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Video Understanding with LLMs

v LLMs contain extensive 
world knowledge & reasoning skills

v How does this effect video tasks?

v Strong performance on video 
benchmarks maybe misleading!
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Table 1: Modality Constrained Variants: We report
accuracy (%) and inference time per sample (s) on
the public subset of EgoSchema (ES-S) and test set
of NextQA (NextQA-T) datasets. Note that recent
state-of-the-art from Zhang et al. (2023a) (SOTA) and
our variants are implemented with common LLMs /
VLMs and evaluated under identical settings.

Method Param Video
Frames

ES-S NextQA-T

Acc Time Acc Time

Random - - 20.0 - 20.0 -

Just-LLM 7B 0 45.8 0.41 40.1 0.55
SF-VLM 13B 1 55.8 1.89 51.2 2.03

SOTA 20B 180 50.8 381 54.3 207

information. Performance of this variant highlights the prevalence of similar cases in long video
QnA tasks when using LLM based approaches.

We evaluate these two modality-constrained variants and summarize our findings in Table 1. We
uncover surprisingly strong performance of both variants on two long-video understanding bench-
marks. In the case of Just-LLM variant, we achieve performance significantly higher than random
selection (+25.8% on ES-S / +20.1% on NextQA-T) using zero visual information. This indicates
the large portion of questions in existing video-QnA benchmarks that can be answered correctly
purely using world knowledge. We also highlight our Single-Frame-VLM performing on par with
state-of-the-art LLM based approach from Zhang et al. (2023a). In particular, for ES-S we outper-
form Zhang et al. (2023a) which uses information extracted from 180 frames per video incurring an
inference cost over 100 times higher than ours. In light of these findings, we argue that long video
understanding approaches in particular must focus on learning information beyond what a single
frame baseline can achieve, possibly in an interpretable manner.

Therein, we introduce Multimodal Video Understanding (MVU), a simple framework that aggre-
gates multimodal video-relevant information in an interpretable manner using natural language and
achieves significant improvements over baselines across multiple datasets.

4 MULTIMODAL VIDEO UNDERSTANDING FRAMEWORK

In this section, we introduce in detail our Multimodal Video Understanding (MVU) framework that
integrates several information modalities extracted from video using natural language as a medium
for information fusion. Our approach adapts off-the-shelf vision tools to construct a powerful long
video understanding agent that requires no additional training on videos. We first utilize vision
tools to extract information relevant to three object-centric modalities from uniformly sampled video
frames. Next we leverage suitable prompt templates to aggregate these as natural language. This
video level information is injected to our Single-Frame-VLM variant providing it with video specific
awareness. We illustrate an overview of our framework in Figure 3.

4.1 VISION TOOLS FOR VIDEO ANALYSIS

Image trained VLMs contain information valuable for video tasks and have been widely used in
prior work (Zhang et al., 2023a). In our proposed framework, we take a step further, exploring more
off-the-shelf vision tools trained only on images, in particular object detection and object tracking
approaches, in addition to a VLM re-purposed as an image captioner.

We use an image captioner to identify all unique objects present within a video. For this purpose,
we prompt a generative vision language model to list all objects within a given video frame (image)
in an open-ended manner. We note how a VLM trained only on images is sufficient for this. In our
case, we use a VLM identical to the one in Zhang et al. (2023a) but applied on significantly less
video frames, making our comparisons fair in terms of model size.

For the case of object detection, we use an open-vocabulary object detector from Minderer et al.
(2022) that is trained only on images, and apply it with object category names from captioner to
obtain their location information, i.e. image-space coordinates for each unique object. Given the
lightweight nature of this detector in comparison to the image captioner, we note how it can be
applied more densely (i.e. on more frames) than the captioner without increasing compute demand
significantly. Furthermore, the detector acts as a secondary check, grounding the object category
names to individual frames, and therein countering any object hallucinations by the captioner.
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v LLMs solve some video QnA tasks significantly 
better than random with no video information! 
(similar findings in [2])

v Solve temporal tasks with single frame inputs…

[1] Zhang, Ce et al. “A Simple LLM Framework for Long-Range Video Question-Answering.” EMNLP 2023.
[2] Min, Juhong et al. “MoreVQA: Exploring modular reasoning models for video question answering.” CVPR 2024.
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Why is this a problem?

v Strong performance on such benchmarks may not generalize
v Possibly ignores important video specific information
v Does not need these since LLM shortcuts with strong world knowledge & reasoning

v Spurious, unexpected performance on real world deployments

SOLUTION: 
1) Explicit Motion Specific Information
2) Visual Grounding of Information
3) More Interpretable Framework
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Taking into account all the ac?ons performed 
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"': C is cleaning the kitchen 
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MVU

hand trajectory: 
(0.39,0.7,0.02)-> …
dish trajectory: 
(0.55,0.62,0.096)-> …

hand located at 
(0.39, 0.7, 0.02)
dish located at 
(0.55, 0.62, 0.096) …

Figure 3: Overview of proposed framework for Multimodal Video Understanding, MVU.

Our final tool is an object tracker from Wang et al. (2018) used to convert our per-frame object
detections into motion trajectories spread across the entire video. We feed the tracking algorithm
with the locations of each object alongside per-object features extracted from our detector in order
to construct motion trajectories for each unique object.

4.2 OBJECT-CENTRIC INFORMATION MODALITIES

Given off-the-shelf tools suitable for extracting information from videos, we next focus on the exact
forms of information, i.e. three object-centric information modalities. We consider all object cate-
gories across the video, spatial locations of individual object instances, and their movement across
time. We define these as follows:

1. Global Object Information (xGOI): In this stage, we introduce global information that
spans beyond a single video frame. For a given video, we first uniformly sample 8 frames.
For each of the 8 selected frames, we utilize our image captioner to generate object lists
and obtain a set of distinct object categories contained within each frame across the video.

2. Object Spatial Location (xOSL): Given objects present per video, we utilize our open-
vocabulary object detector to localize each object category (from previous stage) onto frame
coordinates. Categories not localized by the detector are dropped. Additionally, we utilize
similarity of feature vectors for same class objects to track object instances across frames
using our tracker. Following prior work (Ranasinghe et al., 2024), we calculate average
center coordinates and scale value for each object instance across all frames. This results
in a set of distinct objects O across the video, O = {(o1, q1), (o2, q2), ...}. Here, ok
describes the object category in natural language while qk contains the x, y coordinates of
object centre and the scale term (area of minimal object bounding box as a ratio to image
size, i.e. box area ÷ image size).

3. Object Motion Trajectory (xOMT): Next, we leverage the calculated cross-frame object
tracks and compute motion trajectories for each object. This modifies our set of distinct
objects, pairing each object ok with its trajectory (o1

k
! o2

k
! ...) across the video frames.

We construct an updated set Z = {(o1, q11 ! q2
1
! ...), (o2, q12 ! q2

2
! ...), ...}. Intu-

itively, this information should explicitly capture object motion information.

We provide further details including examples of each information modality for selected samples
(video question pairs) in Appendix A.

This pipeline for extracting per-frame information using an image-trained VLM closely resembles
prior work such as (Zhang et al., 2023a). While motivated by such work, we explore the direction
of how more fine-grained information could be extracted from videos to solve these tasks more effi-
ciently. Given the role of object interactions in defining the various actions and events in videos, we
hypothesize that extracting object-centric information (as opposed to generic frame-level descrip-
tions) followed by modeling of their temporal dependencies would provide more concise represen-
tations better suited to efficiently solve these tasks.
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Our final tool is an object tracker from Wang et al. (2018) used to convert our per-frame object
detections into motion trajectories spread across the entire video. We feed the tracking algorithm
with the locations of each object alongside per-object features extracted from our detector in order
to construct motion trajectories for each unique object.

4.2 OBJECT-CENTRIC INFORMATION MODALITIES

Given off-the-shelf tools suitable for extracting information from videos, we next focus on the exact
forms of information, i.e. three object-centric information modalities. We consider all object cate-
gories across the video, spatial locations of individual object instances, and their movement across
time. We define these as follows:

1. Global Object Information (xGOI): In this stage, we introduce global information that
spans beyond a single video frame. For a given video, we first uniformly sample 8 frames.
For each of the 8 selected frames, we utilize our image captioner to generate object lists
and obtain a set of distinct object categories contained within each frame across the video.

2. Object Spatial Location (xOSL): Given objects present per video, we utilize our open-
vocabulary object detector to localize each object category (from previous stage) onto frame
coordinates. Categories not localized by the detector are dropped. Additionally, we utilize
similarity of feature vectors for same class objects to track object instances across frames
using our tracker. Following prior work (Ranasinghe et al., 2024), we calculate average
center coordinates and scale value for each object instance across all frames. This results
in a set of distinct objects O across the video, O = {(o1, q1), (o2, q2), ...}. Here, ok
describes the object category in natural language while qk contains the x, y coordinates of
object centre and the scale term (area of minimal object bounding box as a ratio to image
size, i.e. box area ÷ image size).

3. Object Motion Trajectory (xOMT): Next, we leverage the calculated cross-frame object
tracks and compute motion trajectories for each object. This modifies our set of distinct
objects, pairing each object ok with its trajectory (o1
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We construct an updated set Z = {(o1, q11 ! q2
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itively, this information should explicitly capture object motion information.

We provide further details including examples of each information modality for selected samples
(video question pairs) in Appendix A.

This pipeline for extracting per-frame information using an image-trained VLM closely resembles
prior work such as (Zhang et al., 2023a). While motivated by such work, we explore the direction
of how more fine-grained information could be extracted from videos to solve these tasks more effi-
ciently. Given the role of object interactions in defining the various actions and events in videos, we
hypothesize that extracting object-centric information (as opposed to generic frame-level descrip-
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tations better suited to efficiently solve these tasks.
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Our final tool is an object tracker from Wang et al. (2018) used to convert our per-frame object
detections into motion trajectories spread across the entire video. We feed the tracking algorithm
with the locations of each object alongside per-object features extracted from our detector in order
to construct motion trajectories for each unique object.
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forms of information, i.e. three object-centric information modalities. We consider all object cate-
gories across the video, spatial locations of individual object instances, and their movement across
time. We define these as follows:

1. Global Object Information (xGOI): In this stage, we introduce global information that
spans beyond a single video frame. For a given video, we first uniformly sample 8 frames.
For each of the 8 selected frames, we utilize our image captioner to generate object lists
and obtain a set of distinct object categories contained within each frame across the video.

2. Object Spatial Location (xOSL): Given objects present per video, we utilize our open-
vocabulary object detector to localize each object category (from previous stage) onto frame
coordinates. Categories not localized by the detector are dropped. Additionally, we utilize
similarity of feature vectors for same class objects to track object instances across frames
using our tracker. Following prior work (Ranasinghe et al., 2024), we calculate average
center coordinates and scale value for each object instance across all frames. This results
in a set of distinct objects O across the video, O = {(o1, q1), (o2, q2), ...}. Here, ok
describes the object category in natural language while qk contains the x, y coordinates of
object centre and the scale term (area of minimal object bounding box as a ratio to image
size, i.e. box area ÷ image size).
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prior work such as (Zhang et al., 2023a). While motivated by such work, we explore the direction
of how more fine-grained information could be extracted from videos to solve these tasks more effi-
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Our final tool is an object tracker from Wang et al. (2018) used to convert our per-frame object
detections into motion trajectories spread across the entire video. We feed the tracking algorithm
with the locations of each object alongside per-object features extracted from our detector in order
to construct motion trajectories for each unique object.

4.2 OBJECT-CENTRIC INFORMATION MODALITIES

Given off-the-shelf tools suitable for extracting information from videos, we next focus on the exact
forms of information, i.e. three object-centric information modalities. We consider all object cate-
gories across the video, spatial locations of individual object instances, and their movement across
time. We define these as follows:

1. Global Object Information (xGOI): In this stage, we introduce global information that
spans beyond a single video frame. For a given video, we first uniformly sample 8 frames.
For each of the 8 selected frames, we utilize our image captioner to generate object lists
and obtain a set of distinct object categories contained within each frame across the video.

2. Object Spatial Location (xOSL): Given objects present per video, we utilize our open-
vocabulary object detector to localize each object category (from previous stage) onto frame
coordinates. Categories not localized by the detector are dropped. Additionally, we utilize
similarity of feature vectors for same class objects to track object instances across frames
using our tracker. Following prior work (Ranasinghe et al., 2024), we calculate average
center coordinates and scale value for each object instance across all frames. This results
in a set of distinct objects O across the video, O = {(o1, q1), (o2, q2), ...}. Here, ok
describes the object category in natural language while qk contains the x, y coordinates of
object centre and the scale term (area of minimal object bounding box as a ratio to image
size, i.e. box area ÷ image size).

3. Object Motion Trajectory (xOMT): Next, we leverage the calculated cross-frame object
tracks and compute motion trajectories for each object. This modifies our set of distinct
objects, pairing each object ok with its trajectory (o1
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! ...) across the video frames.

We construct an updated set Z = {(o1, q11 ! q2
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itively, this information should explicitly capture object motion information.

We provide further details including examples of each information modality for selected samples
(video question pairs) in Appendix A.

This pipeline for extracting per-frame information using an image-trained VLM closely resembles
prior work such as (Zhang et al., 2023a). While motivated by such work, we explore the direction
of how more fine-grained information could be extracted from videos to solve these tasks more effi-
ciently. Given the role of object interactions in defining the various actions and events in videos, we
hypothesize that extracting object-centric information (as opposed to generic frame-level descrip-
tions) followed by modeling of their temporal dependencies would provide more concise represen-
tations better suited to efficiently solve these tasks.
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Our final tool is an object tracker from Wang et al. (2018) used to convert our per-frame object
detections into motion trajectories spread across the entire video. We feed the tracking algorithm
with the locations of each object alongside per-object features extracted from our detector in order
to construct motion trajectories for each unique object.

4.2 OBJECT-CENTRIC INFORMATION MODALITIES

Given off-the-shelf tools suitable for extracting information from videos, we next focus on the exact
forms of information, i.e. three object-centric information modalities. We consider all object cate-
gories across the video, spatial locations of individual object instances, and their movement across
time. We define these as follows:

1. Global Object Information (xGOI): In this stage, we introduce global information that
spans beyond a single video frame. For a given video, we first uniformly sample 8 frames.
For each of the 8 selected frames, we utilize our image captioner to generate object lists
and obtain a set of distinct object categories contained within each frame across the video.

2. Object Spatial Location (xOSL): Given objects present per video, we utilize our open-
vocabulary object detector to localize each object category (from previous stage) onto frame
coordinates. Categories not localized by the detector are dropped. Additionally, we utilize
similarity of feature vectors for same class objects to track object instances across frames
using our tracker. Following prior work (Ranasinghe et al., 2024), we calculate average
center coordinates and scale value for each object instance across all frames. This results
in a set of distinct objects O across the video, O = {(o1, q1), (o2, q2), ...}. Here, ok
describes the object category in natural language while qk contains the x, y coordinates of
object centre and the scale term (area of minimal object bounding box as a ratio to image
size, i.e. box area ÷ image size).

3. Object Motion Trajectory (xOMT): Next, we leverage the calculated cross-frame object
tracks and compute motion trajectories for each object. This modifies our set of distinct
objects, pairing each object ok with its trajectory (o1

k
! o2

k
! ...) across the video frames.

We construct an updated set Z = {(o1, q11 ! q2
1
! ...), (o2, q12 ! q2

2
! ...), ...}. Intu-

itively, this information should explicitly capture object motion information.

We provide further details including examples of each information modality for selected samples
(video question pairs) in Appendix A.

This pipeline for extracting per-frame information using an image-trained VLM closely resembles
prior work such as (Zhang et al., 2023a). While motivated by such work, we explore the direction
of how more fine-grained information could be extracted from videos to solve these tasks more effi-
ciently. Given the role of object interactions in defining the various actions and events in videos, we
hypothesize that extracting object-centric information (as opposed to generic frame-level descrip-
tions) followed by modeling of their temporal dependencies would provide more concise represen-
tations better suited to efficiently solve these tasks.
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Our final tool is an object tracker from Wang et al. (2018) used to convert our per-frame object
detections into motion trajectories spread across the entire video. We feed the tracking algorithm
with the locations of each object alongside per-object features extracted from our detector in order
to construct motion trajectories for each unique object.

4.2 OBJECT-CENTRIC INFORMATION MODALITIES

Given off-the-shelf tools suitable for extracting information from videos, we next focus on the exact
forms of information, i.e. three object-centric information modalities. We consider all object cate-
gories across the video, spatial locations of individual object instances, and their movement across
time. We define these as follows:

1. Global Object Information (xGOI): In this stage, we introduce global information that
spans beyond a single video frame. For a given video, we first uniformly sample 8 frames.
For each of the 8 selected frames, we utilize our image captioner to generate object lists
and obtain a set of distinct object categories contained within each frame across the video.

2. Object Spatial Location (xOSL): Given objects present per video, we utilize our open-
vocabulary object detector to localize each object category (from previous stage) onto frame
coordinates. Categories not localized by the detector are dropped. Additionally, we utilize
similarity of feature vectors for same class objects to track object instances across frames
using our tracker. Following prior work (Ranasinghe et al., 2024), we calculate average
center coordinates and scale value for each object instance across all frames. This results
in a set of distinct objects O across the video, O = {(o1, q1), (o2, q2), ...}. Here, ok
describes the object category in natural language while qk contains the x, y coordinates of
object centre and the scale term (area of minimal object bounding box as a ratio to image
size, i.e. box area ÷ image size).

3. Object Motion Trajectory (xOMT): Next, we leverage the calculated cross-frame object
tracks and compute motion trajectories for each object. This modifies our set of distinct
objects, pairing each object ok with its trajectory (o1
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We construct an updated set Z = {(o1, q11 ! q2
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2
! ...), ...}. Intu-

itively, this information should explicitly capture object motion information.

We provide further details including examples of each information modality for selected samples
(video question pairs) in Appendix A.

This pipeline for extracting per-frame information using an image-trained VLM closely resembles
prior work such as (Zhang et al., 2023a). While motivated by such work, we explore the direction
of how more fine-grained information could be extracted from videos to solve these tasks more effi-
ciently. Given the role of object interactions in defining the various actions and events in videos, we
hypothesize that extracting object-centric information (as opposed to generic frame-level descrip-
tions) followed by modeling of their temporal dependencies would provide more concise represen-
tations better suited to efficiently solve these tasks.
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Spice Bottle

Represent motions as 
string of (x,y) sequence

“Spice Bottle Trajectory: 
(0.13,0.20) -> (0.16,0.24)
->(0.17, 0.36)
.
.
.
->(0.02, 0.64)”

Object Trajectories in Natural Language 



Object Trajectories in Natural Language 

Spice Bottle

Piece of 
Lemon

Represent motions as 
string of (x,y) sequence

“Spice Bottle Trajectory: 
(0.13,0.20) -> (0.16,0.24)
->(0.17, 0.36)
.
.
.
->(0.02, 0.64)”

Represent motions as 
string of (x,y) sequence

“Piece of Lemon Trajectory: 
(0.64,0.58) -> (0.48,0.52)
->(0.46, 0.49)”



Object Trajectories in Natural Language 

Spice Bottle
Cooking 
Pan

Piece of 
Lemon

Represent motions as 
string of (x,y) sequence

“Spice Bottle Trajectory: 
(0.13,0.20) -> (0.16,0.24)
->(0.17, 0.36)
.
.
.
->(0.02, 0.64)”

Represent motions as 
string of (x,y) sequence

“Piece of Lemon Trajectory: 
(0.64,0.58) -> (0.48,0.52)
->(0.46, 0.49)”

Represent motions as 
string of (x,y) sequence

“Cooking Pan Trajectory: 
(0.46,0.47) -> (0.52,0.44)
->(0.47, 0.40)
->(0.45, 0.45)”



Object Trajectories in Natural Language 

Spice Bottle
Cooking 
Pan

Piece of 
Lemon

Sample Prompt

"Consider following objects moving along (x, y) 
trajectories in video to answer the question:” +
“Piece of Lemon Trajectory: (0.64,0.58) -> 
(0.48,0.52) ->(0.46, 0.49)” +
“Spice Bottle Trajectory: (0.13,0.20) -> 0.16,0.24)
->(0.17, 0.36) . . . ->(0.02, 0.64)” +
“Cooking Pan Trajectory: (0.46,0.47) -> 
(0.52,0.44) ->(0.47, 0.40) ->(0.45, 0.45)” +
“. What does the person do after adding spice to 
the dish?” 

Sample Response
“The person adds lime to the dish.”

NOTE: Area / dimensions / frame index data omitted 
in example. The (x,y) can be replaced with (x,y,h,w,t).

[1] Zeng, Andy et al. “Socratic Models: Composing Zero-Shot Multimodal Reasoning with Language.” ICLR 2023.



Object Trajectories in Natural Language 

Spice Bottle
Cooking 
Pan

Piece of 
Lemon

“Piece of Lemon Trajectory: (0.64,0.58) -> 
(0.48,0.52) ->(0.46, 0.49)” +
“Spice Bottle Trajectory: (0.13,0.20) -> 0.16,0.24)
->(0.17, 0.36) . . . ->(0.02, 0.64)” +
“Cooking Pan Trajectory: (0.46,0.47) -> 
(0.52,0.44) ->(0.47, 0.40) ->(0.45, 0.45)” +

Obtaining Trajectories?

Use off-the-shelf object detector and tracker
- Much faster than generative VLM
- Can apply more densely on frames
- Spatial grounding gives interpretability
- Tracking reduces hallucinations
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Video QnA: EgoSchema
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Table 2: Ego-Schema Dataset Evaluation: We report top-1 accuracy (%) for video question answering on
Ego-Schema (Mangalam et al., 2023) test set (5031 videos). Our proposed MVU achieves state-of-the-art
performance on this benchmark under zero-shot operation with no video level training. We also draw attention
to our modality-constrained SF-VLM baseline that achieves surprisingly competitive performance.

Method Zero
Shot

Video
Training

Closed
Model Params Full

Random Selection - - - - 20.0

VIOLET (Fu et al., 2022) 3 3 7 198M 19.9
FrozenBiLM (Yang et al., 2022) 3 3 7 1.2B 26.9
SeViLA (Yu et al., 2024) 3 3 7 4B 22.7
mPLUG-Owl (Ye et al., 2023b) 3 3 7 7.2B 31.1
InternVideo (Wang et al., 2022) 3 3 7 478M 32.1
ImageViT (Papalampidi et al., 2023) 7 3 7 1B 30.9
SeViLA+ShortViViT (Papalampidi et al., 2023) 7 3 7 5B 31.3
LongViViT (Papalampidi et al., 2023) 7 3 7 1B 33.3
MC-ViT-L (Balavzevi’c et al., 2024) 7 3 7 424M 44.4
InternVideo2 (Wang et al., 2024b) 3 3 7 7B 55.8
Tarsier (Wang et al., 2024a) 3 3 7 7B 49.9
Tarsier (Wang et al., 2024a) 3 3 7 34B 61.7
Vamos (Wang et al., 2023a) 3 7 7 13B 36.7
LLoVi (Zhang et al., 2023a) 3 7 7 13B 33.5
LangRepo (Kahatapitiya et al., 2024) 3 7 7 12B 41.2
Vamos (Wang et al., 2023a) 3 7 3 1.8T 48.3
LLoVi (Zhang et al., 2023a) 3 7 3 1.8T 50.3
LifelongMemory (Wang et al., 2023b) 3 7 3 1.8T 62.4
MoreVQA (Min et al., 2024) 3 7 3 - 51.7
VideoAgent (Wang et al., 2025) 3 7 3 1.8T 54.1
VideoTree (Wang et al., 2024c) 3 7 3 1.8T 61.1
LVNet (Park et al., 2024) 3 7 3 1.8T 61.1

SF-VLM (ours) 3 7 7 13B 36.4
SF-VLM + MVU (ours) 3 7 7 13B 37.6
LVNet + MVU (ours) 3 7 3 1.8T 61.3

4.3 LANGUAGE BASED FUSION

Inspired by Zeng et al. (2022), we construct our overall framework by injecting these three forms
of object-centric information into our setup using natural language. We represent each modality in
a fixed template-based fusion. Global object information is represented as a list of category labels,
e.g., xGOI = {person, oven, dishwasher, ..., sink}. Object spatial location modifies this list to include
center coordinates (x, y) and scale (s) where scale is the area percentage occupied by the best-fitting
object bounding box. For e.g., xOSL = {person located at (0.2, 0.3, 0.07), ... , oven located at (0.8,
0.6, 0.04)}. Finally, object motion trajectories update the list to contain frame-level trajectories, e.g.,
xOMT = {person moving as [0.2, 0.3, 0.07] ! [0.2, 0.4, 0.06] ! [0.2, 0.6, 0.08], oven moving as ...
}. Similar to the examples, information from each object-centric modality is represented in textual
form to allow their direct fusion and integration into our framework (as additional language inputs).
Therein, we describe the resulting setup, our overall framework MVU as follows,

ŷ = FMVU(xt, x
c

v
, xGOI, xOSL, xOMT) (1)

where xc

v
is the center frame extracted from the video xv (more details in Appendix A). In compar-

ison to prior work such as Zhang et al. (2023a), we note that our fused information is more concise
allowing better utilization of the fixed context length in an LLM (see Appendix K for more details).

5 EXPERIMENTS

In this section, we first discuss our experimental setup and datasets. Next, we evaluate MVU on
multiple video question-answering and robotics task benchmarks followed by ablative studies.

Experimental Setup: Our proposed MVU framework and its variants use off-the-shelf models
trained on images, thus requiring no re-training of these models. For our evaluations, we directly
use these models, utilizing two NVIDIA RTX A5000 24GB GPUs for inference. We evaluate on
two video question answering datasets focused on long-form videos: EgoSchema (Mangalam et al.,
2023) and NExT-QA (Xiao et al., 2021). We also evaluate using a series of robotics datasets from
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● Strong results on 
EgoSchema dataset

● Easy integration with SOTA 
methods like LVNet [1]

[1] Park, Jongwoo et al. “Too Many Frames, not all Useful: Efficient Strategies for Long-Form Video QA.” NeurIPS-W 2024.



Video QnA: NextQA

● Strong results on 
NextQA dataset

● Easy integration with SOTA 
methods like LVNet [1]

[1] Park, Jongwoo et al. “Too Many Frames, not all Useful: Efficient Strategies for Long-Form Video QA.” NeurIPS-W 2024.
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Table 3: Next-QA Dataset Evaluation: We report top-1 accuracy (%) for the Next-QA dataset (Xiao et al.,
2021). Our proposed MVU achieves state-of-the-art results under zero-shot settings with no video-level train-
ing. In table header, ZS stands for zero-shot and VT stands for video level training.

Method ZS VT Params Cau. Tem. Des. All

Random Selection - - 20.0 20.0 20.0 20.0

CoVGT (Xiao et al., 2023) 7 3 149M 58.8 57.4 69.3 60.0
SeViT (Kim et al., 2023) 7 3 215M - - - 60.6
HiTeA (Ye et al., 2023a) 7 3 297M 62.4 58.3 75.6 63.1
InternVideo (Wang et al., 2022) 7 3 478M 62.5 58.5 75.8 63.2
MC-ViT-L (Balavzevi’c et al., 2024) 7 3 424M - - - 65.0
BLIP-2 (Li et al., 2023a) 7 3 4B 70.1 65.2 80.1 70.1
SeViLA (Yu et al., 2024) 7 3 4B 74.2 69.4 81.3 73.8
LLama-VQA-7B (Ko et al., 2023) 7 3 7B 72.7 69.2 75.8 72.0
Vamos (Wang et al., 2023a) 7 3 7B 72.6 69.6 78.0 72.5

Just-Ask (Yang et al., 2021) 3 3 66M 31.8 30.4 36.0 38.4
VFC (Momeni et al., 2023) 3 3 164M 45.4 51.6 64.1 51.5
InternVideo (Wang et al., 2022) 3 3 478M 43.4 48.0 65.1 49.1
SeViLA(Yu et al., 2024) 3 3 4B 61.3 61.5 75.6 63.6
CaKE-LM (Su et al., 2023) 3 7 2.7B 35.7 35.3 36.8 34.9
LLoVi (Zhang et al., 2023a) 3 7 13B 55.6 47.9 63.2 54.3
ViperGPT (Surı́s et al., 2023) 3 7 175B - - - 60.0
LLoVi (Zhang et al., 2023a) (GPT-4) 3 7 1.8T 69.5 61.0 75.6 67.7
MoreVQA (Min et al., 2024) 3 7 1.7T 70.2 64.6 - 69.2
VideoAgent (Wang et al., 2025) 3 7 1.7T 72.7 64.5 81.1 71.3
VideoTree (Wang et al., 2024c) 3 7 1.7T 75.2 67.0 81.3 73.5
LVNet (Park et al., 2024) 3 7 1.8T 75.0 65.5 81.5 72.9

SF-VLM + MVU (ours) 3 7 13B 55.7 48.2 64.2 55.4
LVNet + MVU (ours) 3 7 1.8T 75.2 66.8 81.3 73.3

the Open X-Embodiment robotics dataset (Open-X-Embodiment-Collaboration et al., 2023) to test
our model generality (more details in Section 5.2). We discuss further details of pretrained models
and datasets in Appendix B. Also, note that none of the pretrained components of our framework
undergo any form of video-level training.

5.1 LONG VIDEO QUESTION ANSWERING

Long video question answering benchmarks aim to measure causal and temporal reasoning abilities
of models over long temporal windows (Xiao et al., 2021; Mangalam et al., 2023). In this section, we
evaluate our framework on two benchmark datasets and present our results in Table 2 and Table 3.

On EgoSchema dataset, results reported in Table 2 demonstrate the state-of-the-art performance of
our framework. We integrate MVU over SF-VLM and LVNet (Park et al., 2024) baselines for fair
comparison to work operating under different settings. We reiterate how our approach is both zero-
shot and requires no video-level training (and our selected baselines are similar). In comparison
to prior work utilizing open models, our SF-VLM+MVU achieves clear performance improvements,
even out-performing works using video-caption supervision for training (Papalampidi et al., 2023;
Balavzevi’c et al., 2024). Compared to methods utilizing proprietary closed language models ex-
tending to trillion parameter scale (Zhang et al., 2023a; Wang et al., 2023a; Min et al., 2024; Wang
et al., 2025), our LVNet+MVU variant using similar scale achieves improved performance. We also
implement several such large-scale approaches under scaled-down common settings as our smaller
variant (details in Appendix C). Here also we achieve clear performance gains.

We next evaluate our framework on the NextQA benchmark and report these results in Table 3. We
similarly integrate MVU with two baselines. Our MVU achieves state-of-the-art results under zero-
shot settings. While Yu et al. (2024) outperforms our approach, we note how they require video-
caption localization pretraining and appears to overfit to this dataset considering their relatively
lower performance on other datasets (see Table 2).

We also evaluate MVU on the LongVideoBench dataset which contains even longer videos and
present these results in Appendix H. While these three datasets focus on MCQ style QnA, we also
explore the generality of our MVU framework on open-ended style QnA tasks in Appendix G.
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Table A.7: LongVideoBench Evaluation:

We integrate MVU with the baseline from
Abdin et al. (2024) and highlight the addi-
tional performance improvements achieved
by our MVU framework.

Method Acc (%)

Phi-3-Vision-Instruct (Abdin et al., 2024) 49.7
Phi-3-Vision-Instruct + MVU 50.4

Table A.8: Ablation on Object Motion Trajectory (OMT) modality: We perform this ablation on a different
dataset given the motion focused aspect we explore. Accuracy (%) reported on the motion-based SSv2 dataset
clearly indicate the usefulness of the OMT modality in our MVU framework.

Method OMT Accuracy

Random - 0.6
CLIP (Radford et al., 2021) - 4.0
MAXI (Lin et al., 2023b) - 6.4

MVU (ours) 7 3.6
MVU (ours) 3 7.2

G OPEN-ENDED VIDEO QUESTION ANSWERING

In this section, we explore the ability of our proposed MVU framework to operate on open-ended
video question answering (QnA) tasks. For this purpose, we evaluate on the Activity-Net dataset
(Yu et al., 2019) reporting the accuracy metric. We follow evaluation settings identical to Maaz et al.
(2023) for these evaluations.

Given the nature of open-ended QnA tasks (i.e. no answer choices, generate free form answers),
we use standard generation instead of likelihood selection. We match the generated answers against
ground-truth following (Maaz et al., 2023). We present these results in Table A.6 where our MVU
achieves strong results and clear improvements over the similar LLM based approach from Zhang
et al. (2023a). We compare against multiple recent approaches that use similar capacity LLMs
VLMs for open-ended video QnA. We take these results as another indication to the generality of
our MVU framework on video QnA tasks beyond MCQ style.

H LONGER VIDEO QUESTION ANSWERING

While established long video benchmarks used as the key evaluations in numerous prior work (Wang
et al., 2025; 2024c; Min et al., 2024; Park et al., 2024; Zhang et al., 2023a; Kahatapitiya et al., 2024;
Wang et al., 2023b) limit to roughly 1-3 minute long videos, some newer datasets include even
longer videos (Wu et al., 2024). We explore such even longer videos by evaluating our method on
the LongVideoBench dataset (Wu et al., 2024).

We select Phi-3-Vision-Instruct (Abdin et al., 2024) as our baseline since it is the best performing
model we can replicate within our compute budget. We note that larger sized models using signif-
icantly larger context lengths are difficult to replicate within academic compute restraints. Results
using this baseline from Abdin et al. (2024) and our MVU framework integrated over it are presented
in Table A.7. MVU gains clear performance gains in this longer video dataset.

I ADDITIONAL ABLATIONS

In this section, we repeat part of our ablation from Table 5 focused on the object motion trajectory
modality inputs. We note that common video QnA benchmarks require minimal understanding of
object motion to answer most questions. Our goal is to explore the value of motion information in a
more relevant tasks.

Therein we investigate a new motion focused dataset, Something-Something-v2 (Goyal et al., 2017)
(SSv2), only for this single ablation. The SSv2 dataset focuses on motion-based category discrim-
ination, providing an ideal evaluation to measure the usefulness of our object motion trajectory
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Table 4: OpenX Detailed Results: We report accuracy (%) for the VideoQA formulation of Open X-
Embodiment benchmark. MVU achieves clear improvements over random selection and LLoVi baseline
(Zhang et al., 2023a). In table header, Obs. (observation), size, CC (class count) stand for camera used, num-
ber of videos, and number of unique language instructions per dataset, respectively. In observation column, T
stands for third-person view (stationary camera that does not move with robot), while F denotes first-person
view where camera is mounted on moving robot. Note that total is average weighted by dataset size.

Dataset Obs. Size CC Random Baseline MVU

ASU TableTop Manipulation T 110 83 13.6 19.1 20.9

Berkeley MVP Data F 480 6 20 26.0 33.1

Berkeley RPT Data F 908 4 24.6 23.1 26.2

CMU Play Fusion T 576 44 20.3 34.0 35.6

CMU Stretch T 135 5 23 18.5 24.4

Furniture Bench T 5100 9 20.2 24.8 26.4

Furniture Bench F 5100 9 20.2 22.6 24.9

CMU Franka Pick-Insert Data T 631 7 18.7 19.3 21.2

CMU Franka Pick-Insert Data F 631 7 23.1 57.8 49.3
Imperial F Cam T 170 17 20 22.9 24.1

Imperial F Cam F 170 17 23.5 20.6 24.7

USC Jaco Play T 1085 89 21.8 26.4 30.6

USC Jaco Play F 1085 89 19.4 28.6 32.4

NYU ROT T 14 12 21.4 57.1 57.1

Roboturk T 1959 3 34.7 43.0 44.2

Stanford HYDRA T 570 3 35.1 54.7 68.2

Stanford HYDRA F 570 3 31.2 45.3 48.9

Freiburg Franka Play F 3603 406 20.4 32.2 31.6
Freiburg Franka Play T 3603 406 19.7 21.8 24.0

LSMO Dataset T 50 2 34.0 68.0 72.0

UCSD Kitchen T 150 8 19.3 32.0 32.7

Austin VIOLA T 150 3 26.7 32.7 33.3

Austin VIOLA F 150 3 30.0 33.3 34.0

Total - 27000 - 22.1 28.5 30.4

Figure 4: Data Visualization:

Example video frames from
EgoSchema (top) vs OpenX
(bottom) datasets. Robotics
domain videos (bottom) appear
out of distribution given their
controlled environment and
robot movements.

5.2 ROBOTICS DOMAIN ACTION RECOGNITION

We investigate generalization capabilities of our proposed MVU by evaluating across datasets from
robotics domain Open X-Embodiment (Open-X-Embodiment-Collaboration et al., 2023), following
a QnA style formulation of the dataset (details in Appendix D). We highlight visual differences of
this data in Figure 4. We present evaluations in Table 4, which indicate clear performance improve-
ments for MVU over the baseline from Zhang et al. (2023a). The purpose of this experiment is to
evaluate the generality of our approach to video domains different from everyday natural videos.
We take these promising results to indicate the strong generality of our framework. Furthermore,
we note how our modality constrained variants do not perform significantly better than random on
these robotics domain tasks (details in Appendix E). We attribute this to the significant domain shift
in terms of the world of operation in this domain (i.e. robotics tasks tend to involve controlled
environments very different to what humans face on an everyday basis).

5.3 ABLATIONS

In this section, we systematically dissect our overall MVU framework to establish the usefulness
of each of its individual component (see Appendix I for more ablations). We first ablate our three
different information modalities and report these results in Table 5. Our evaluations indicate clear
performance boosts from each of our object-centric information modalities.
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OOD Generalization: MVU works on Robotics Domain 
tasks constructed from OpenX-Embodiment Dataset. 

Longer Videos: MVU can improve performance on 
longer video benchmarks such as LongVideoBench.
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Table A.7: LongVideoBench Evaluation:

We integrate MVU with the baseline from
Abdin et al. (2024) and highlight the addi-
tional performance improvements achieved
by our MVU framework.

Method Acc (%)

Phi-3-Vision-Instruct (Abdin et al., 2024) 49.7
Phi-3-Vision-Instruct + MVU 50.4

Table A.8: Ablation on Object Motion Trajectory (OMT) modality: We perform this ablation on a different
dataset given the motion focused aspect we explore. Accuracy (%) reported on the motion-based SSv2 dataset
clearly indicate the usefulness of the OMT modality in our MVU framework.

Method OMT Accuracy

Random - 0.6
CLIP (Radford et al., 2021) - 4.0
MAXI (Lin et al., 2023b) - 6.4

MVU (ours) 7 3.6
MVU (ours) 3 7.2

G OPEN-ENDED VIDEO QUESTION ANSWERING

In this section, we explore the ability of our proposed MVU framework to operate on open-ended
video question answering (QnA) tasks. For this purpose, we evaluate on the Activity-Net dataset
(Yu et al., 2019) reporting the accuracy metric. We follow evaluation settings identical to Maaz et al.
(2023) for these evaluations.

Given the nature of open-ended QnA tasks (i.e. no answer choices, generate free form answers),
we use standard generation instead of likelihood selection. We match the generated answers against
ground-truth following (Maaz et al., 2023). We present these results in Table A.6 where our MVU
achieves strong results and clear improvements over the similar LLM based approach from Zhang
et al. (2023a). We compare against multiple recent approaches that use similar capacity LLMs
VLMs for open-ended video QnA. We take these results as another indication to the generality of
our MVU framework on video QnA tasks beyond MCQ style.

H LONGER VIDEO QUESTION ANSWERING

While established long video benchmarks used as the key evaluations in numerous prior work (Wang
et al., 2025; 2024c; Min et al., 2024; Park et al., 2024; Zhang et al., 2023a; Kahatapitiya et al., 2024;
Wang et al., 2023b) limit to roughly 1-3 minute long videos, some newer datasets include even
longer videos (Wu et al., 2024). We explore such even longer videos by evaluating our method on
the LongVideoBench dataset (Wu et al., 2024).

We select Phi-3-Vision-Instruct (Abdin et al., 2024) as our baseline since it is the best performing
model we can replicate within our compute budget. We note that larger sized models using signif-
icantly larger context lengths are difficult to replicate within academic compute restraints. Results
using this baseline from Abdin et al. (2024) and our MVU framework integrated over it are presented
in Table A.7. MVU gains clear performance gains in this longer video dataset.

I ADDITIONAL ABLATIONS

In this section, we repeat part of our ablation from Table 5 focused on the object motion trajectory
modality inputs. We note that common video QnA benchmarks require minimal understanding of
object motion to answer most questions. Our goal is to explore the value of motion information in a
more relevant tasks.

Therein we investigate a new motion focused dataset, Something-Something-v2 (Goyal et al., 2017)
(SSv2), only for this single ablation. The SSv2 dataset focuses on motion-based category discrim-
ination, providing an ideal evaluation to measure the usefulness of our object motion trajectory
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Motion Ablation on SSv2: We use the motion
focused SSv2 dataset for a special ablation of our
MVU’s explicit motion information, establishing its
clear usefulness in recognizing motion patterns.



Summary of Contributions

1. Highlight issues of LLM based Video QnA

2. Build efficient setup for LLM-based video QnA

3. Propose Framework to use Video-Specific information
a. Extraction of Object Centric information

b. Language based fusion with VLM

4. Evaluation across established video QnA benchmarks

Our MVU framework performs from strong video QnA with better interpretability.
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