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Supplementary Material

A. More Implementation Details
Here we provide more implementation details in addition to
the main paper.

Following existing practice [9, 11], we adopt 1 FPS
frame sampling for both training and testing. Frames are
resized to 224× 224 before being fed into the network.

To determine the salient tokens for grounding and ex-
plicit event-level visual semantic capture, we treat frames
within the ground-truth interval as salient during training.
During inference, if the feature similarity between a frame-
level video token and <evi> exceeds 60% of the maxi-
mum similarity between the current <evi> token and all
frame tokens, the corresponding frame-level video token is
considered salient and included. Sec. C.4 demonstrates the
performance robustness to threshold variation.

Before similarity calculation, the <evi> token is first
projected through a 2-layer MLP. This projection helps to
distinguish its two functional roles: serving as a genera-
tion token during autoregressive decoding (via a standard
LM classification head), and acting as a query token for
similarity-based grounding and visual semantic aggrega-
tion. This design facilitates the joint learning of these re-
lated but functionally distinct tasks.

For the performance comparison among different meth-
ods, most reported numbers are directly taken from the orig-
inal papers, except for Qwen2.5-VL [1] on E.T. Bench [11],
which we re-implemented due to the absence of official re-
sults. We found that the performance is highly sensitive
to the prompt and pixel configurations, which aligns with
findings discussed in the context of video temporal ground-
ing on GitHub1. We combine the official cookbook from
Qwen2.5-VL and the practice from lmms-eval2, resulting
in considerably higher performance compared with directly
using the official cookbook which may not be tailored for
benchmarking purposes. We report the highest performance
of Qwen2.5-VL that we were able to achieve in our paper.

B. Data Annotation Formats
Here, we also provide the annotation formats for model
training, which offer an intuitive and clear understanding of
D2VLM’s generation objective. Based on the input-output
format, we categorize different tasks into three main types:
(1) Grounding-focused task (e.g., temporal video ground-
ing, action localization, etc.), which can involve single-
event grounding and multi-event grounding. (2) Dense

1https://github.com/QwenLM/Qwen2.5-VL/issues/
837

2https://github.com/EvolvingLMMs-Lab/lmms-eval

Method Year TEM (Rec) GVQ (Rec)

Video-ChatGPT-7B [12] ACL’24 15.9 0.0
Video-LLaVA-7B [10] EMNLP’24 7.5 0.1
LLaMA-VID-7B [9] ECCV’24 7.0 0.9
Video-LLaMA-2-7B [3] arXiv’24 0.0 0.1
PLLaVA [14] arXiv’24 4.1 1.2
VTimeLLM-7B [6] CVPR’24 6.8 1.9
VTG-LLM-7B [5] AAAI’25 8.9 1.4
TimeChat-7B [13] CVPR’24 18.0 1.5
LITA-13B [7] ECCV’24 16.0 2.2
E.T. Chat-3.8B [11] NeurIPS’24 16.5 3.7
D2VLM-3.8B (Ours) ICCV’25 29.2 7.1

Table 1. Performance comparison on TEM (Temporal Event
Matching) and GVQ (Grounded Video Question answering).

captioning-related task, which requires grounding multiple
events throughout the entire video while also providing a
textual description for each grounded event. (3) tempo-
rally grounded video question answering, which involves
answering the user’s open-ended questions while also pro-
viding the temporal position of the answer (evidence).

The examples are shown in Fig. 1. Here, we provide the
definitions of some important keys in the annotation files.
The “conversations” key is the main component, which con-
sists of two sub-parts: “from human” and “from gpt”. The
value corresponding to the “from human” part represents
the input prompt, which mainly includes the video (repre-
sented here as a place-holder <image>, but will be actu-
ally replaced by video frames) and the user question (in-
struction). The second part, “from gpt”, represents the de-
sired model response sequence, which typically consists of
two stages: the pure evidence grounding stage and the in-
terleaved text-evidence token generation stage. These two
stages are separated by the </evi> token, which the model
should also generate to indicate the end of the evidence
grounding stage and the beginning of the interleaved re-
sponse. Another important key is “time gt,” which indi-
cates the ground-truth temporal event position. This is used
to supervise the similarity calculation between the <evi>
token and frame-level tokens, as mentioned in this paper.
Here, the ground-truth annotations for the evidence ground-
ing stage and the interleaved response stage are the same,
based on the natural assumption that the grounded evidence
should be consistent with the answer.

C. More Experimental Results

C.1. Performance on E.T. Bench Complex Dataset

Here we also compare the performance on E.T. Bench Com-
plex dataset [11] that involves two sub-tasks: temporal

https://github.com/QwenLM/Qwen2.5-VL/issues/837
https://github.com/QwenLM/Qwen2.5-VL/issues/837
https://github.com/EvolvingLMMs-Lab/lmms-eval


Method MVBench
Video-MME
(w/o subs)

Video-LLaVA-7B [10] 43.0 39.9
E.T. Chat-3.8B [11] 36.4 34.5
D2VLM-3.8B (Ours) 43.9 43.9

Table 2. Performance comparison on general video-question-
answering benchmarks.

Threshold Grounding Dense Captioning
AvgF1 AvgF1 AvgSim

0.4 40.9 36.2 20.9
0.5 41.7 37.1 21.3
0.6 42.3 37.5 21.8
0.7 42.1 35.6 21.2
0.8 39.7 31.5 19.9

Table 3. Threshold analysis on E.T. Bench data.

event matching and grounded video question answering.
The results are shown in Tab. 1. It can be seen that our
approach also outperforms the existing state of the art by
large margins, further demonstrating its superiority.

C.2. Extension to General QA Tasks
We test our model on general video question answering
benchmarks (MVBench [8] and Video-MME [4]). To en-
hance basic instruction-following capability, we incorporate
automatically constructed multiple-choice questions during
the proposed factorized preference optimization process.
Due to our proposed factorized preference data synthesis,
we can easily generate diverse distractor options based on
different causes of failure and combine them with the origi-
nal correct answer to form multiple-choice questions, with-
out requiring additional external data sources.

As shown in Tab. 2, our method outperforms the
grounding-focused counterpart E.T. Chat [11] and achieves
results comparable to some general video understanding
models (e.g., Video-LLaVA [10]) trained on large-scale
generic data, but are usually less effective on grounding. We
attribute the performance gap between our model and recent
SOTA methods [1, 2] to the absence of large-scale generic
pretraining and the relatively smaller model size. Incorpo-
rating such data and scaling up the model could further im-
prove our framework. Meanwhile, it is also worth exploring
how to train a model that can simultaneously achieve strong
general reasoning and accurate temporal grounding.

C.3. Cost of Frame-Wise Similarity Calculation
Since the designed <evi> token involves additional frame-
wise feature similarity computation for temporal grounding
and visual semantic aggregation beyond the standard au-
toregressive decoder, it is natural to evaluate the associated
computational cost. Such a frame-wise similarity calcula-

tion process is actually lightweight, taking less than 0.4 ms
per token generation on a single 3090 GPU—only 1.4% of
the total network forwarding time (29 ms).

C.4. Sensitivity Analysis on Similarity Threshold
As shown in Tab. 3, performance is relatively robust across
different threshold values for salient frame identification
during inference, and the intuitive choice of 0.5 already
yields acceptable results. Overall, an overly high threshold
causes information loss, while an overly low one introduces
less relevant context. The best performance is achieved at a
threshold of 0.6.

D. More about the Factorized Data Synthesis
As mentioned in the main paper, we mainly focus on two
main factors: temporal event grounding and textual re-
sponse, where each factor can be further categorized into
multiple sub-factors. For temporal event grounding aspects,
sub-factors include temporal localization shift, randomly
adding or deleting grounded events (corresponding to the
simulation of false positives and missed detection), and
merging multiple events into one (corresponding to the sim-
ulation of a lack of fine-grained distinction in event bound-
aries). A full demonstration example can be found at Fig. 2.
For textual response aspect, this type of perturbation modi-
fies the semantic correctness of the textual response. It in-
cludes sub-types such as distorting key information, which
disrupts critical content, and repeating responses, a com-
mon failure mode observed in video LLMs. Except for the
repeating factor, we prompt an off-the-shelf LLM [15] to
generate a distracted response based on the original correct
event-level response.

E. Visualization Results
Here we provide qualitative results to better demonstrate
the capability of our approach. Based on the input-output
format, we categorize different tasks into three main types:
(1) Dense captioning related task, which requires ground-
ing multiple events throughout the entire video while also
providing a textual description for each grounded event.
(2) Grounding-focused task (e.g., temporal video ground-
ing, action localization, etc.), which includes single-event
grounding and multi-event grounding. (3) Temporally
grounded video question answering, which involves an-
swering the user’s open-ended questions while also provid-
ing the temporal position of the answer (evidence). We
also visualize the prediction result from the recent SOTA
method [11] for comparison. Note that in the response from
D2VLM, all temporal information is derived from the gen-
erated <evi> token through the conversion process illus-
trated in the main paper. For each input, D2VLM will first
perform pure evidence grounding, followed by interleaved



text-evidence generation (here we denote this as its actual
response part). We show the converted time-involved text
for both stages, where the actual response stage begins after
the “Answer:” marker.
Dense captioning task. From Fig. 3, we can observe that:
(1) Compared with the recent counterpart, our method can
better localize the individual events. (2) Our method also
generates more coherent and meaningful textual descrip-
tion, whereas the compared method often fails to do so and
repeatedly generates similar content. These results essen-
tially demonstrate the superiority of our approach in both
event grounding and textual generation.
Grounding-focused task. The qualitative examples are
shown in Fig. 4. It can be observed that: (1) Compared with
recent SOTA method [11], our approach can localize the de-
sired temporal event position more accurately (Fig. 4 (a)).
(2) Our method also better distinguishes the boundaries be-
tween individual events, demonstrating its fine-grained dis-
crimination capability (Fig. 4 (b)).
Temporally grounded video question answering. The ex-
ample is shown in Fig. 5. It can be observed that: (1) Our
method can correctly answer the question, while the com-
pared method fails to follow the instruction given by the
user (i.e., only responding to the temporal evidence posi-
tion without answering the question). (2) Our method can
also provide more reliable temporal evidence grounding.
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{
 "video": "how_to_step/-Yt51vMDbo0.mp4", 
 "duration": 128.395, 
 “time_gt": {
   "evidence_grounding": [[75, 83], [120, 128], [126, 128]], 
   "interleaved_response": [[75, 83], [120, 128], [126, 128]]
 }
 "conversations": [
  {
   "from": "human", 
   "value": "<image>\nLocalize a series of action steps in the given video, output the timestamps for each step, 

    and briefly describe the step."
  }, 
  {
   "from": "gpt", 
   "value": "<evi> <evi> <evi> </evi> <evi>, remove the skin and meat pieces easily by running the knife along             

               the base or cutting them off. <evi>, cut and dice the mango to use in smoothies, salads, or other                   
                                 dishes. <evi>, enjoy your mangoes!."

  }
 ]
}

{
 "video": "ego_timeqa/45ad1f4b-11f0-4ee2-aaf8-f06584d434c9_5_155.mp4", 
 "duration": 150, 
 “time_gt": {
   " evidence_grounding ": [8.823, 11.311], 
   " interleaved_response ": [8.823, 11.311]
 }
 "conversations": [
  {
   "from": "human", 
   "value": "<image>\nWatch the video carefully and answer the question: 'What did I do with the chopping 
     sticks?'. Your response should mention the timestamps as a reference. For example: '<answer>. The 

    event happens in <evi>'."  
  }, 
  {
   "from": "gpt", 
   “value”: " <evi> </evi> Picked them up. The relevant event happens in <evi>."
  }
 ]
}

(b) Annotation example of dense captioning-related task.

(c) Annotation example of temporally grounded video question answering task.

(a) Annotation example of grounding-focused task.

{
 "video": "activitynet/v_6uhLrPgbpUA.mp4", 
 "duration": 46.333, 
 “time_gt": {
   " evidence_grounding ": [[6.337, 12.098], [21.172, 24.413], [29.238, 38.095]], 
   " interleaved_response ": [[6.337, 12.098], [21.172, 24.413], [29.238, 38.095]]
 }
 "conversations": [
  {
   "from": "human", 
   "value": "<image>\nLocate all instances of the action 'bmx' in the video and give me the timestamps for each 

    occurrence."  
  }, 
  {
   "from": "gpt", 
   “value”: " <evi> <evi> <evi> </evi> The action happens in <evi>, <evi>, and <evi>."
  }
 ]
}

Figure 1. Qualitative examples for grounding-focused task, dense captioning-related task, and temporally grounded video question answer-
ing task.
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You are given a question and its correct answer. Your task is to generate an incorrect answer that follows the format of the correct answer but contains factual inaccuracies 
or logical errors. The generated incorrect answer should not match the correct answer.

Question: Briefly describe each activity events in the given video. Each event should be described in only one sentence without mentioning any specific times, and 
separate each description with a period.

Correct answer: {GT textual  description}

Incorrect answer (generated by you):

Prompt for perturbation generation 

LLM output

• wash the apples.

• take the flesh off

• discard the peels.

• cut them into large chunks.

• dice into large pieces based on blender size.

• place in paper bag and remove air for oxidation. 

• store them in cardboard boxes.

• use as a tip to save apples by not going to waste and many people might 
recommend brushing with vinegar or citric acid.

• make juice by taking out several pieces and add artificial flavors.

• clean the bananas.

• take the skin off.

• discard the edges.

• cut them into small pieces.

• slice into small pieces based on blender size.

• place in ziplock bag and remove air for oxidation.

• store them in ziplock bags.

• use as a tip to save bananas by not going to waste and few people might 
recommend brushing with lemon or ascorbic acid.

• make smoothie by taking out few pieces and keep it natural.

GT textual description 

Perturbation on textual description 

Figure 2. An illustrative example of the data synthesis approach.

0s-24s        cut the meat into thin strips.

25s-36s      cut the meat into thin strips

39s-45s      add soy sauce, sugar, and sesame oil.

49s-59s      add garlic, ginger, and onion.

61s-68s      add sesame oil.

70s-77s      add sesame oil.

80s-85s      add sesame oil.

86s-92s      add sesame oil.

95s-101s    add sesame oil.

106s-113s  add sesame oil.

113s-118s  add sesame oil.

E.T. Chat output

Pre evidence grounding: 

27s-46s, 41s-64s, 56s-72s, 66s-84s, 80s-98s, 93s-117s, 111s-126s

Answer:

25s-45s cut beef into strips. 

44s-63s add sesame oil, soy sauce, sugar, and garlic to the bowl. 

55s-69s add minced onion and chopped scallion. 

63s-82s add sliced ginger. 

79s-96s grill the meat. 

94s-118s grill the meat for 5 minutes. 

111s-127s add sesame seeds and green onions.

Ours output

23s-37s   thinly slice the beef steak.

37s-44s add soy sauce and sugar.

44s-57s add green onions minced garlic 

        sesame seeds and sesame oil to the 

       marinade.

57s-65s add ground black pepper and stir 

        the marinade.

65s-78s pour the marinade over the beef.

78s-86s cover and refrigerate the beef.

86s-113s preheat the grill and grill the beef.

GT

a) Visualization of temporal grounding.

b) Textual discription.

1                                 2                                  3                                  4                                  5                                  6                                 7                  

132s 

GT

E.T. Chat

Ours

1                2                 3                4                 5                6                           7                  

0s 

You are given a video about 'making bulgogi'. Watch the video carefully and densly describe all the cooking steps. 

User

Figure 3. A qualitative example for dense captioning task.



0s 33s 

GT

E.T. Chat

Ours

Watch the video carefully and find a visual event described by the sentence: ‘person takes a picture’.

 GT:  The action happens in 20.2s-33.0s. User

Pre evidence grounding: 16s-31s

Answer: The action happens in 20s-32s.
D2VLM

The action happens in 10s-14s.

E.T. Chat

a) Visualization of temporal grounding in a single event.

Watch the video carefully and find all the visual events belonging to the action category: ‘tying something’.      

GT:  The action happens in 2.8s-11.4s, 19.2s-32.5s.
User

The action happens in 3s-33s.

E.T. Chat

Pre evidence grounding: 4s-12s, 15s-31s

Answer: The action happens in 2s-11s, 14s-30s.
D2VLM

b) Visualization of temporal grounding in multiple events.

12.0s                                20.0s                                 32.0s         

0s 35s 

7.0s                               15.0s                              20.0s         

GT

E.T. Chat

Ours

Figure 4. Qualitative examples for grounding-focused task.

GT

E.T. Chat

Ours

0s 150s 

Where did l put the glass ware? Please provide your choice and the relevant moment.

(A) dishwasher. (B) cupboard. (C) fridge. (D) drawer. 

GT:   A. The relevant event happens in 10.6s - 12.6sUser

Pre evidence grounding: 4s-39s

Answer: In the dishwasher. The relevant event happens in 4s-30s.
The event happens in 5s-7s.

D2VLM E.T. Chat

5.0s                                       7.0s                                    10.5s                                   12.0s                                  33.0s                                  38.0s

Figure 5. A qualitative example for temporally grounded video question answering task.
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