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Abstract

Human reasoning about video content typically follows a
sequential process: establishing a spatio-temporal (“when-
where”) context before inferring “what” occurs. In con-
trast, current Video Large Language Models (Video-LLMs)
often reverse this order, performing well on what-based
video question answering while struggling with the preced-
ing when and where grounding steps. Existing benchmarks
mostly focus on “what” object or event presence, over-
looking deeper relational and spatio-temporal reasoning.
To address this gap, we propose a Video Spatio-Temporal
Reasoning (V-STaR) benchmark, designed to evaluate how
Video-LLMs integrate explicit temporal and spatial cues in
reasoning. The benchmark is built upon a Reverse Spatio-
Temporal Reasoning (RSTR) mechanism that enforces a
human-like Chain-of-Thought by decomposing video under-
standing into a coarse-to-fine series of interrelated ques-
tions about the same event. To support this evaluation, we
construct a dataset using a semi-automated GPT-4-based
pipeline that generates CoT-style spatio-temporal reason-
ing questions. Comprehensive evaluations of 16 state-
of-the-art Video-LLMs on V-STaR reveal significant gaps
in their ability to reason about “when-where” to “what”
events occur. Our analysis uncovers three key insights: (1)
models often rely on static representations instead of un-
derstanding dynamic processes; (2) there is a gap between
implicit knowledge and explicit reasoning; and (3) seman-
tic biases dominate the models’ predictions. These findings
highlight current limitations and point toward the need for
more robust and interpretable video reasoning models.

1. Introduction
Human video comprehension is a flexible sequential spatio-
temporal reasoning process. As illustrated in Fig. 1, cog-
nitive studies [18, 32] suggest that humans tend to reason
by first constructing a coherent understanding of where and
when events occur before inferring what happens. In other
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Thinking: I first scan the timeline and
notice that the phone appears around 24s
and disappears near 49s, so that’s the time
window I need to focus on. Then I look
closer at the scene and see there are two
people, but it’s the boy on the left who is
holding the cellphone.

Conclusion: A boy holds the cellphone.

t_IoU:0.44

A boy holds the cellphone.

v_IoU:0.18

[00:00, 00:56]

“0”:[114,37,375,254], …, “56” :[114,37,375,254] 

24s 49s0s 56s

Q: Who holds the cellphone?

Thinking: I first look at the scene and
notice there are two people. I follow their
movements across the whole video,
paying attention to what each person does.
I then notice that between 24s and 29s,
it’s the boy on the left who is holding
the cellphone.

Conclusion: A boy holds the cellphone.

Q: Who holds the cellphone?

Q: When is the moment “a boy holds a cellphone”?

Q: Where is the boy holding a cellphone?

(a) human reasoning starting from time to space. (b) human reasoning starting from space to time.

(c) Video-LLMs' reasoning predicts what without establishing where/when.

Figure 1. Difference between human flexible spatio-temporal rea-
soning and Video-LLM Limitations. (a) and (b) illustrate that
human reasoning flexibly establishes “When/Where” context un-
derstanding as a necessary foundation to infer “What”. In con-
trast, (c) shows that current Video-LLMs often correctly pre-
dict “What” without establishing the spatio-temporal reasoning
“When/Where” steps. This motivates our benchmark’s design to
explicitly evaluate this gap and to analyze how models integrate
explicit spatio-temporal cues in reasoning.

words, a stable spatio–temporal context serves as the foun-
dation for higher-level semantic reasoning. This structured
“where/when→what” process aligns with human intuition,
yet current multimodal models often exhibit the opposite
pattern: they can describe what occurs reasonably well, but
struggle to localise where and when it happens. Such be-
haviour contradicts the expected reasoning order and raises
a fundamental question: how do models actually understand
spatio-temporal relations?

While this discrepancy highlights a fundamental gap be-
tween human and model reasoning, current video bench-
marks seldom examine how models build spatio-temporal
understanding. As shown in Tab. 1, most benchmarks fo-
cus on isolated aspects of what, when, or where, without
evaluating their interdependence. This fragmented design
obscures how models actually integrate spatial and tempo-



Benchmark
VQA with Grounding CoT

Questions Tasks
VQA Temporal Spatial

MVBench [20] ✓ - - - MCQ
VideoMME [8] ✓ - - - MCQ
LongVideoBench [35] ✓ - - - MCQ
HourVideo [3] ✓ - - - MCQ
MMBench-Video [6] ✓ - - - Open-ended
QAEgo4D [2] ✓ ✓ - - Open-ended
NeXT-GQA [36] ✓ ✓ - - Open-ended
REXTIME [4] ✓ ✓ - - Open-ended
E.T. Bench [24] ✓ ✓ - - Open-ended
GCG [27] ✓ - ✓ - Open-ended
Perception Test [30] ✓ ✓ ✓ - Open-ended
VideoVista [21] ✓ ✓ ✓ - MCQ
TVQA+ [17] ✓ ✓ ✓ - Open-ended

V-STaR (Ours) ✓ ✓ ✓ ✓ Open-ended

Table 1. Comparison of spatio-temporal understanding bench-
marks. “VQA with Grounding” columns indicate whether each
dataset involves visual question answering with temporal or spa-
tial grounding requirements as spatio-temporal reasoning process.

Figure 2. Comparison of end-to-end and error-isolated evaluation.
Error-isolated evaluation provides a clearer measure of each rea-
soning step by preventing early errors from propagating, revealing
latent spatio-temporal understanding hidden in end-to-end results.

ral cues, leaving unclear whether Video-LLMs genuinely
ground their reasoning in coherent spatio-temporal relations
or rely on superficial correlations. To address this gap,
we propose a new benchmark that jointly evaluates video
spatio-temporal reasoning, offering deeper insight into how
Video-LLMs perceive spatio-temporal context as the foun-
dation for reasoning.

In this work, we introduce Video Spatio-Temporal
Reasoning (V-STaR), a benchmark for explicitly eval-
uating the spatio-temporal reasoning ability of Video-
LLMs. V-STaR has two key components. First, the
Reverse Spatio-Temporal Reasoning (RSTR) task system-
atically decomposes a model’s reasoning process. Un-
like how human reasoning, RSTR uses reverse CoT paths
(“what–when–where” and “what–where–when”), starting
from the model’s strength in what-based VQA and tracing
back temporal and spatial evidence. Specifically, as shown
in Fig. 2, end-to-end evaluation suffers from severe error

accumulation. Early mistakes cascade through the chain.
As a result, later failures become hard to interpret, since it
is unclear whether they reflect weak reasoning or merely
propagated errors. To address this, we employ an error-
isolated evaluation, where each step receives ground-truth
inputs from the previous one, preventing error propagation
and enabling a clearer assessment of the model’s intrinsic
spatio-temporal reasoning. Second, we construct a fine-
grained reasoning dataset using a semi-automated GPT-4-
powered pipeline that generates structured CoT tasks for
both RSTR paths. Each reasoning chain explicitly mim-
ics human cognitive logic and is annotated with custom
tags (e.g., <think></think>) to guide the model’s rea-
soning process. Finally, we propose the Logarithmic Geo-
metric Mean (LGM) metric to provide a unified assessment
across all reasoning steps. Comprehensive experiments on
16 state-of-the-art Video-LLMs reveal that their reasoning
relies on static cues, translates poorly into explicit spatio-
temporal logic, and is strongly influenced by semantic bias,
often resulting in plausible yet weakly grounded predic-
tions. Our contributions are summarized as follows:
• We introduce V-STaR, the first benchmark explicitly de-

signed to evaluate the human-like spatio-temporal reason-
ing ability of state-of-the-art Video-LLMs.

• We propose the Reverse Spatio-Temporal Reasoning
(RSTR) task with a step-wise error-isolated evaluation
and a Logarithmic Geometric Mean (LGM) metric, en-
abling systematic and interpretable assessment across
coarse-to-fine reasoning steps.

• Extensive experiments on 16 Video-LLMs reveal that
they rely on static cues, struggle to convert implicit un-
derstanding into explicit spatio-temporal reasoning, and
are strongly influenced by semantic bias, often producing
plausible yet weakly grounded predictions.

2. Related Works
Spatio-temporal understanding in Video-LLMs. Video-
LLMs [11, 13, 19, 31, 34, 39, 43] have made rapid progress
in video understanding, enabling them to answer a di-
verse range of questions about videos, e.g. framed as
video question answering (VQA) problems. Many open-
source Video-LLMs demonstrate competitive results to the
proprietary commercial models, e.g., GPT-4o [29] and
Gemini-2-Flash [10], across multiple Video-LLM Bench-
marks [6, 8, 35]. Recent studies have explored the abil-
ity of Video-LLMs in video temporal and spatial under-
standing. TimeChat [31], VTimeLLM [31], and Trace [11]
were among the first to develop specialized models for
video temporal grounding, which involves localizing event
timestamps in a video given a text description. Addition-
ally, general-purpose models, such as Qwen2.5-VL [1] and
VideoLlama3 [40], also exhibit strong temporal grounding
capability in video, achieving comparable performance of



Source
Datasets

Temporal Label

Spatial Label

Question-Answer Pair

GPT-4-Turbo

Manual Checking
& Refining

V-STaR

Auto Filtering

RSTR Questions
in CoT-style Chain

Spatio-temporal
reasoning Chain

Filter Criteria
• Videos too short (<15 seconds)
• Moments with large ratios of duration (>50%)
• Spatio-temporal labels are inconsistent to questions

Filtered
Data

“When” Questions

Spatio-temporal
reasoning Chain

“Where” Questions
Consistent Spatio-
temporal Labels

Checking Criteria
• Correct sequential logic in questions
• Consistency of questions to labels

Q:“What does Leonard look at when he
talks to his friends?” A:“His laptop.”

<timestamps>: [0, 7.83]

<bboxes>: {0:[…], …,7:[…]}

…

<think>1…2…3…<think>

Q:“When does Leonard look at his 
laptop while talking to his friends?”

Q:“Where is the laptop that Leonard 
looks at while talking to his friends
during the time in <timestamps> ?”

Figure 3. A semi-automated data construction pipeline of V-STaR: GPT-4-Turbo generates a spatio-temporal reasoning CoT chain to answer
VQA questions, along with a set of RSTR questions. The RSTR questions are error-isolated temporal or spatial grounding challenges,
decomposed from the CoT reasoning chain, designed to evaluate the model’s spatio-temporal reasoning capabilities. Labels are human-
annotated from sources and only leveraged to generate CoT-style questions in GPT-4-Turbo.

classic models [41, 42] on temporal grounding datasets [9,
15]. While certain Video-LLMs [1, 34, 40] claim to sup-
port object detection [22] and referring expression compre-
hension [38] on image inputs, their video spatial ground-
ing capabilities remain largely unexplored. [26] first intro-
duces spatial grounding to Video-LLMs, later extended to
video segmentation [27, 37, 39]. However, most existing
Video-LLMs evaluate their performance on VQA, temporal
grounding, and spatial grounding tasks separately, without
validating their ability for spatio-temporal reasoning. It is
unclear whether Video-LLMs correctly understand and use
spatio-temporal information in video reasoning.

Video-LLM Benchmarks. Recently, numerous bench-
marks have been proposed to evaluate the general video
understanding and reasoning capabilities of Video-LLMs.
These benchmarks span a diverse range of tasks [20, 21,
23], types [6, 8, 33] and durations [3, 35, 45]. However,
they primarily focus on Video Question Answering (VQA),
essentially addressing the “what” question in videos while
overlooking whether a model correctly understands and
leverages spatio-temporal context in their reasoning pro-
cess. To bridge this gap, some studies [4, 27, 36] have begun
incorporating temporal or spatial grounding to validate the
reasoning pathways of Video-LLMs. TVQA [16] proposed
Grounded Video Question Answering (GVQA), requiring
models to answer not only multiple-choice questions but
also temporal grounded evidence in TV series videos. Ex-
panding upon GVQA, benchmarks such as QAEgo4D [2],
Next-GQA [36], and ReXTime [4] have extended these
tasks to ego-centric videos, real-world videos, and com-

plex reasoning questions. Grounded Conversation Gen-
eration (GCG) [27] was designed to challenge models in
reasoning and identifying specific objects for segmentation
in videos. VidSTG [44] further integrated spatio-temporal
grounding with interrogative queries to reason the referred
object in videos. TVQA+ [17] then introduced spatio-
temporal grounding for VQA, but treated it as three inde-
pendent sub-tasks, without investigating how models utilize
temporal and spatial relationships in their reasoning pro-
cess. Building on these works, our benchmark introduces
CoT reasoning and employs temporal and spatial grounding
as a structured reasoning chain, aiming to explicitly investi-
gate the spatio-temporal reasoning abilities of Video-LLMs,
providing a more comprehensive evaluation framework for
reliable and trustworthy Video-LLMs in the future.

3. V-STaR Benchmark
In this section, we first define the Reverse Spatio-Temporal
Reasoning (RSTR) task for evaluating the spatio-temporal
reasoning capabilities of Video-LLMs. Then, we introduce
a semi-automatic pipeline using GPT-4 [28], to generate
coarse-to-fine RSTR questions to construct the dataset.

3.1. Task Definition
Most existing benchmarks [3, 6, 8, 20, 35] require mod-
els to directly answer complex reasoning problems, often
without revealing their underlying reasoning process. Due
to pre-trained co-occurrence biases, models may rely on
prior knowledge rather than truly reasoning over the video,
leading to inconsistencies such as hallucinations [12] in



Reasoning Chain: “<think> 1. Identify Key Entities in the Question:…, 2. Temporal Analysis – Tracking Leonard’s Behaviour Over Time:…, 3. Spatial Analysis – Identifying Objects in 
Leonard’s Field of View:…, 4: Cross-Verifying Visual and Formulate the Answer <think>”

Question: “What does Leonard look at when he talks to his friends?”

RSTR Chains:

What
When

Where

Where

When
Q:“What does Leonard look at when he talks to 
his friends?”
GT: <answer>

Q:“When does Leonard look at his 
laptop while talking to his friends?”
GT: <timestamps>

Q:“ Where is the laptop that Leonard 
looks at while talking to his friends?”
GT: <bboxes>

Q:“Where is the laptop that Leonard looks at 
while talking to his friends during the time in
<timestamps> ?” GT: <bboxes>

Q:“With the <bboxes> without time provided,
when does Leonard look at his laptop while 
talking to his friends?” GT: <timestamps>

GT: <answer> “His laptop.” , <timestamps> [0, 7.83] , <bboxes> {0:[142,221,421,360], 2:[335,192,446,280],…}

🔍

🕘

📍

📍

🕘

Chain 1

Chain 2

Figure 4. An example illustrating the construction of CoT questions. Each sample contains a thinking chain and two RSTR question
chains: “what-when-where” and “what-where-when”.

the wrong time or place. To better assess the reasoning
ability, we propose the Reverse Spatio-Temporal Reason-
ing (RSTR) task, based on three fundamental elements:
“what”, “when”, and “where”. RSTR is inspired by how
humans typically reason [32]: beginning with identifying
relevant moments (“when”), then locating the key objects
and their interactions (“where”), and finally answering the
“what” question. To evaluate this, we adopt a Reverse
Coarse-to-Fine CoT strategy: the model is first prompted
to answer the “what” question, and then, based on that an-
swer, a coarse-to-fine reasoning chain following the order
“what-when-where” evaluates the model’s spatio-temporal
reasoning capability in a coarse-to-fine manner. Given the
observation in Fig. 1, we also design a parallel chain in the
order “what-where-when” to examine how different logical
sequences impact the final results. Our RSTR task not only
evaluates the model’s spatio-temporal reasoning ability, but
also quantifies the influence of various logical sequences.

3.2. Dataset Construction

A challenge in constructing this new dataset is to obtain
videos with precise, coarse-to-fine CoT questions. To ease
the burden of manual annotation, we exploited a hybrid
approach that adapts annotated data from existing datasets
while incorporating a semi-automated annotation pipeline.
This approach consists of three stages: data collection,
pipeline construction, and metric design.
Data Collection. We collected videos from datasets that of-
fer spatial and temporal grounding. We used VidSTG [44],
TVQA+ [17], and GOT-10K [14] datasets. VidSTG pro-
vides spatio-temporal grounding. TVQA+ offers tempo-
ral grounding for certain objects through question-answer
pairs. GOT-10k gives spatial grounding details. However,
these datasets do not include CoT reasoning chains, and
their video durations are mostly in 0-3 minutes. Such rather
short video durations are much narrower than what is seen
in real-world scenarios. To ensure a diverse range of video

durations, we started with the GOT-10k dataset because it
has complete spatial grounding information. We then col-
lected additional videos from YouTube that range from 3
minutes to 1 hour. Selected GOT videos were randomly in-
serted into various points within these videos. It ensures the
final dataset is diverse in both duration and content, with
the temporal labels marking where the GOT videos were
inserted.

Pipeline Construction. While we collected a diverse set
of videos with complete spatio-temporal labels, we aim
to evaluate the model’s spatio-temporal reasoning ability
in a fine-grained manner. To achieve this, we leveraged
GPT-4-Turbo [28] to construct a semi-automated pipeline
for generating CoT reasoning chains and questions with a
coarse-to-fine granularity. Specifically, as shown in Fig. 3,
we first automatically filter out samples with short videos
or overly large moment-to-video ratios, ensuring the ques-
tions remain sufficiently challenging. Next, we input the
video question, answer, and corresponding temporal and
spatial annotations into GPT-4-Turbo to generate a spatio-
temporal reasoning chain for the question. The chain is
then decomposed into two error-isolated fine-grained sub-
questions focusing on temporal and spatial localization to
evaluate whether the model’s spatial and temporal reason-
ing is correct. Finally, two expert annotators manually re-
view and refine the generated questions to ensure logical
consistency and alignment with the video content. Impor-
tantly, all labels are human-annotated; GPT-4-Turbo is only
used to generate questions with valid CoT-style and reason-
ing chains. The labels in the chains are directly adopted or
transformed to fit our tasks.

Furthermore, to comprehensively investigate how a
model leverages temporal and spatial cues during reason-
ing, we formulate the generated questions into two RSTR
task chains: “what-when-where” and “what-where-when”.
In each reasoning chain, the subsequent question incorpo-
rates the ground truth of the previous question. For in-



stance, in the “what-when-where” chain, the “when” ques-
tion contains the ground truth of the “what” question, and
the “where” question includes the ground truths of both
the “when” and “what” questions. This design prevents
the model from making errors in earlier reasoning steps
and propagating to the final result, allowing for an error-
isolated and fairer evaluation of temporal and spatial rea-
soning. Ultimately, each sample is associated with one
spatio-temporal CoT reasoning chain and two RSTR task
chains.
Metric Design. To evaluate the model’s spatio-temporal
reasoning ability, we have decomposed the task into
fine-grained CoT reasoning questions, each targeting the
“what”, “when”, or “where” aspect. These are individ-
ually assessed using accuracy (Acc), mean temporal IoU
(m tIoU ), and mean visual IoU(m vIoU ). While this
setup measures performance on each aspect, it overlooks
the logical connections between them. Therefore, a uni-
fied metric is needed to better reflect the model’s over-
all spatio-temporal reasoning ability. To overcome this
problem, we propose evaluating the model’s overall per-
formance across these three questions using the Arithmetic
Mean (AM) (Eq. 1) and a modified logarithmic Geometric
Mean (LGM) (Eq. 3). Specifically, AM is given as:

AM =
1

3
(Acc +m tIoU +m vIoU), (1)

while AM effectively assesses the model’s overall perfor-
mance across different metrics, it is susceptible to extreme
values. To mitigate this issue, we employ the Geometric
Mean (GM) to evaluate model performance:

GM = (Acc ×m tIoU ×m vIoU)
1
3 , (2)

However, when any of the metrics is zero, GM will become
zero, which fails to reflect the contribution of the remaining
metrics. To alleviate it, we transform GM into a logarithmic
GM (LGM) as follows:

LGM = −1

3

{
ln
(
1− Acc + ϵ

)
+ ln

(
1−m tIoU + ϵ

)
+ ln

(
1−m vIoU + ϵ

)}
,

(3)

where ϵ is a small constant to prevent ln(0) when any met-
ric reaches 1. Eq.3 maps the metric range from 0 to pos-
itive infinity and ensures higher performance corresponds
to a higher LGM score. Since the logarithm transforma-
tion results in values that are typically small in magnitude,
we multiply LGM by a linear scaling factor of 100 to en-
sure numerical clarity, allowing finer distinctions between
different methods while preserving relative ranking.

Moreover, when the same questions appear in different
CoT chains, the order in which they occur can lead to sig-

nificant variations in the results. To assess the overall per-
formance of the model across different chains, we propose
the mean AM (mAM) and mean LGM (mLGM) as follows:

mAM =
1

n

n∑
k=1

AMk, mLGM =
1

n

n∑
k=1

LGMk. (4)

where n denotes the number of different chains. The mAM
and mLGM effectively evaluate the combined impact of the
various chains on the model’s performance.

3.3. Dataset Statistics
Here, we present detailed statistics of our dataset, including
video information, meta information, qualitative analyses,
and comparisons with previous works.
Video Information. Our dataset comprises 2094 videos to-
talling 64.12 hours of footage. As shown in Fig.5(a), to
ensure the inclusion of varied video genres, we categorized
the videos into 9 domains: Entertainment, Daily Life, In-
door, Sports, Animals, Vehicles, Nature, Shows, and Tu-
torial. The length distribution of the videos, illustrated in
Fig.5(b), demonstrates considerable diversity. The videos
range in length from 15.02 seconds to 59.2 minutes with av-
erage 110.23 seconds, satisfying the requirement for diverse
video lengths and better reflecting real-world scenarios.
Meta Information. To evaluate dataset completeness, we
analyzed the meta-information annotations. Each video is
accompanied by temporal moment annotations, with an av-
erage duration of 9.06 seconds and individual durations
ranging from 1.7 seconds to 47 seconds. These temporal
moments account for an average of 19.3% of the total video
duration, ensuring a reasonable level of difficulty for the
temporal grounding subtask. For the spatial grounding sub-
task, we annotated 342 objects with a total of 16,793 bound-
ing boxes, covering approximately 19.8% of the video res-
olution. This proportion is similar to that of the temporal
grounding, ensuring consistent challenge levels across both
tasks. Additionally, we visualized the object categories with
a word cloud (Fig.5(c)), demonstrating that our questions
robustly capture a wide diversity of objects. Tab.2 provides
further detailed statistics.
Qualitative analyses. Fig. 4 shows an example from our V-
STaR benchmark. It contains one spatio-temporal CoT rea-
soning thinking chain and two RSTR task chains. For each
RSTR task chain, the CoT evaluation starts with a coarse-
grained question about “what” in the video. In the “what-
when-where” chain, the subsequent “when” question incor-
porates the answer of ‘‘what” and its answer is included in
the “where” question. In the other chain, the subsequent
“where” question contains the answer of “what” and the
bounding boxes answer of “where” will be provided with-
out time information in the “when” question.
Comparisons with previous benchmarks. Tab. 1 com-
pares V-STaR with existing benchmarks. Most existing



Entertainment Daily Life Indoor Sports Animals Vehicles Nature Shows Tutorial Overall
Avg Length(s) 104.60 88.21 45.24 128.00 38.07 42.16 44.19 258.14 1512.05 110.23
Avg Moment(s) 9.32 8.68 10.40 6.99 8.10 7.70 8.96 10.71 10.45 9.06
Avg M/L Ratio(%) 15.16 20.29 22.98 20.76 21.30 20.01 20.49 18.34 2.02 19.32
Num of BBox 2097 4351 4621 1409 1471 806 789 840 409 16793
Num of Objects 255 38 29 37 26 16 12 18 29 342

Table 2. Statistical comparison of different domains.

(a) Video Domain Distribution (b) Video Length Distribution (c) Object Word Cloud
Figure 5. Dataset statistics of video domain and length, and visualization of objects in video.

datasets focus only on “what” question in VQA [3, 6, 8,
20, 23, 33, 35], lacking evaluation of spatio-temporal rea-
soning. Some partially cover on “when” [2, 4, 16, 24, 36]
or “where” [27], without complete spatio-temporal reason-
ing chain. [17, 21, 30] covered all, but they ignored their
inner spatio-temporal reasoning relationship. Instead, our
V-STaR provides two CoT question chains for each sam-
ple to reveal the spatio-temporal reasoning ability of Video-
LLMs.

4. Experiments

4.1. Setting and Metrics

Implementation Details. We tested 16 Video-LLMs, in-
volving 2 commercial models GPT-4o [29] and Gemini-
2-Flash [10], and 14 open-source models. The
open-source models include (i) 10 generic models:
Video-LLaMA3 [40], Qwen2.5-VL(7B/32B) [1], Qwen2-
VL [34], InternVL-2.5(7B/32B) [5], LLaVA-Video [43],
VideoChat2 [20], Oryx-1.5 [25], and Video-CCAM-
v1.2 [7]); (ii) 3 time-aware models: TimeChat [31],
VTimeLLM [13], and Trace [11]; and (iii) 1 segmentation
model, Sa2VA [39]. We followed their official configura-
tions and sampled the video frames at 1fps for all models. If
a video exceeded the model’s input limitations, we applied
uniform sampling to select the maximum allowable number
of frames. We investigated the models’ spatio-temporal rea-
soning ability using two RSTR task chains: “what-when-
where” and “what-where-when”. Experiments were run on
4 NVIDIA A100 80G GPUs.
Metrics. To evaluate the open-ended “what” question, we
follow MMBench-Video [6] and use Qwen2.5-72B [1] to
score answers from 0 to 3, denoting “entirely incorrect”,
“largely incorrect”, “largely correct”, and “entirely cor-
rect”. Answers scoring above 2 are considered correct, al-
lowing us to compute accuracy. For the “when” question,

(a) mAM across domains (b) mLGM across domains

Figure 6. The performance of each domain.

we follow the commonly used temporal grounding metrics,
“R@n, tIoU=m”, which refers to the percentage of top-n
prediction with temporal IoU score larger than m, and mean
temporal IoU score (m tIoU). For the “where” question, we
follow TVQA+ [17] and VidSTG [44] to use the Average
Precision score (AP@vIoU=m) and mean visual Intersec-
tion over Union (m vIoU) of every annotated frame. We
follow the proposed LGM (Eq.3) and AM (Eq.1) to mea-
sure a model’s spatial-temporal reasoning ability. A higher
LGM indicates a better overall spatio-temporal reasoning
ability of the model, and a higher AM indicates a more av-
erage performance of the model on the three metrics.

4.2. Quantitative Results

We evaluate Video-LLMs under two reasoning chains,
“what-when-where” and “what-where-when”, as sum-
marised in Tab. 3. Each chain measures the model’s abil-
ity to infer event semantics (what), temporal localisation
(when), and spatial grounding (where) in a step-wise man-
ner. To provide a comprehensive understanding, we fur-
ther analyse domain-wise performance (Fig. 6), the effect of
video length (Tab. 4), and joint reasoning consistency across
chains (Tab. 5). The quantitative and qualitative results col-
lectively reveal three central insights into how Video-LLMs
reason about space and time: (i) Static representation sub-



Model Params
What (VQA) Chain 1: What-When-Where Chain 2: What-Where-When

Score Acc Temporal Spatial LGM AM Spatial Temporal LGM AMR1@0.5 m tIoU AP@0.5 m vIoU AP@0.5 m vIoU R1@0.5 m tIoU
GPT-4o [29] - 1.71 60.78 10.35 16.67 2.75 6.47 39.51 27.97 1.19 3.01 10.04 12.82 36.79 25.53
Gemini-2-Flash [10] - 1.59 53.01 15.84 24.54 0.93 4.63 36.14 27.39 0.58 2.21 15.22 23.83 34.99 26.35
Video-LLaMA3 [40] 7B 1.38 41.94 19.80 22.97 0.11 0.89 27.12 21.93 0.02 0.19 20.42 23.14 26.96 21.76
Qwen2.5-VL [1] 7B 1.61 54.53 8.92 11.48 8.36 13.59 35.20 26.53 1.40 2.00 5.39 7.61 29.58 21.38
Qwen2.5-VL [1] 32B 1.65 59.26 7.07 9.90 7.63 11.91 37.64 27.03 2.58 3.51 4.01 6.28 33.29 23.02
Qwen2-VL [34] 7B 1.03 25.91 17.94 19.18 3.89 9.31 20.35 18.13 1.14 2.41 16.32 17.52 17.23 15.28
InternVL-2.5 [5] 8B 1.46 44.18 4.87 8.72 0.04 0.65 22.69 17.85 0.00 0.14 3.77 7.75 27.15 17.36
InternVL-2.5 [5] 38B 1.48 48.14 8.26 15.67 1.73 6.22 29.71 23.34 0.32 1.34 9.41 17.49 28.74 22.32
Llava-Video [43] 7B 1.50 49.48 6.30 10.52 0.18 1.92 27.11 20.64 0.25 1.31 5.49 12.21 27.54 21.00
VideoChat2 [20] 7B 1.27 36.21 13.07 13.69 0.14 2.51 20.74 17.47 0.30 0.97 12.07 12.50 19.77 16.56
Oryx-1.5 [25] 7B 0.94 20.47 4.48 13.54 2.17 10.14 16.05 14.72 0.96 3.50 5.58 14.81 14.16 12.93
Video-CCAM-v1.2 [7] 7B 1.75 59.35 0.00 1.50 - - 30.51 20.28 - - 0.00 2.26 30.88 20.54
TimeChat [31] 7B 1.06 26.38 8.68 12.01 - - 14.47 12.80 - - 8.54 13.60 15.08 13.33
VTimeLLM [13] 7B 1.45 41.46 10.88 17.13 0.03 0.21 24.18 19.60 0.00 0.00 4.53 5.96 19.90 15.81
TRACE [11] 7B 0.90 17.60 14.17 19.74 - - 13.78 12.45 - - 12.02 17.11 12.71 11.57
Sa2VA [39] 8B 0.70 16.36 0.00 0.11 34.18 32.31 19.00 16.26 40.42 37.48 0.00 0.00 21.61 17.95

Table 3. Performance Comparison of Video-LLMs Across Two Reverse Spatio-Temporal Reasoning (RSTR) Chains. The top result is
highlighted in bold, while the second is underlined. “-” denotes a model that failed to generate formatted answers. The score ranges from
0 to 3, showing the quality of the model’s open-ended answer.

Model Short Medium Long All
mAM mLGM mAM mLGM mAM mLGM mAM mLGM

GPT-4o [29] 27.49 38.56 26.96 40.58 14.86 19.28 26.75 38.15
Gemini-2-Flash [10] 24.97 32.07 28.99 40.35 37.81 56.14 26.87 35.57
Video-LLaMA3 [40] 21.68 26.62 21.84 27.23 22.46 28.83 21.66 27.04
Qwen2.5-VL [1] 25.51 34.84 23.67 32.87 2.20 2.27 23.96 32.39
Qwen2-VL [34] 15.78 17.50 18.47 21.22 14.09 17.53 16.71 18.79
InternVL-2.5 [5] 17.94 22.90 17.94 23.06 9.58 11.19 17.60 24.92
Llava-Video [43] 22.37 30.23 18.28 22.77 18.23 25.23 20.82 27.33
VideoChat2 [20] 17.57 21.02 17.20 20.50 5.28 5.64 17.02 20.26
Oryx-1.5 [25] 13.17 14.25 14.83 16.46 11.89 13.99 15.11 13.83
Video-CCAM-v1.2 [7] 21.66 34.09 19.62 28.36 12.61 15.80 20.41 30.70
TimeChat [31] 13.70 15.56 13.22 15.06 3.24 3.37 13.07 14.78
VTimeLLM [13] 18.31 23.19 18.15 22.44 5.52 5.89 17.71 22.04
TRACE [11] 11.77 12.96 12.49 13.87 13.59 15.30 12.01 13.25
Sa2VA [39] 18.14 22.01 16.32 18.92 8.85 9.70 17.11 20.31

Table 4. Performance on different video lengths. “Short”,
“Medium” and “Long” denote durations of [0, 1] min, (1, 3] min,
and (3, 60] min, respectively. The top result is in bold, and the
second is underlined.

stitutes dynamic understanding, (ii) Implicit understanding
vs. explicit reasoning gap, and (iii) Semantic bias dominates
reasoning.
(1) Static representation substitutes dynamic under-
standing. Tab. 3 presents the results of the “what-when-
where” chain, where models sequentially answer semantic,
temporal, and spatial questions. While GPT-4o, Gemini-
2-Flash, and Qwen2.5-VL-32B achieve the highest over-
all scores, all models exhibit a sharp decline from “what”
prediction to temporal and spatial grounding, with m tIoU
and m vIoU remaining below 20%. This suggests that
current Video-LLMs depend largely on static appearance
matching rather than dynamic motion reasoning. In open-
source models, Video-LLaMA3-7B performs most consis-
tently, while Qwen2.5-VL-7B balances moderate perfor-
mance across all three sub-tasks. Moreover, as shown in
Tab. 4, reasoning performance further deteriorates as video
duration increases: GPT-4o performs well on short clips

but drops notably on long sequences, whereas Gemini-2-
Flash remains more stable, implying hierarchical temporal
encoding benefits. Together, these results indicate that most
Video-LLMs behave as frame-wise captioners, correlating
isolated visual tokens with text rather than modelling causal
transitions or event dynamics. This phenomenon is visually
confirmed in Fig. 7, where models often treat moving ob-
jects as static and fail to maintain motion continuity.

(2) Implicit understanding vs. explicit reasoning gap.
The “what-where-when” chain in Tab. 3 reverses the rea-
soning order to test whether models can explicitly compose
temporal cues after spatial grounding. Most models ex-
perience substantial performance degradation—especially
Qwen2.5-VL-7B, whose spatial IoU drops from 13.6% to
2.0%. This order sensitivity reveals that Video-LLMs pos-
sess certain latent spatio-temporal knowledge but lack a
structured reasoning mechanism to propagate evidence be-
tween steps. Tab. 5 further supports this finding: when
provided with intermediate ground-truth cues, spatial ac-
curacy increases markedly (2.15%→13.59%), showing that
models implicitly encode relational cues but fail to ex-
ternalise them into explicit reasoning chains. The low
joint accuracy for spatio-temporal reasoning (e.g., 4.68%
for Qwen2.5-VL-7B in Chain 1 and 2.24% for Gemini-
2-Flash in Chain 2) underscores this limitation. Hence,
while Video-LLMs contain rich multimodal embeddings,
they still lack explicit reasoning pathways comparable to
human spatio-temporal cognition.

(3) Semantic bias dominates reasoning. Across both
chains, models display strong bias toward semantic priors.
As shown in Tabs. 3, “what” accuracy remains high even
when grounding fails, indicating heavy dependence on lin-
guistic correlations rather than perceptual verification. For



Who holds the bat on the grass?

When is the moment 'an adult holds a bat on the grass’? “Where is the adult holding a bat on the grass?”
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GT: [0.0s, 9.1s] GT: “ 0”:[152,93,414,438], …, “ 9” :[151,93,413,435] 
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With the bbox…provided, when is the moment 'an adult holds a bat on the grass’?
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[0.0, 8.79] [0, 24] [0, 24] [0.0, 4.7]
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t_IoU:0.56 t_IoU:0.45 t_IoU:0.62 t_IoU:0.52
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t_IoU:0.97 t_IoU:0.38

[0, 1]

t_IoU:0.11 t_IoU:0.38 t_IoU:0.52

Figure 7. An example showcasing the performance of five Video-LLMs.

Model Acc|tIoU@0.3 Acc|vIoU@0.1 Acc|tIoU@0.3, vIoU@0.1
Chain 1 Chain 2 |∆| Chain 1 Chain 2 |∆| Chain 1 Chain 2 |∆|

GPT-4o [29] 15.12 11.16 3.96 15.27 7.59 7.68 4.53 3.91 0.62
Gemini-2-Flash [10] 19.70 19.04 0.66 8.68 4.48 4.20 3.48 2.24 1.24
Video-LLaMA3 [40] 15.41 14.89 0.52 1.34 0.19 1.15 0.52 0.05 0.47
Qwen2.5-VL [1] 10.73 7.20 3.53 24.24 4.25 19.99 4.68 1.15 3.53
Qwen2-VL [34] 8.06 6.68 1.38 7.11 2.05 5.06 2.29 1.53 0.76
InternVL-2.5 [5] 5.92 4.77 1.15 0.81 0.19 0.62 0.19 0.05 0.14
Llava-Video [43] 7.92 8.97 1.05 3.05 2.86 0.19 0.67 0.86 0.19
VideoChat-2 [20] 8.78 7.73 1.05 3.34 1.24 2.10 0.29 0.62 0.33
Oryx-1.5 [25] 3.58 3.77 0.19 6.25 2.05 4.20 1.24 0.67 0.57

Table 5. Joint performance evaluation across models. “Chain 1”
and “Chain 2” denote reasoning orders, while |∆| measures the
consistency gap between them.

example, contextual phrases such as “talks to his friends” or
“on the grass” often trigger memorised associations (“lap-
top”, “bat”) that are semantically plausible but visually un-
supported. Domain-wise results in Fig. 6 reinforce this
trend: GPT-4o and Gemini-2-Flash excel in language-rich
contexts (e.g., Animals, Daily Life), but all models degrade
sharply in visually complex or low-prior domains like Tu-
torials. This shows that current Video-LLMs primarily rely
on semantic correlation instead of causal perception, result-
ing in poor generalisation across unseen visual domains.
Qualitative analysis. Fig. 7 visually supports the above
insights through qualitative comparisons of five represen-
tative models. Although all can correctly answer “what”
questions, their spatio-temporal reasoning remains incon-
sistent. In the “what-when-where” chain, Qwen2.5-VL-
7B accurately localises objects but misorders events tem-
porally, whereas InternVL-2.5-8B shows the reverse pat-

tern. GPT-4o, Gemini-2-Flash, and Video-LLaMA3 are rel-
atively balanced but still prone to spatial drift or coarse
temporal boundaries. In the reverse “what-where-when”
chain, performance degrades once temporal cues are miss-
ing—except for Qwen2.5-VL-7B, which retains stable spa-
tial grounding. Across all models, frame-wise process-
ing dominates, causing them to overlook object dynamics
and causal transitions over time. This static-frame percep-
tion visually corroborates the quantitative conclusion that
Video-LLMs rely on correlation rather than coherent tem-
poral reasoning.

5. Conclusion

We present V-STaR, a benchmark for evaluating the spatio-
temporal reasoning ability of Video-LLMs. It introduces
the Reverse Spatio-Temporal Reasoning (RSTR) task with
step-wise error-isolated evaluation and a Logarithmic Ge-
ometric Mean (LGM) metric for fair assessment. Exper-
iments on 16 Video-LLMs show that while models per-
form well at recognizing “what”, they struggle to find
“when/where” cue in the video. We highlight three key in-
sights: (1) static representations substitute for dynamic un-
derstanding, (2) a gap exists between implicit knowledge
and explicit reasoning, and (3) semantic bias dominates
predictions. These findings call for structured CoT train-
ing with explicit spatio-temporal supervision toward more
causal and interpretable Video-LLMs.
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