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Abstract
Video language models (VideoLMs) have made significant
progress in multimodal understanding. However, temporal
understanding, which involves identifying event order, du-
ration, and relationships across time, still remains a core
challenge. Prior works emphasize positional encodings (PEs)
as a key mechanism for encoding temporal structure. Sur-
prisingly, we find that removing or modifying PEs in video
inputs yields minimal degradation in the performance of
temporal understanding. In contrast, reversing the frame se-
quence while preserving the original PEs causes a substan-
tial drop. To explain this behavior, we conduct substantial
analysis experiments to trace how temporal information is
integrated within the model. We uncover a causal informa-
tion pathway: temporal cues are progressively synthesized
through inter-frame attention, aggregated in the final frame,
and subsequently integrated into the query tokens. This emer-
gent mechanism shows that temporal reasoning emerges from
inter-visual token interactions under the constraints of causal
attention, which implicitly encodes temporal structure. Based
on these insights, we propose two efficiency-oriented strate-
gies: staged cross-modal attention and a temporal exit mech-
anism for early token truncation. Experiments on two bench-
marks validate the effectiveness of both approaches.

Code — https://github.com/ANDgate99/Causality-Matters
Extended version — https://arxiv.org/pdf/2508.11576

1 Introduction
Video language models (VideoLMs) (Zhang et al. 2024; Lin
et al. 2023), built upon large language models (LLMs) (Ope-
nAI 2024; Yang et al. 2025), have advanced a wide range
of video understanding tasks, including captioning, ques-
tion answering, and temporal reasoning. Among these chal-
lenges, temporal understanding (Cai et al. 2024; Shangguan
et al. 2025), defined as the ability to recognize and inter-
pret the order, duration, and relationships of events, stands
out as both fundamental and difficult. From causal reasoning
in instructional videos to maintaining narrative coherence in
long-form content, temporal understanding plays a vital role
in enabling intelligent video-language interactions.

In the pursuit of enhancing the temporal understanding
capabilities of VideoLMs (Li et al. 2025; Nguyen et al.
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Figure 1: Temporal information emerges through a causal at-
tention pathway instead of PEs. Reversing position IDs has
little effect, but reversing the frame order while keeping po-
sition IDs aligned with the original order changes the output.

2025), many studies (Liu et al. 2025) have focused on
what is likely the model’s most direct method for model-
ing temporal structures: the positional encodings (PEs). It
is commonly assumed that using a more sophisticated posi-
tional encoding function leads directly to improved tempo-
ral awareness. This belief has spurred a variety of modifi-
cations, from extending PEs to higher dimensions (Bai et al.
2025; Wei et al. 2025) to designing variable-rate formats (Ge
et al. 2024) to better capture temporal information. However,
this intense focus on an explicit signal raises a basic but of-
ten overlooked question: ① To what extent do PEs support
temporal understanding in modern VideoLMs?

To better understand the role of PEs, our analysis be-
gins by iteratively removing them layer by layer and selec-
tively modifying them in the video and query inputs sepa-
rately. The outcome is revealing: PEs have only a marginal
impact on temporal understanding performance beyond the
first layer, and while query PEs play a more significant role,
video input PEs contribute little. These observations raised
a more fundamental question: ② If the model does not pri-
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marily rely on explicit PEs for temporal understanding,
what is the primary source of this capability?

This question motivates a follow-up experiment, where
we evaluate the models on deliberately reversed video input
sequences while preserving PEs. In contrast to the PE abla-
tion, this reversal severely degrades the performance. These
initial findings suggest that VideoLMs are highly sensitive
to the order of video frames, yet do not primarily rely on
explicit PEs to detect it. Building on this, we propose a new
hypothesis: Currently, temporal understanding is not a fixed
attribute extracted from PEs, but an emergent phenomenon
derived from the order-aware processing imposed by causal
masking in attention. More specifically, it emerges from: ③
How the causal attention mechanism permits temporal in-
formation to be generated and to flow from interaction be-
tween tokens across layers.

We examine the hypothesis by tracing the model’s tem-
poral understanding process backward from its final output.
This reveals that the model generates its answer primarily
from the query, rather than directly referencing the video
evidence at the final stage. Tracing this dependency further
upstream, we observe a multi-stage process in the model’s
early and middle layers: raw information is first aggregated
across the video frames, and the resulting representation is
then used to enrich the query’s context. In addition, we val-
idate that this entire information pathway is not merely cor-
relational but genuinely causal, providing direct evidence of
how temporal understanding emerges within the model.

Based on experiments with the advanced Qwen2.5-
VL (Bai et al. 2025) and LLaVA-OneVision (Li et al. 2024),
which represent state-of-the-art VideoLMs, we identify sev-
eral key takeaways about how modern VideoLMs internally
process temporal information, as shown in Figure 1:
① PEs are not the primary source of temporal information

currently, suggesting emphasis may shift from PE design
to how models leverage them during training.

② Temporal information emerges from the causal attention
mechanism’s order-aware structure, highlighting the po-
tential of sequential architectures for temporal modeling.

③ Temporal information is progressively constructed via a
multi-stage causal pathway: it emerges from long-range
inter-video interactions, flows into the query through the
final video frame where it is aggregated, and is then pro-
cessed independently by the query without further con-
tribution from the video input.

Building on these insights, we discuss two potential appli-
cation scenarios: (1) Staged Modality Interaction for Sparse
Attention, which reduces cross-modal interaction to improve
computational efficiency; (2) Temporal Exit for KV Cache
Compression, which alleviates GPU memory pressure by
discarding tokens that no longer contribute to temporal in-
formation propagation. We demonstrate the feasibility of
both approaches through experiments on two datasets.

2 Related Work
2.1 Video Language Model
With the rise of LLMs (OpenAI 2024; Bi et al. 2024), nu-
merous studies (Liu et al. 2024a; Zhang et al. 2024; Yao

Format Description Count

Yes or No Validate statement correctness. 2453
Multiple Choice Select from multiple options. 1580
Caption Matching Select the aligned caption. 1503
Captioning Generate a caption. 2004

Table 1: Introduction for task types in TempCompass.

et al. 2024; Zhang et al. 2025a) have explored their integra-
tion into VideoLMs, which increasingly outperform tradi-
tional vision-only methods. One major direction focuses on
enhancing the video encoder (Zhao et al. 2024b; Choudhury
et al. 2024; Chung et al. 2025). Another line of work (Chen
et al. 2024; Wei et al. 2025; Ge et al. 2024; Bai et al. 2025)
adapts LLMs to better accommodate multimodal inputs. In
addition, other studies aim to improve the efficiency of pro-
cessing long video inputs (Fu et al. 2024; He et al. 2024; Shi,
Long, and Wang 2025). Collectively, these advancements
have driven progress in video-language understanding.

2.2 Temporal Understanding
VideoLMs face unique challenges in video temporal under-
standing, which requires detecting similarities and differ-
ences across frames. Benchmarks (Cai et al. 2024; Shang-
guan et al. 2025; Plizzari et al. 2025; Liu et al. 2024b) have
been proposed to evaluate this capability. Besides, various
approaches (Nie et al. 2024; Hu et al. 2024; Zhao et al. 2025;
Fateh et al. 2024) have been introduced to improve this ca-
pability. Among them, T3 (Li et al. 2025) transfers tempo-
ral skills from synthetic text tasks to VideoLMs. Despite
these advances, the internal mechanisms by which Vide-
oLMs capture temporal information remain underexplored.
Understanding how temporal information is extracted is es-
sential for building more robust and generalizable models.

2.3 Model Mechanistic Interpretability
Many studies analyze how LLMs make predictions (Zhao
et al. 2024a; Goldshmidt and Horovicz 2024; Biran et al.
2024; Wang et al. 2023). This line of research has also been
extended to multimodal large language models (Yu and Ana-
niadou 2024; Golovanevsky et al. 2025; Zhang et al. 2025b).
For instance, Basu et al. (2024) uses causal tracing to re-
veal how early-layer modules capture and transmit visual in-
formation. However, most existing work focuses on single-
image tasks, and the interpretability of VideoLMs, partic-
ularly for temporal reasoning, remains underexplored. This
gap motivates our work, which seeks to explain how tempo-
ral information is captured within VideoLMs.

3 Experimental Setting
3.1 Dataset
We conduct analysis on TempCompass (Liu et al. 2024b),
which encompasses a diverse range of temporal phenom-
ena, including action, speed, direction, attribute change,
and event order. It provides a fine-grained assessment of a
model’s ability to reason over temporal information. The
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benchmark includes four task formats, summarized in Ta-
ble 1. Since our evaluation focuses on the model’s first pre-
dicted token, we convert the caption generation task into a
multiple-choice format, where the model is required to se-
lect the most temporally accurate option.

To validate our proposed efficiency-oriented strategies,
we run downstream application experiments on the multiple-
choice subset of the NExT-QA dataset (Xiao et al. 2021),
which emphasizes explanatory reasoning over causal and
temporal relationships. The test set contains 8,564 questions.
To further assess generalizability, we additionally report re-
sults on the open-ended ActivityNet-QA dataset (Caba Heil-
bron et al. 2015), included in the appendix.

3.2 Model
We evaluate two representative VideoLMs: Qwen2.5-VL
and LLaVA-OneVision. Qwen2.5-VL (Bai et al. 2025) uses
multi-dimensional positional encodings tailored for video,
making it well-suited to study PE impact on spatiotempo-
ral modeling. In contrast, LLaVA-OneVision (Li et al. 2024)
is another state-of-the-art multimodal model that does not
adapt PEs for video, allowing us to derive insights that are
agnostic to special PE designs. Unless specialized other-
wise, we report results using Qwen2.5-VL-7B in the main
text. Results for Qwen2.5-VL-3B and LLaVA-OneVision
are provided in the appendix.

To facilitate a deeper understanding of VideoLM behavior
in our experiments, we briefly outline the common architec-
tural framework of modern VideoLMs.

Input Construction. VideoLMs process inputs by inte-
grating an instruction, visual features, and a query into a uni-
fied token sequence. The instruction, providing task-specific
guidance, is embedded as Ti ∈ RLi×D. The visual in-
put comprises sampled video frames, encoded and projected
into the language embedding space as V ∈ RT×H×W×D,
where T is the temporal resolution and H , W are the spa-
tial dimensions. The tensor is then flattened into Tv ∈
RTHW×D. The user query is embedded as Tq ∈ RLq×D.
The final model input is the concatenated sequence T =
[Ti;Tv;Tq], enabling joint multimodal reasoning.

Feature Interaction. The concatenated token sequence T
is fed into the VideoLM. At each layer, the model computes
hidden states H = [Hi;Hv;Hq], corresponding to instruc-
tion, visual, and query tokens, respectively. Multimodal to-
ken interactions are governed by the attention mechanism:

Q = WQH, K = WKH, V = WV H, (1)

A = Softmax
(

PE(Q) · PE(K)T√
dk

+MC

)
V , (2)

where WQ, WK , and WV are learnable projection matrices,
dk is the dimensionality of each attention head, and MC is a
causal mask used for autoregressive decoding. The operator
PE(·) denotes the position encoding function. The attention
output is passed through a feed-forward network with resid-
ual connections and layer normalization to produce updated
hidden states. At the final layer, a vocabulary distribution is
computed to predict the next token.
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Figure 2: Effect of layer-wise PE ablation. Each point shows
the change in ground-truth answer probability when the PE
is removed from a layer. An obvious drop appears only at
the first layer, while later layers show minimal impact.

3.3 Evaluation
For analysis experiments, we assess the model’s temporal
sensitivity by tracking changes in the predicted probability
of the ground-truth token after incorporating certain pertur-
bations:

PC = P̃next (tgt)− Pnext (tgt) , (3)

where P̃next is the output probability distribution under a per-
turbed setting, and Pnext is the distribution from the base set-
ting. A larger PC reflects a stronger influence of the pertur-
bation on temporal reasoning. For downstream application
experiments, we report the standard accuracy.

3.4 Implementation Detail
Our experiments are implemented using PyTorch with the
Transformers library. For video input processing, we uni-
formly sample 8 frames from each video. For Qwen2.5-VL,
its internal frame merging mechanism results in 4 effective
frames per video. To ensure a controlled evaluation setting,
we constrain the model to generate only a single output to-
ken, and we analyze its probability distribution to measure
temporal effects. Additional experimental configurations are
detailed in relevant sections and the appendix.

4 Is Positional Encoding the Key to
Temporal Understanding?

Positional encodings (PEs) are widely considered essen-
tial for modeling temporal relationships in VideoLMs, es-
pecially in recent architectures like Qwen2.5-VL that adopt
advanced 3D encodings. The belief that PEs are a primary
driver of temporal understanding has spurred research into
more sophisticated PE designs. However, it remains unclear
whether these encodings are truly the main source of tempo-
ral information. In this section, we conduct experiments that
isolate the role of PEs and test the hypothesis that temporal
information may instead emerge from the causal attention
mechanism’s inherent sensitivity to token order.

4.1 Layer-wise Temporal Sensitivity to PEs
Experiment. To probe the importance of PEs in temporal
information extraction, we first quantify their contribution at
different layers of the model. Specifically, we remove the PE
terms from Equation 2 at one layer at a time, leaving all other
components unchanged. This allows us to isolate the effect
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Figure 3: Effect of modality-specific position ID shuffling in
the first layer. Shuffling query position IDs leads to signifi-
cant performance drops, while shuffling video position IDs
has minimal effect, highlighting the dominant role of PEs in
the textual rather than the intended video modality.

of PEs on temporal modeling at each layer, and to quantify
where and how positional signals are most influential.

Results. As shown in Figure 2, the model exhibits min-
imal sensitivity to the removal of PEs across most layers.
Across all task types, ablating PEs from intermediate and
deeper layers results in minimal performance change, typ-
ically within ±2%. This suggests that these layers are rela-
tively insensitive to the presence of explicit positional sig-
nals. A notable exception occurs in the first layer, where re-
moving PEs causes a substantial drop in predicted probabil-
ity of the correct token, up to 60%. This stark contrast re-
veals that the impact of PEs for temporal understanding
is restricted to the first layer of the model, as later layers
exhibit minimal sensitivity to their presence or absence.

4.2 Modality-Specific Temporal Roles of PEs
Experiment. Building on the observed drop in ground-
truth probability when PEs are removed from the first layer,
we further examine their role in temporal understanding
through a targeted, modality-specific experiment. Specifi-
cally, we investigate whether the contribution of PEs for
temporal understanding differs across input modalities. To
this end, we independently shuffle the position IDs of either
the video tokens or the query tokens in the first layer, while
keeping the other modality unchanged. This setup enables us
to directly assess the different impact of PEs on video and
textual modalities during temporal modeling.

Result. As shown in Figure 3, the results reveal a clear
and consistent disparity across modalities. Shuffling the po-
sition IDs of query tokens in the first layer significantly
degrades performance across all task types. The most pro-
nounced drops occur in the “Multiple Choice” task, with
ground-truth probability decreasing by 53.09%. In contrast,
shuffling the position IDs of video tokens leads to negligi-
ble effects. For instance, the performance decreases by only
0.02% in “Captioning” and even increases slightly by 0.07%
in “Multiple Choice”, suggesting that the model is largely
insensitive to positional distortions in the video modality at
this stage. Although special PEs are designed to capture
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Figure 4: Effect of reversing position IDs versus frame or-
der. Reversing the frame order results in significantly larger
performance drops across all task types, suggesting that tem-
poral understanding is primarily driven by the inherent order
of frames rather than by positional encodings.

temporal structure in video inputs, their impact appears
to be concentrated in the textual modality.

4.3 PE vs. Order in Temporal Modeling
Experiment. Previous results indicate that PEs have lim-
ited influence on capturing temporal information for the
video modality, prompting a key question: if not positional
encodings, what enables VideoLMs to perform effective
temporal understanding? We hypothesize that temporal un-
derstanding is primarily driven by the order of input video
frames, rather than from explicit positional signals. To test
this, we compare two interventions applied across all layers
during inference: (1) Reverse PE: we reverse the temporal
axis of the position IDs while keeping the input frame or-
der unchanged; and (2) Reverse Order: we reverse the input
frame order while preserving the original position IDs. For
example, given input frames 1 to N with temporal position
IDs 1 to N , “Reverse PE” uses frames 1 to N with position
IDs N to 1, while “Reverse Order” uses frames N to 1 with
position IDs N to 1.

Result As shown in Figure 4, reversing the position IDs
results in only a modest drop in the predicted ground-truth
probability, with changes ranging from -1.13% to -1.76%
across task types. In contrast, reversing the input frame or-
der leads to a significant performance decline. The largest
drop is observed in the “Multiple Choice” task, with a de-
crease of 15.45%, and consistent trends are observed across
the remaining task types. These results demonstrate that
the order of video frames plays a more crucial role than
positional encodings in temporal understanding.

5 Temporal Information Emerges from
Attention-Based Causal Interactions

In Section 4, we show that positional encodings have lim-
ited influence on temporal understanding, particularly in
the video modality. In contrast, altering the order of in-
put frames has a more pronounced effect. These findings
suggest that temporal information is not primarily captured
through explicit positional signals, but instead emerges from
the model’s processing of sequential input.
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Figure 5: Effect of blocking attention from the final token
to the input sources. Disabling query access causes major
performance drops, while blocking video tokens has little
effect. This highlights the dominant role of query tokens in
final-stage temporal understanding.

Given the causal architecture of current VideoLMs, we
hypothesize that this order sensitivity arises from the atten-
tion mechanism, specifically due to the use of causal mask-
ing. Within this structure, temporal representations may be
constructed progressively across layers as each token aggre-
gates information from earlier positions.

To investigate this hypothesis, we examine how causal
attention mechanisms facilitate the step-by-step construc-
tion and propagation of temporal information throughout the
model. Drawing inspiration from Zhang et al. (2025b), we
adopt a backward tracing approach, analyzing the model
from its output back to earlier interactions. We identify
where temporal information originates, how it flows be-
tween video and text modalities, and validate its causal na-
ture through targeted analysis.

We adapt the attention knockout method (Geva et al.
2023) to the VideoLM setting in order to analyze this pro-
cess. Specifically, we modify the attention computation in
Equation 2 by incorporating an additional mask M that pre-
vents target tokens in the set T from attending to source to-
kens in the set S:

Ã = Softmax
(

PE(Q) · PE(K)T√
dk

+MC +M

)
V , (4)

mi,j =

{
−∞, if (i, j) ∈ T × S,
0, otherwise.

(5)

where mi,j denotes the (i, j)-th element of the mask ma-
trix M , controlling whether token i attends to token j in the
attention computation. To localize where temporal informa-
tion emerges and flows, we apply this knockout iteratively
across layers, using a sliding window of k = 5 layers to
reduce noise and improve stability.

5.1 Query-Driven Temporal Prediction
Experiment. To better understand the full process, we be-
gin by identifying which input tokens directly contribute to
the model’s temporal understanding at the output. We per-
form an attention knockout to the final answer token, block-
ing its ability to attend to either the query tokens or the video
frame tokens. Formally, we set T = {ilast}, where ilast is the
index of the final output token, and set S to the indices of
either the query tokens or the video tokens, depending on
the modality being ablated. This allows us to isolate which
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Figure 6: Effect of blocking inter-frame and frame-to-query
attention. Probability drops from inter-frame blocking in
early layers indicate where temporal information begins to
form within the video stream. In contrast, drops resulting
from frame-to-query blocking in later layers reveal when
this temporal information flows to the query.

modality serves as the immediate source of temporal infor-
mation during model prediction.

Result. Figure 5 reveals a clear asymmetry in the effects
of blocking attention from the final output token to different
input modalities. Disabling access to frame tokens has min-
imal impact, with ground-truth probabilities remaining near
zero across all layers, suggesting that visual features are not
directly referenced during final decoding. In contrast, block-
ing access to query tokens causes substantial and consistent
performance drops, particularly in deeper layers, exceeding
40% in “Multiple Choice” and “Caption Matching” tasks.
These results indicate that temporal understanding at
the output stage is predominantly carried by query to-
kens, which likely synthesize temporal cues accumulated
earlier in the model, as further validated in the following
sections. In contrast, video tokens play only a minimal
direct role in the final prediction.

5.2 Stage-wise Temporal Integration
Experiments. Although final predictions primarily rely on
the query, temporal understanding necessarily requires vi-
sual information to recognize patterns of change, motion,
and progression over time. To pinpoint when and how video
frames contribute to this process, we design two comple-
mentary attention knockout setups: (1) Frame-to-query: we
prevent query tokens from attending to video frame tokens,
(2) Inter-frame: we prevent each video frame from attend-
ing to earlier frames. These interventions allow us to isolate
two distinct stages in the temporal information pathway: the
early construction of temporal relationships through inter-
frame attention, and the later integration of this information
into the query representation.

Result. As shown in Figure 6, the two interventions yield
distinct layer-wise effects. Blocking frame-to-query atten-
tion leads to a sharp decline in ground-truth probability
around layer 15, with the most pronounced drop over 10%
in the “Captioning” task. This indicates that the middle lay-
ers play a key role in integrating temporal information into
the query representation. In contrast, blocking inter-frame
attention causes earlier degradation, peaking near layer 10,
with probability drops ranging from 4% to 6%, suggest-
ing that early layers are critical for forming temporal rela-
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Figure 7: Effect of restricting query attention to single
frames. Performance drops sharply when the query can only
attend to early frames, but shows minimal drop when attend-
ing to later frames. This supports that temporal information
flows forward and accumulates in the last frame.

tionships across frames. Together, these observations indi-
cate a two-stage temporal processing process: early lay-
ers construct inter-frame temporal relationships, which
are then integrated into the query by middle layers to
support temporal reasoning in later decoding.

5.3 Last-Frame-Centered Temporal Propagation
Experiment. Building on the two-stage process where
temporal cues are first constructed via inter-frame interac-
tion and then integrated into the query, we now investigate
whether certain frames play a more prominent role in trans-
mitting temporal information to the query. To do this, we
constrain the model such that the query tokens are only al-
lowed to attend to the visual tokens from a single frame. In
our setting, each video contains 4 frames. Formally for each
frame t ∈ {1, 2, 3, 4}, we enforce this by defining the set
T as all query token indices, and the set S = {iv | iv ∈
Iv \ Ivt

}, where Iv is the set of all visual token indices and
Ivt denotes those corresponding to frame t.

Result. Figure 7 illustrates the effect of restricting the
query’s attention to a single frame. Across all tasks, the
largest drop in ground-truth probability occurs when the
query attends only to early frames, particularly Frame 1.
For instance, in the “Multiple Choice” task, this results in
a decline of over 8%, indicating that early frames lack suf-
ficient temporal cues for accurate prediction. In contrast, at-
tending only to later frames, especially Frame 4, yields min-
imal performance loss, typically below 2%. This suggests
that temporal information accumulates across frames, with
the final frame serving as an aggregation point. As a re-
sult, the query performs well when attending solely to the
last frame, but suffers when limited to early ones. Overall,
rather than evenly extracting and comparing informa-
tion for temporal understanding, the query primarily ac-
cesses aggregated temporal cues by attending to the final,
information-rich frame.

5.4 Beyond Correlation to Causality
Experiment. The previous experiment suggests that the
last frame serves as an aggregation point for temporal cues.
However, it remains unclear whether this aggregation results
from causal processing or merely from content accumula-
tion regardless of frame order. To probe this, we leverage the
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Figure 8: Effect of reversing video order in the “Yes or No”
task. Attribution patterns consistently flip regardless of posi-
tion IDs, suggesting that the model captures temporal infor-
mation primarily through causal inference, instead of simple
visual content collection.

“Yes or No” task, where reversing the video order flips the
correct answer. We repeat the single-frame attribution analy-
sis on reversed sequences to examine whether the model ex-
hibits causal aggregation. If the model simply aggregates vi-
sual information, the query should still favor the last frame,
as it continues to contain the most information. To further
rule out PEs as a confounding factor, we also reverse both
the frame order and the position IDs, ensuring that positional
signals remain aligned with the original frame sequence.

Result. As shown in Figure 8, reversing the video frame
order leads to a complete inversion of the attribution pat-
tern observed in the previous experiment. Only attending
to the initial frame, which previously had the most nega-
tive impact, now yields the most positive contribution, even
increasing the ground-truth probability. Conversely, the last
frame, which had minimal influence before, now causes the
greatest drop, despite containing the most visual informa-
tion. This inversion persists even when position IDs are also
reversed, restoring the original positional alignment. These
observations confirm that the model performs order-
sensitive inference through the causal attention mecha-
nism, rather than merely accumulating information.

5.5 Spatiotemporal Assembly across Frames
Experiments. In the last experiment, we move beyond an-
alyzing when and how temporal information flows to the
query, and instead investigate how it is causally constructed
across frames. Specifically, we examine how later visual
content interacts with earlier frames to capture temporal dy-
namics. Using the prior setup where the query attends only
to Frame 4 as a baseline, we isolate how temporal informa-
tion is encoded within the final frame. We compare three
attention configurations to assess the inter-frame construc-
tion of temporal information from a spatiotemporal perspec-
tive: (1) Corresponding Area: for each frame, attention is re-
stricted to spatially aligned regions in all preceding frames,
meaning that each token only attends to tokens located at
the same or neighboring spatial positions. As a result, the
final frame attends to approximately 300 tokens, while ear-
lier frames attend to fewer; (2) Previous Frame: each frame
attends to the immediately preceding frame with about 300
tokens; and (3) Corresponding Area in Previous Frame: each
frame attends to the spatially aligned region in the immedi-
ately preceding frame with 100 tokens.
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Figure 9: Effect of restricting each frame’s attention to ex-
amine inter-frame spatiotemporal contributions to temporal
understanding. Sparse long-range attention performs better
than dense short-range attention. Early layers prefer global
spatial context, and later layers focus on local detail.

Result. Figure 9 shows that “Corresponding Area” yields
the most stable performance, with ground-truth probability
drops consistently under 1% across all layers. Surprisingly,
“Previous Frame” leads to a larger drop, despite involving
more token interactions altogether. Moreover, when compar-
ing “Previous Frame” and “Corresponding Area in Previous
Frame” with equivalent temporal coverage, early layers ex-
hibit a preference for global spatial context. However, this
advantage fades in deeper layers, indicating a transition to-
ward local detail processing. Overall, sparse long-range
attention process inter-frame temporal integration bet-
ter than dense short-range interaction, while spatial pro-
cessing shifts from global to local focus over layers.

6 Temporal Pathway-Guided Inference
Based on our findings that temporal information in Vide-
oLMs arises from a causal pathway, starting from long-
range inter-frame interactions and flowing into the query
via specific multimodal interaction, we propose two infer-
ence strategies that improve efficiency. Both reduce compu-
tational and memory costs by pruning token interactions that
contribute little to the final temporal representation:

• Staged Modality Interaction for Sparse Attention:
Temporal information in VideoLMs is progressively con-
structed, with different layers contributing in distinct
ways to the final prediction. Motivated by this observa-
tion, we design sparse attention strategies that selectively
disable token interactions with limited impact on tempo-
ral modeling. For example, (1) in middle layers, query
tokens can be restricted to attend only to the last video
frame, and (2) in deeper layers, inter-frame interactions
can be reduced. This staged sparsification lowers FLOPs
while maintaining performance, providing a scalable and
effective solution for efficient inference.

• Temporal Exit for KV Cache Compression: During in-
ference, the key-value (KV) cache grows with sequence
length, becoming a major memory bottleneck. However,
our analysis shows that not all tokens remain relevant
throughout all layers. Leveraging this insight, we can de-
sign pruning strategies that remove tokens from the KV
cache once their contribution to the final prediction di-
minishes. For instance, (3) in deeper layers, the large
number of frame tokens can be safely discarded. This

Method TempCompass NExT-QA
Yes/No MCQ Caption Match

Baseline 70.8 66.5 59.0 57.4 75.1
(1) 67.9 64.1 57.6 55.0 71.9
(2) 70.5 66.5 59.3 57.4 75.2
(3) 70.7 66.6 59.0 57.2 75.1

Table 2: Accuracy on TempCompass and NExT-QA under
different efficiency strategies. Strategies (2) and (3) preserve
performance while reducing computational or memory cost.
Strategy (1) introduces a slight but acceptable drop, with po-
tential for further optimization.

reduces memory usage without sacrificing performance,
providing an effective and compatible solution for im-
proving efficiency in autoregressive generation.

To evaluate the effectiveness of our proposed strategies,
we conduct validation experiments on the TempCompass
and NExT-QA datasets using Qwen-VL-Chat-2.5-7B. The
implementation details for the three strategies are as follows:
(1) each query token is restricted to attend only to the last
frame token in layers 10–20, (2) attention between frame to-
kens is disabled in layers 20–28, and (3) all frame tokens are
removed from the KV cache in layers 20–28.

As shown in Table 2, strategies (2) and (3) achieve per-
formance comparable to the baseline across all task types,
with accuracy differences typically within 0.2%. In some
cases, they even slightly outperform the baseline. This in-
dicates that both computation and memory can be reduced
without sacrificing performance. In contrast, strategy (1),
which restricts query attention to only the last frame, leads
to a slightly larger accuracy decline. Nonetheless, it remains
promising and may benefit from further refinement based on
our insightful findings.

7 Conclusion
This work investigates how modern VideoLMs achieve tem-
poral understanding, a fundamental capability that remains
insufficiently explored. While PEs are commonly assumed
to be crucial for encoding temporal representations, our
analysis shows they contribute only marginally to captur-
ing temporal information in the video input. In contrast, re-
versing the video sequence while preserving positional sig-
nals aligned with the original order results in a significant
drop in performance, suggesting that temporal information
arises elsewhere. Our findings reveal that temporal under-
standing emerges from the causal attention mechanism’s
order-sensitive structure. Specifically, temporal information
is constructed through a causal pathway: it is causally ag-
gregated across frames, integrated into the final frame, and
subsequently refined within the query. Building on this in-
sight, we propose two efficiency-focused strategies and vali-
date their effectiveness on benchmark datasets. We hope this
work lays the foundation for better temporal modeling in
VideoLMs, clarifies key challenges, and encourages further
exploration of their internal mechanisms.
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