Appendix
A. Limitations

First, our current performance still falls short of the SOTA
models due to limited training data and insufficient model
training. Second, while TransV enables processing thou-
sands of frames, the model has not been trained on videos
of such duration.

B. Experimental Setups

Implementation details. When training attention-based
dropping in multi-turn dialogue scenarios, the attention dis-
tribution is computed using the last token of the final in-
struction as the query. For temporal video grounding data,
we incorporate a time-aware prompt [13]: “The video lasts
for {} seconds, and {} frames are uniformly sampled from
it.” During training, we randomly sample one instruction
from a pool of 15 manually constructed task prompts, such
as: “From the video, locate the portion that aligns with
the textual query , and output the start and end timestamps
in seconds. The output format of the predicted timestamp
should be like: ’start to end’ seconds. A specific example is
: 12.0 to 20.0 seconds”. We do not use a system prompt,
but we retain the BOS token to act as an attention sink [26].
Training data summary. Our training pipeline adopts a
two-stage strategy. We summarize the training data in Sec-
tion B. Specifically, in the first image-text alignment stage,
we utilize 3 million images randomly sampled from the
CC12M dataset [7], paired with captions sourced from Pix-
elProse [20]. In the second video instruction tuning stage,
we assemble a composite dataset to enhance MLLM’s video
understanding and timestamp prediction capabilities, com-
prising: (1) 1.3M samples from LLaVA-Video [31]; (2)
253K data from Kinetics400 [6] and WebVid [4] that are re-
captioned with GPT-40 or Gemini by ShareGemini [19] and
ShareGPT-4 [8]; (3) 100K samples from ET-Instruct [14];
(4) 112K samples from VideoGPT-Plus [15]; (5) 11K sam-
ples from LongVid [13] and MovieChat [21]; (6) 26K
dense video captioning (DVC) samples aggregated from
ActivityNet [5], COIN [22], HiREST [28], ViTT [11], and
YouCook2 [32]; and (7) 250K temporal video grounding
(TVG) samples [25] from YT-Temporal [27], DiDeMo [3],
QuerYD [17], InternVid [24], and HowTol100M [16]. We
obtain grounding data with annotations from VTG-IT [10],
TimelT [18], TimePro [29], HTStep [1], and LongVid [13].
This data collection process yields 339K temporal ground-
ing samples. To ensure data quality, we apply a simple
cleaning protocol to the TVG data. Specifically, we filter
out coarse-grained samples where the ground truth duration
exceeds 30 seconds or spans more than one-third of the to-
tal video length. We also discard invalid entries containing
out-of-bound timestamps. Consequently, our TVG training
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Figure 1. Comparison of prefilling time. TransV incurs no addi-
tional latency at low frame inputs (e.g., 64 frames) while signifi-
cantly reducing prefilling time at high frame inputs. For instance,
at 4,096 frames, TransV reduces prefilling time by 15.7% com-
pared to the ToMe baseline.

data remains 250K.

C. Main Results

Impact of compression components on prefilling time.
As shown in Figure 1,the vanilla model already incurs 4.5s
latency at 64 frames. TimeViper drastically reduces this to
0.4s, and TransV further decreases prefilling time, with the
effect becoming more pronounced as the number of frames
increases. Notably, at 4,096 frames, TransV reduces prefill-
ing time by 15.7% compared to TimeViper.

Effect of increasing the number of inference frames.
Since the model is trained with 256 frames, we evalu-
ate test-time scalability by varying the number of input
frames. As shown in Figure 2, TimeViper scales robustly
with longer contexts across four long video understand-
ing benchmarks. For example, when increasing the in-
put frames from 256 to 512 frames, MLVU improves from
65.64 to 69.00, and LVBench increases from 35.53 to 37.0.
Ablation of TransV. In Table 2, we compare the effect of
introducing additional TransV parameters with pure token
dropping (TD) on downstream tasks under the same setting
(uni_7_0.5-attn_39_0.9). The results show that TransV ef-
fectively improves performance on most tasks.

Needle in a haystack evaluation. To evaluate TimeViper’s
ability to handle long videos, we conduct a “needle-in-a-
haystack™ test: within a video with sequence length vary-
ing from 1k to 5k frames, we select 20 VQA samples from
MSCOCO and insert the image-based QA task into dif-
ferent depth position in the sequence, and assess whether
the model can correctly identify the image content and an-
swer the question. In Section D, the results show that
TimeViper with hybrid model achieves an average accuracy
of 81.3%, outperforming the Qwen2.5 baseline’s 76.7% in
the challenging task, demonstrating the effectiveness of hy-
brid model in long video understanding.



Stage 1: Projector Alignment

Image caption data (3M)

CC12M (3M) [7] with PixelProse captions [20]

Stage 2: Video Instruction-Tuning

Image instruction data (2.8M)

LLaVA-OneVision (2.8M) [12];

LLaVA-Video (1.3M) [31]; Kinetics400 & WebVid (253K) [4, 6] (recaptioned via ShareGem-

Video instruction data (1.8M)
& MovieChat (11K) [21]

ini [19] & ShareGPT-4 [8]); VideoGPT-Plus (112K) [15]; ET-Instruct (100K) [14]; LongVid [13]

Dense video captioning (26K)

ActivityNet [5], COIN [22], HiREST [28], ViTT [11], YouCook2 [32]

Temporal video grounding (250K)

YT-Temporal [27], DiDeMo [3], QuerYD [17], InternVid [24], HowTo100M [16] (Annotated by
VTG-IT [10], TimelT [18], TimePro [29], HTStep [1], LongVid [13])

Table 1. Data recipe. Overview of the datasets used in our two-stage training pipeline.
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Figure 2. Comparison of performance as the number of input frames increases on long-video understanding benchmarks. We train our
models with 256 frames as inputs, and sample 1 frame per second during evaluation. The x-axis here denotes the maximum number of
frames. If a video exceeds this length, we take only the first max frames for inference.

MVB LVB MLVU VMME LVBench Charades VDC
Method Param
avg.acc  val  avgacc  overall avg.acc avg.acc avg.acc
TD X 53.7 51.8 63.0 56.8 352 37.0 39.4
TransV v 56.2 52.0 63.1 56.9 35.6 379 39.1

Table 2. Comparison between TransV and token dropping.

Evaluation Settings. We compare uniform sampling and
first-frame sampling with 256 frames on VideoMME, where
uniform sampling achieves 61.11 versus 58.67 for first-
frame sampling on overall accuracy.

D. Visualization of Attention Mechanism

To better understand how hybrid MLLMs differ from
Transformer-based MLLMs in processing multimodal in-
puts, we first formalize the definitions of attention scores
used in both Mamba-2 and self-attention layers and then
analyze attention behaviors across layers. For Mamba lay-
ers, we follow [2] to define the attention pattern, while for
Transformer layers, we use the attention weights. Next, we
define average attention scores used in both Mamba-2 and
self-attention layers to analyze attentions received by differ-
ent types of tokens.

TimeViper (Nano) (Acc: 81.3%) TimeViper (Qwen) (Acc: 76.7%)
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Figure 3. Needle in a haystack evaluation.
Mamba-2 Layer. A Mamba-2 layer is built around a core
state-space model (SSM) block, which recurrently main-
tains a compact hidden state summarizing past information.
Let x; denote the input at step £, and h; € RY*P the hidden

memory. The SSM update is defined as:
hy = Athi—1 + By 0
Yt = CtT ht

where A;, By, and C; are discretized SSM parameters [9].
This mechanism encodes temporal dependencies via learn-
able decay and gating dynamics, enabling efficient informa-
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Figure 4. Comparison of average attention scores across all layers
in Nanov2 and Qwen2.5. The visualization shows both attention
and Mamba layers for Nano, and attention layers for Qwen. For
Mamba layers, we normalize each row of the attention scores us-
ing the L, norm so that all values fall within the range [0, 1].

tion propagation over long sequences.
Self-Attention Layer. In contrast, the self-attention layer
directly models token interactions:

QKT
© D

where [Q, K, V] = [Wq, Wk, Wy]X, and W, Wk, Wy,
are learnable parameters. L is the causal attention mask.

Definition of attention score. For self-attention (Equa-
tion (2)), the attention score M;; € R from z; to z; is:

y = Softmax(L © ——) -V 2)

Yi = Softmax(Q

\F

For the SSM block, we rewrite Equation (1) to express its at-
tention pattern as the weighted sum from inputs [z1, . . . , 2;]
to the output y;:

E}ﬂ H,%B%

k=j+1

Ve = ZM Vi 3

Zﬁgﬁj 4)
j=1

Here, |M] ;| € RT serves as the “attention score” [2, 33]
from x; to z; within the SSM block. Although both the
self-attention and Mamba mechanisms employ a multi-head
design [9, 23] along the hidden dimension, we omit this de-
tail in the equations for simplicity.

Average attention score computation. We adopt the
category-level attention score definition from LLaVA-
Mini [30]. Tokens are grouped into instruction, vision,
and response categories: Tins, Tvis, and Tres. Let a;; de-
note the attention score from token ¢; to token ¢;, aver-
aged over all attention heads. For two token categories
A, B € {Tins, Tvis; Tres }» We define their category-level at-

tention score as:

DA thezs Gij
‘{ti c A | theBaij > 0}’
The denominator counts the number of tokens in A that at-

tend to any token in I3 with non-zero weight, ensuring that
tokens masked by the causal attention mask are excluded.

Attn(A—B) = 5)

In Figure 4, we analyze the overall attention scores from the
entire sequence T = Tiys U Tyis U Tres to a target category 5.
To ensure equal contribution, we compute their arithmetic
mean:

NMT%&=%MMU@%Q

+Attn(7yis — B) (©)
At (Tres — B)).

Hybrid MLLMs preserve stronger attention to vision to-
kens. To quantify model behavior, we compute the aver-
age attention received by instruction, vision, and response
tokens across all layers. As shown in Figure 4, Qwen
rapidly down-weights vision tokens after the early layers,
instead favoring instruction and response tokens. In con-
trast, Nano maintains noticeably higher attention to vision
tokens throughout the network. These findings suggest that
the hybrid model is more effective at attending to visual in-
formation than the Transformer-based architecture.

E. Qualitative Results

Qualitative results on VideoMME. Figure 5c illustrates
TransV'’s effectiveness on MCQ tasks. In the first case that
shows fine-grained retrieval, TimeViper w/ TransV success-
fully attends to a critical frame (03:36) to answer questions
about the Berlin Wall. In the second case that requires long-
term temporal reasoning, it correctly deduces the chrono-
logical order of a biology lecture by accurately aligning tex-
tual concepts with diverse temporal segments.

Qualitative results on Charades. For temporal video
grounding in Figure 5b, we observe that incorporating the
compression module yields only minimal changes. Both the
original and compressed models accurately interpret times-
tamps and localize the corresponding video segments.
Qualitative results on VDC. Figure 5a presents detailed
captioning results where green represents accurate details
and red illustrates hallucinations. While the baseline suf-
fers from object hallucination, e.g., fabricating a “sponge”,
TimeViper w/ TransV generates more faithful descriptions
e.g., recognizing “paintbrushes”. This suggests that com-
pression may help reduce hallucination by filtering out irrel-
evant or misleading visual information, while largely main-
taining the original model’s descriptive behavior.



w/o TransV

A person is sitting on the floor, painting a large canvas with
blue and white paint. They are using a variety of brushes
and tools, including a palette knife and a sponge. The
person is wearing a black shirt and jeans. They are sitting in
front of a computer monitor, which is displaying a video of
the painting process. The person is using their right hand to
paint and their left hand to hold the canvas. They are
moving the brush in a circular motion, creating a swirling
effect. The person is also using their fingers to blend the
paint. The person is focused on their work and is creating a
beautiful piece of art.

w/ TransV

A person is sitting on the floor in front of a canvas. They
are holding a paintbrush in their right hand and are using
it to paint on the canvas. The canvas is blue and white,
and the person is using a variety of colors, including blue,
white, and red. The person is wearing a black shirt and
jeans. There are several other paintbrushes and paint
tubes on the table in front of the person. The person is
painting a picture of a blue sky with white clouds. They are
using a variety of brushstrokes to create the clouds. The
person is also using a palette knife to mix the paint. The
person is taking their time and is carefully painting the
picture. They are enjoying the process of creating art.

(a) Qualitative results on VDC.

00:04 00:13 00:21 00:30
22.5s 294s GT
loU = 0.69 Pred
loU = 0.59 Pred
g When does the query “person sitting on bed” happen?
w/o TransV w/ TransV

20.0 to 30.0 seconds 25.0 to 30.0 seconds

Video Input

00:04 00:12 00:19 00:27
14.6s 21.2s GT
loU = 0.60 Pred
loU =0.76 Pred
g When does the query “the person was putting the bag
into the cabinet” happen?
w/o TransV w/ TransV

15.0 to 25.0 seconds 15.0 to 20.0 seconds

(b) Qualitative results on Charades.

Video Input

g How many defending layers were there in the barrier in the east of the Berlin wall

accoridng to the video?

A 4. B.3. C.2 D.5.

Video Input

02:21

g What is the order for introducing content in the video?
(a) The excretion process of plants.
(b) Plant adaptability.
(c) The structure of a plant.
(d) The special way of eating of plants.
(e) Photosynthesis.
A. (a)(d)(e)(c)(b).
C. (d)(c)(b)(a)(e).

B. (c)(d)(e)(a)(b).
D. (c)(e)(d)(b)(a).

P ]

06:02
w/ TransV

B.3.

35:10
w/o TransV w/ TransV
B. (c)(d)(e)(a)(b). B. (c)(d)(e)(a)(b).
00:52 05:13 07:37 10:53 15:29

(c) Qualitative results on VideoMME.

Figure 5. Qualitative results on three benchmarks.
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