
DisCo: Towards Distinct and Coherent Visual Encapsulation in Video MLLMs

Supplementary Material

A. Details of Training
In Tab. S1 and Tab. S2, we list the hyper-parameters we
adopt for the training of DisCo. In Stage 1, for the ST-
LLM [4] based DisCo, since ST-LLM did not adopt a pre-
training stage, we set the stage 1 hyper-parameters accord-
ing to their instruction tuning stage. Specifically, following
common MLLM pre-training approaches, we adopt larger
batch size and larger learning rates. For InternVideo2 [5]
based DisCo, we follow the hyper-parameter setting of their
video-text pretraining stage. In Stage 2, we use diverse
video conversation data for instruction tuning. For this
stage, we follow the hyper-parameter settings of the instruc-
tion tuning stage in ST-LLM and InternVideo2, accordingly.

Table S1. Hyperparameter settings for the training of DisCo based
on ST-LLM [4] framework.

ST-LLM

Hyperparameters Stage 1 Stage 2

input frame 8 8
input resolution 224 224
batch size 512 128
total epochs 1 2
learning rate 1e-4 2e-5
learning rate schedule cosine decay

Table S2. Hyperparameter settings for the training of DisCo based
on InternVideo2 [5] framework.

InternVideo2

Hyperparameters Stage 1 Stage 2

input frame 8 8
input resolution 224 224
batch size 1024 256
total epochs 1 1
learning rate 1e-4 2e-5
learning rate schedule cosine decay

B. Details of Semantic Instance Extraction
In the Visual Concept Discriminator (VCD) module, to
acquire distinct semantic concepts of training videos, we
adopt GPT-4 [1] to extract words or phrases that correspond
to specific entities in the video caption. In Fig. S1, we

# task definition
Given the following video caption, identify only the tangible objects and people that appear. 

Separate each item with a semicolon. Focus only on physical items or beings, including their 

descriptive details. If no tangible objects are present, respond with 'None'. Do not include 

repetitive objects.

# in-context example
Example:

Caption: The video depicts an outdoor setting with a series of events where a person wearing 

colorful clothing is seated, playing a set of congas, while another person, dressed in a green 

top and white skirt, is standing, dancing to the beat. The background shows a tent and bicycles, 

indicating a leisurely, festive atmosphere. The conga player appears focused on their 

instrument, and the dancer is energetically moving to the music. There's a dynamic exchange 

of musical energy between the two.

Extracted Objects: a seated person; colorful clothing; a set of congas; a standing person; green 

top; white skirt; tent; bicycles; instruments

# instruction
Now, find the tangible objects and people with descriptions from the following caption.

Caption: {caption}
Extracted Objects:

Figure S1. The prompt we used to guide GPT-4 to perform the
semantic instance extraction task.

show the prompts we use to guide GPT-4 to perform the
extraction of semantic instances. Notably, we find that it
is important to add the instruction on requiring GPT not
to repeatedly draw the same instances that appear multi-
ple times in the video caption (‘Do not include repetitive
objects’ in Fig. S1). Examples of the extracted instances
in Fig. S2. We can see that our approach comprehensively
draws out major instances in the caption, without containing
repetitive items.

C. More Ablations
Methods on Semantic Instance Extraction. To verify the
necessity of extracting non-overlapping instances in the se-
mantic extraction process, we compare our ‘unoverlapped’
extraction method with the simple approach of extracting all
appeared instances (‘overlapped’), even if there are repeti-
tive items. From Tab. S3, we can see that although using
our ‘unoverlapped’ method results in a slight decrease in
the average number of instances per video (9.96 v.s. 11.03),
our method consistently achieves better performance on all
three benchmarks. These results validate the superiority of
our semantic instance extraction method, while further con-
solidating the importance of relieving semantic redundancy
in the learning process of visual tokens.
Results on Varied Caption Quality. In the VCD mod-
ule, DisCo utilizes textual instances extracted from video
captions. To explore the influence of caption quality (e.g.,
length, detailedness) on the final results, we utilize two
sets of captions: (1) ShareGPT4o [7] which features high-
quality dense captions, and (2) WebVid2M [2] which fea-
tures short, brief captions. As shown in Tab. S4, the two



Table S3. Ablations on different methods of extracting semantic
instances. EgoSchema is validated on subset.

Method Avg. Inst MVBench STAR EgoSchema

Overlapped 11.03 67.8 76.0 71.6
Unoverlapped 9.96 68.2 77.7 72.2

Table S4. Ablations on caption quality. We compare the results of
adopting two set of captions: WebVid2M with short, sketchy cap-
tions and ShareGPT4o with long, detailed captions. ‘Avg words’
and ‘Avg inst.’ indicates the average number of words and ex-
tracted instances in each caption, respectively.

Method Avg words Avg inst. MVBench STAR

InternVideo2-HD - - 66.3 75.7
InternVideo2-HD+WebVid2M 14.2 3.23 67.8 76.7
InternVideo2-HD+ShareGPT4o 109.3 9.96 68.2 77.7

caption sources vary a lot in caption length and number
of entities. ShareGPT4o captions contain an average of
9.96 instances per sample, while WebVid2M captions could
only yield 3.23 instances per sample. Nevertheless, we
observe that using both captions could result in a notable
performance gain, with 1.9% and 1.5% improvement on
MVBench, respectively. This highlighting DisCo’s adapt-
ability to different caption types. As the instance number
in WebVid2M data is significantly less than ShareGPT4o
data, for the training of WebVid2M captions, we decrease
the number of tokens used in VCD module from 64 to 24,
and decrease the number of token groups from 16 to 6, to
reduce the proportion of unmatched visual tokens.

Ablations on Weights of Different Loss Functions.
Moreover, in Eq.7, the weights of each loss component are
crucial hyperparameters that can largely affect the capabil-
ity of the trained model. Therefore, in order to decide the
best combinations of each hyperparameter, we carry out an
ablation in Tab. S5. Experimental results show that the
model achieves an overall best performance when setting
all weights λvsc, λvsm, λfsc to 1.0.

Comparison with Other Token Compressing Methods.
In the area of MLLMs, there have been a series of token
compression methods aiming at effectively representing vi-
sual features using fewer tokens, which share similarities
with DisCo. In Tab. S6, we compare two related works,
TokenPacker [3] and DeCo [6], with DisCo. As shown
in Tab. S6, by using significantly fewer visual tokens (64
against 400/256), DisCo achieves comparable performance
with TokenPacker and DeCo. At the same time, the training
and inference time of DisCo largely outcompetes the other
two methods, demonstrating the superiority of our visual
encapsulation approach.

Table S5. Ablations on the weights different components in the
total training loss of DisCo. λvsc, λvsm, λffa indicates weights
for the losses in Eq.7.

λvsc λvsm λffa MVBench STAR EgoSchema

0.5 1.0 1.0 66.9 75.5 70.4
2.0 1.0 1.0 68.0 76.4 71.1
1.0 0.5 1.0 68.1 76.7 71.3
1.0 2.0 1.0 67.4 76.4 69.8
1.0 1.0 0.5 67.8 78.0 70.5
1.0 1.0 2.0 66.5 75.4 69.7

1.0 1.0 1.0 68.2 77.7 72.2

Table S6. Comparisons between DisCo and two other visual token
compression methods in MLLMs, TokenPacker and DeCo. We
compare the number of visual tokens, training time per step, infer-
ence time per instance, and the accuracy on MVBench.

Model DeCo TokenPacker DisCo

Token No. 400 256 64
Train time(s/step) 6.9 6.4 4.6

Inference time(s/it) 1.52 1.33 1.11
MVBench Acc. 68.1 67.6 68.2
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Video Caption

A person is wearing a vibrant pink scarf wrapped around the neck, with one side 

draping longer than the other over a long-sleeve, white top. The individual has 

curly hair, which falls naturally around the shoulders. The video's background is 

plain and light-colored, offering a neutral backdrop to the brightly colored scarf, 

which is the main focus of the attire. The brand of clothing is not visible.

Semantic Instances

a person a vibrant pink scarf a long-sleeve white top curly hair

shoulders a plain light-colored background

Video Caption

The video opens with successive frames displaying in-game footage from Batman 

Arkham Asylum, featuring a character with a gas mask and the text “I see you, 

Batman!”. The following scenes explain through overlaid text that in the original 

Arkham Asylum game, Joker had notes addressed to “Catwoman” and “Riddler”. 

However, in the game's remastered version, in “Arkham City”, those notes were not 

received. The subsequent frames reveal that the notes were changed to be 

addressed to “Penguin”. The video hints that this alteration was done to make sense 

of the presence of Titan soldiers associated with Penguin. The final frame prompts 

viewers to subscribe for more Arkham Asylum content.

Semantic Instances

a character gas mask text notes Catwoman Ridder

Penguin Titan Soldiers

Video Caption

The video consists of a series of still images taken at what appears to be a coastal 

area. The initial image captures a broad expanse of the sea against a cloudy sky, 

with a clear view of the pebbly shore in the foreground. As the video progresses, 

subsequent images illustrate the water's incremental approach toward the shore, 

eventually covering the pebbly area and creating a small inlet. The sky remains 

overcast throughout the progression, with no visible human activity or wildlife. The 

temporal sequence suggests a time-lapse of a rising tide.

Semantic Instances

a broad expanse of the sea cloudy sky pebbly shore water small inlet

(a)

(b)

(c)

Figure S2. Examples of the semantic instance extraction process.
Through our carefully designed prompts, the extracted instances
do not undergo redundancy, while fully cover the major entities in
the video caption.
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