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Figure 1. With explicit modeling of object dynamics, VideoOrion can (a) grasp finer details (b) with understanding on object-related fine-
grained details. (c) Comparison with prior encoding including: (1) spatial pooling the whole frame into a single token; (2) concatenating
adjacent patch tokens into a single token; (3) Q-Former aggregates patch tokens with learnable queries. (4) VideoOrion with object tokens
providing disentangled semantics.

tics, VideoOrion not only offers a more natural and effi-

Abstract cient way to derive compact, disentangled semantic repre-

sentations but also enables explicit object modeling of video

We present VideoOrion, a Video Large Language Model content with minimal computational cost. Moreover, the in-

(Video-LLM) that explicitly captures the key semantic in- troduced object tokens naturally allow VideoOrion to ac-

formation in videos—the spatial-temporal dynamics of ob- complish video-based referring tasks. Experimental results

jects throughout the videos. VideoOrion employs expert vi- show that VideoOrion can learn to make good use of the

sion models to extract object dynamics through a detect- object tokens, and achieves competitive results on both gen-

segment-track pipeline, encoding them into a set of object eral video question answering and video-based referring
tokens by aggregating spatial-temporal object features. Our benchmarks.

method addresses the persistent challenge in Video-LLMs
of efficiently compressing high-dimensional video data into

semantic tokens that are comprehensible to LLMs. Com- 1. Introduction
pared to prior methods which resort to downsampling the
original video or aggregating visual tokens using resam- The remarkable performance of Large Language Models
plers, leading to information loss and entangled seman- (LLMs) [16, 48, 62] has spurred interest in extending these
models’ capabilities beyond text, which catalyzes the devel-
+ Equal contribution. opment of multi-modal large language models (MLLMs)
1 Correspondence to <zongging.lu@pku.edu.cn> [4, 9, 36, 40, 60, 79, 81]. By integrating diverse modal-
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ities through tokenization and alignment with text tokens,
MLLMs enable a broader range of real-world applications.
However, a significant challenge lies in efficiently encod-
ing the information from multi-modal inputs into a limited
number of tokens, particularly for Video-LLMs, as videos
encapsulate much more complex and detailed information
than other input modalities, such as an image.

To compress high-dimensional visual information into a
more compact representation, existing studies commonly
employ downsampling or pooling techniques before tok-
enization [26, 43] and integrate various aggregation mod-
ules to reduce the number of visual tokens [1, 14, 30],
thereby mitigating computational costs. Several limitations
arise. First, due to computational constraints, Video-LLMs
usually only sample a small fraction of the frames in the
video for training and inference (e.g., sample 8 or 16 frames
out of thousands of frames for a video of about three min-
utes). Despite being more efficient, they inevitably incur
information loss, particularly in the fine-grained dynamics
of objects and interactions between scenes. The discretized
frames also fail to provide sufficient contextual information
for Video-LLMs to effectively model long-range temporal
dependencies within videos. We hypothesize that this lim-
itation is a key factor preventing current video-LLMs from
achieving a more detailed understanding of video content,
restricting their ability to capture intricate nuances beyond
a general overview. Furthermore, existing methods encode
video tokens by processing image patches through a vision
encoder, often overlooking the explicit semantics embedded
within these visual tokens. This oversight can lead to se-
mantically entangled representations [70]. In contrast, text
tokens inherently carry clear and well-defined semantics,
creating a significant disparity that complicates the align-
ment of ambiguous visual tokens with semantically precise
text tokens in the LLM.

In this paper, we present VideoOrion, a Video-LLM with
a novel vision encoding method that explicitly captures the
key semantic information in videos. Drawing inspiration
from the way humans naturally identify object semantics
from visual observations before integrating contextual in-
formation into cognitive processes, we argue that a tok-
enizer for the visual modality should provide semantically
rich tokens, akin to tokenizers in text processing, to enhance
a model’s understanding of visual content. A key aspect of
visual semantics lies in the object dynamics, including their
appearance, interactions, and temporal variations.

To effectively capture these dynamics, VideoOrion in-
troduces a detect-segment-track pipeline that utilizes expert
models to extract objects and their evolving characteristics
across a sequence of frames. This information is then fused
into a set of object tokens, representing the objects and their
spatial-temporal dynamics throughout the video. Beyond
object dynamics, contextual visual information is also es-

sential, complementing object tokens for a more compre-
hensive understanding of videos. To address this, we pro-
pose to also supplement the object tokens with a set of con-
text tokens produced by a Video Projector. By incorporating
both encoding branches, VideoOrion effectively captures
overarching contextual elements (e.g., static scene informa-
tion) while also preserving fine-grained details about spe-
cific objects or instances through object tokens. This disen-

tangled object representation enables the subsequent LLM

to more accurately model spatial and temporal dynamics of

objects, ultimately improving video comprehension.
Through extensive experiments and visualization,
VideoOrion demonstrates superior performance in video
understanding tasks across multiple benchmarks. More-
over, the proposed object tokens naturally facilitate
video-based referring, i.e., visual question-answering in-
volving a specific object or instance in the videos (provided
in the first frame)[54, 66, 75]. Notably, VideoOrion exhibits
remarkable capabilities on video-based referring tasks,
achieving substantial gains compared to previous methods.

Our main contributions can be summarized as follows:

* We present VideoOrion, featuring a novel object branch
that encodes the spatial-temporal dynamics of objects and
instances in the videos through a set of object tokens.

» To effectively capture object dynamics, we propose a
detect-segment-track pipeline that leverages knowledge
from expert vision models to extract object masks across
frames, thereby explicitly generating disentangled objects
representations.

* We conduct extensive experiments and ablation studies
on multiple benchmarks, showcasing consistent improve-
ments with object tokens and achieving competitive re-
sults on general VQA and video-based referring tasks.

2. Related Work

Video-LLMs. Most existing Video-LLMs extend the
framework of image-based MLLMs by introducing var-
ious adapters to handle the large number of visual to-
kens generated by image-level pretrained visual encoders
such as CLIP [55]. Prominent models include Video-
ChatGPT[43], which employs spatial-temporal pooling;
VideoChat[30], VideoChat2[32], and VideoLLaMA[79],
which leverage Q-Former [29, 84]; MiniGPT4-Video[3],
which concatenates adjacent visual tokens and applies lin-
ear mapping; VideoLLaMA2[14], which incorporates 3D
convolution blocks; and LLaMA-VID [34], which uti-
lizes cross-attention between visual and textual embed-
dings. While these approaches have achieved promising
results, they predominantly emphasize adapting visual fea-
tures for integration into large language models (LLMs), of-
ten neglecting explicit semantic representation within visual
tokens. Consequently, the task of interpreting token seman-
tics is largely delegated to the LLMs themselves.
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Figure 2. The overall architecture of VideoOrion. Two branches are employed to encode the video content into tokens: the Video-Centric
Branch encodes the general information with context tokens, while the Object-Centric Branch encodes the dynamics of objects through
the detect-segment-track pipelines in the video into a set of object tokens. All these tokens are fed together to the LLM for integrating
information from both branches and generating responses to the text inputs.

There are also studies emphasizing the semantic aggre-
gation of visual tokens. For instance, Chat-univi [25] ag-
gregates visual tokens into dynamic clusters using DPC-
KNN [15], a clustering algorithm aimed at reducing redun-
dancy by merging visually similar tokens. Unlike Chat-
univi, VideoOrion aggregates visual tokens explicitly in
an object-centric manner, thus ensuring clearer semantic
representation. Similarly, Video-LaVIT [26] employs the
MPEG-4 compression algorithm to distill video informa-
tion into key frames and motion features, subsequently en-
coding these using VQ-VAE. While our approach also seg-
ments videos via key frames, we prioritize the semantic
representation of objects rather than general motion infor-
mation. The closest related study is Slot-VLM [70], which
shares conceptual similarities with ours by employing slot
attention mechanisms to cluster tokens into object-centric
and event-centric representations. Our methodology sub-
stantially diverges by deploying specialized vision models
to precisely detect and extract object representations and in-
corporating temporal fusion techniques to capture the dy-
namics of objects across frames. This ensures that our re-
sulting object tokens encapsulate richer, temporally inte-
grated semantic information. Artemis [54] also incorpo-
rates ROI tracking to derive target-specific features from
visual tokens but predominantly targets video-based refer-
ential understanding tasks with exclusive emphasis on in-
dividual objects. In contrast, our research aims to enhance
the object-centric comprehension of Video-LLMs by sys-
tematically aggregating and encoding semantic tokens for
all identified objects within the observed video sequences.

Vision Foundation Models. Humans naturally incorpo-
rate visual information into reasoning by semantically seg-
menting and extracting meaningful visual content, particu-
larly when identifying distinct objects or entities. However,

existing Multimodal Large Language Models (MLLMs) of-
ten neglect this crucial semantic abstraction. Notably, this
semantic-level processing aligns closely with several fun-
damental computer vision tasks, including object detection
[8, 49, 68, 73, 78], instance segmentation [12, 21, 33, 35],
and video object segmentation [52, 67, 72].

To bridge this gap, we propose to leverage specialized
vision foundation models to more effectively encode ob-
ject dynamics, rather than exclusively relying on video-text
paired approaches such as CLIP [55]. For instance, Ground-
ingDINO [41] introduces open-vocabulary object detection
capabilities by marrying DINO [49, 78] with grounding
abilities by contrastive training on object region-text pairs
[8, 73]. Moving beyond text-based prompts, another line
of research proposes SAM [13, 57] with the ability to inter-
active segment anything with points, scribbles, and bound-
ing boxes. Further, beyond understanding a single image,
multi-object tracking [44, 53, 82] and object segmentation
[52, 67, 72] in video contexts have been extensively stud-
ied, resulting in the emergence of several specialized vision
foundation models [13, 46, 57, 85].

3. Methodology

Building upon the discussion presented in Section 1, we
introduce VideoOrion, an instantiation of an object-centric
representation characterized by enriched semantics, in-
creased compactness, and greater efficiency—achieving
comprehensive information encoding with fewer tokens. It
is important to emphasize that one of our primary contri-
butions lies in this conceptual idea of object-centric rep-
resentation, with VideoOrion serving merely as a specific
realization of this broader concept, detailed further below.
VideoOrion demonstrates the effectiveness of utilizing a
more disentangled and compact representation of object dy-
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Table 1. Data mixture of VideoOrion training. For video-centric branch, we directly utilized open-source base models.

Stage Modality ~ # Samples  Object Tokens  Source
__ Nideoprewaining _________________ VideoLLaMA2 BaseModel . _ .
__ Objectpretraining __video-text 700K v InternVid-10M, OpenVid-IM___ __ __
video-text 2.7M Vv Video-ChatGPT, VideoChat2, LLaVA-Video
. . . video-text IM 4 Ego4D, EgoExo4D
MM instruction tuning image-text 625K N LLaVA

text-only 40K

Video-LLaVA

namics, which enhances and complements general video
features, thereby significantly improving video modeling
and comprehension.

3.1. Overall Architecture

VideoOrion features on an Object-Centric Branch com-
plemented by a Video-Centric Branch, designed for com-
prehensive tokenization of both general video context and
specific object dynamics, as depicted in Figure 2. These
two branches function independently, with the downstream
large language model (LLM) tasked with integrating se-
mantic information derived from each branch. This decou-
pled design, naturally enables VideoOrion with high flexi-
bility, readily accommodating various architectural config-
urations, i.e. different video projectors [14, 29, 39, 43, 79]
and LLMs [24, 71].

3.2. Video-Centric Branch

Given a video V; € RT*HXWxXC “yhere T denotes the
number of frames. The Video-Centric Branc first utilizes a
vision encoder, e.g. CLIP to extract the features before em-
ploying a Video Projector to project the high-dimensional
per-frame features into a set of context tokens. This pro-
cedure usually incurs large computation due to the large
number of context tokens (e.g. 576 per frame) which lim-
its the number of frames to be encoded. Consequently,
these tokens can only encode the general and static infor-
mation, such as the background and scene. VideoOrion
supports diverse Video Projector designs; here, we em-
ploy the STC Connector introduced by VideoLLaMA?2 [14]
for its superior preservation of spatial-temporal details, en-
hancing the association between visual and object tokens.
Specifically, we first sample a fixed number of frames from
the video, and use a vision encoder such as CLIP (ViT-
L/14) [55] to encode each frame, resulting in the embed-
ding x; € Rt»*h>xwxD where t, is the number of sampled
frames, and h = H/p,w = W/p are the resolution of vi-
sual embeddings, p = 14 for ViT-L/14. Then, we use STC
Connector, which is composed of two RegStage blocks [56]
and a 3D convolution block, followed by an MLP projector,
to transform z; into context tokens v; € RMv*? where N,
is the number of context tokens and d is dimension of the
LLM decoder’s token embedding space.

3.3. Object-Centric Branch

In the Object-Centric Branch, our objective is to extract a
concise set of object tokens from the entire video, each en-
capsulating both semantic and spatial-temporal information
related to individual objects or instances and their dynamics
throughout the video. This process begins with object pro-
posal generation, where instances of interest are identified,
followed by dynamic tracking to establish their trajectories
across frames. Finally, an Object Projector aggregates the
encoded features of these dynamics and trajectories to de-
rive compact object tokens.

Detect-segment-track pipeline. Identifying and tracking
the dynamics of objects in videos present significant chal-
lenges. A fundamental question is: How can we effi-
ciently represent an object along with its temporal dynam-
ics? To achieve this, an ideal representation should cap-
ture both the spatial location and fine-grained details of ob-
jects throughout a video’s progression. Using masks to re-
fer to objects’ representations naturally emerge as a supe-
rior choice as masks can not only precise spatial informa-
tion, but also encapsulate precise object contours, free-form
shapes, and other fine-grained details (compared to coarse-
grained bounding boxes), which have been widely adopted
in referring and grounding methods [57, 74] for object rep-
resentation. By associating a sequence of masks with an
object across multiple frames, we can effectively character-
ize its motion and evolution within the video.

To identify objects of interest, we employ Ground-
ingDINO [41] in its generic mode during the detect stage,
as it offers both efficiency and strong performance in gen-
erating object region proposals in specific frames. In the
subsequent segment stage, we leverage SAM [27] to refine
these bounding box proposals into precise object masks.
However, due to the dynamic nature of objects and scene
changes, objects may enter or exit the frame over time. A
naive approach that tracks only the objects present in the
first frame risks substantial information loss. A possible
strategy is to uniformly sample multiple frames and seg-
ment the video into clips for object identification and track-
ing. However, this approach may fail to capture newly ap-
pearing objects accurately. Another alternative is to use
tracking algorithms capable of detecting new objects au-
tomatically; however, these methods are typically limited
to closed-set object categories, thus unsuitable for general
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video analysis. To address these challenges, we propose a
novel segmentation method that dynamically partitions the
video based on variations in object presence across frames.
Specifically, we sample a sequence of frames, f1, fo, ..., fn,
and apply RAM++ [23], an open-world image recognition
model, to annotate each frame with a set of object-related
tags. We then utilize the NLTK toolkit [6] to filter these
tags, extracting concrete nouns and their synonyms to con-
struct a tag set I, lo, ..., [, which serves as an indicator of
object presence in each frame. To refine this process, we
introduce two thresholds, 8, and 8,. The first threshold,
0., is used to filter out frames with a low number of ob-
ject tags, as such frames are often noisy: F; = {f, | v €
{1,...,n}, |lu| > 6,}. The first frame in F; is designated
as the initial key frame. Subsequently, for each subsequent
frame, we compute the overlap between its tag set and that
of the most recent key frame. If the overlap falls below the
threshold 6y, i.e., |l Nlkey| < 5. we consider this a signif-
icant object transition and designate the frame as a new key
frame. The values of 8, and 6} are empirically determined
based on the performance characteristics of RAM++, with
our experiments using 6, = 3 and 6, = 2.

Through this process, we obtain a sequence of key
frames that segment the video into distinct clips based on
object transitions. For each key frame, we apply the object
proposal and segmentation steps to generate object masks.

In the tracking stage, we sample ¢, frames from the
video and partition them into clips based on the key frames.
Notably, ¢, is typically much larger than ¢, since it does
not affect the number of tokens, thereby keeping com-
putational costs manageable. In our experiments, we set
t, = 8 and use t, = 64 for short videos, increasing to
t, = 128 for videos longer than one minute. A key ad-
vantage of this approach is that object tokens retain richer
temporal information compared to context tokens. Finally,
we utilize XMem [13], a multi-object tracking algorithm,
to track all object masks across the entire video, starting
from each key frame. This results in a set of object mask
lists: M = {My, Ma, ..., My, } where N,; represents the
total number of identified objects in video V;, and M; cor-
responds to the mask sequence for object j across frames.

Object Projector. We introduce Object Projector to trans-
late the list of object masks into object tokens. Each ob-
ject j, appearing in k frames, has an associated mask list
M; = {mf”,mf“,...,m;jk}. Mask pooling is per-
formed on each mask to fuse the features from the cor-
responding frames fj1,..., fjr. Subsequently, temporal
pooling, followed by an MLP projector, integrates these
spatially pooled features into a unified representation. Con-
sequently, for each V;, we obtain N,; compact object tokens
0; € R?, where j € {1,..., N,;}. These object tokens en-
capsulate both spatial and temporal dynamics effectively.

3.4. Training

Instruction Template. To integrate context tokens and ob-
ject tokens with text tokens for input into the LLM, we de-
fine the following input template:

User: <v> Here is a list of objects and instances in
the video: <01>,<02>,...,<on> <Instruction>
Assistant: <Answer>

where <v> represents the context tokens of the video sam-
ple, and <o1>, <02>, ..., <oy > denote the object tokens.
Following the two-branch design of VideoOrion, the train-
ing procedure is divided into three stages: 1) Video-Centric
Branch pretraining; 2) Object-Centric Branch pretraining;
3) Multi-modal instruction tuning.

Video-Centric Branch pretraining. At this stage, only the
Video Projector is optimized using video-text and image-
text pairs for vision-language alignment, without incorpo-
rating object tokens. To ensure simplicity and computa-
tional efficiency, we directly utilize the open-source base
model of the STC-Connector from VideoLLaMAZ2[14],
which has been pretrained on 12.2M vision-language data
for vision-language alignment [14].

Object-Centric Branch pretraining. At this stage, the
pretrained Video Projector remains frozen, and only the
Object Projector is optimized using video-text pairs. We
construct a training dataset by sourcing captioned videos
from InternVid-10M [69] and OpenVid-1M [47]. To re-
fine the dataset, we first filter InternVid-10M using aesthetic
scores[59] and UMT-SIM scores[31], which assess video
quality and video-caption similarity, respectively, yielding
a 1.4M-sample subset. This subset is then combined with
OpenVid-1M, and the resulting dataset undergoes further
filtering based on noun-phrase concept balance, following
[40]. Ultimately, we obtain a pretraining dataset com-
prising 700K video-text pairs. To enhance training effi-
ciency, we preprocess this dataset using a detect-segment-
track pipeline to generate object mask lists.

Multi-modal instruction tuning. In the final stage,
we only freeze the vision encoder, and optimize the
Video Projector, the Object Projector, and the LLM back-
bone together, with multi-modal (MM) instruction tun-
ing datasets. We adopt the training data from Video-
LLaVA[37], VideoChat2[32] and LLaVA-Video[83]. We
also incorporate an ego-centric video question-answering
dataset built with videos and annotations from Ego4D[19]
and EgoExo04D[20]. We sampled 1M ego data samples to
make up to the 4M dataset size. We segment egocentric
videos into shorter clips and generate question-answer pairs
based on the original human annotations as well as addi-
tional annotated visual information. These question-answer
pairs encompass multi-level knowledge, ranging from low-
level visual basic facts to high-level behavior-centric under-
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standing, and feature diverse types of questions, spanning
from descriptive to deductive in nature. We preprocess the
video-text samples and image-text samples with the detect-
segment-track pipeline to obtain the object mask lists here.
For images, we treat them as single-frame videos, and the
tracking model is not used in the pipeline.

We use auto-regressive cross-entropy loss in all three
stages. The data mixture is summarized in Table 1.

4. Experiments

4.1. Experimental Setup

We present two variants of VideoOrion: VideoOrion,
which uses CLIP (ViT-L/14) [55] as the vision encoder
and Mistral-Instruct-7B [24] as the LLM backbone; and
VideoOrion+, which uses SigLIP (so400m-patch14-384)
[77] as the vision encoder and Qwen2-7B [71] as the LLM
backbone. We sample ¢, = 8 frames from each video for
the Video-Centric Branch for VideoOrion, and set t, = 16
for VideoOrion+. We sample t, = 64 frames from short
videos and ¢, = 128 frames from videos longer than 1
minute for the Object-Centric Branch. We set 8, = 3 and
0, = 2 when extracting key frames to split videos with
RAM-++, which we find have the best performance, and the
number of sampled frames for tagging is set to n = 16 for
Object-Centric Branch pretraining and n = 64 for MM in-
struction tuning. We resize and crop each frame to 336 x 336
for CLIP [55] and 384 x 384 for SigLIP [77], following
their implementations. We use a learning rate of le — 4 and
5e — 6 for the two stages, with a warm-up ratio of 0.03.
The global batch size for Object-Centric Branch pertaining
is 256 and 128 for the MM instruction tuning stage. In both
stages, we train for only one epoch, with 8 x A800 GPUs,
for VideoOrion and 64x A800 GPUs for VideoOrion+.

4.2. Video Question Answering

Evaluation benchmarks. We comprehensively evalu-
ate the video understanding capabilities of VideoOrion
and VideoOrion+ on four multi-choice video question an-
swering (MC-VQA) datasets including MVBench [32],
EgoSchema [45], Perception-Test [51] and VideoMME
[18]. Accuracies are reported for each of the benchmarks.
We also test on an open-ended video question answering
(OE-VQA) benchmark ActivityNet-QA [76], where Chat-
GPT3.5 is employed to evaluate the answer following Maaz
et al. [43], by two metrics: a yes/no indicator that signifies
whether the predicted answer matches the correct answer,
and a score ranging from O to 5 that reflects the degree of
alignment between the model output and the correct answer.
We report both the accuracy and the average score.

Zero-shot performance. We compare the performance
of VideoOrion and VideoOrion+ with prior state-of-the-art
Video-LLMs in Table 2. VideoOrion achieves competitive

performance consistently surpassing the second-best meth-
ods by a large margin. Notably, compared to the baselines
VideoLLaMA?2 and VideoLLaMA2.1 which has the same
Video-Centric Branch, VideoOrion and VideoOrion+ con-
sistently outperforms them by 10.1%, 14.6%, 15.6%, 8.7%,
7.8% and 10.1%, 11.9%, 11.0%, 5.1%, 7.3% on MVBench,
EgoSchema, Perception-Test, VideoMME and ActivityNet-
QA respectively. This result demonstrates the effectiveness
of Object-Centric Branch for general video understanding,
serving as a proof of concept that explicit disentangled ob-
ject presentation can efficiently and effective encode the
rich information in videos for LLMs to comprehend.

4.3. Video-based Referring

With the proposed Object-Centric Branch, VideoOrion in-
herently supports video referring—a capability often absent
in conventional Video-LLMs. To enable video referring, we
simply structure the input prompt template as follows:

User: <v> What is <o> doing in this video?
Assistant: <Answer>

where we insert the object token corresponding to the re-
ferring target in the video with <o> in the instruction. We
evaluate performance on the VideoRef45K benchmark [54],
which comprises video question-answer data with box-level
prompts in the first frame to specify the referring target. To
encode object tokens, we apply SAM to the bounding box
prompts to extract target masks.

We train two variants of models with a subset of Video-
Ref45K including data from VID-Sentence [11] (8K), HC-
STVG [61] (10K) and LaSOT [17] (8K). For VideoOrion-
Ref, we integrate this data into the MM instruction tuning
stage with instruction following data from VideoLLaVA to
train VideoOrion. For VideoOrion-Ref-FT and VideoOrion-
Ref-FT+, we finetune the VideoOrion and VideoOrion+
with the referring data for 3 epochs, following [54]. We
evaluate the models with metrics BLEU@4 [50], ME-
TEOR [5], ROUGE _L[38], CIDEr [65] and SPICE [2].
We compare the results with Artemis, a video-based refer-
ring model, and Merlin [75], a multi-frame-based referring
model, in Table 3.

We can see that all our models outperform the baselines
on all evaluation metrics. Notably, VideoOrion-Ref shows
good zero-shot performance, with only a small amount of
referring data involved in the MM instruction tuning stage.
With additional finetuning following [54], VideoOrion-Ref-
FT and VideoOrion-Ref-FT+ achieve significantly better
results. This result validates that object tokens effectively
encode accurate object semantics, enabling the model to
identify the target object. Moreover, our approach equips
Video-LLMs with a unified interface for improved general
video understanding and referring capabilities.
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Table 2. Performance comparison with the state-of-the-art Video-LLMs. All models except ShareGPT4Video use a 7B LLM backbone.

Model Frame MVBench Egoschema Perception-Test Video-MME  ActivityNet-QA
Number Acc. Acc. Acc. w/o / w subs Acc. / Score
LLaMA-VID[34] 1fps 419 385 44.6 259/ - 47.4/3.3
TimeChat[58] - 38.5 33.0 - - -
Chat-UniVi[25] 64 - - - 40.6/45.9 46.1/3.3
LLaVA-NeXT-Video[83] 32 46.5 439 48.8 337/ - 53.5/3.2
ShareGPT4Video-8B[10] 16 51.2 - - 39.9/43.6 -
VideoChat2[32] 16 60.4 54.4 473 39.5/43.8 49.1/3.3
Video-LLaVA[37] 8 41.0 38.4 44.3 39.9/41.6 45.3/3.3
VideoLLaMA[79] 8 34.1 - - - 12.4/1.1
VideoLLaMA2[14] 8 53.4 50.5 49.6 45.1/46.6 49.9/3.3
VideoOrion 8 63.5 65.1 65.2 54.6/55.3 57.7/3.7
Models with Qwen-2-7B LLM backbone
LongVA[80] 64 - - - 524/ - - 2.8
LLaVA-OneVision[28] 32 56.7 60.1 57.1 58.2/61.5 56.6/ -
VideoLLaMA2.1[14] 16 573 53.1 54.9 54.9/56.4 53.0/3.4
VideoOrion+ 16 67.4 65.0 65.9 58.9/61.5 60.3/3.7

Table 3. Performance on the video referring task Qiu et al. [54].

Model BLEU@4 METEOR ROUGE_L CIDEr SPICE
Merlin[75] 33 113 260 105 20.1
Artemis[34] 155 180 408 532 254
VideoOrion-Ref 17.5 195 430 697 284
VideoOrion-Ref-FT  19.0 21.0 438 796 304
VideoOrion-Ref-FT+  19.7 21.5 454 906 314

4.4. Ablation Study

The objective of this section is to understand the effective-
ness of each component and how they contribute to the im-
proved performance of VideoOrion. Due to limited compu-
tation, we conduct all the ablation studies with a subset of
the data used in VideoOrion. For Video-Centric Branch per-
taining, we use 702K video-text pairs provided by Valley
[42] and 558K image-text pairs provided by LLaVA [40].
We use our filtered 700k samples for the Object-Branch per-
taining, and use 765K samples form Video-LLaVA[37] for
the MM instruction tuning.

Object Tokens. To validate the effectiveness of Object-
Centric Branch, we compare VideoOrion with baseline
model VideoLLaMA2, with the same amount of data.
Since the baseline model VideoLLaMA?2 does not have the
Object-Branch pertaining stage, the 700K data is added to
the Video-Branch pertaining stage, for a fair comparison.
As per Table 4, VideoOrion with object tokens consistently
improves over the baseline on all the benchmarks, showing
the effectiveness of explicit object-centric representation.

Table 4. Ablation study on the Object-Centric Branch.

Model MVBench Egoschema Perception VideoMME ActNet
video-only 41.9 41.3 43.6 441 43.0
VideoOrion  44.2 4.5 46.3 46.1 43.3

Design choices of detect-segment-track pipeline. Ta-

ble 5 analyzes the design choices of the detect-segment-
track pipeline. By default (Section 3.3), we use Ground-
ingDINO (generic mode) for object proposals, RAM++ for
adaptive segmenting the video, and XMem for tracking. To
evaluate alternatives, we replace GroundingDINO (generic
mode) with RAM++ and Mask2Former [12] for object pro-
posal. For segmenting videos, we explore alternatives of
segmenting videos uniformly into four parts or using the
entire video without any segmentation. For tracking, we
substitute Xmem with SAM?2 as an alternative. As per Ta-
ble 5, we show that our detect-segment-track pipeline re-
mains robust across variations. Notably, uniform segmen-
tation slightly underperforms RAM++, offering a trade-off
between efficiency and performance. All configurations
outperform the video-only baseline (Table 4), highlighting
the strength of our object representation.

Design choices of Object Projector The Object Projec-
tor aggregates object dynamics captured by mask-pooled
features. We explore various design choices, includ-
ing a simple multi-layer perceptron (MLP), a single lin-
ear layer, average pooling, and two temporal modeling
approaches—attention[64] and LSTM[22]. Although we
hypothesized that temporal modeling would enhance object
tokens, the results in Table 6 unexpectedly reveal that a sim-
ple linear layer performs just as effectively. Additionally,
we observe that LSTM ranks second on average, with only
a minimal gap compared to the MLP.

We further investigate the use of the DINOv2 vision en-
coder as an alternative to the CLIP encoder for encoding
object features. Since DINOv2 is known for its ability to
capture objectness, finer details, and low-level features, it
could potentially enhance the modeling of object dynamics
in videos, albeit at the cost of an additional vision encoder.
However, as shown in the last row of Table 6, its perfor-
mance falls short of CLIP, likely due to a lack of language-
aligned semantics.
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Choices MVB EGO PER V-MME ACT Avg.

how to segment the video?

RAM++ 442 445 463 46.1 433 449
no-split 43.8 412 453 474 419 439

uniform 43.6 43.0 453 474 445 447 ' VideoOrion:

object proposals

generic 44.2 44.5 463 46.1 433 449
M2F 432 41.6 43.6 464 423 434
RAM++ 44.2 429 455 452 429 44.1

-2\ VideoOrion:

tracking model

’ Q3: What is the person wearing?

Xmem 442 44.5 463 46.1 433 449
SAM2 440 41.8 46.7 463 433 444

Table 5. Ablation study on design choices ). VideoOrion:

of the detect-segment-track pipeline. no-

’ Q1: What is the person preparing?

5" The person is preparing a cup of tea.

’ Q2: What is on the table in front of the cups?

"N/ There are tea bags on the table in front of the cups.

N/ The person is wearing a blue shirt.

mﬂ Ul i Ch e

split refers to not segmenting the video at
all; uniform refers to uniformly sampling
4 frames as key frames; M2F refers to us-
ing Mask2Former as object proposer. We
color the default choice in grey.

Table 6. Performance of VideoOrion with different Object Projec-
tors. We explore mlp (default), attention, linear, Istm layers and
plain average pooling.

Architecture MVBench Egoschema Perception VideoMME ActNet Avg.

mlp (ours)  48.0 51.5 46.9 456 416 4673
Attention 48.8 459 476 443 410 4551
Linear 473 472 46.1 44.1 429 4552
avg pooling 473 415 46.0 454 419 4561
LSTM 49.5 47.0 47.8 45.1 42.9 46.45
DINOV2-L 441 417 451 458 415 436

4.5. Case Study

This section presents a case study demonstrating how
VideoOrion utilizes object tokens. Given an input video
(Figure 3), we ask three different questions and visualize
the corresponding changes in attention weights from the last
decoder layer of VideoOrion’s LLM backbone. The atten-
tion weights are normalized so that the sum across all eight
object tokens equals one, and we also display the object
masks extracted through the detect-segment-track pipeline.
The charts illustrate that attention to object tokens varies
with different input questions, with higher attention weights
assigned to tokens corresponding to more relevant objects.
For instance, the object token for the person (last chart)
receives the least attention in ()2 as it is irrelevant to the
question. In @1, attention increases since the question
mentions person, but it peaks in ()3, which focuses solely
on the person’s features. Conversely, tokens for teabags
and cups gain significantly higher attention in )2, directly
contributing to the answer. Taking another perspective, in
@1, which concerns the video’s general content, attention
weights obtained by object tokens are in the middle among
the three questions. For the other two questions, which fo-
cus on details, attention shifts more toward relevant objects.
This suggests that VideoOrion adapts its focus dynamically,

Figure 3. Case studies showing how VideoOrion utilizes object tokens to generate responses
based on different instructions.

demonstrating that object tokens effectively enhance video
comprehension.

5. Conclusion

We propose VideoOrion, a novel Video-LLM, with ex-
plicit disentangled representation for object dynamics in
the video. VideoOrion has a Video-Centric Branch and
an Object-Centric Branch, through a detect-segment-track
pipeline with an Object Projector to extract and aggregate
the object tokens. Empirical results across multiple bench-
marks demonstrate the capability of VideoOrion for im-
proved general video understanding and the inherent ability
of referring tasks in videos.

Limitations

Despite its effectiveness, our method has certain limita-
tions. The detect-segment-track pipeline relies on mul-
tiple vision models, introducing additional computational
costs (see Appendix F for a detailed analysis) and poten-
tially leading to inaccurate mask extraction, particularly for
low-quality videos (see Appendix E.l for a detailed anal-
ysis). However, the explicit and disentangled object rep-
resentation allows the opportunities to diagnose and inter-
pret the mistakes (see Appendix E.2 for a detailed analysis).
Moreover, we believe future advancements in vision models
could mitigate these issues, and this work serves as a proof-
of-concept that explicit disentangled object representation
can enhance general video understanding with inherent re-
ferring abilities. Additionally, our framework still relies on
the Video-Centric Branch for contextual information, and
the alignment between the two branches remains an open
area for further investigation.
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