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1. Implementation Details

1.1. MLLM Architecture

We use the ViT-G/14 [2] pre-trained in the CLIP style [1, 7]
as the visual encoder to extract visual token features from
sampled frames. The extracted features are subsequently
passed to the pre-trained compressor for feature compres-
sion. The compressed features are then mapped into the
LLM input space using an 2-layers MLP projector [5].
Following the Llava-OneVision [4], we employ QwenV2-
7B [9] as our LLM.

1.2. Adaptive Frame Sampler

In this work, we employ TransNet V2 [8] as the shot bound-
ary detector due to its superior performance and efficiency,
enabling real-time processing. Frames are sampled at 10
FPS as input to TransNet V2 [8]. We set the window size
for the non-maximum suppression algorithm to 3 seconds.

1.3. Compressor and Decoder Architecture

The design of our compressor primarily follows the archi-
tecture of state-of-the-art (Variable-)autoencoders for im-
ages [3] and videos [10]. To reduce the parameter size of the
compressor, we decompose 3D convolutions into 2D spatial
and 1D temporal convolutions, and incorporate bottleneck
connections between them.

To be specific, the compressor consists of cascaded
residual blocks, where each residual block comprises two
convolutional blocks. Each convolutional block contains a
spatial 2D convolutional layer, followed by a 1D temporal
convolution and a SiLU activation function. We avoid us-
ing 3D convolutions since they introduce a higher number
of parameters. The 2D convolutional layer and the 1D tem-
poral convolution are connected in a bottleneck fashion to
reduce parameter size: the 2D convolutional layer outputs
features with a dimensionality of d/4, while the temporal
compression maps the features back to dimensionality d,
where d represents the dimensionality of the features ex-

Training Statge  Dataset Name  Sample number

Stage 1 ShutterStock 2,827,000
ShutterStock 5,113,000
Ego4dd 1,975,861
BreakFast 20,175
stage 2 AVA 183,580
Vatex 252,200
SSV2 168,931
Kinetics 315,709
total 8,029,456
ShutterStock 836,750
NextQA 71,655
SFT CLEVRER 152,572
PerceptionTest 7,392
Ego4d 11,018
total 1,079,387

Table 1. The composition of training data across different training
stages.

tracted from the visual encoder. Downsampling is achieved
by applying a convolutional stride of 2 in the first convolu-
tional block. Our 4 x 4 x 4 compressor configuration con-
tains three such residual blocks, where the first two blocks
perform downsampling, and the overall structure has ap-
proximately 65 million parameters. For the decoder, it fol-
lows a symmetric architecture to the encoder, with upsam-
pling operations follow those used in VQGAN [3].

1.4. Training Setting

Training Data Mixture: The details of the training data
used at different training stages are provided in Table 1.
MLLM training We train our model on NVIDIA H100
GPUs with a batch size of 512. The training process is di-
vided into three stages. In the stage-1, we train the MLP
projector to align the compressed visual tokens with the
LLM input space. We keep the LLM, visual encoder, and



Question: who are decorating the Christmas tree outdoors in the video?

Figure 1. Examples of sampled frames using uniform sampling (top row) compared to our AVS (bottom row). AVS successfully locates

the key frame to answer the question.

Question: where are the people tourists walking?

Figure 2. Examples of sampled frames using uniform sampling (top row) compared to our AVS (bottom row). AVS successfully locates

the key frame to answer the question.

compressor frozen. The model is optimized by using the
AdamW optimizer with a learning rate of 1 x 1073, In
the stage-2, we train MLLM to learn new visual knowl-
edge. The LLM and the projector are jointly trained with
a AdamW optimizer [6] with a learning rate of 1 x 1075,
In the SFT stage, we fine-tune the MLLM to solve vari-
ous video understanding tasks and align with human pref-
erences using our SFT data. We train the LLM and the pro-
jector with a AdamW optimizer [6] with a learning rate of
1 x 10™°. We use 32 frames as input for both training and
inference. For the ablation study, the model is trained only
during stage 1 and the SFT stage to reduce computational
costs. When comparing our method to state-of-the-art ap-
proaches (Table 1 in the main paper), the model is trained
across stage 1, stage 2, and the SFT stage.

Compressor pretraining We pre-train our compressor on
the Stage 2 training data for one epoch, using a batch size
of 512. We use the AdamW optimizer [6] with a learning
rate of 2 x 10~° to optimize the model. Note that the visual
encoder is kept frozen.

2. Additional Experiment Results

2.1. Comparison of Video Frame Samplers

In Figure | and Figure 2, we additionally present the re-
sults of uniform sampling and our Adaptive Video Sampler.
Consistent with our observations in the main paper, uniform
sampling selects many redundant video frames, inefficiently

utilizing the token budget. In contrast, our AVS effectively
samples diverse key frames, accurately capturing the frame
relevant to the questions “Who is decorating the Christmas
tree outdoors in the video?” and “Where are the people
tourists walking?” These results further demonstrate the ef-
fectiveness of our proposed AVS approach.
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