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Abstract

We introduce Motion-Grounded Video Reasoning, a
new motion understanding task that requires generating vi-
sual answers (video segmentation masks) according to the
input question, and hence needs implicit spatiotemporal
reasoning and grounding. It extends existing spatiotem-
poral grounding work focusing on explicit action/motion
grounding, to a more general format by enabling implicit
reasoning via questions. To facilitate the development of the
new task, we collect a large-scale dataset called GROUND-
MORE, which comprises 1,715 video clips, 249K object
masks that are deliberately designed with 4 question types
for benchmarking deep and comprehensive motion reason-
ing abilities. GROUNDMORE uniquely requires models to
generate visual answers, providing a more concrete and vi-
sually interpretable response than plain texts. It evaluates
models on both spatiotemporal grounding and reasoning,
fostering to address complex challenges in motion-related
video reasoning, temporal perception, and pixel-level un-
derstanding. Furthermore, we introduce a novel baseline
model named MORA, which achieves respectable perfor-
mance on GROUNDMORE outperforming the best existing
visual grounding baseline model by an average of 21.5%
relatively. We hope this novel and challenging task will
pave the way for future advancements in robust and gen-
eral motion understanding via video reasoning segmenta-
tion. Project available at: https://groundmore.github.io/

1. Introduction
Understanding motions [1, 11, 64, 88] in dynamic video
scenes has long been an important topic in the computer
vision community. It plays a crucial role in many vital
real-world applications, such as scene/video understand-

ing [15, 49, 55, 61, 65], autonomous driving [8, 22, 35, 59],
and human-computer interaction [2, 56, 69]. Existing mo-
tion understanding tasks (e.g., action recognition [7, 60],
temporal action localization [6, 27], spatiotemporal ac-
tion/object detection [16, 19, 28, 39, 66], video object seg-
mentation [10, 13, 30, 57, 75]) are designed to comprehend
spatial interactions or detect motions in temporal span.

However, motion is a complex spatiotemporal concept
involving interactions between visual entities over time.
Understanding motion-related attributes abstracted from
dynamic scenes is crucial for comprehensive motion un-
derstanding. Table 1 highlights that existing tasks only ad-
dress this challenge from specific aspects. As shown in Fig-
ure 1(a), action recognition focuses on identifying actions
within a curated video clip, primarily using spatial features.
The models are not required to distinguish fine-grained mo-
tion patterns over time but to recognize ”the motion” mostly
based on spatial features in a temporal-agnostic [23] manner
due to potential single-frame bias [34]. It leads to overlook
fine-grained temporal motion patterns. Conversely, tempo-
ral action localization in Figure 1(b) emphasizes the tempo-
ral dimension but lacks detailed spatial analysis at the object
level, relying on snippet-level features. Spatiotemporal ac-
tion detection aims to localize actions in both dimensions
but typically focuses only on humans in predefined actions
(e.g., AVA [19], MultiSports [39]), neglecting other inter-
acting objects. It impairs the integrity of the spatial percep-
tion of motion understanding. Previous compositional ac-
tion recognition investigates subject-object interaction and
examines whether the model could distinguish pretended
actions, but the benchmark [18] only contains short clips,
making the task fall short in analyzing the temporal context
of motions. Thus, a crucial question arises: What will be
a more comprehensive task for motion understanding? In-
spired by the recent reasoning segmentation task in image
domain [33], and considering the spatiotemporal nature of
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Causal Question: What did the man in grey dibbles in a step-back move to perform a fake action fooling the man in pink pants? (0~16s)
Sequential Question: Who dribbled the ball before he accelerates passing the man in pink shorts? (0-24s)

Counterfactual Question: Who needs to be passed or else the man in grey cannot easily score? (0~32s)
Descriptive Question: Who consumes more energy in this video? (0~48s)

t
0s 8s 16s 24s 32s 40s 48s

Raw Frames

Spatiotemporal Masks Annotations

curated clips

Label: “layup”

snippet-level feature

0~16s: fake move 32~48s: layup Motion Expression: The man in grey passed 
the man in pink pants and performed layup.

(a) Action Recognition (b) Temporal Action Localization (c) Motion Expression Video Segmentation

(e) Motion-Grounded Video Reasoning and GroundMoRe Dataset

(d) Spatiotemporal Action Detection

Label: “dribbling and scoring”

detection     & classification

Figure 1. The illustration of the comparison between our Motion-Grounded Video Reasoning and previous video motion understand-
ing tasks. Existing video motion understanding tasks (a)-(d) could at most address one or two key problems, either lacking fine-grained
spatiotemporal perception or ignoring motion-related reasoning. (e) Our Motion-Grounded Video Reasoning considers both subject and
object in motion as well as temporally adjacent events, performing challenging reasoning given four types of questions (Causal, Se-
quential, Counterfactual, and Descriptive) carefully designed in our GROUNDMORE dataset and output spatiotemporal masks to indi-
cate the answer visually at the pixel level. For instance, in the question ‘‘who needs to be passed or else the man in
grey cannot easily score?’’, the motion ‘‘pass’’ and the subject ‘‘the man in grey’’ as well as an adjacent event
‘‘easily score’’ are provided in this question, the model needs reason about the object ‘‘the man in pink shorts’’,
while output spatiotemporal masks (only between 0 to 32s where the motion ‘‘pass’’ happens). Such a paradigm fully grasps the
spatiotemporal contexts of motion and provides an explainable response to evaluate the motion understanding ability. The colors of the
questions are corresponded to the spatiotemporal masks.

the motion as mentioned above, a feasible answer is to de-
sign an implicit video reasoning segmentation task where
all necessary spatial and temporal factors of the motion of
interest are taken into account, and then the motion-related
object, which could be viewed as the medium of the corre-
sponding motion, will be masked out as the final response.

First, understanding specific motions requires analyz-
ing their spatial contexts. For instance, in the in-
teraction scenario ‘‘a boy kicked the ball for
entertainment’’, the entities ‘‘a boy’’ and
‘‘the ball’’ constitute the spatial context for the
motion ‘‘kicked’’. A comprehensive understanding
of ‘‘kicked’’ involves grasping the interaction tu-
ple <a boy, kick, the ball>. While spatiotem-
poral action localization tasks might address this prob-
lem, current benchmarks (e.g., AVA [19]) focus primarily
on human-centric cases and overlook the bidirectional na-

ture of interactions. A more effective approach would in-
volve a question-answering format that leverages motion-
related objects to visualize and reason about the interac-
tion, enhancing spatial understanding. Second, tempo-
ral context, which provides chronological order to dis-
tinguish different motions, is also crucial for motion un-
derstanding. Temporal information not only delineates
temporal boundaries but also enables understanding of
cause-and-effect relationships between actions. For exam-
ple, in ‘‘the woman opened the refrigerator
before taking out the milk’’, the two motions
are connected, necessitating understanding of both for full
comprehension. Thus, a question-answering paradigm can
be designed, where a complete scene description with spa-
tiotemporal context is converted into a motion-related ques-
tion. However, merely answering the question cannot fully
convey motion understanding, as language alone, if not vi-
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Tasks Datasets & Benchmarks Spatial
Context

Temporal
Context

Motion
Abstraction

Pixel-level
Output

Implicit
Reasoning

Action Recognition Kinetics400 [7], UCF101 [60] ✗ ✗ ✗ ✗ ✗
Temporal Action Localization ActivityNet [6], THUMOS14 [27] ✗ ✓ ✗ ✗ ✗
Spatiotemporal Action Localization AVA [19], MultiSports [39] ✓ ✓ ✗ ✗ ✗
Motion Expression Video Segmentation MeViS [13] ✓ ✗ ✗ ✓ ✗
Video Reasoning Segmentation ReVOS [76],VideoReasonSeg [86] ✓ ✗ ✗ ✓ ✓

Motion-Grounded Video Reasoning GROUNDMORE (Ours) ✓ ✓ ✓ ✓ ✓

Table 1. Comparison of different motion understanding tasks. Spatial Context means whether to consider object-level interaction, Tem-
poral Context indicates the influence of temporally adjacent motions/events, Motion Abstraction means understanding of motion-related
abstract attributes, Pixel-level Output means whether output object segmentation mask as the final response and Implicit Reasoning
means the ability to understand textual input without explicit object information.

sually grounded, is not the most direct explanation of vi-
sual concepts [17], and temporal information cannot be pre-
cisely represented by words [74]. Recent studies [3, 43, 76]
have introduced a new task called video reasoning segmen-
tation, which is closely related to our work. However, they
primarily emphasize the spatial grounding of target objects
through implicit reasoning, while neglecting temporal lo-
calization, a critical component for motion understanding.

To address these issues and facilitate comprehensive mo-
tion understanding, we introduce a novel task: Motion-
Grounded Video Reasoning as illustrated in Figure 1(e).
This task requires models to take the motion-related ques-
tion along with the video as input and output spatiotempo-
ral segmentation masks of a specific object as a pixel-level
visual answer. Such detailed spatiotemporal grounding al-
lows for advanced motion comprehension. To further eval-
uate versatile spatiotemporal reasoning, we carefully de-
sign four types of questions in our newly collected dataset
GROUNDMORE (Grounding via Motion Reasoning). As
shown in Figure 1(e), Causal questions explore the motiva-
tions behind motions, Sequential questions probe the order
of temporally adjacent motions, Counterfactual questions
are designed for imagining and reasoning about false re-
ality and Descriptive questions ask about the general dy-
namic scene or abstract motion-related attributes such as
enregetic, naughty, excited, etc. GROUNDMORE consists
of about 1,715 video clips, 7,577 questions and 249K
object masks involving 3,942 different objects, ensur-
ing a robust evaluation of motion understanding. Addi-
tionally, our task aligns with Video Object Segmentation
(VOS) [13, 75] but introduces additional challenges: 1) the
use of implicit question inputs versus explicit referring ex-
pressions, and 2) the requirement for spatiotemporal ob-
ject masks rather than spatial-only (no temporal localiza-
tion requirement in current RVOS datasets), emphasizing
the need for accurate temporal perception. We emphasize
the practical benefits of the new task in diverse real-world
applications. For example, localizing potential threats in
public transportation often involves ambiguous information
about the suspects [62, 78]. A robust Motion-Grounded

Video Reasoning system can address this by processing
queries like ‘‘Who is acting suspiciously in
this airport?’’, effectively identifying unusual be-
haviors with implicit reasoning and grounding.

We conduct an extensive evaluation for various im-
age/video grounding baselines on GROUNDMORE, though
scoring competitive performances in other benchmarks [13,
29, 75], none of them performs satisfyingly on our new
task as shown in Table 3. Considering the spatiotempo-
ral reasoning and grounding nature of the task, we fur-
ther propose a new baseline model called Motion-Grounded
Video Reasoning Assistant (MORA). MORA integrates
LLaVA [43], which is capable of complex multimodal rea-
soning, as the reasoning module, and a pretrained SAM [32]
decoder as the mask head. To further empower the model
of temporal awareness, we additionally introduce a novel
[LOC] token for temporal information embedding and add
a temporal localization head to decode a binary temporal
mask; thus inhibiting false temporal activation during spa-
tiotemporal mask decoding. Our MORA achieves over-
all SOTA performance on the proposed GROUNDMORE,
but there still remains a large room for future improvement
(e.g., HTR [48] could reach 67.1 with J&F metric on Ref-
YouTubeVOS as its SoTA, while only 10.41 on GROUND-
MORE), which also underscores the increased difficulty of
GROUNDMORE.

Our contributions are as follows:
• We introduce a new task, Motion-Grounded Video Rea-

soning, designed to assess multimodal models’ reason-
ing and perception capabilities for motion understanding,
filling the gap between referring VOS/action detection
and motion-related video reasoning.

• We collect a large-scale and versatile video dataset,
named GROUNDMORE for the proposed Motion-
Grounded Video Reasoning task.

• We comprehensively evaluate existing image/video
grounding baseline models on our GROUNDMORE, re-
vealing their deficient motion understanding abilities. On
the other hand, our proposed MORA method achieves
SOTA performance on GROUNDMORE. The results also
suggest substantial room for future improvement.
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2. Related Work
Motion Understanding in Videos. Motion understand-
ing is pivotal in video analysis, serving as the basis for in-
terpreting dynamic scenes and activities. Action recogni-
tion [7, 60] identifies specific actions in videos, while tem-
poral action localization [6, 27] pinpoints the exact time
intervals of these actions, requiring a thorough grasp of
motion patterns over time. Spatiotemporal action detec-
tion [16, 19, 39] and video object detection [28, 66] pre-
dict object bounding boxes in both spatial and temporal do-
mains. Video object segmentation (VOS) [75] and video
tracking [10] capture moving objects in videos relying on
objects appearance. To fully understand motion, it is crucial
to comprehend its spatiotemporal contexts, including the in-
volved objects and temporally adjacent information. In this
paper, we introduce Motion-Grounded Video Reasoning, a
new task that aims to reason based on the spatiotemporal
context of motion and respond with video object masks.
Spatiotemporal Video Grounding. Spatiotemporal video
grounding involves leveraging temporal cues to localize,
identify, and interpret objects based on natural language ex-
pressions. Existing pipelines either focus on enhancing vi-
sual/textual semantic understanding [4, 21, 30, 38, 42, 48]
or strengthening cross-modal interaction [14, 20, 44, 47,
71–73]. Action grounding [54, 81] localizes actions indi-
cated by the input descriptions, and referring VOS [30, 57]
aims to ground objects at pixel level based on object-
related expressions and recent work MeViS [13] intro-
duces more challenging motion expressions, demanding
advanced motion understanding to segment moving ob-
jects. These advanced frameworks achieve outstanding per-
formance in grounding objects of interest in both spatial
and temporal dimensions, however, these works primarily
focus on context-level understanding and cannot perform
complex reasoning and motion context perceiving. Recent
works [24, 33, 50, 52, 83, 85] connects reasoning abilities
of LLMs to the grounding task. PG-Video-LLaVA [50] is
a video-LLM equipped with pixel-level grounding modules
but struggles with implicit reasoning/referring. LITA [24]
leverages LLM for 1-D video temporal span localization
with text query. VISA [76] and ViLLa [86] are most re-
lated to our work, but they only focus on spatial grounding.
In this paper, we present a novel baseline model, MORA,
that handles both complex spatiotemporal reasoning and
grounding for the proposed Motion-Grounded Video Rea-
soning task.
Video Reasoning. Video reasoning [26, 63, 67, 68, 70,
79, 80, 82] is an advanced domain in multimodal video
understanding, enabling models to answer questions based
on video by comprehensively interpreting both visual and
textual semantics. Early works like MovieQA [63] use
movies as visual sources and pose questions that require
understanding long temporal correspondences and dialogue

logic. TGIF-QA [26] introduces more challenging question
types involving repeating actions, and state transitions, ne-
cessitating spatiotemporal reasoning. Causal-VidQA [36]
explores commonsense and evidence reasoning. Recent
NExT-GQA [74] emphasizes the visual evidence for an-
swers, akin to our GROUNDMORE, but we additionally
provide pixel-level annotations and focus specifically on
motion. PerceptionTest [51] is a benchmark designed to
evaluate multimodal video models’ perception and reason-
ing skills. It includes grounded video QA but lacks motion
grounding at the pixel level. Our Motion-Grounded Video
Reasoning is presented as a Video QA task where the an-
swer is spatiotemporal masks, offering a more visually con-
crete assessment of motion understanding.

3. Our Benchmark: GROUNDMORE

3.1. Motion-Grounded Video Reasoning

Task Definition. We propose Motion-Grounded Video
Reasoning as a comprehensive motion understanding task.
Basically, the input is a video clip V ∈ Rt×h×w×3 (t, w, h,
3 represent video length, width, height, and channel num-
bers, respectively), and a corresponding question Q that is
related to a specific motion, the direct answer is an object
in this video clip. To let the model understand when/where
the motion occurs and generate a grounded response at the
pixel level, we require binary object segmentation masks
M ∈ Rt

′
×h×w (t′ ≤ t) related to the motion as the output.

Task Challenges. The key challenges of the proposed
Motion-Grounded Video Reasoning lie in the following: 1)
motion-related reasoning ability towards questions and
2) pixel-level understanding ability of the target moving
object in both spatial and temporal dimensions. Concretely,
for the first point, the model needs to grasp the relation-
ship between the target motion and its spatiotemporal
context, for instance, in the video where ‘‘the girl
fed the dog with a piece of dog food
after taking the dog food out from the
cabinet’’. For the motion ‘‘fed’’, to fully under-
stand this concept, its spatial contexts ‘‘the girl’’
and ’’a piece of dog food’’ should also be well
perceived; and the temporal context, which is the tempo-
rally adjacent motion ‘‘taking the dog food out
from the cabinet’’ should be understood as well
since it serves as the temporal constraint on the answer.
Then, based on the question ‘‘Who fed the dog
with a piece of dog food after taking
the dog food out from the cabinet?’’,
only when all the spatiotemporal contexts are well grasped
could the model know the answer. Second, once the model
reasons about the answer, it is also required that a sequence
of spatiotemporal masks represent the answer since only
language output cannot avoid biased response [74] (e.g.,
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Datasets # Vid. # Exp. R. # Masks # Obj. Clip Len.

Video Question-Answering
NExT-GQA [74] 5.4K 43K ✓ - - 43.60s
Causal-VidQA [36] 26.9K 10.7K ✓ - - 9.00s
Perception Test [51] 11.6K 380K ✓ - 190K 23s

Action Detection
UCF101-24 [60] 3.2K - ✗ - 4.4K 6.90s
AVA [19] 0.4K - ✗ - 56K 15m
FineGym [58] 4.8K - ✗ - 32.7K 10m
MultiSports [39] 3.2K - ✗ - 37.7K 20.9s

Referring Video Segmentation / Video Grounding
Ref-YouTube-VOS [75] 3.9K 15K ✗ 131K 7.4K 5.45s
Ref-Davis17 [30] 0.1K 1.5K ✗ 13.5K 0.2K 2.87s
MeViS [13] 2K 28,570 ✗ 443K 8.1K 13.16s
VidSTG [84] 6.9K 99.9K ✓ - 50K 28.01s

Motion-Grounded Video Reasoning (Ours)
GROUNDMORE 1.7K 7.6K ✓ 249.5K 3.9K 9.61s

Table 2. Comparison of different video datasets. # Vid.: number
of videos. R.: requires reasoning skill. # Exp.: number of expres-
sions. # Obj.: number of total object categories in the dataset and
Clip Len.: average clip length.

in a common scenario of ball game video, when asking
about the motion ’’play’’, existing QA models tend to
answer ’’balls’’ even without visual clues). This is of
vital importance in our task, since only in a way of visual
response could we know whether the model is aware of
when and with what/whom the motion takes place.

3.2. Video Collection

Considering that pixel-level response is required in our
Motion Grounded Video Reasoning, we carefully selected
high-resolution videos (720p) from YouTube as our source
videos. To ensure there are enough motion semantic and
reasoning concepts in our dataset, we selected the videos
from 4 scenarios: family, animal, ball game, and out-
door activity. Specifically, family videos usually include
sufficient indoor human-human and human-object interac-
tion, covering representative daily events such as cooking,
parties, etc. Animal videos contain wild animal interac-
tions and also a lot of human-pet interactions. Ball game
videos include the most common ball-related sports such
as basketball, soccer, etc. Such videos often consist of a
series of intensive motions that bond with strong tempo-
ral correspondence in the players. Finally, outdoor activ-
ity videos contain general outdoor events such as hiking,
and surfing as well as normal events like kids playing in
the park. We designed our dataset in this way to guaran-
tee that it could be a benchmark with diverse video types
to evaluate the comprehensive motion-related reasoning in
daily life. The details of video scenes can be found in Sup-
plementary. Further, we selected short clips that contain
abundant motion semantics, and most of them are between
5 and 15 seconds. To ensure sufficient temporal informa-
tion will be included in GROUNDMORE, we intentionally
exclude samples where the motion understanding could be
easily addressed without temporal information. The com-
parison between GROUNDMORE and other related datasets

is shown in Table 2. Note that the most similar datasets are
MeViS [13] and VidSTG [84]. However, MeViS does not
support implicit reasoning, where the input expression con-
tains the identity of the answer; while VidSTG focuses more
on general object relation, and pixel-level annotation is not
provided. Besides, the most recent ReVOS [76] and Vide-
oReasonSeg [86] did not consider temporal grounding and
they are directly constructed based on existing video object
segmentation datasets, which potentially limits their ques-
tion design. More discussion on the necessity of GROUND-
MORE and the statistic is provided in Supplementary.

3.3. Annotation Pipeline

We design a 2-stage annotation pipeline for our ques-
tion annotation: 1) motion-related expression annotation;
2) LLM-assisted QA generation. The annotation details can
be found in Supplementary.
Question Annotation Stage 1: Motion-related expres-
sion annotation. Formally, interaction-causal expressions
are with the following format: <obj A, motion, obj B, to
do something>. Such expression could reveal the motiva-
tion behind a specific motion. Interaction-temporal expres-
sions enable the analysis between temporally adjacent mo-
tions, which follows the format: <obj A, motion, obj B,
before/after another motion>. In this setting, we want
the model to understand motion in a temporal context and
the question generated from this expression could assess
the temporal awareness of the models. Moreover, we also
have descriptive expression, which includes general dy-
namic scene descriptions and motion-related attributes that
are abstracted from specific motions. The second descrip-
tive expression could be much more challenging since it did
not mention any motions here but requires detailed cross-
modal and commonsense reasoning.
Question Annotation Stage 2: LLM-assisted QA genera-
tion. We define 4 types of questions in our GROUNDMORE
dataset: Causal questions are generated from interaction-
causal expressions, which challenge models to understand
the complex relationship within interactions based on some
motivations behind them. Sequential and Counterfactual
questions are both generated from interaction-temporal ex-
pressions. The former investigates the chronological rela-
tions between different motions and the latter requires out-
standing reasoning ability to imagine situations where it
conflicts with reality. Descriptive questions are converted
from descriptive questions. It assesses the ability to under-
stand general scenes and use visual commonsense reason-
ing. Several QA examples are shown in Figure 2 and the de-
tailed question-type statistics can be found in Supplemen-
tary. Before question generation, we ask our annotators
to additionally annotate an index for each object related to
the potential answer in our expressions in order to point out
what to target in each question for the LLM we use. Basi-
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Who guards the man in the yellow shorts the most to stop him from moving closer to the hoop? (Causal) The man in the orange shorts
Who points at the man in the orange shorts because the man in the orange shorts fouled? (Descriptive) The man in the yellow shorts

Who might not run towards the basket if the basket had not been moved? (Counterfactual) The panda close to the wall in the beginning
Who drops the purple broom after seeing the panda would not leave the basket? (Sequential) The woman

Figure 2. Visualizations of GROUNDMORE, including videos, questions, and visual answers (masks). Answer colors correspond to the
masks. More examples can be found in Supplementary.

cally, we leverage the strong text generation ability of GPT-
4 for our question generation. We carefully design a prompt
in an in-context manner (details in Supplementary) that re-
quires GPT-4 to generate a question and the corresponding
answer based on the expression and the target objects. The
annotators manually check all QAs to ensure the quality.
Mask Annotation. We utilized the interactive tool of
XMem++ [5] as our mask annotation tool. To begin with,
we ask our annotators to annotate the motion timestamp for
spatiotemporal mask annotation additionally. Concretely,
given the video clips and the corresponding object ID in-
formation, the annotators are asked to annotate the masks
for each of the objects within the motion time range. In
Figure 2, we show several representative examples of our
GROUNDMORE.
Quality Control. After completing the annotation process,
the dataset is distributed to different annotators for quality
validation. A question annotation is considered qualified if
the annotator can derive the same answer as originally an-
notated based on the video clips. In the mask annotation,
there are usually two common issues. The first is the cor-
rect mask-answer pair but poor mask quality; the second is
the wrong mask-answer pair. For the first case, the annota-
tor will improve the quality and the original annotator will
check again, this process will end until the instance meets
the required standard; for the second case, since it will take
less effort to annotate a new instance, we just directly dis-
card those defective annotations. In the end, all of the mask-
answer pairs will meet the criteria.

4. Experiments
4.1. Baseline Models for Evaluation

We choose baselines including 1) Referring VOS Models:
ReferFormer [72], SgMg [47], HTR [48], and LMPM [13],
that are pure visual segmentation models and without
LLMs. 2) Image Reasoning Segmentation Models:
LISA [33] and PixelLM [87] that have strong LLM and
are equipped with extra spatial grounding heads. We adapt
them to videos in a frame-by-frame manner. 3) Video
Reasoning Segmentation Models: PG-Video-LLaVA [50]

Large Language Model

Visual Encoder (CLIP)

Projection Layer

SAM

Spatiotemporal Pooling
Who played the boxing reflex ball to
make everyone laugh? Please output the
spatiotemporal segmentation masks as the
answer to the question according to both
temporal and spatial motion clues.

…

Sure, the target object is <SEG>, and the temporal boundary is <LOC>.

…

MLP
Binary Temporal Mask

𝑽 ∈ 𝑹𝒕×𝒉×𝒘×𝟑

𝑴𝒕×𝒉×𝒘

Text Token

Figure 3. MORA adopts the spatiotemporal pooling strategy and
inserts the extra special [SEG] token. To enable the temporal lo-
calization ability, MORA utilizes the extra [LOC] token to learn a
binary temporal mask, which refines the direct SAM outputs.

that is build upon video-LLM [46] and strong grounding
modules [9, 32, 45] and VISA [76] consisting of LLaMA-
VID [40] and SAM [31]. Since our task could be solved
in a non-end-to-end, two-stage manner (answering first,
segmentation next), we also evaluate 4) Two-stage Base-
lines that are composed by strong general video-language
model (ViLA [41] and VideoChat2 [37]) / video QA mod-
els (SeViLA [77]) and Referring VOS models.

4.2. Our Method: MoRA

Our Motion-Grounded Video Reasoning Assistant (MoRA)
is built upon LISA [33], which is an image-based reasoning
segmentation framework, equipping the strong LLaVA [43]
and SAM [32]. To perform an efficient frame encoding, we
take advantage of the spatiotemporal pooling mechanism in
Video-ChatGPT [46]. We leverage the segmentation token
[SEG] in LISA for spatial segmentation. However, one of
the most challenging points in our task is that we need not
only to segment the objects in the spatial dimension but
also to localize them temporally. Therefore, as shown in
Figure 3, to construct a unified LLM-based framework, we
leverage extra [LOC] tokens to encode the temporal bound-
ary information in the language space. The [LOC] embed-
ding is decoded by an MLP layer into a temporal mask to
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Methods Overall Causal Sequential Counterfactual Descriptive

J&F J F J&F J F J&F J F J&F J F J&F J F

Random Baseline
Title+ReferFormer [72] 10.13 9.73 10.53 10.50 9.91 11.08 9.06 8.56 9.57 9.42 9.07 9.78 11.38 11.21 11.55

RVOS Baseline
ReferFormer [72] 12.72 11.15 14.29 12.67 10.95 14.38 10.73 9.35 12.10 12.36 11.12 13.61 15.15 13.26 17.04
SgMg [47] 17.49 15.81 19.16 18.94 17.04 20.85 15.46 13.97 16.96 16.35 15.24 17.45 18.77 16.69 20.86
HTR [48] 14.48 12.71 16.24 15.66 13.82 17.51 12.46 10.78 14.14 13.51 12.16 14.86 15.94 13.80 18.08
LMPM [13] 13.34 12.71 13.97 13.71 13.13 14.30 11.30 10.60 12.01 13.16 12.64 13.68 14.33 13.60 15.05

Image Reasoning Segmentation Baseline
LISA-7B [33] 6.11 4.89 7.32 5.53 4.38 6.69 5.19 4.07 6.32 5.88 4.77 6.98 7.56 6.11 9.00
LISA-13B [33] 6.47 6.30 6.65 7.60 7.55 7.64 5.21 4.96 5.46 4.96 4.83 5.10 7.77 7.47 8.06
PixelLM-7B [87] 9.96 9.93 9.99 9.52 9.39 9.65 9.21 9.15 9.27 9.82 9.76 9.87 10.94 11.02 10.85
PixelLM-13B [87] 11.54 11.08 12.00 12.34 12.02 12.67 10.39 9.63 11.14 10.86 10.32 11.40 12.58 12.37 12.79

Video Reasoning Segmentation Baseline
PG-Video-LLaVA [50] 11.17 11.47 10.89 10.57 10.82 10.33 10.93 11.15 10.71 10.36 10.37 10.34 12.51 13.04 11.99
PG-Video-LLaVA+SAM2 [53] 11.85 11.15 12.55 13.35 12.84 13.85 3.85 2.49 5.22 15.52 15.16 15.89 12.11 11.37 12.85
VISA [76] 5.31 4.72 5.90 6.07 5.50 6.64 4.48 3.80 5.15 5.10 4.34 5.86 5.39 5.02 5.77

Two-Stage Baseline
ViLA [41]+ReferFormer 16.37 14.84 17.89 15.92 14.33 17.52 16.30 14.94 17.67 13.63 12.35 14.91 19.61 17.78 21.45
ViLA [41]+SgMg 17.07 15.25 18.89 17.34 15.43 19.26 16.30 14.57 18.04 15.31 13.96 16.67 19.18 16.96 21.40
ViLA [41]+HTR 15.72 13.90 17.53 16.46 14.60 18.31 15.11 13.39 16.83 12.61 11.22 13.99 18.37 16.10 20.63
VideoChat2 [37]+ReferFormer 15.38 13.84 16.93 14.74 13.10 16.37 13.95 12.69 15.21 13.12 11.80 14.43 19.82 17.89 21.74
VideoChat2 [37]+SgMg 16.65 14.83 18.48 16.64 14.75 18.54 14.70 13.02 16.38 15.22 13.87 16.58 20.01 17.68 22.34
VideoChat2 [37]+HTR 15.08 13.25 16.90 15.91 14.00 17.81 13.91 12.33 15.50 11.97 10.56 13.37 18.17 15.82 20.52
SeViLA [77]+ReferFormer 20.37 18.99 21.75 21.29 19.86 22.72 18.27 17.06 19.48 17.56 16.37 18.75 24.01 22.35 25.66
SeViLA [77]+SgMg 22.34 20.92 23.75 21.60 20.17 23.02 21.68 20.47 22.89 20.46 19.32 21.61 24.53 22.83 26.22
SeViLA [77]+HTR 21.75 19.85 23.64 22.28 20.42 24.15 20.37 18.60 22.14 19.70 18.03 21.36 24.41 22.11 26.71

MORA (Ours) 23.13 22.79 23.46 21.62 21.46 21.79 22.43 22.03 22.83 26.37 25.87 26.88 22.63 22.30 22.97

Table 3. Motion-Grounded Video Reasoning results on our benchmark. We compare all methods in a zero-shot setting. Darker orange
indicates better performance. Best view in color.

Methods Implict
Reasoning

Temporal
Context

Overall
J&F J F

ReferFormer
✓ ✓ 12.72 11.15 14.29
✗ ✓ 29.58 28.12 31.05
✓ ✗ 8.55 7.69 9.41

SgMg
✓ ✓ 17.49 15.81 19.16
✗ ✓ 30.16 27.86 32.45
✓ ✗ 12.08 11.14 13.01

HTR
✓ ✓ 14.48 12.71 16.24
✗ ✓ 27.83 25.63 30.03
✓ ✗ 10.02 8.95 11.10

Table 4. Dataset diagnostics w.r.t. implicit reasoning and tempo-
ral context.

prevent false activations during frame-wise mask decoding.

In training, we directly initialize our MoRA with a pre-
trained LISA due to its well-leaned text-object alignment.
Further, in order to adapt the model with vision-language
alignment in the video domain, we first pre-train it with the
Ref-YouTubeVOS [75] and MeViS [13] dataset (we con-
vert the original text annotation into QA formats to force
MORA to follow the instructions) for 20 epochs without the
temporal localization module, which could be used for zero-
shot evaluation. Further, we finetune MoRA, equipped with
the localization module, with the training split of GROUND-
MORE for another 20 epochs.

4.3. Evaluation and Analysis

Metrics. Following prior works [13, 30, 57], we use the
popular metrics: Jaccard index (J ) [25] and F-measure
(F) [12]. J estimates the IoU of the predicted and the
GT masks, F indicates contour accuracy. We also report
J&F to reflect overall performance. We evaluate models
on GROUNDMORE across question types, revealing their
grounding and reasoning ability from different aspects.

Baseline Comparisons. As shown in Table 3, we first
replace the questions with the titles of the correspond-
ing YouTube videos and run as an RVOS task with noisy
text labels using ReferFormer [72] as the random base-
line. Compared with the random baselines, RVOS models
achieve reasonable improvements, especially LMPM [13],
which is also trained by MeViS [13] data that contains more
motion-related data than simple referring VOS datasets [30,
57]. Surprisingly, image reasoning segmentation base-
lines [33, 87], with strong LLM, are lower than RVOS mod-
els. The reason could be the lack of temporal modeling in
those image-level models, which makes it hard to propa-
gate target object information across frames. For PG-Video-
LLaVA [50], though it is a video reasoning segmentation/-
grounding model, the performance is not even higher than
the best RVOS model. A potential reason could be that it
tends to ground all salient objects given the scene descrip-
tion due to the redundant response of its video LLM [46],

8631



Methods Overall Causal Sequential Counterfactual Descriptive
J&F J F J&F J F J&F J F J&F J F J&F J F

MORA-zs 23.13 22.79 23.46 21.62 21.46 21.79 22.43 22.03 22.83 26.37 25.87 26.88 22.63 22.30 22.97
MoRA-ft w/o loc. 25.62 25.72 25.57 26.25 25.73 26.77 24.66 25.38 23.93 24.34 24.34 24.34 28.44 28.68 28.20
MoRA-ft 27.15 27.40 26.90 27.42 26.89 27.95 26.07 27.24 24.91 25.56 25.28 25.85 29.55 30.18 28.91

Table 5. Ablation studies of the localization branch in MORA. zs: zero-shot, ft: fine-tuned.

resulting in more false positives. Besides, VISA [76], the
latest model for video reasoning segmentation, does not
perform well on our benchmark. A likely reason for this
is that its frame sampling strategy fails to effectively tar-
get keyframes, as the ground truth occupies only part of
the temporal span, which results in terrible error accumu-
lations in their mask propagation process. In contrast, two-
stage baselines [37, 41, 77] show generally stronger results
on GROUNDMORE, particularly SeViLA [77], likely due
to their enhanced reasoning capabilities, which yield more
accurate object responses. More details on the video-LLMs
used in two-stage baselines are in the Supplementary.

For different question types, we can also observe that in
Causal and Descriptive questions, two-stage baselines built
upon ViLA and SeViLA perform better than MORA, we
hypothesize that ViLA and SeViLA maintain their strong
reasoning ability in these two types of questions when not
trained with an additional grounding module; while in the
temporal-related questions (i.e., Sequential and Counterfac-
tual), the temporal head in our MORA makes a difference.

Conclusively, our MORA achieves new state-of-the-art,
outperforming the best existing video reasoning grounding
model (PG-Video-LLaVA) by an average of 11.28. The
reasons could be two-fold: (1) the language model in PG-
Video-LLaVA provides ambiguous response for its ground-
ing modules while the [SEG] token in MORA is trained
end-to-end, conveying more informative features of target
objects; (2) PG-Video-LLaVA, as well as other baselines,
does not include any temporal localization design while our
MORA is supervised by motion timestamps via [LOC] to-
kens, leading to accurate temporal estimation.

However, the design of our MORA is still basic and
there is substantial room for future improvements in both
model training and model design. For instance, the LLaVA
could be replaced with better LLMs which are trained with
more motion-sensitive language corpus to enhance visual-
language alignment in dynamic scenes; the spatiotemporal
pooling, though efficient, could inevitably cause informa-
tion loss; and better time-sensitive modeling could also re-
place the simple temporal localization head.
Dataset Diagnosis. In order to showcase that our
GROUNDMORE indeed introduces challenges mentioned in
Sec. 3.1, we diagnose GROUNDMORE from two aspects,
implicit reasoning and temporal context. We examine im-
plicit reasoning by comparing the evaluation metrics be-
tween the original setting and replacing questions with the
ground truth answer, which could be viewed as referring

spatiotemporal video segmentation. As shown in Table 4,
providing GT answers could largely alleviate the difficulty
of the task, resulting in an average of 14.29 improvement in
J&F . For temporal context diagnosis, we simply leverage
the temporal annotation of the spatiotemporal masks to seg-
ment the original clip and input these motion-heavy clips
into the models. As shown in Table 4, comparing the first
row and the third row for each model, we could observe a
sharp degradation of 4.68 in J&F , which is solid evidence
of the importance of the temporal context. More results of
the data diagnostics can be found in Supplementary.

Temporal Localization Branch. For the ablation study, we
further fine-tuned our MoRA model with and without the
temporal localization branch, as shown in Table 5. Incor-
porating this branch leads to a 6.0% relative improvement,
with consistent gains across all question types, underscor-
ing the significance of the temporal localization module.
Notably, even without the localization branch, fine-tuning
yields substantial improvements, particularly for Causal
and Descriptive questions, while the improvement for Se-
quential questions is modest. In the case of Counterfactual
questions, however, there is a performance decline, suggest-
ing that the lack of temporal awareness may limit the bene-
fits of additional data for these specific question types.

5. Conclusion

In this paper, we propose a new video task called Motion-
Grounded Video Reasoning for comprehensive motion
understanding. We consider motion as a combination of
its spatiotemporal contexts and design QA to force models
to understand implicit textual input and thus reason about
the motion-related objects. Further, we point out that due
to the spatiotemporal nature of motion, solely output text
answers could be vague, which cannot directly illustrate
when and where a specific motion takes place. Considering
this, we design to output spatiotemporal masks of motion-
related objects, which is a direct and explainable way to
address the issue. To meet the evaluation requirement, we
also collect a large-scale dataset called GROUNDMORE,
which includes 4 types of questions that could evaluate
different aspects of motion reasoning abilities. Finally,
our simple baseline, MORA, achieved reasonable per-
formance on the new dataset, but suggests there is still
much to explore for motion reasoning and understanding.
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