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The ball is dropping to the right side of the net, so it will not go in. i\t

A child wearing blue clothes shooting a basketball in a park.

I can’t see the trajectory of the ball from the caption.

Figure 1. Socratic Models [36, 46, 48] perceive the world from the lens of natural language descriptions, which may miss important
spatiotemporal information (fop). Multimodal large language models (MLLMs), on the other hand, can integrate visual information via
distributed embeddings, but typically require large-scale instruction tuning datasets for adaptation. We investigate how explicit, continuous
object representations (e.g. box coordinates from object detectors) can help video-language understanding (bottom).

Abstract

Do we still need to represent objects explicitly in multi-
modal large language models (MLLMs)? To one extreme,
pre-trained encoders convert images into visual tokens, with
which objects and spatiotemporal relationships may be im-
plicitly modeled. To the other extreme, image captions by
themselves provide strong empirical performances for un-
derstanding tasks, despite missing fine-grained spatiotem-
poral information. To answer this question, we introduce
ObjectMLLM, a framework capable of leveraging arbitrary
computer vision algorithm to extract and integrate struc-
tured visual representation. Through extensive evaluations
on six video question answering benchmarks, we confirm
that explicit integration of object-centric representation re-
mains necessary. Surprisingly, we observe that the simple
approach of quantizing the continuous, structured object in-
formation and representing them as plain text performs the
best, offering a data-efficient approach to integrate other
visual perception modules into MLLM design. Our code
and models are released at https://github.com/
brown-palm/ObjectMLLM.

1. Introduction

What makes a good representation for video-language un-
derstanding? In the era of multimodal large language mod-
els (MLLMs), anything that can be tokenized has the poten-
tial to serve as a valid representation. Along the spectrum
are two extremes: those that project arbitrary distributed
representations to the input space of a pre-trained large lan-
guage model via instruction tuning [7, 22], and those that
model the visual world as interpretable concepts [40] and
captions [36, 48], which can be directly consumed by LLMs
via Socratic Methods [46]. It is open to debate whether ei-
ther approach can effectively capture and convey the com-
plexity of the visual world to an LLM “reasoner”. As illus-
trated in Figure 1, video captions tend to ignore detailed in-
formation that captures the spatiotemporal object configura-
tions. Meanwhile, despite inductive biases to guide MLLM
encoders to be spatial aware [34], integrating visual infor-
mation such as objects and their locations into LLMs re-
mains a challenging endeavor [35].

We hypothesize that explicit object-centric recognition
and modeling, supported by the rich literature from the
computer vision community, remains essential to the suc-
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cess of MLLMs. We then seek to answer the question,
how can objects help video-language understanding in
MLLMs, from two perspectives: representation and adap-
tation. Motivated by the effectiveness of caption-based
representation for video understanding [26, 36, 39, 48],
we hypothesize that there is a natural trade-off between
the expressiveness of a visual representation, and the eas-
iness for it to be adapted into a pre-trained LLM: A dis-
tributed representation is the most expressive, but needs
larger amount of instruction tuning data for it to be inte-
grated into LLMs [14, 22]. “Symbolic” representations that
are language-based (e.g., rendering quantized object coordi-
nates as plain text), though less expressive, may be easier to
use as they can be represented with the existing vocabulary
of an LLM. We further hypothesize that symbolic object
representations are more expressive in videos when they de-
pict the trajectories of a moving object or its key points, as
Johansson’s biological motion perception experiment [11]
showed that humans can successfully associate a collection
of dots with human motions as soon as the dots start moving
(e.g., the trajectory of the basketball in Figure 1).

To validate these hypotheses, we introduce ObjectM-
LLM, a framework capable of leveraging arbitrary com-
puter vision algorithm (e.g., an object detector or human
pose estimator) to extract and integrate structured visual
representation into multimodal LLMs. With ObjectMLLM,
we investigate the trade-off of designing object-centric rep-
resentations, either by learning an embedding projector, or
with the symbolic object representation. The former ap-
proach generates a distributed representation projected into
the input space of an LLM, from a vectorized representation
of object bounding boxes. The latter approach directly ren-
ders bounding boxes as strings, which are then tokenized
accordingly. For both approaches, we apply parameter ef-
ficient fine-tuning to adapt the weights of the pre-trained
LLMs together towards the target tasks. We observe that
as hypothesized, while embedding projector leads to more
compact object representations, it is less data-efficient com-
pared to symbolic object representation, consistently yield-
ing lower performance when fine-tuned for the same num-
ber of iterations. We then conduct thorough evaluations on
six video QA benchmarks, where we observe that symbolic
object representation consistently improves the model per-
formance, especially on tasks that require spatiotemporal
understanding (e.g., PerceptionTest [29]).

In summary, our contributions are three-fold:

* We propose ObjectMLLM, a multimodal video under-
standing framework that seamlessly incorporates object
spatial information from computer vision algorithms in
multimodal LLMs.

* We study two bounding box adapters and show that a
language-based representation is more performant and
data-efficient than latent embedding projectors, indicat-

ing pre-trained LLMs may already be spatially aware.

* Our evaluation on video question answering benchmarks
demonstrates the significance of ObjectMLLM when ap-
plied to both pre-trained LLMs and multimodal LLMs,
and that the benefits generalize to other structured visual
representation, such as human joint coordinates [5].

2. Related Works
2.1. Video Large Language Models

Large language models (LLMs) have recently shown re-
markable progress in understanding and generating text
across various domains. Their success has inspired the
development of Video Large Language Models (Video-
LLMs) [4, 10, 12, 13, 17, 36, 43, 45, 49, 53], which inte-
grate videos into the language modeling framework and are
widely applied in tasks such as video captioning and ques-
tion answering. Most Video-LLMs consist of three com-
ponents: a pre-trained visual encoder, an adaptation model,
and an LLM backbone. One of the primary challenges for
Video-LLMs, compared to Image-LLMs, is how to effec-
tively and efficiently representing the rich contextual infor-
mation in videos. Many Video-LLMs [4, 12, 13, 43, 49]
employ pre-trained image encoders [27, 30, 47] to extract
features from sampled frames individually, concatenating
them to form video representations. Other approaches [20,
24, 38] utilize a dedicated video encoder to capture spatial-
temporal features across the entire video. Additionally,
Chat-UniVi [10] combines image and video encoders and
implements spatial merging to reduce the number of video
tokens for greater efficiency. Beyond video features, some
models, such as Vamos [36], VideoChat [17], and Life-
longMemory [39], flexibly incorporate action labels and
video captions as inputs to represent videos from multi-
ple perspectives. In this work, we investigate the influence
of object-centric information in Video-LLMs and explore
methods to incorporate structured representations, such as
objects represented by sequences of bounding boxes and
class labels, into Video-LLMs.

2.2. Modality adaptation in MLLMs

Modality adaptation in multimodal large language models
(MLLMs) is critical when extending large language mod-
els to handle diverse inputs, including images, audio, and
video. One intuitive approach for non-text modalities is
to convert them into textual representations, such as cap-
tions [1, 36, 46, 48] or action labels [53]. Such textual
representations provide good interpretability and data effi-
ciency by leveraging the extensive language prior knowl-
edge embedded in LLMs. Through this method, domain-
specific expert models, such as video captioning and action
recognition models, act as adaptation modules within the
multimodal LLM framework. Another common approach
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Figure 2. Pipeline of ObjectMLLM. The possible model inputs are visual embeddings, video frame captions, and object bounding boxes.
ObjectMLLM encodes object coordinates with a language-based (“symbolic”) representation, or with an embedding projector. The former
represents the bounding boxes as plain text, while the latter maps the vectorized coordinates into the input space of the LLM.

for aligning non-text modalities to the text space is multi-
modal fine-tuning, which directly uses continuous embed-
dings and trains a projection module for adaptation. Two
types of projection modules are frequently employed: MLP
projectors and attention-based projectors [14]. For instance,
LLaVA [22] utilizes a lightweight linear layer to project vi-
sion embeddings to input token for the LLM through multi-
stage training on large-scale datasets, while LLaVA1.5 [23]
further improves by adopting a two-layer MLP projector.
Recent studies [21, 25] suggest that the specific structure
of the projector exerts marginal influence on MLLM per-
formance. Compared with textual representations, multi-
modal fine-tuning directly utilize continuous embeddings
from encoders but generally requires substantial multi-stage
training on large-scale multimodal datasets. In this work,
we systematically compare various approaches for adapting
structured object representations within Video-LLMs and
evaluate the impact of different modality representations on
video question answering tasks.

2.3. Objects in MLLMs

A prominent approach to integrate objects into MLLMs in-
volves leveraging object detectors to extract region-based
features for downstream tasks. OSCAR [19] introduces
an object-aware pre-training paradigm that aligns object
tags with textual data, enhancing contextual understanding.
VinVL [50] builds upon OSCAR by employing a stronger
object detector to extract more accurate region features.
CoVLM [16] advances this direction by explicitly compos-
ing visual entities and relationships within text through the
use of communication tokens. These tokens facilitate dy-
namic interaction between the visual detection system and
the language system. When communication tokens are gen-
erated by the LLM, detection models respond by generating
regions-of-interest (ROIs), which are then fed back into the
LLM to improve language generation. Another line of work
focuses on grounding VLMs, which are capable of localiz-

ing objects and predict bounding boxes or masks based on
language references. Models such as Shikra [2], Kosmos-
2 [28], and GLaMM [31] are trained on large scale ground-
ing and localization dataset, and are designed specifically
for these tasks. In these models, structured localization in-
formation such as bounding boxes is usually encoded and
projected to align with LL.Ms and a decoding head is trained
to make prediction. ObjectMLLM aligns with the first ap-
proach by investigating how object-centric information can
enhance video understanding in multimodal LLMs.

3. Method

We aim to complement Multimodal Large Language Mod-
els (MLLMs) with structured visual information extracted
by off-the-shelf computer vision algorithms. We focus on
object-centric representation, which captures object loca-
tion and motion. As Figure | shows, the object-centric
representation encodes the position and movements of in-
dividual objects via 2D bounding boxes, object labels, and
timestamps. We expect that enabling MLLMs to explic-
itly utilize object-centric representation can enhance their
spatiotemporal understanding capability. For this purpose,
we investigate whether and how we can boost video under-
standing by leveraging object bounding boxes.

Our investigation focuses on two perspectives: The first
is the final video question answering accuracy, measuring
how useful an object-centric representation is; the second
is the amount of fine-tuning data required for a pre-trained
LLM or multimodal LLM to utilize the object information
properly, which we refer to as data efficiency. Both have
practical motivations: as it is desirable to explore the ex-
plicit integration of different object detectors and trackers,
or even computer vision models for pose estimation, panop-
tic segmentation, into LLMs — without the need to always
perform large-scale instruction tuning. We are also inter-
ested in a more philosophical discussion on to what degree
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Figure 3. Template to format the object bounding boxes. The
timestamps when an object is visible are listed, each of which is
followed by tokens that describe the bounding box coordinates.

LLMs pre-trained on language data are spatially aware, and
whether they can be tuned to perform spatial understanding
in a data-efficient manner.

3.1. ObjectMLLM

We propose ObjectMLLM, a multimodal framework that
integrates distributed visual embeddings, video frame cap-
tions, and object bounding boxes into one MLLM, as il-
lustrated in Figure 2. The utilization of video frame em-
beddings and captions is in line with caption-enhanced
MLLMs, e.g., Vamos [36]. Specifically, we uniformly sam-
ple a fixed number of frames from a video, and employ an
off-the-self image feature encoder and captioning model to
extract visual embeddings and captions, respectively. The
generated captions are directly fed to the LLM as inputs,
while the visual embeddings are mapped into the word em-
bedding space of the LLM by a vision projector, typically
implemented as a lightweight neural network.

With off-the-shelf object detection and tracking models,
we capture object bounding boxes from the video. Follow-
ing the template in Figure 3, we list the timestamps when
each object is visible, and append a special bounding box
token after each timestamp. The textual part, including
the object labels and timestamps, are directly tokenized and
converted to word embeddings by the LLM. Each bounding
box, which is represented by four continuous numbers, can
either be rendered as plain text and tokenized as text tokens,
or passed to a projector to produce an embedding in the
LLM input space. The bounding box tokens are interleaved
with the text tokens corresponding to the object labels and
timestamps. In Section 3.3, we discuss the strengths and
limitations of each bounding box representation.

3.2. Object detection and tracking

To obtain object-centric representations, we need the se-
mantic labels and tracked bounding boxes of the objects in a
video. The computer vision community has developed pow-
erful, standalone models for object detection and tracking.
We choose YOLO-World [3], an open-vocabulary object
detector, to detect objects in a given video frame, and use
SAM 2 [32] to track the detected objects across the video.

SAM2
Tracking

YOLO-World
Object Detection

Figure 4. Workflow of object detection and tracking. We itera-
tively detect objects in uniformly sampled keyframes, and create
new tracks for new objects not associated with any existing track.

The workflow is illustrated in Figure 4. For each video
benchmark, we consider all the object categories in its train-
ing set as the vocabulary of YOLO-World, which detects
objects from video frames that are uniformly sampled. For
each subsequent frame after the initial one, we deploy both
SAM 2 to track objects already detected in the previous
frames, and also YOLO-World to detect all objects present
in the current frame. We calculate the IoU between the de-
tected objects and the objects from existing tracks. Detected
objects with an IoU greater than 0.5 are removed as dupli-
cates, and the remaining ones are used to create new tracks.

To mitigate the distribution shift compared to its pre-
training data, YOLO-World is fine-tuned on the training set
of each benchmark, respectively, before usage. The pre-
trained SAM 2 is kept frozen for all benchmarks.

3.3. Object-centric representation

As illustrated in Figure 2, we consider two implementations
of bounding box adapters. The language-based adapter
turns continuous boxes into interpretable symbols that rep-
resent the spatial locations, and the embedding projector
learns to project the vectorized bounding box coordinates
of arbitrary object into the LLM input space. Intuitively, the
language-based representation could be more data-efficient
since it directly reuses the tokenizer and word embeddings
from a pre-trained (multimodal) LLM.

Language-based representation: We perform normaliza-
tion and quantization to map continuous bounding box co-
ordinates into discrete integers. This conversion is lossy
but uses fewer tokens than float numbers. We take values
in the range of [0, 100]. Each value is tokenized and em-
bedded with the existing LLM tokenizer. A drawback of
this method is that it uses multiple tokens to represent one
bounding box, requiring long context windows of the LLM,
and is computationally more expensive.

Embedding projector: A commonly-adopted approach for
a pre-trained MLLM to incorporate non-textual informa-
tion is to train a embedding projector that maps the vector-
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ized representation from a new data “modality” to the input
space of the LLM. For example, LLaVA [22] trains a linear
layer as the projector of image CLIP embeddings. ObjectM-
LLM takes a bounding box as a 4-dimensional embedding
with continuous values, normalizes each dimension to floats
in [0, 1], and trains a linear layer as the embedding projector
to produce vectorized representations with the same number
of the dimensions as the LLM word embeddings.

3.4. Fine-tuning strategy

ObjectMLLM can be fine-tuned from either a pre-trained
LLM or a multimodal LLM. We perform parameter-
efficient fine-tuning on the LLM backbone, and jointly train
the vision projector and the embedding projector of the
bounding box adapter with the LLM backbone. All other
parameters are kept frozen.

When starting from pre-trained LLMs, we adopt a
modality-by-modality training strategy used by VideoL-
LaMAZ2 [4] to gradually incorporate incoming modalities.
For example, to develop a model that incorporates both the
caption and the bounding box modality, we first train the
model in a caption-only setting. After the model learns to
utilize video frame captions, we further fine-tune it with in-
puts containing both captions and boxes. The modality in-
corporation order we use is frame captions, bounding boxes,
and visual embeddings across all the benchmarks.

4. Experiments

We first compare the two bounding box adapters in Ob-
jectMLLM. We then choose the best-performing adapter,
and investigate the effectiveness of integrating different in-
put modalities. Finally, we study if object-centric represen-
tation can be used to improve the performance of MLLMs
that are pre-trained to utilize visual embedding without ex-
plicit object-centric representations.

4.1. Benchmarks

To evaluate a model’s understanding about object bounding
boxes, we need benchmarks where spatial and temporal ob-
ject information is essential to the questions. CLEVRER
[44] is a synthetic video dataset focusing on object mo-
tion and collision. However, CLEVRER contains open-
ended questions, making the performance measurement dif-
ficult. MVBench [18] converts some of the CLEVRER
[44] questions into multi-choice questions. We use this
part of data and name it CLEVRER-MC. To train our mod-
els on CLEVRER, we use the CLEVRER-sourced part of
VideoChat2-IT [18]. It is also multi-choice questions but
may have different question types from CLEVRER-MC.
Besides, we also evaluate the models on real-world video
benchmarks — Perception Test [29], STAR [41], NExT-QA
[42], and IntentQA [15]. While some questions in these
benchmarks are related to spatiotemporal object motion,
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Figure 5. Performance of the box adapters under various train-
ing data amounts (left) and accuracy breakdown by question types
(right). Only a subset of the question types in Perception Test are
listed here. The language-based representation consistently out-
performs the embedding projector with different numbers of train-
ing samples on both CLEVRER-MC and Perception Test, show-
ing its effectiveness and data efficiency. In the breakdown, the
language-based representation outperforms the embedding projec-
tor on motion-related questions by large margins.

there are also questions focusing on causal reasoning. Eval-
uation on these benchmarks can reveal the scenarios where
the object-centric representation can make a difference.

4.2. Implementation

When starting from a pre-trained LLM to build ObjectM-
LLM, we follow Vamos [36] and use LLaMA3-8B [6] as
the backbone and fine-tune it with LLaMA-Adapter [51].
The vision projector and box projector in the bounding box
adapter are linear layers. The distributed visual embedding
is extracted by CLIP ViT-L/14 [30] on 10 uniformly sam-
pled frames per video. The embedding projector weights
are all initialized to zero, which we find to lead to better
performance than the default random initialization in Py-
Torch. Moreover, we use LLaVA-1.5-13B [23] to generate
captions for 6 uniformly sampled frames from each video.

When starting from a pre-trained multimodal LLM, we
use VideoLLaMA2-7B [4], which is pre-trained on 100M
video-language data. It includes CLIP ViT-L/14 [30] as vi-
sion encoder, Spatial-Temporal Convolution as vision pro-
jector, and Mistral-7B-Instruct [9] as LLM backbone. We
fine-tune it with LoRA [8] in our experiments.

To keep the context length under control, we uniformly
sample the object bounding boxes at a lower frame rate such
that the language-based representation of all the boxes in a
video contains fewer than 1, 000 tokens. As different videos
have different lengths and numbers of objects, the down-
sampling rate varies from video to video.
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Video Caption Box ‘ CLEVRER-MC Perception Test STAR NExXT-QA IntentQA

v 40.3
v 47.8

v 77.6

v v 77.1
v v 75.5

v v v 75.4

59.6 59.7 70.7 68.2
62.4 60.1 76.6 75.7
63.5 59.1 63.7 66.2
62.7 59.3 71.8 71.7
65.7 64.4 76.6 75.6
63.9 62.9 76.2 75.0

Table 1. Accuracy under different combinations of modalities. Using object bounding boxes improves the performance on CLEVRER-MC,
Perception Test, and STAR by large margins. Caption remains the most effective modality on NExT-QA and IntentQA.

Video Caption Box‘ OE MD MC MA (I All

v 51.0 21.0 445 37.0 480 403
v 625 265 505 500 495 478

v 1935 545 800 965 63.5 77.6

v v 925 51.0 790 97.0 580 755

v v vV 920 475 81.0 955 610 754

Table 2. Accuracy of different question types on CLEVRER.
While the bounding boxes boost the performance across all the
question types, it is more significant on OE, MC, and MA than on
others. OE: object existence; MD: moving direction; MC: moving
count; MA: moving attribute; CI: conterfactual inference.

The hyperparameters for fine-tuning, bounding box
downsampling rates, and implementation details of object
detection and tracking are in Appendix A.

4.3. Comparison of adaptation methods

We first compare the two adapters on object-centric repre-
sentations. For this purpose, we do not use the visual em-
beddings and captions, and train the model only with the ob-
ject bounding boxes as input. We focus on the CLEVRER-
MC and Perception Test benchmarks, as we empirically ob-
serve that they were designed to contain questions more
closely related to spatiotemporal object configurations.

In Figure 5 (left), we evaluate the two adapters with vari-
ous portions of the training data. With the full training data,
the language-based representation outperforms the embed-
ding projector across both benchmarks (77.6% vs. 64.9%
on CLEVRER-MC and 63.5% vs. 60.1% on Perception
Test). More importantly, the language-based representation
can outperform the embedding projector with any amount
of data. Notably, with only one-eighth (10k) of the train-
ing data on CLEVRER-MC, the fine-tuned model is able
to utilize bounding boxes from language-based represen-
tation and achieves an accuracy of 63.8%, but the perfor-
mance with the embedding projector remains low (44.5%).
Although the embedding projector can keep the continu-
ity of the bounding box coordinates, our experiments show
that the LLM backbone struggles to understand the result-
ing box embeddings when limited fine-tuning data is used.
Reusing the existing LLM vocabulary, which is done by the
language-based representation, lead to effective and data-
efficient understanding of the bounding boxes.

Figure 5 (right) shows the accuracy breakdown by ques-

tion types. While the performances of the two adapters are
comparable on some types of question, the language-based
representation shows great superiority on motion-related
questions. This phenomenon in motion questions happens
to be consistent with Johansson’s biological motion percep-
tion experiment [11] that humans can associate a collection
of moving dots with human motions.

4.4. Influence of each modality

In Section 4.3, the language-based representation is proved
to be a more effective bounding box adapter. In this section,
we train ObjectMLLM with the language-based box adapter
and incorporate visual embeddings, video frame captions,
and object bounding boxes in one model. We also ablate
the combinations of modalities to break down their contri-
butions to performance. The results are shown in Table 1.

On CLEVRER-MC and Perception Test, the bounding-
box-only model outperforms the video-only and caption-
only models. And the caption-and-box model outperforms
the caption-only model by a large margin on STAR. This
indicates the importance of object-centric information on
these benchmarks. Adding boxes to video-only baseline
leads to consistent improvements, indicating that the visual
embeddings alone are not sufficient to encode objects.

The most significant improvement achieved by bound-
ing boxes is on CLEVRER-MC, whose questions focus on
object motion and collision. Our qualitative results in Ap-
pendix E show that our model can easily identify moving
objects from the bounding boxes, which is difficult to de-
termine from the frame captions. We further break down
the accuracy of different question types on CLEVRER-MC
in Table 2. We find that the improvement on object exis-
tence, moving count, and moving attribute is large, but is
less significant for moving direction and counterfactual in-
ference. While counterfactual inference requires high-level
reasoning, the moving direction of an object should be eas-
ily inferred from its bounding boxes. However, we find that
the training data we use does not include questions about
direction. This highlights that the learned understanding ca-
pability on symbolic representation cannot be perfectly gen-
eralized to all the tasks that are not involved during training.

The accuracy breakdown on Perception Test in Figure 7
shows substantial improvement on motion questions. The
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Figure 6. Qualitative example on Perception Test. Although the captions can capture the toy truck on the table, only the caption-and-box
model can recognize the spatial relation between the toy truck and the table based on the object bounding boxes.

Setting | Models | Video Box | CLEVRER-MC Perception Test STAR NEXT-QA IntentQA
Zero-shot VideoLLaMA2 | v/ 45.6 514 57.1 74.1 73.8
ObjectMLLM | v/ v 344 352 257 232 21.1
LoRA Fine-tuned | VideoLLaMA2 | v/ 67.9 66.0 66.5 79.8 76.7
ObjectMLLM | v/ v 77.6 66.6 67.2 78.5 75.5

Table 3. Performance of ObjectMLLM when a pre-trained VideoLLaMA?2 is used. ObjectMLLM outperforms fine-tuned VideoLLaMA?2
on benchmarks that focus more on spatial understanding. Notably, the performance gap on CLEVRER-MC is significant.

qualitative example in Figure 6 shows that the model can
infer the spatial relation of the objects based on bounding
boxes. Meanwhile, captions only miss the precise location
of the truck, which is critical to answer the question. More
qualitative examples are in Appendix E.

On NExT-QA and IntentQA, the box-only model cannot
achieve better performance than the caption-only model and
the video-only model. As discussed in Appendix E, these
benchmarks focus on human actions and causal reasoning
of events, which are difficult to be represented by object
bounding boxes alone. This shows that spatiotemporal ob-
ject information is not equally important on all benchmarks.

Finally, while our caption-and-box models can always
beat or be on par with caption-only and box-only models,
integrating visual embedding does not improve the perfor-
mance over the caption-and-box models on any benchmark.
This result is in line with Vamos [36], which highlights the
difficulty in training effective embedding projectors for dis-
tributed representations with limited data.

4.5. Boosting pre-trained MLLMs with objects

We further study whether object representation can boost
the performance of pre-trained MLLMs, which may al-
ready implicitly encode object information via their vi-
sual adapters. We develop ObjectMLLM from VideoL-

LaMAZ2 by including both the regular visual inputs and
the language-represented object bounding boxes in the in-
puts. Table 3 shows that ObjectMLLM with pre-trianed
VideoLLaMA?2 backbone cannot understand the bound-
ing boxes in a zero-shot manner. However, after LoRA
fine-tuning the model with video and boxes as inputs on
the target benchmarks, ObjectMLLM outperforms VideoL-
LaMA? fine-tuned with only video inputs on CLEVRER-
MC, Perception Test, and STAR. These results show that
the object bounding boxes provide additional information
over what VideoLLaMA?2 can get from distributed visual
embeddings. Perhaps not surprisingly, the relative gains are
smaller compared to Table | as object information has al-
ready been partially integrated via visual adapters.

4.6. Comparison with existing MLLMs

In Table 4, we compare the performance of ObjectMLLM
with existing MLLMs, including models with large-scale
pre-trained visual adapter [4, 37, 45, 52] and models with-
out it [36]. With object bounding boxes, ObjectMLLM con-
sistently outperforms other MLLMs in both settings. The
gaps are significant on CLEVRER-MC and Perception Test,
which reveals the weakness of existing MLLMs in under-
standing spatiotemporal object configurations.

22000



mmm Caption
= Box
mmm Caption + Box

o o
o o

o

Accuracy
S

°
N}

0.0

M0tjo,
|
O
<l Usiop,
I

Altry, ute,
S —

m,

jecy

ane nCe
I
Qug, ey,
I
iy,
I

e

%ece,

Figure 7. Accuracy of difference types of questions on Perception Test. Bounding boxes bring notable improvement on motion questions.

Models ‘ Size ‘ CLEVRER-MC Perception Test STAR NExT-QA IntentQA
w/ pre-trained visual adapter ‘
LLaVA-Next-Video-DPO [52] 7B 38.4*t 49.3* - - -
VideoLLaMA2 [4] 7B 45.61 51.4* 57041 740t 73.8*1
SeViLA [45] 3B - 62.0 64.9 73.8 -
ViLA [37] 3B - - 67.1 75.6 -
ObjectMLLM (VideoLLaMA2) | 7B 71.6 66.6 67.2 78.5 75.5
w/o pre-trained visual adapter
Vamos [36] 8B - 62.3 63.7 71.3 74.2
ObjectMLLM (LLaMA3) 8B 75.5 65.7 64.4 76.6 75.6

Table 4. Comparison with existing MLLMs on five video QA benchmarks. Equipped with detected object bounding boxes, ObjectMLLM
achieves consistent improvements over baseline methods without explicit object representations, when starting from both an MLLM with
pre-trained visual adapters, or an LLM that takes video captions as inputs. *: Zero-shot generalization performance. T: Reproduced by us.

Caption Pose V+P C+P
Accuracy ‘ 66.6 60.2 63.5 686 694

Table 5. Evaluation results on BABEL-QA [5]. Human poses
bring improvements over video embeddings and frame captions.

Modality ‘ Video

4.7. Generalize to richer symbolic representations

Language-based representation is also a natural way to in-
corporate structured visual representations other than object
bounding boxes. For example, human pose can be repre-
sented by a list of keypoint names and coordinates in texts.

To demonstrate the effectiveness of ObjectMLLM with
human pose, we use BABEL-QA [5], a human motion QA
benchmark that focuses on human activity understanding.
Each example in BABEL-QA has a sequence of 3D human
keypoints over time and asks a question about their actions.
In ObjectMLLM, we sample six frames from the sequence
and represent the poses in text, with all coordinates normal-
ized to integers within [0, 1000], for example,

Frame 0: pelvis [500 500 542] left hip [497 499
538] right hip [502 499 538] spine [499 498 548] ...

We render the poses as videos and employ CLIP for visual
embeddings and GPT-4o for captions. Table 5 demonstrates
the effectiveness of human poses, and that ObjectMLLM
generalizes to richer structured visual representations.

5. Conclusion

We investigate how can objects help video-language under-

standing in the context of multimodal large language mod-

els. We demonstrate the effectiveness of object-centric rep-

resentations extracted by off-the-shelf computer vision al-

gorithms. Unlike distributed visual representations such
as CLIP, object-centric representations can be integrated
into MLLMs in a data-efficient manner, such as by render-
ing as plain text. We introduce ObjectMLLM that utilizes
object-centric representations via bounding box adapters,
and demonstrate that ObjectMLLM achieves competitive
performance over approaches that utilize only visual em-
beddings or captions across six video QA benchmarks. We
also observe that ObjectMLLM generalizes to richer struc-
tured visual representations, such as human pose on the
BABEL-QA benchmark. We believe our observations high-
light the importance of explicitly integrating computer vi-
sion models into MLLMs via language-based, or other data-
efficient interfaces, making vision a first-class citizen for
vision-language models again.
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