N o g b~ 0w N

23

Distort Time to Improve Video Temporal Reasoning
(Appendix)

Anonymous Author(s)
Affiliation
Address

email

A Adaptive Plausibility Constraint

Contrastive Decoding in Video Large Language Models. Given a text query x and a video input
V, the model generates two output distributions: one conditioned on the original V and the other
on the distorted video input V', which is derived by applying pre-defined distortion (e.g., adding
noise to visual features as the simplest case) to V. Then, a new contrastive probability distribution
is computed by leveraging the differences between two original distributions. The new contrastive
distribution pytq is formulated as:

pvtd(y | V7VI7X) = softmax [(1 + Oé)lOglte(y | V7X) - alogit@(y | V/,X)} ) (1)

where larger « indicate a stronger amplification of the differences (o« = 0 reduces to regular decoding).

Adaptive Plausibility Constraint. Eq.[T|rewards texts favored by the response with original video
inputs and penalizes texts favored by the response with distorted video inputs. However, the response
with distorted video inputs is not always mistaken. Although video inputs are distorted, they may
still preserve useful information, which can lead to correct answers. Therefore, penalizing all texts
from response with distorted video inputs indiscriminately would penalize these correct answers, and
conversely reward implausible answers. To tackle this issue, we follow Li et al. [4] to introduce the
plausibility constraint.

Adaptive plausibility constraint is contingent upon the confidence level associated with the output
distribution with original video inputs:

Vhead (Y <t) = {Yt €Vipo(ye | V,x,y<t) > Bmvgxpe(w | V7XaY<t)} )

Pvtd (yt | V7 V/7X) = Oa lf Yt ¢ thad (y<t) (3)
where V is the output vocabulary of LVLMs and § is a hyperparameter in [0, 1] for controlling the
truncation of the next token distribution. Larger (3 indicates more aggressive truncation, keeping only

high-probability tokens.

Combining the video contrastive decoding and the adaptive plausibility constraint, we obtain the full
formulation:

y¢ ~ softmax [(1 + O‘) logity (y¢ | V.X,y<t) — alogitg(yt ‘ V/>X7Y<t)] 4)

subject t0 ¥t € Vhead (Y<t)
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B Technical Details of Video Temporal Distortion

B.1 Disrupting Moving Content in Remaining Frames

Sliding Window (w;,.s = 3)

Figure 1: Disrupt moving content in remaining frames within a sliding window. Left: Marked
dynamic blocks. Right: Fusion results of marked dynamics.

Downsampling. Note that in the downsampling stage, i.e., when we downsample each frame from
size (H, W) to (%, %), we do not really reduce token numbers. As illustrated in Fig.|1|(left), we

actually replace all image tokens within one “downsampled” region with the mean of the tokens
included. For example, the value of each of the four token within B(()O 0) is the mean of the four

tokens.

C Experiments

C.1 Experimental Configuration

In TempCompass [S], we use the following hyperparameters: o« = 1, § = 0.2, wgq, = 0.2,
Wear = 0.4, Wys = 8, Wepr = 0.3, Whs = 3, Wepr = 0.5, Wmomentum = 0.8. In EventHallusion [6],
we use the following hyperparameters: o = 1, § = 0.2, wgg, = 0.5, wyqr = 0.5, wys = 8,
Wepr = 0.3, Whs = 3, Wepr = 0.8, Wmomentum = 0.8. In Video-MME [[1] and MLVU [7]], we use
the following hyperparameters: o = 1, 5 = 0.2, wgg; = 0.6, wigr = 0.8, wys = 8, wery = 0.3,
Whs = 3, Wepr = 0.8, Wmomentum = 0.5.
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Figure 2: Sensitivity to Hyperparameter Settings on TempCompass [J5]].

C.2  Analysis

From Fig. 2] we observe that a moderate level of distortion is crucial for effective contrastive
decoding. In the ablation study of parameters most closely related to the degree of distortion—such
as Frame Distortion Ratio, Token Distortion Ratio, Content Fusion Ratio, and again Frame Distortion
Ratio—we find that setting the values too low results in limited improvements, while excessively high
values, i.e., severe distortion, lead to a relative decline in performance. This aligns with our earlier
analysis: overly severe distortion tends to randomize the model’s responses, thereby undermining
its role as a negative response to guide the generation in contrastive decoding. Only appropriately
calibrated distortion can effectively induce negative responses, thereby enhancing performance via
contrastive decoding.
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D Limitations

When performing video distortion, our Temporal Distortion Unit relies solely on signals from the
model itself—specifically, the attention maps extracted from the intermediate LLM layers—as
guidance to estimate the importance of each visual token and each video frame. Compared to treating
all frames equally and applying uniform random sampling, our approach represents a significant
improvement. However, it is still not perfect. Attention maps do not always accurately reflect the
true importance of each visual token, and relying on them often yields only coarse-grained results.
To more precisely assess the importance of visual representations, future work may explore more
accurate and robust methods beyond attention-based guidance.

Moreover, our current study is limited to Video LLMs, with distortion applied only to the visual
representations. In practice, many videos come with accompanying subtitles, and models often
take both video and subtitle inputs. An interesting future direction would be to distort both modali-
ties—applying not only visual distortion but also video-aware distortion to subtitles. This would be
challenging and different from the purely text-based distortion strategies employed in existing works
on contrastive decoding for LLMs.

E Extended Discussion

We are among the first to explore video temporal understanding from the perspective of language and
image priors, and to enhance it using contrastive decoding with video temporal distortion.

Recent works [3 2] have applied contrastive decoding to mitigate hallucinations in image understand-
ing with MLLMs. For example, VCD [3] introduces random noise to distort the original image, while
SID [2] prunes important tokens based on attention guidance. TCD [6]] alleviates event hallucination
in videos by randomly dropping frames.

SID [2]] adopts a similar strategy to estimate token importance and removes the most important
tokens—this is conceptually similar to the second step of our video temporal distortion. However,
there are notable differences in how attention maps are utilized and how the pruning is applied.
Specifically, SID uses attention maps from the k-th layer to assess token importance and then prunes
the most important tokens starting from the (k + 1)-th layer.

In contrast, our approach aggregates attention maps from all layers, from shallow to deep, to compute
a more accurate importance score. Furthermore, while SID performs pruning from intermediate
layers, we input the distorted video representations directly at the first layer, ensuring that the dropped
information is effectively masked from the very beginning. This design allows our method to better
mask information that should be dropped.
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