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Supplementary Material

In Appendix, we provide additional information regarding:
• Additional Experimental Details in Sec. 1
• Additional Experimental Results in Sec. 2
• Qualitative Results in Sec. 3

1. Additional Experimental Details

In this section, we provide detailed explanations of the exper-
imental setups corresponding to Fig. 2 and Tab. 1 in the main
paper. We then present the full configuration of the SOPE
training process, followed by Qwen-style input examples
that illustrate how the model’s input format differs during
SOPE training and after training, compared with the original
baseline input.
Ground-Truth Answer-Window Shift Details We conduct
experiments on QAEGO4D [1], which provides explicit tem-
poral answer windows suitable for controlled analysis. We
randomly sample 100 videos and shift their answer windows
to different temporal positions within the video (0%, 25%,
50%, 75%, and 100%), then record the model’s predictions.
Results show that for short videos, the model tends to focus
on the beginning and middle–end regions, whereas for longer
videos, it exhibits a strong bias toward the early portion of
the video.
Human Evaluation with Shuffled-Frame Videos We fur-
ther perform a human evaluation using VideoMME [5],
a widely adopted video QA benchmark containing short,
medium, and long videos, spanning diverse domains and
twelve question categories. For each category, we uniformly
sample videos and use ffmpeg [12] to shuffle their frames.
As illustrated in Fig. 1, participants view the shuffled videos
through our visualization interface and attempt to answer
the provided questions. Even with shuffled frames, humans
can often reconstruct the temporal flow using timestamps
and correctly answer straightforward questions. However,
tasks that require temporal reasoning, such as counting or
action-based reasoning, become significantly more challeng-
ing when the temporal structure is disrupted. In contrast,
Video-LLMs remain largely unaffected, indicating that cur-
rent models treat videos as a bag of evidence rather than as
inputs with a strict causal temporal order.
Training Configuration of SOPE. The Streaming Order
Perception Enhancement (SOPE) is designed to strengthen a
model’s sensitivity to temporal structure and mitigate tem-
poral order ambiguity. Table 1 summarizes the core train-
ing configurations. We adopt the transformers [15] training
framework and fine-tune the model with LoRA [6] using
only 30K sampled video instances, demonstrating that SOPE
requires minimal data and computational overhead.

Figure 1. Visualization Interface of Human Evaluation. The
interface presents the video frame on the left and the corresponding
evaluation form on the right, enabling annotators to answer ques-
tions under shuffled-frame conditions and provide reliable human
judgments for benchmarking.

SOPE

Data Dataset LLaVA-Video-173K
#Samples 30K

Model Base Video-LLM LLaVA-OV
Trainable Connector(full)

LLM(LoRA
r=128, scale=256)

Training Batch Size per Device 1
Gradient Accumulation 16
Learning Rate 1e-5
Warm-up Ratio 0.03
LR Scheduler Cosine
Optimizer Adamw
Epochs 1
Precision bf16 fp16

Table 1. Training Configuration of SOPE.

Shuffle Input Examples. To illustrate how SOPE modifies
the model’s input format, we present Qwen-style prompt ex-
amples comparing the baseline and SOPE-enhanced inputs.
For readability, we omit tokens such as “\n” and “vision-
padd”, and retain only “<im_start>” and “<im_end>” as
delimiters. The placeholders <frames = xxx s - xxx
s> denote grouped video-frame tokens covering the corre-
sponding temporal intervals. Questions and answers are
represented by generic question and answer placeholders.

Multi-turn Prompt

<im_start> system: You are a helpful assistant.
<im_end>
<im_start> user: <frames=1.2s-3.9s> question
1? <im_end>
<im_start> assistant: answer 1. <im_end>
<im_start> user: question 2? <im_end>
<im_start> assistant: answer 2. <im_end>



Multi-turn Prompt (SOPE)

<im_start> system: You are a helpful assistant.
<im_end>
<im_start> user:
t=0.3s-1.2s <frames=1.2s-2.1s>
t=1.2s-2.1s <frames=2.1s-3.0s>
t=2.1s-3.0s <frames=0.3s-1.2s>
t=3.0s-3.9s <frames=3.0s-3.9s>
These video segments are shuffled. List each
segment’s true time range. <im_end>
<im_start> assistant: Correct timestamps is
t=1.2s-2.1s> | t=2.1s-3.0s | 0.3s-1.2s | 3.0s-3.9s.
<im_end>
<im_start> user: question 1? <im_end>
<im_start> assistant: answer 1. <im_end>
<im_start> user: question 2? <im_end>
<im_start> assistant: answer 2. <im_end>

Shuffled-Video Re-order Prompts. The following list
presents ten automatically generated questions produced
using GPT. Each prompt requires the model to infer the
correct temporal range or chronological order from disor-
dered visual inputs. During training, one prompt is randomly
sampled from this set for each instance.

Re-Order Questions

1. These video segments are shuffled. List
each segment’s true time range.

2. Segments have been randomly reordered.
Output the correct timestamps (start–end)
for each.

3. The segment order is randomized. Provide
the real time span (start–end) for each seg-
ment.

4. Order and timestamps do not match. Write
the true timestamps in chronological order.

5. Displayed timestamps may be wrong. Output
the correct time range list.

6. Segments are shuffled. Infer and write each
segment’s correct timestamp.

7. Treat shown timestamps as distractors. Pro-
vide the real start–end times for each seg-
ment.

8. Recover the true temporal order and provide
each segment’s time range.

9. Current segment order is random. Output
timestamps in actual occurrence order.

10. Time prompts do not match the videos. Pro-
vide each segment’s correct time span.

2. Additional Experimental Results
As shown in Tab. 2, to demonstrate the generalizability of our
WeaveTime approach, we conduct experiments on Qwen2-
VL. The results show that our method consistently improves
performance across diverse streaming scenarios and differ-
ent baseline models. These findings indicate that effectively
addressing time-agnosticism is crucial for robust streaming
performance, and that our WeaveTime framework success-
fully mitigates this issue.

3. Qualitative Results
Fig. 2 presents additional qualitative results illustrating fail-
ure cases caused by the time-agnostic nature of existing
models in streaming scenarios.

(a) Temporal Order Ambiguity. The baseline model strug-
gles to interpret the video stream in its correct chronological
order, leading to confusion between actions such as stand-
ing up and crouching. In contrast, Ours effectively resolves
this ambiguity and correctly identifies the action as “She is
crouching”.

(b) Past–Current Focus Blindness. The baseline model
fails to properly distinguish between past and present visual
evidence. When asked about the state of the “front door”, it
relies solely on the current frame regardless of the temporal
requirement; when queried about the ongoing action, it er-
roneously recalls an earlier eating moment. Ours accurately
separates past from present cues and produces temporally
grounded responses.



Method # of Frames OVO-Bench Real-Time Streaming-Bench Real-Time
OCR ACR ATR STU FPD OJR AVG OP CR CS ATP EU TR PR SU ACP CT AVG

Human
Human - 93.96 92.57 94.83 92.70 91.09 93.20 91.30 89.47 92.00 93.60 91.47 95.65 92.52 88.80 88.75 89.74 91.30 91.46

Proprietary Models (Offline), Single-Turn Evaluation
Gemini 1.5 pro [11] 1 FPS 85.91 66.97 79.31 58.43 63.37 61.96 69.32 79.02 80.47 83.54 79.67 80.00 84.74 77.78 64.23 71.95 48.70 75.69
GPT-4o [7] 64 69.80 64.22 71.55 51.12 70.30 59.78 64.46 77.11 80.47 83.91 76.47 70.19 83.80 66.67 62.19 69.12 49.22 73.28

Open-Source Models (Offline), Single-Turn Evaluation
Qwen2-VL-72B [14] 64 65.77 60.50 69.83 51.69 69.31 54.35 61.92 - - - - - - - - - - -
LLaVA-Video-7B [9] 64 69.13 58.72 68.83 49.44 74.26 59.78 63.52 - - - - - - - - - - -
LLaVA-OV-7B [8] 64/32 66.44 57.80 73.28 53.37 71.29 61.96 64.02 80.38 74.22 76.03 80.72 72.67 71.65 67.59 65.45 65.72 45.08 71.12
Qwen2-VL-7B [14] 64/1FPS 60.40 50.56 66.03 47.19 66.34 55.43 55.98 75.20 82.81 73.19 77.45 68.32 71.03 72.22 61.39 61.47 46.11 69.04
InternVL-V2-8B [3] 64/16 67.11 60.55 63.79 46.07 68.32 56.52 60.39 68.12 60.94 69.40 77.12 67.70 62.93 59.26 53.25 54.96 56.48 63.72

Open-Source Models (Streaming), Single-Turn Evaluation
Flash-VStream-7B [16] 1 FPS 24.16 29.36 28.45 33.71 25.74 28.80 28.37 43.59 25.87 24.91 23.87 27.33 13.08 18.52 25.20 23.87 48.70 23.23
VideoLLM-Online-8B [2] 2 FPS 8.05 23.85 12.07 14.04 45.54 21.20 20.79 39.07 40.06 34.49 31.05 45.96 32.48 31.40 43.16 42.49 27.89 35.99
VideoLLM-EyeWO-8B [17] 2 FPS 24.16 27.52 31.89 32.58 44.55 35.87 32.76 - - - - - - - - - - -
Dispider [10] 1 FPS 57.72 49.54 62.07 44.94 61.39 51.63 54.55 74.92 75.53 74.10 73.08 74.44 59.92 76.14 62.91 62.16 45.80 67.63

Open-Source Models (Offline → Streaming), Multi-Turn Evaluation
LLaVA-OV-7B
+ StreamBridge [13] 1 FPS 58.39 59.63 69.82 44.38 76.23 61.41 61.64 76.84 77.17 82.60 75.25 64.15 64.17 75.00 61.38 61.19 46.11 68.39
+ ReKV† [4] 1 FPS 63.09 55.05 72.41 46.63 72.28 60.87 61.72 65.85 78.12 77.92 71.84 66.88 65.11 69.44 62.20 61.08 43.09 66.15
+ WeaveTime (Ours) 1 FPS 72.48 69.72 74.13 53.37 75.24 67.93 68.82 71.54 81.25 86.75 78.64 75.16 73.21 72.22 69.11 68.75 44.68 72.13
Qwen2-VL-7B
+ StreamBridge [13] 1 FPS 65.10 64.22 64.66 46.63 74.26 65.22 63.35 80.38 78.74 83.22 79.86 74.21 69.47 77.78 63.41 69.97 43.01 72.01
+ ReKV† [4] 1 FPS 60.40 52.29 68.10 43.26 72.28 61.96 59.72 71.00 82.03 80.13 74.76 71.34 69.16 73.15 64.63 68.75 45.74 70.07
+ WeaveTime (Ours) 1 FPS 75.17 59.63 71.55 51.69 72.28 67.39 66.28 74.80 85.94 88.01 81.23 77.71 76.32 82.41 63.82 74.15 49.47 75.39

Table 2. Comparison of various Video LLMs on OVO-Bench Real-Time and Streaming-Bench Real-Time. † indicates experimental
results derived from integrating the respective dataset into the ReKV[4] codebase.



(a) Temporal Order Ambiguity 

(b) Past–Current Focus blindness

What is her posture while
cleaning the mirror ?

What is she doing ?

“She is fixing 
her hair”

“She is eating 
food”

“She is fixing 
her hair”

“She is crouching”

“She is standing upright”

Is the front door open ?

“Open”

“Close”

Figure 2. Qualitative Results.
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