework combining fine-grained object graphs
with global context, robust to both object-centric interactions and holistic
scene changes.

– State-of-the-art parity on BridgeDataV2, HoloAssist, and RoboVQA, three
static-camera benchmarks, while using only 35% as many tokens as the
finetuned Qwen3-VL baseline on average across the evaluation bench-
marks. The adapter is backbone-agnostic, transferring from Qwen3-VL
to InternVL3.5 [36], and generalizes zero-shot to the dynamic-camera
TOMATO [27] benchmark, outperforming all baselines on rotation and visual-
cue reasoning.

2 Related Work

2.1 Video Language Models

VideoLLMs extend image-language models to the temporal domain by aligning a
video encoder with a pretrained LLM. VideoLLaMA [41] and VideoLLaMA 2 [9]
use dedicated spatio-temporal connectors to aggregate frame features; LLaVA-
Video [44] shows that curated video instructions improve open-ended reasoning.
More recently, Qwen2.5-VL [5] and Qwen3-VL [29] introduce dynamic resolution
encoding with Multi-Resolution Position Encoding, while Cosmos-Reason1 [2]
targets physical reasoning over long-horizon embodied videos.

Despite this progress, these models remain fundamentally frame-centric: videos
are represented as densely sampled frame patches, aggressively downsampled to
fit the LLM’s context window. This creates two problems. First, spatial in-
formation loss: downsampling to 240–320p discards fine-grained details such
as small objects and hand-object contact regions [33]. Second, temporal re-
dundancy: in static-camera settings, successive frames share nearly identical
backgrounds, yet each frame is re-encoded independently, wasting most of the to-
ken budget on static context. LongVLM [38] partially addresses redundancy via
segment-level hierarchical token merging with global [CLS] tokens, but remains
patch-based: every segment still re-encodes the full frame, without modeling ob-
jects explicitly. In contrast, we encode object crops individually via CLIP [24],
decoupling object-level representation from frame-level downsampling, encode
the static background once via a single reference frame, and devote the remain-
ing budget to a scene graph of objects across time projected as differentiable
soft tokens into the LLM, eliminating both failure modes by design.
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2.2 Permutation-Invariant Learning

PointNet [23] pioneered permutation-invariant architectures for unordered point
clouds using symmetric functions like max pooling, an insight that extends to
any unordered collection, including detected objects within frames. Set-LLM [12]
extends these principles to pretrained LLMs via prefix masks allowing bidirec-
tional attention within set elements. Like PointNet, we employ max pooling to
create permutation-invariant scene embeddings from variable-sized object sets;
unlike PointNet, we first apply masked graph attention so objects can exchange
information and learn relational structure, a two-stage design in which objects
interact through attention while the final scene representation remains invariant
to their ordering.

2.3 Scene Graph and Object-Centric Representations

HyperGLM [21] extends pairwise scene graphs with hypergraph structures in-
jected into multimodal LLMs, and ESCA [17] grounds embodied agent percep-
tion with a spatio-temporal scene graph aligned via a custom SGCLIP module.
ObjectMLLM [28] integrates object bounding boxes and class labels as symbolic
text tokens, while SAGE [40] constructs State-Action Graphs whose nodes are
text embeddings of LLM-generated visual concepts. These methods motivate
structured object-level representations, but often express graph nodes or rela-
tions in symbolic or language space, which can discard appearance information
or place a non-visual intermediate representation between perception and the
LLM.

Most closely related to our object-centric formulation, VideoOrion [13] tok-
enizes object dynamics with a dual-branch VideoLLM: a video-centric branch
provides global context tokens, while an object-centric branch uses a detect–
segment–track pipeline to maintain object identities across frames and aggre-
gates mask-pooled visual features into compact object tokens encoding spatial-
temporal dynamics. This demonstrates that explicitly preserving object-level in-
formation can provide an efficient alternative to densely encoding frame patches
and is particularly effective for fine-grained object understanding and video-
based referring.

Our method shares VideoOrion’s motivation of complementing global context
with continuous object-level visual features, but differs in how relational and
temporal structure are represented. VideoOrion explicitly establishes cross-frame
object correspondences and temporally fuses each tracked trajectory into object
tokens; in contrast, we construct a detection-driven scene graph independently at
each frame, learn soft within-frame relations using masked graph attention, and
emit a sequence of permutation-invariant per-frame scene-graph tokens whose
temporal dependencies are handled by the LLM’s causal attention. Thus, our
current formulation does not perform explicit cross-frame tracking; instead, it
avoids segmentation and tracking overhead and focuses on differentiable scene-
level relational aggregation with a single reference-frame global stream, tailored
to the static-camera regime studied here.
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3 Method

Given an input video V = {I1, ..., IT } with T frames and a natural language
query q, our goal is to generate a response r requiring fine-grained spatio-
temporal reasoning. As illustrated in Fig. 1, our dual-stream architecture pro-
cesses both global frame context and object-centric scene graphs.

3.1 Scene Graph Initialization

Object Detection. For each frame It, we apply RT-DETR [45], a real-time
detection transformer, producing Nt detections Dt = {(bt

i, c
t
i, s

t
i)}

Nt
i=1, where

bt
i = (xi, yi, wi, hi) is the bounding box, cti the predicted class, and sti the confi-

dence score. We filter detections with sti < τdet = 0.3.
Visual Feature Extraction. Following recent vision-language models [24,35],
we crop each region bt

i from frame It, resize it to 224× 224, and encode it with
the CLIP ViT-L/14 image encoder [24], obtaining vt

i ∈ R1024.
Spatial Encoding. Following prior object-centric work [8, 10], we encode box
geometry as gt

i =
[
xi

W , yi

H , wi

W , hi

H

]
∈ R4, where W and H are the frame width and

height; this normalization makes spatial features invariant to frame resolution.
Object Representation. We concatenate visual and spatial features into ot

i =
[vt

i ;g
t
i ] ∈ R1028. For each frame t, we construct a scene graph Gt = (Vt, Et)

with nodes Vt = {ot
1, ...,o

t
Nt

}; unlike traditional scene graphs requiring explicit
edge annotations, relationships Et are learned implicitly by the module described
next.

3.2 Graph Processing Module

The module transforms object-centric representations into coherent scene em-
beddings via masked graph attention, permutation-invariant aggregation, and
temporal sequencing.
Masked Graph Attention. To model interactions between objects within a
frame, we introduce a masked multi-head attention mechanism [31] over the
object features {ot

i}
Nt
i=1 that explicitly accounts for the variable number of objects

across frames. For frame t, we construct a mask Mt ∈ {0, 1}Nmax×Nmax , where
Nmax is the maximum object count across frames, with Mt[i, j] = 1 if i ≤ Nt and
j ≤ Nt, and 0 otherwise, ensuring padding objects do not influence attention.
With learnable projections Q = OtWQ, K = OtWK , V = OtWV , where Ot ∈
RNmax×1028 is the padded object feature matrix and WQ,WK ,WV ∈ R1028×dk ,
the masked attention for each head h is

Ah = softmax
(
Qh(Kh)⊤√

dk
Mattn

t

)
Vh

where Mattn
t [i, j] = −∞ if Mt[i, j] = 0, so padding positions receive zero at-

tention weight; head outputs are concatenated and projected. This mechanism
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Fig. 2: Graph Processing Module. Objects detected within each frame are pro-
cessed through masked graph attention (gray dashed connections) to learn spatial rela-
tionships. Max pooling aggregates variable-sized object sets into permutation-invariant
frame embeddings, projected as per-frame Scene-Graph tokens; the sequence of T to-
kens is passed to the LLM for temporal reasoning.

lets objects exchange information based on visual and spatial similarity, effec-
tively learning soft graph edges without explicit supervision: spatially proximate
objects (e.g ., a hand near a cup) attend to each other more strongly. Temporal
reasoning is not performed within the attention module; instead, the sequence of
T per-frame scene-graph tokens is passed to the LLM, which reasons over object
state changes across frames via its causal attention.
Permutation-Invariant Aggregation. Scene understanding should be invari-
ant to detection ordering, which is arbitrary and detector-dependent. We there-
fore apply max pooling [19,23] across the object dimension, st = maxNt

i=1 O
′
t[i, :] ∈

R1028, setting padding embeddings to −∞ beforehand so they cannot dominate
the maximum. Max pooling is chosen over mean pooling or learned aggrega-
tion [19] as it is parameter-free, emphasizes distinctive object features, and pro-
vides stronger gradients. The scene embeddings are reshaped from B×T ×1028
to B × (T × 4) × 257 to match the spatial merge size of Qwen3-VL’s vision
encoder, ensuring token-space compatibility with global context tokens.

3.3 Global-Local Feature Combination

While the scene graph stream preserves object-level details, it may miss holistic
properties such as lighting, background context, and composition. We therefore
add a complementary global context stream processing a reference frame (the
first frame) through a standard vision encoder.
Branch Projection and Fusion. Each branch is independently projected into
the LLM’s token space before fusion. The reference frame I is processed by the
frozen Qwen3-VL ViT encoder [29] and projected via Wglobal ∈ RdViT×dLLM to
hglobal = fViT(I)Wglobal ∈ RB×Ng×dLLM ; the scene embeddings S ∈ RB×(T×4)×257
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are projected via a separate learned layer Wsg ∈ R257×dLLM to hlocal = SWsg.
Both token sequences are concatenated with the query tokens as [hq; hglobal; hlocal ]
∈ RB×(Lq+Ng+T×4)×dLLM , semantically aligned in the LLM’s input space so the
model can selectively attend to global context or fine-grained object details de-
pending on the query. The LLM’s causal attention handles both token types
without explicit cross-attention modules, with gradients flowing back through
Wsg to the Graph Processing Module.
Training Objective. We finetune end-to-end with the standard language mod-
eling loss: given (V,q, r∗), we minimize L = −

∑Lr

j=1 logP (r∗j | r∗<j ,hq,hvisual)
over the response length Lr. We freeze Qwen3-VL’s vision encoder and projection
layer to preserve its vision-language alignment, finetune the language decoder
with LoRA [16], and train the graph processing module and its projection layer
from scratch, allowing the model to learn task-specific graph attention patterns.

4 Experiments

We evaluate our visual scene-graph conditioned VideoLLM on multiple video
understanding benchmarks. Ablation studies are presented in Sec. 6.
Training Data. We deliberately select datasets reflecting our static-camera fo-
cus, where background redundancy is high and object-level changes carry the pri-
mary semantic signal. We perform supervised fine-tuning (SFT) on RoboVQA [26]
using captions from the Cosmos-Reason1 SFT dataset [2], which adds diverse
video-language instruction pairs enhancing physical reasoning. RoboVQA pro-
vides around 218,000 videos (238 hours) across three embodiments (robot, hu-
man, human with tool) performing long-horizon instructions; we use a 95:5 train-
test split.
Model. We build on the 8B instruction-tuned Qwen3-VL [29], leveraging its
pretrained vision encoder and language model; to validate backbone-agnostic
transferability, we additionally train a variant on InternVL3.5-8B [36]. Detection
uses RT-DETR [45] with a ResNet-101 [15] backbone (108 FPS on a single GPU);
object features are extracted with the pretrained CLIP ViT-L/14 encoder [24].
Implementation Details. We train for 3 epochs on 4 NVIDIA A100 (80GB)
GPUs with an effective batch size of 32 (micro-batch 1, gradient accumulation
8), completing in roughly 4 days 20 hours, using AdamW with learning rate
2 × 10−5, cosine scheduling, and 5% warmup. We use LoRA [16] rank 32 for
the language model (reducing trainable parameters by 90%), freeze the original
vision encoder, and train the graph processing module (4 attention heads, head
dimension 257) without LoRA. Object sequences are padded to Nmax = 50 per
frame with attention masks; we sample up to 128 frames uniformly per video
during training, though longer sequences are supported at inference. All models
train in bfloat16.
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5 Results

5.1 Evaluation Benchmarks

We evaluate on three benchmarks using captions from the Cosmos-Reason1
SFT dataset [2]: BridgeDataV2 [32], HoloAssist [37], and the validation split
of RoboVQA [26], randomly selecting 1000 videos each from BridgeDataV2 and
HoloAssist. All three are captured from static or near-static viewpoints: Bridge-
DataV2 is table-top robotic manipulation with a fixed camera, HoloAssist cap-
tures egocentric human-assistance tasks with largely constant backgrounds, and
RoboVQA features mostly fixed-camera robotic embodiments. By encoding the
background globally once and tracking objects via the scene graph stream, our
architecture exploits this natural redundancy for significant token compression
without information loss. To probe generalization beyond this regime, we addi-
tionally evaluate zero-shot on TOMATO [27], a dynamic-camera visual temporal
reasoning benchmark (Sec. 5.4).

5.2 Qualitative Results

Fig. 3 shows a representative RoboVQA example: a static-camera video of a
robotic arm performing an apple-picking task on a cluttered countertop.

Fig. 3: Qualitative comparison on a RoboVQA manipulation example. (Top)
Four sampled frames of a robotic arm performing an apple-picking task. (Bottom)
Model responses for the prompt: “What are the objects in the scene and describe the
actions of the robot arm in the video?”
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Cosmos-Reason1 (green) produces a detailed, grounded description correctly
sequencing the arm’s actions (approach → grasp → lift → release into bowl).
Qwen3-VL (red) correctly enumerates objects but outputs a structured list
rather than a coherent temporal narrative, missing finer details such as the stick-
ers on the apples and the paper lining in the bowl. Our model (blue) matches
Cosmos-Reason1’s detail, capturing object attributes and the correct temporal
sequence while consuming ∼10× fewer tokens, demonstrating that object-centric
scene graphs preserve the fine-grained spatial and temporal details needed for
long-horizon manipulation understanding at a fraction of the token cost.

Fig. 4 shows a further unseen HoloAssist example, where our model again
produces descriptions comparable in detail and temporal grounding to Cosmos-
Reason1, and Fig. 5 qualitatively illustrates the ablations of Sec. 6: the symbolic
baseline fails to capture temporal progressions such as the camera lid being
opened and closed, which the visual scene graph stream resolves.

Fig. 4: Qualitative comparison between Cosmos-Reason1 (green) and Ours (cyan)
on an unseen example depicting a person manipulating a Nintendo Switch console.

In Fig. 6, while Cosmos-Reason1 correctly sequences the full manipulation
(gripping, lifting, unfolding, and releasing the cloth), our model captures the
objects and general motion but misses the complete unfolding sequence. This
failure mode arises when deformable objects undergo large shape changes across
frames that fall outside the detector’s localization capability, causing the scene
graph stream to lose track of the primary object’s state transitions.

5.3 Quantitative Analysis

We compare against Cosmos-Reason1 [2], Cosmos-Reason2-8B, finetuned Qwen3-
VL [29] without scene graph conditioning, and InternVL3.5-8B [36], reporting
BLEU-4 [22], ROUGE-L [20], METEOR [6], and BERTScore-F1 [43], a com-
plementary stack covering lexical precision, structural recall, paraphrase-aware
F-measure, and semantic similarity.
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Fig. 5: Qualitative ablation between Image only (green), Image + Symbolic (red)
and Image + Scene Graph (cyan) on an unseen example of a hand manipulating
a Canon camera, demonstrating the advantage of continuous visual embeddings over
both global frame encoding and symbolic text serialization.

Fig. 6: Failure case: comparison between Cosmos-Reason1 (green) and Ours (cyan)
on an unseen BridgeDataV2 example depicting a robotic arm unfolding a yellow cloth
on a blue table.

Parity at a Fraction of the Cost. Table 1 shows our Qwen3-VL scene-
graph model matches its finetuned base and Cosmos-Reason1 across all three
benchmarks, including BridgeDataV2 and HoloAssist, which were entirely un-
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Table 1: Quantitative comparison on static-camera benchmarks (BLEU-4,
ROUGE-L, METEOR, BERTScore-F1). Our scene-graph variants match their fine-
tuned base backbones within ±0.3 points at far lower token cost (Table 3); the In-
ternVL3.5 variant substantially outperforms its base.

BridgeDataV2 HoloAssist RoboVQA

Model B-4↑ R-L↑ Met↑ F1↑ B-4↑ R-L↑ Met↑ F1↑ B-4↑ R-L↑ Met↑ F1↑

Cosmos-Reason1-7B 10.35 28.90 28.29 86.17 14.37 31.62 31.82 86.91 26.90 44.69 45.25 89.72
Cosmos-Reason2-8B 19.16 38.20 35.75 88.87 21.96 39.85 39.41 88.93 30.58 50.15 46.00 90.65
Qwen3-VL-8B 10.49 28.83 28.49 86.21 14.16 31.43 31.85 86.84 26.73 44.73 45.22 89.70
InternVL3.5-8B 9.34 19.13 13.25 83.42 9.66 18.68 11.26 83.68 12.54 20.86 15.48 84.09

Ours (Qwen3-VL-8B) 10.35 28.80 28.25 86.17 14.11 31.48 31.91 86.84 26.88 44.72 45.06 89.71
Ours (InternVL3.5-8B) 8.19 27.34 25.29 84.67 9.70 28.43 27.57 85.68 12.59 31.03 30.36 85.83

seen during training, with differences within ±0.3 points across all four metrics,
well within the variance of generation-based evaluation. We argue that matching
this performance at a fraction of the token cost is itself the primary result, val-
idating our central hypothesis that object-centric scene graphs are significantly
more information-dense than frame patches for static-camera video understand-
ing. Notably, our model achieves the highest METEOR among comparable-scale
frame-centric baselines, 31.91, on HoloAssist, whose egocentric fine-grained ob-
ject manipulations are precisely the regime where object-level representations
carry the most discriminative signal. Cosmos-Reason2-8B, trained on substan-
tially larger proprietary physical-reasoning corpora, achieves higher absolute
scores; our contribution is orthogonal to such data scaling and can be applied
on top of any backbone.
Backbone-Agnostic Transferability. The InternVL3.5 results isolate the adapt-
er’s contribution beyond backbone capacity: baseline InternVL3.5-8B scores sub-
stantially lower than our InternVL3.5 scene-graph variant across all three datasets
(e.g ., METEOR 27.57 vs. 11.26 on HoloAssist). Together with the Qwen3-VL
parity result, this confirms the architecture transfers across LLM backbones.

5.4 Zero-Shot Generalization to Dynamic Cameras

Our training is scoped to static-camera settings, where background redundancy
is highest. To test whether the learned object-centric representations remain
useful when this assumption is relaxed, we evaluate zero-shot on TOMATO [27],
a visual temporal reasoning benchmark featuring dynamic cameras.

As shown in Table 2, both scene-graph variants outperform all frame-centric
baselines, including the smaller Qwen3-VL-4B/2B models, on Rotation and Vi-
sual Cues, the categories most dependent on tracking object-level state across
frames, while remaining competitive on Shape and Velocity. This indicates the
object-centric representation is not merely exploiting static backgrounds but cap-
tures transferable object-state dynamics, at drastically lower latency and VRAM
(Table 3).
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Table 2: Zero-shot accuracy (%) on TOMATO [27]. Without any dynamic-
camera finetuning, our scene-graph variants outperform all baselines on Rotation and
Visual Cues.

Model Rotation Shape Velocity Visual Cues

Cosmos-Reason1-7B 14.3 21.5 28.1 40.0
Qwen3-VL-8B 22.7 38.6 31.9 40.3
Qwen3-VL-4B 17.5 36.3 21.4 38.8
Qwen3-VL-2B 24.1 34.1 25.2 37.3
InternVL3.5-8B 24.1 35.4 22.9 31.4

Ours (Qwen3-VL-8B) 26.6 30.0 30.2 45.7
Ours (InternVL3.5-8B) 25.5 31.8 31.7 38.6

Table 3: End-to-end inference efficiency on a 100-video long, cluttered RoboVQA
stress-test subset. These per-clip measurements are specific to this subset and therefore
differ from the benchmark-wide averages reported in Sec. 5.5. Wall-clock time includes
RT-DETR detection, CLIP feature extraction, and VLM decoding.

Model In tok ↓ Out tok Time (s) ↓ VRAM ↓

Qwen3-VL-8B 20,624 125 9.05 35.33GB
InternVL3.5-8B 23,200 352 12.97 56.92GB

Ours (Qwen3-VL-8B) 1,128 68 2.74 18.08GB
Ours (InternVL3.5-8B) 8,618 85 4.25 19.53GB

5.5 Efficiency Analysis

While our model achieves parity in accuracy, its decisive advantage is computa-
tional efficiency.
Benchmark-Average Token Compression. Averaged over our evaluation
benchmarks, Cosmos-Reason1 [2] consumes 12,472 tokens per video and the fine-
tuned Qwen3-VL baseline consumes 1,831, whereas our scene-graph approach
requires only 633 tokens. Thus, our model uses 34.6% as many tokens
as Qwen3-VL (a 65.4% reduction) and 5.1% as many as Cosmos-Reason1 (a
94.9% reduction). The corresponding benchmark-wide peak-VRAM averages are
18.71GB for ours, 35.60 GB for Qwen3-VL, and 25.10 GB for Cosmos-Reason1.
These benchmark-wide averages are distinct from the 100-video long, cluttered
RoboVQA stress-test measurements in Table 3.
End-to-End Latency and Clutter Robustness. Token counts alone can hide
preprocessing overhead, so Table 3 separately reports end-to-end measurements
on a 100-video long, cluttered RoboVQA stress-test subset. On this subset, our
Qwen3-VL variant uses 1,128 input tokens per clip versus 20,624 for the Qwen3-
VL baseline and runs in 2.74 s versus 9.05 s, with 18.08 GB versus 35.33 GB peak
VRAM. These values should not be compared numerically with the 633-versus-
1,831 benchmark-wide visual-token averages above because they summarize a
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Table 4: Ablations on the 500-video unseen subset. Removing the scene graph
branch (top) or replacing visual node embeddings with symbolic JSON serialization
(middle) degrades METEOR; the symbolic variant additionally inflates token cost
9.4×.

Model METEOR ↑ Tokens ↓

Global stream only (Image) 29.55 412
Image + Symbolic (JSON-serialized) 29.20 4,777
Image + Scene Graph (Ours) 30.84 507

different, deliberately long-video subset. Both scene-graph variants are substan-
tially faster than their base models; scene-graph construction overhead is neg-
ligible at most 0.3 s per clip, after which the reduced token count dominates
wall-clock savings. Moreover, the hard cap of Nmax=50 objects per frame bounds
scene-graph tokens regardless of clutter: even at maximum occupancy the repre-
sentation yields far fewer tokens than full frame-patch encoding. This makes our
VideoLLM deployable on consumer-grade hardware (e.g ., a single RTX 3090
or 4090), whereas the baselines require enterprise-grade A100/H100 GPUs or
multi-GPU setups.

6 Ablation Studies

We validate our key architectural choices on a randomly sampled subset of 500
videos, 250 each from BridgeDataV2 and HoloAssist, drawn from the same test
splits as our main evaluation. Both datasets were entirely unseen during train-
ing, ensuring conclusions reflect generalizable architectural properties; we report
METEOR, consistent with our main evaluation.
Contribution of Each Stream. Removing the scene graph branch and relying
solely on global image tokens causes a 1.29-point METEOR drop (Table 4),
demonstrating that the scene graph branch contributes discriminative signal be-
yond holistic frame encoding: the global stream captures static scene layout while
the scene graph stream tracks fine-grained object-level changes across frames
that global context alone cannot resolve. A qualitative example is provided in
Sec. 5.2.
Visual Embeddings vs. Symbolic Representations. A key design choice
is using continuous CLIP visual embeddings as soft graph node features rather
than serialized symbolic text, the input format employed by symbolic object-
centric methods such as ObjectMLLM [28] and SAGE [40]. We compare against
a baseline where each frame’s detection output is serialized as a structured
JSON string, {"frame": t, "objects": [{"class": ..., "bbox": ...}]},
injected directly into the LLM’s prompt in place of the scene graph token stream,
preserving the same structural information (class labels, boxes, confidences) but
discarding all visual appearance. Our visual scene graph tokens outperform this
baseline by 1.64 METEOR points while consuming 9.4× fewer tokens (507
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vs. 4,777): symbolic text cannot replicate the appearance information in CLIP
embeddings (texture, color, shape, fine-grained attributes), and verbose JSON
burdens the context with low-density strings. Crucially, since RT-DETR class
predictions are discarded after detection and only box crops are embedded via
CLIP, our pipeline is also robust to detector misclassification.

7 Limitations and Future Work

Our training and primary evaluation are scoped to static and near-static cam-
eras; while zero-shot TOMATO results (Sec. 5.4) suggest the learned representa-
tions transfer to dynamic settings, fully handling rapid viewpoint changes would
require camera motion estimation in the global stream or frame selection. Our
approach also depends on the upstream detector: under extreme occlusion, mo-
tion blur, or open-vocabulary objects absent from RT-DETR’s training set, the
scene graph may miss critical entities (a deformable-object failure case appears in
Sec. 5.2); joint detector-LLM training or open-vocabulary detectors are natural
remedies. Our graph attention models pairwise interactions but not higher-order
hyperedges (e.g ., person-tool-object triples). Finally, although detection and fea-
ture extraction overhead is small (≤0.3 s per clip), it adds constant latency that
may matter for ultra-low-latency applications.

8 Conclusion

We presented a VideoLLM architecture that replaces pixel-centric frame encod-
ing with object-centric visual scene graphs as the primary visual modality: each
detected object is a continuous CLIP embedding, processed through a differen-
tiable masked graph attention adapter and projected directly into the LLM’s
token space, eliminating symbolic parsers and preserving end-to-end gradient
flow, while a single reference frame captures static background context once. On
three static-camera benchmarks spanning robotic manipulation and egocentric
assistance, our method matches strong baselines while consuming only 633 to-
kens on average (95% fewer than Cosmos-Reason1, 65% fewer than Qwen3-VL)
with 18.71 GB peak VRAM, enabling consumer-hardware deployment; the ar-
chitecture transfers across backbones, with the InternVL3.5 variant substantially
outperforming its base model, and generalizes zero-shot to the dynamic-camera
TOMATO benchmark, outperforming all baselines on rotation and visual-cue
reasoning. This validates our core hypothesis that object-centric representations
are significantly more information-dense than frame patches. Future work will ex-
plore open-vocabulary detection, end-to-end joint training of the detector back-
bone, and explicit temporal tracklet modeling.
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