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Token reduction accelerates long-video vision–language models (VLMs), but existing methods target Trans-
formers, where reduction is treated as token pruning. We study token reduction in hybrid Mamba–Transformer
VLMs and find that it is stateful: Mamba layers maintain a recurrent state that accumulates information
from earlier tokens, allowing discarded tokens to persist, so reduction behaves more like compression than
dropping. We support this view with a representation-based probing method measuring how much information
from discarded tokens is retained, and analyze layer-wise sparsity and cross-layer importance stability. Our
findings show importance is sparse within layers but unstable across layers, making aggressive early pruning
unreliable while hybrids remain robust to later reduction. Motivated by this, we propose a hybrid-aware token
reduction framework with a low-to-high progressive schedule and a unified query-conditioned importance score
for attention and Mamba layers. For Mamba, excluding the position-dependent decay from the recurrence
produces a stronger selection signal. Across long-video benchmarks, our method achieves 3.8–4.2× prefilling
speedups at a 25% token budget while maintaining near-baseline accuracy and improving with light finetuning.
Hybrid models benefit from aggressive reduction, improving both efficiency and accuracy, whereas Transformers
exhibit the standard trade-off. Our method also outperforms prior baselines on the same hybrid backbone
and combines effectively with visual redundancy reduction methods.

1. Introduction

Video-based vision–language models (VLMs) are mov-
ing toward long-horizon video understanding tasks.
However, long-video VLMs process thousands of vi-
sual tokens, making inference expensive, especially
during prefilling. Prior work shows that many tokens
are redundant and can be pruned or merged, but
aggressive reduction often degrades accuracy, partic-
ularly when applied early, where errors cannot be
corrected in later layers [1, 2, 3]. This becomes more
challenging for long videos, where token relevance
varies across depth and time [4, 5, 6].

Existing token-reduction methods are primarily de-
signed for Transformer architectures, where reduc-
tion is naturally interpreted as token pruning. How-
ever, recent VLMs increasingly adopt hybrid Mamba–
Transformer architectures [7, 8], in which a substan-
tial fraction of layers are state-space (Mamba) blocks.
These architectures propagate information differently,
but their implications for token reduction remain un-
derexplored.

In this work, we study token reduction in hybrid
VLMs and find it exhibits stateful behavior. In con-
trast to Transformers, where removed tokens no longer
influence subsequent layers, Mamba layers maintain
a recurrent state that accumulates information from

earlier tokens and carries it across layers. As a result,
information from discarded tokens can persist in the
state, and reduction behaves more like compression
than dropping.

We show a representation-based probe measuring
how much information from discarded tokens is pre-
served in retained tokens, providing empirical ev-
idence for the stateful behavior of hybrid models.
This observation has implications for reduction design.
Complementing this, we analyze layer-wise sparsity
and cross-layer importance stability, and find that
while importance is sparse within each layer, it is un-
stable across layers, making aggressive early pruning
unreliable. At the same time, hybrid models show
stronger tolerance to reduction, consistent with in-
formation being absorbed into the recurrent state.
These findings motivate a progressive reduction strat-
egy that preserves more tokens in early layers and
prunes more aggressively later.

Based on this analysis, we propose a hybrid-aware
token reduction framework. We adopt a low-to-high
progressive schedule and introduce a unified query-
conditioned importance score for both attention and
Mamba layers. For attention layers, importance is
derived from text-to-vision attention. For Mamba
layers, we derive an attention-like score from the
selective state-space recurrence and show that the
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content-alignment term alone is a more effective signal
than the full recurrent weight, which includes position-
dependent decay.

Experiments on long-video benchmarks
(VideoMME [9], LongVideoBench [10], and
LVBench [11]) show that the proposed method
achieves substantial prefilling and end-to-end
speedups. Notably, hybrid models maintain or
improve accuracy under aggressive token reduction,
whereas Transformer models exhibit the standard
speed–accuracy trade-off. Ours also outperforms
existing token-reduction baselines on the same
hybrid backbone and combines effectively with visual
redundancy reduction methods.

Contributions. (i) We study token reduction in
Mamba–Transformer hybrid VLMs and identify its
stateful behavior, supported by a representation-
based probing analysis. (ii) We propose a hybrid-
aware token reduction framework with a progres-
sive schedule and a unified query-conditioned scor-
ing method across attention and Mamba layers, and
show that excluding cumulative decay is critical for
Mamba-based selection. (iii) We demonstrate strong
speed–quality trade-offs on long-video benchmarks,
with hybrid models benefiting from token reduction
more than Transformer baselines.

The rest of the paper is organized as follows. Sec-
tion 2 presents the empirical observations that mo-
tivate our design. Section 3 describes the scoring
rule and the progressive schedule. Section 4 reports
the main results, ablations, and efficiency analysis.
A broader discussion of related work is provided in
Section 5 and Section A.8 (Appendix).

2. Observations

We compare a Transformer VLM (Qwen3-VL) and
a hybrid Mamba–Transformer VLM (Nemotron-
Nano-V2 VL) along three properties that motivate
the method in Section 3: (i) stateful compression,
(ii) layer-wise sparsity, and (iii) cross-layer impor-
tance stability. We use the query-conditioned token-
importance score whose precise definition is deferred
to Section 3.1.

2.1. Stateful Compression

We hypothesize that consistency and reduction toler-
ance are driven by different mechanisms. In standard
Transformers, attention is memoryless, so when the
tokens are removed, their information is effectively
dropped. Once pruned, these tokens cannot influence
later layers [12]. Hybrid models behave differently.

They interleave attention with Mamba layers that
maintain a recurrent state 𝑆𝑡. This allows token
reduction to act more like compression rather than
dropping. Even if a token is discarded, its informa-
tion can persist in the state and be propagated to the
remaining tokens.

Probing Stateful Compression. We test this idea
using a representation probe. First, we run a full for-
ward pass and select the top-𝐾 tokens based on their
importance at layer ℓ. Then, we run a second forward
pass where only these 𝐾 tokens are kept from layer 1
onward. At layer ℓ, we compare the hidden states
of the retained tokens between the two passes using
angular distance. If the model simply drops tokens,
the two representations should be very similar. In con-
trast, a larger angular distance indicates that earlier
layers have already absorbed information from the dis-
carded tokens into the retained ones. Figure 1ii shows
results across two retention budgets equivalent to 32
and 16 frames, three depths (∼11%, ∼26%, ∼41%),
and up to 512 frames. The hybrid model consistently
shows larger angular distances than the Transformer
(e.g., 45.2∘ vs. 22.2∘ at 41% depth, 32-frame budget,
256 frames). Moreover, this gap increases with both
depth and number of frames, supporting the idea that
hybrid models perform stateful compression rather
than simple token dropping.

2.2. Layer Sparsity Statistics

Figure 1i (bottom) plots the fraction of tokens that
account for 80% of the importance mass at each layer;
each dot is one attention head (blue) or one Mamba
group (green). The majority fall below 40% in both
architectures, with average density of 10.9% in the
Transformer and 30.6% in the hybrid, suggesting that
token reduction is feasible in principle for both. Trans-
former attention is sparser than Mamba on average,
and within the hybrid, attention is also sparser than
Mamba groups.

Sparsity tells us which tokens matter at a given
layer, but not whether the same tokens remain impor-
tant across layers. Figure 1i (top) reports Kendall’s
𝜏 between consecutive layers’ importance rankings;
values below 0.5 mean more than 25% of token pairs
reverse their relative ordering. Early-layer correla-
tions are unstable in both architectures: the Trans-
former stabilizes only after roughly one-third of net-
work depth, while the hybrid remains consistently low
and on average lower than the Transformer’s. The
implication is that single-shot pruning at the very first
layer is risky and a depth-aware schedule is preferable
in either case.
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(a) (b)

(c) (d)

Layer Correlation on Transformer Model Layer Correlation on Hybrid Model

Layer Density on Transformer Model Layer Density on Hybrid Model

(i) Layer-wise attention density and cross-layer rank
stability of token importance.
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(ii) Stateful compression probing via angular distance of the hidden
representations between full and the top-𝐾 retained tokens.

Figure 1 | Token importance structure and compression behavior in Hybrid vs Transformer models.
(i) Top: Kendall’s 𝜏 [13] between the importance rankings of consecutive layers, for the Transformer (a) and
the hybrid (b); values around 0.5 and below indicate low rank consistency. Bottom: layer-wise density (%) of
importance scores for the Transformer (c) and the hybrid (d), where each dot is one attention head (blue) or
one Mamba group (green); lower density indicates higher sparsity. (ii) Angular distance between hidden states
of retained tokens, quantifies how much information from discarded tokens is absorbed. Larger distances
indicate more information absorbed from the discarded tokens, and small distance means the representations
are almost unchanged, implying little additional information was incorporated. The Hybrid model consistently
shows greater compression, with the gap widening at deeper layers and higher frame counts.

Takeaways. The stronger stateful-compression ef-
fect in hybrids both permits and rewards preserving
more tokens in early layers, so that the recurrent state
can absorb information before later layers prune more
aggressively. Together with (ii) and (iii), this moti-
vates the low-to-high progressive schedule in Section 3,
which we expect to benefit hybrids in particular.

3. Method

3.1. Query-Conditioned Token Importance

Consider a multimodal sequence with 𝑀 text (query)
tokens and 𝑁 visual tokens. For long videos, 𝑁
can exceed 10K, creating computational bottlenecks,
while 𝑀 is typically much smaller (e.g., ∼100). Let
𝑢

(ℓ)
1 , . . . , 𝑢

(ℓ)
𝑀 and 𝑣

(ℓ)
1 , . . . , 𝑣

(ℓ)
𝑁 denote the hidden

states of text and visual tokens at layer ℓ. Our
goal is to define a query-conditioned importance score
𝑠

(ℓ)
𝑖 ∈ R for each visual token to measure relevance to

the query at layer ℓ and enable ranking and pruning:
given budget 𝐾 < 𝑁 , we retain the top-𝐾 tokens by
importance.

Attention Layers. For attention layers, impor-
tance follows naturally from the attention mechanism.
Let 𝑞

(ℎ)
𝑚 and 𝑘

(ℎ)
𝑖 denote the query and key projections

of 𝑢
(ℓ)
𝑚 and 𝑣

(ℓ)
𝑖 at head ℎ (we omit the layer index for

brevity). We compute the softmax-normalized atten-

tion weights from text to visual tokens and aggregate:
𝑠

(ℓ,attn)
𝑖 = 1

𝑀𝐻

∑︀
𝑚,ℎ softmax𝑖

(︂
𝑞(ℎ)

𝑚 ·𝑘(ℎ)
𝑖√

𝑑ℎ

)︂
, where 𝐻

is the number of heads, and 𝑑ℎ is the head dimension.

State-Space (Mamba) Layers. For Mamba lay-
ers, we derive an implicit attention proxy from the
selective state-space recurrence [14]. Each head in
Mamba operates independently on input 𝑥𝑡 ∈ R𝑝

(where 𝑝 is the head dimension) with hidden state
𝑆𝑡 ∈ R𝑝×𝑛 (where 𝑛 is the state dimension). The
state evolves as 𝑆𝑡 = 𝐴̄𝑡𝑆𝑡−1 + 𝑥𝑡𝑏̄

⊤
𝑡 , with output

𝑦𝑡 = 𝑆𝑡𝑐𝑡, where 𝐴̄𝑡 is the discretized state transi-
tion matrix with entries in (0, 1) acting as a decay
factor; 𝑏̄𝑡 = Δ𝑡𝑏𝑡 ∈ R𝑛 is the effective input projec-
tion combining the discretization step Δ𝑡 > 0 with
the input-dependent projection 𝑏𝑡; and 𝑐𝑡 ∈ R𝑛 is
the output projection. Mamba groups heads such
that 𝑏𝑡 and 𝑐𝑡 are shared within each group. Un-
rolling the recurrence reveals an attention-like struc-
ture 𝑦𝑡 =

∑︀𝑡
𝑗=1 𝑤𝑡,𝑗 𝑥𝑗 , where 𝑤𝑡,𝑗 is a scalar weight

quantifying the contribution of token 𝑗 to the output
at position 𝑡:

𝑤𝑡,𝑗 =

⎛⎝ 𝑡∏︁
𝑢=𝑗+1

𝐴̄𝑢

⎞⎠ 𝑏̄⊤
𝑗 𝑐𝑡. (1)

This weight depends on two factors: (1) a content
alignment 𝑏̄⊤

𝑗 𝑐𝑡, where 𝑏̄𝑗 and 𝑐𝑡 act analogously to
keys and queries [15, 16], and (2) a cumulative decay
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∏︀
𝑢 𝐴̄𝑢 that monotonically attenuates older positions.

We provide a detailed derivation of this attention
connection in Section A.2.

Why the Full Mamba Dynamic Fails. Given
that Equation (1) is the exact contribution of visual
token 𝑗 to the output at text position 𝑡, the most nat-
ural “attention-like” importance score is simply |𝑤𝑡,𝑗 |,
in direct analogy to softmax attention scores. We re-
fer to this score as the Full Mamba Dynamic because
it preserves the full selective-scan dynamics, content
alignment together with positional decay. However,
we find that this choice performs substantially worse
than what we propose below. Concretely, applying
the Full Mamba Dynamic at ∼25% token budget
drops the average accuracy by up to 8.1 points rela-
tive to the no-reduction baseline, depending on which
Mamba layers participate in selection (see Table 4 in
Section 4). The cause is structural: the diagonal en-
tries of 𝐴̄𝑢 in Mamba layers are bounded in (0, 1) and
their cumulative product

∏︀
𝑢 𝐴̄𝑢 can decay sharply

with distance, so 𝑤𝑡,𝑗 assigns near-zero weight to early
visual tokens in some layers regardless of how relevant
their content is to the query. We visualize this effect
in some layers in Figure 4 (Section A.2.3).

Decoupling Content from Position. This failure
mode suggests separating the data-dependent content
alignment from the position-dependent decay, and us-
ing only the former for token selection. We refer to the
resulting score as the Decoupled Content Alignment,
defined for Mamba layers as

𝑠
(ℓ,ssm)
𝑖 = 1

𝑀𝐺

∑︁
𝑚,𝑔

⃒⃒⃒
𝑏̄

(𝑔)⊤
𝑖 𝑐(𝑔)

𝑚

⃒⃒⃒
, (2)

averaging over 𝑀 query (text) positions and 𝐺
Mamba groups, where 𝑏̄𝑖 and 𝑐𝑚 act as key and query
projections whose dot product measures alignment
between visual token 𝑖 and text token 𝑚, with the
gating factor Δ𝑖 absorbed into 𝑏̄𝑖. Despite its sim-
plicity, this decomposition is, to our knowledge, the
first explicit identification of which component of the
Mamba recurrence is suitable for content-based token
scoring and which component should be excluded;
we validate this empirically against the Full Mamba
Dynamic in Table 4.

Token Selection. Given scores {𝑠𝑖}𝑁
𝑖=1, we select

the top-𝐾 tokens while preserving temporal order.
The budget 𝐾 may vary across layers according to a
reduction schedule, which we describe next, motivated
by the observations in Section 2.

3.2. Reduction Scheduling

We investigate how different reduction schedules in-
teract with hybrid architectures, exploring a design
space along two key dimensions: (1) where to ap-
ply reduction, i.e., which layer types; and (2) when
to reduce, i.e., early versus progressive. Figure 2i
illustrates the schedules we consider.

Layer Type Selection. Hybrid models interleave
attention and Mamba layers (see Figure 2i), raising
the question of where to apply reduction. We consider
three options: attention-only, where only attention
layers compute importance and prune tokens; atten-
tion + Mamba, which inserts one or two Mamba reduc-
tions between attention layers; and all layers, where
reduction is applied throughout the model. Attention-
only is simpler and leverages attention sparsity, while
including Mamba enables finer-grained pruning but
requires computing the implicit importance scores in
Equation (2).

Early versus Progressive Reduction. A second
design choice is whether to reduce tokens early or pro-
gressively. Early reduction prunes tokens once at the
LLM input using early-layer importance scores [17],
while progressive reduction retains more tokens in
shallow layers and gradually reduces the budget with
depth. Motivated by our analysis (Section 2), i.e.,
early importance is unreliable, and Mamba layers
can absorb information from discarded tokens, we
adopt a low-to-high progressive schedule. We pa-
rameterize the retention ratio 𝑟(ℓ) as a monotonic
decay from 𝑟start to 𝑟end. We consider (1) step de-
cay, which reduces tokens in stages, and (2) sig-
moid decay [18], which enables smooth, late-stage
reduction via a midpoint-controlled curve, defined as
𝑟(ℓ) = 𝑟end +(𝑟start −𝑟end) ·𝜎(−𝑘(ℓ/𝐿−𝑥0)), where 𝐿
is the number of layers, 𝑘 controls steepness, and 𝑥0
the midpoint. We fix 𝑘 = 20 and vary 𝑥0 to control
reduction position. Across target budgets (25%, 35%,
50%), preserving more tokens in early layers matters
more than the specific decay form. The reduction
curve examples are shown in Figure 2ii.

We evaluate these scheduling and layer-type trade-
offs empirically in Section 4.

4. Experiments

4.1. Experimental Setup

We use SigLIP2 [19] (384×384) to produce 576
patch tokens, pooled into 144 tokens/frame via an
MLP projector. We compare a dense Transformer
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(ii) Hybrid reduction schedules

Figure 2 | Token-reduction patterns and schedules used for the hybrid model. (i) Layer types
(Mamba/MLP/Attention) and reduction locations for baseline, attention-only, Mamba-only, and hybrid
schedules (All attn+1M/All attn+2M). (ii) We visualize how the token retention ratio changes with depth:
(1) no reduction, (2) step decay at attention layers, (3) step decay at attention + Mamba layers, and (4)
progressive low-to-high reduction applied throughout the network. Vertical dotted lines mark attention layer
locations.

(Qwen3-VL 8B [20]) and a Mamba–Transformer hy-
brid (Nemotron-Nano-V2 VL 12B [8]) under the same
vision encoder and training pipeline. Training has
four stages—alignment, SFT, long-context finetun-
ing, and token-reduction finetuning—with frames in-
creasing from 32→64→128 (96 for the no-reduction
baseline). We align using 95K image–text pairs [21],
perform SFT on ∼12.5M mixed data, finetune on
LLaVA-Video [22], and finally train with token re-
duction on EAGLE-Video-110K [23]. We evaluate on
three long-context video benchmarks: VideoMME [9],
LongVideoBench (LongVB) [10], and LVBench [11].
VideoMME is reported without subtitles to isolate
visual reasoning, while LongVB and LVBench focus
on increasingly long videos (up to ∼1–2 hours) for
long-horizon understanding. Full architectural, train-
ing, and evaluation benchmark details are provided
in the appendix A.3.

Reduction Schedules. To systematically evaluate
the design choices discussed in Section 3.2, we first test
target token budgets of approximately 25%, 35%, and
50% under an attention-only reduction setting, which
isolates the effect of budget on accuracy and latency
(Table 3). We then fix the budget to 25% and compare
different layer subsets, i.e., attention-only, Mamba-
only, and attention+Mamba, to study how reduction
interacts with layer type (Table 1). For Mamba-only,
we additionally test early-layer-only reduction (1st

vs. 2nd Mamba) to examine the sparsity/stability
effects observed by the analysis in Section 2. For
attention-only, we compare pruning at a single at-
tention layer (1st attention) vs. all attention layers.
Finally, to study reduction granularity, we evaluate
intermediate hybrid configurations (attention + 1 or
2 Mamba) that interpolate between attention-only
and all-layer reduction. We visualize the layer-wise
schedules and hybrid layer-patterns used in our ex-
periments in Figure 2ii and Figure 2i. We report all
schedule parameters in Section A.4.

4.2. Results

Table 1 summarizes reduction schedules on hybrid
(Nemotron-Nano-V2 VL 12B) across VideoMME,
LongVB, and LVBench with TTFT and reduction
overheads. Under test-time reduction (25% budget),
accuracy is largely preserved but depends on where
reduction is applied: reducing first attention layer
lowers avg. to 60.74 (−1.23), while adding Mamba
reduction (All attn+1M) recovers long-horizon per-
formance (LVBench 53.07, +1.68) and keeps avg. near
baseline (61.88, −0.09).

Train-time reduction is consistently stronger: re-
ducing all attention layers (All attn) improves all
benchmarks (Avg 63.27, +1.30), and reducing all lay-
ers (All) performs best (Avg 63.34, +1.37). Overall,
query-aware reduction improves both efficiency and
long-context reasoning.

5



Stateful Token Reduction for Long-Video Hybrid VLMs

Token
Reduction

Reduction
Layers

# Red.
Layers

VideoMME
(w/o sub)
(1∼60m)

LongVB
(8s∼60m)

LVBench
(30m∼2h) Avg TTFT (s) Reduction

Overhead (s)

Baseline N/A 0 69.22 65.30 51.39 61.97 2.26 0
Test-Time Reduction

Attn only
1st Attn 1 68.93 (-0.29) 63.05 (-2.25) 50.23 (-1.16) 60.74 (-1.23) 1.12 (×4.2) 0.84
All attn 6 69.22 (+0.00) 64.62 (-0.68) 51.26 (-0.13) 61.70 (-0.27) 1.14 (×4.1) 0.90

Mamba only
1st Mamba 1 67.70 (-1.52) 62.60 (-2.70) 48.81 (-2.58) 59.70 (-2.27) 1.20 (×3.9) 0.94
2nd Mamba 1 67.93 (-1.29) 62.23 (-3.07) 50.94 (-0.45) 60.37 (-1.60) 1.22 (×3.8) 0.97

Mamba+Attn
All attn+1M 13 69.22 (+0.00) 63.35 (-1.95) 53.07 (+1.68) 61.88 (-0.09) 1.20 (×3.9) 0.98
All attn+2M 20 69.26 (+0.04) 63.05 (-2.25) 52.10 (+0.71) 61.47 (-0.50) 1.20 (×3.9) 0.98
All 32 68.85 (-0.37) 64.92 (-0.38) 52.16 (+0.77) 61.98 (+0.01) 1.21 (×3.8) 1.00

Train-Time Reduction

Attn only
1st attn 1 68.74 (-0.48) 64.92 (-0.38) 52.87 (+1.48) 62.18 (+0.21) 1.12 (×4.2) 0.84

All attn 6 69.59 (+0.37) 66.12 (+0.82) 54.10 (+2.71) 63.27 (+1.30) 1.14 (×4.1) 0.90

Mamba only
1st Mamba 1 68.04 (-1.18) 64.10 (-1.20) 51.00 (-0.39) 61.05 (-0.92) 1.20 (×3.9) 0.94
2nd Mamba 1 67.07 (-2.15) 63.50 (-1.80) 52.42 (+1.03) 61.00 (-0.97) 1.22 (×3.8) 0.97

Mamba+Attn
All attn+1M 13 69.00 (-0.22) 63.35 (-1.95) 52.62 (+1.23) 61.66 (-0.31) 1.20 (×3.9) 0.98
All attn+2M 20 69.11 (-0.11) 63.80 (-1.50) 52.81 (+1.42) 61.91 (-0.06) 1.20 (×3.9) 0.98
All 32 69.70 (+0.48) 66.04 (+0.74) 54.29 (+2.90) 63.34 (+1.37) 1.21 (×3.8) 1.00

Table 1 | Token reduction at 25% compression for Nemotron-Nano-V2 VL 12B with various
patterns. We compare test-time (no finetuning) and train-time reduction (finetuned with reduction).
"Reduction Layers" indicates where reduction is applied and "# Red. Layers" counts them; (·) denotes change
from baseline; TTFT speedups are relative to baseline. Patterns: 1st Attn/1st Mamba, All Attn, All
Attn+1M/2M, and All; see Figure 2i. LLM-stage TTFT (including overhead) and the reduction overheads are
measured on a single NVIDIA A100 with 256-frame input.

Method VideoMME LongVB LVBench Avg Latency

Baseline 69.22 65.30 51.39 61.93 5.57
FastVID [24] 69.59 63.65 51.13 61.46 3.25
CDPruner [25] 69.30 53.78 36.86 53.31 2.70
FlexSelect [6] (55% budget) 69.33 65.30 52.61 62.41 3.40
FlexSelect-Lite [6] † 69.22 65.30 51.39 61.97 2.07
Ours 68.85 64.92 52.16 61.98 2.13
Ours † 69.70 66.04 54.29 63.34 2.13
FastVID [24] + Ours 70.41 65.97 54.74 63.71 3.25

Table 2 | Comparison with token-reduction base-
lines on the same Nemotron-Nano-V2 VL 12B
backbone. All methods use a 25% token budget,
except FlexSelect (55%). † denotes trained variants.
Ours is the strongest standalone at 25%, and com-
bining with FastVID yields further gains, highlight-
ing complementarity between redundancy and query-
conditioned reduction.

Comparison with Token-Reduction Baselines.
Table 2 compares our method with prior token-
reduction approaches on Nemotron-Nano-V2 VL
12B, including CDPruner [25], a training-free query-
conditioned method that selects visually diverse and
instruction-relevant tokens, FastVID [24], a query-
agnostic method that reduces visual redundancy
through temporal segmentation and density-based
spatiotemporal pruning, and FlexSelect [6] that per-
forms query-conditioned tokens selection from a refer-
ence layer (or via a learned selector in FlexSelect-Lite).

CDPruner degrades significantly in our hybrid long-
video setting, especially on LVBench, while FastVID
is more competitive but remains below our hybrid-
aware method.

In FlexSelect, following the original setup, we use
layer 25, which limits compression to 55% since earlier
layers process all tokens. Even at this higher budget,
FlexSelect underperforms our train-time result at 25%.
FlexSelect-Lite reaches 25% compression but only
matches the baseline, while our train-time method
exceeds it by +1.37. Our train-time variant achieves
the best overall result at 25%.

Importantly, our method is complementary to
query-agnostic token-reduction approaches, which
remove visual redundancy independently of the
query, while ours performs query-conditioned selec-
tion within the backbone. For example, combining our
method with FastVID yields further gains over either
alone, achieving the best overall performance (63.71)
without training. This suggests that our method
can be effectively composed with other redundancy
reduction methods.

Compression Effects Across Architectures.
Table 3 varies token budgets (50%–25%) for hybrid
and Transformer models with fixed six-layer atten-
tion reduction and brief finetuning. The architectures
show distinct speed–quality trade-offs. The hybrid
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Token
Reduction

Comp.
Rate (%)

VideoMME
(1∼60m)

LongVB
(8s∼60m)

LVBench
(30m∼2h)

Avg TTFT(s)

Nemotron-Nano-V2 VLM 12B
Baseline 100 69.22 65.30 51.39 61.97 4.65

All
attention

layers

50.1 70.00 (+0.78) 65.74 (+0.44) 54.42 (+3.03) 63.39 (+1.42) 2.21 (×2.1)
34.7 70.26 (+1.04) 66.04 (+0.74) 54.29 (+2.9) 63.53 (+1.56) 1.53 (×3)
25.2 69.59 (+0.37) 66.12 (+0.82) 54.10 (+2.71) 63.27 (+1.3) 1.14 (×4.1)

Qwen3-VL 8B

Baseline 100 69.89 66.64 50.94 62.49 4.78

All
attention

layers

50.1 70.52 (+0.63) 66.79 (+0.15) 46.93 (-4.01) 61.41 (-1.08) 2.37 (×2)
34.7 68.93 (-0.96) 66.12 (-0.52) 45.13 (-5.81) 60.06 (-2.43) 1.61 (×3)
25.1 68.41 (-1.48) 64.62 (-2.02) 43.19 (-7.75) 58.74 (-3.75) 1.18 (×4.1)

Table 3 | Varying compression rates across architectures. We apply trained reduction at all attention
layers (6 layers) for Nemotron-Nano-V2 VL and Qwen3-VL. “Comp. Rate” is the remaining token ratio; (·)
denotes change from baseline. TTFT is measured on an NVIDIA A100 at 256 frames.

model (Nemotron-Nano-V2) improves performance
across all budgets (Avg +1.3–+1.56) while reducing
TTFT from 4.65 s to 2.21–1.14 s (2.1–4.1×). In con-
trast, the Transformer (Qwen3-VL) improves only at
50% and degrades at lower budgets. This supports
our analysis (Section 2) that early compression in
Transformers causes unrecoverable information loss.
Trends are consistent across schedules (Section 4.5).
Overall, reduction improves both speed and quality
in hybrids, while Transformers exhibit a standard
trade-off.

4.3. Efficiency Analysis

Latency Analysis. Table 1 reports TTFT and re-
duction overhead for Nemotron-Nano-V2 on an A100
with 256-frame input. At ∼25% token budget, TTFT
drops from 4.65 s to 1.12–1.22 s with 0.84–1.00 s over-
head, achieving 3.8–4.2× speedups. Adding Mamba
reduction slightly increases overhead but maintains
speedups. Including vision encoder and projector
costs, Figure 3i shows end-to-end latency decreases
from 5.567 s to 2.125 s (2.62×) at 256 frames, with
the gap widening for longer videos as LLM cost scales
faster. Without reduction, latency grows steeply and
reaches out-of-memory (OOM) at 512 frames (see
Figure 5i in Appendix). Figure 3ii further decom-
poses latency into vision encoder, projector, and LLM
stages, showing the baseline is dominated by the LLM
(83.5%). With all-layer reduction, LLM latency drops
to 56.9%, confirming that long-video inference is pri-
marily bounded by LLM compute.

Training Efficiency. Token reduction also im-
proves training efficiency. As shown in Table 6,

with 64-frame inputs, 25% reduction yields 1.48×
faster training, 1.45× higher throughput, and 8.7%
lower peak GPU memory. More importantly, un-
der the same A100 80GB memory budget, token re-
duction supports 128-frame finetuning, whereas the
no-reduction baseline is limited to 96 frames. Thus,
token reduction not only accelerates training but also
makes longer-video training more feasible under fixed
hardware constraints.

4.4. Ablations

Pattern Score Video
MME

LongVB LVBench Avg

Baseline N/A 69.22 65.30 51.39 61.97

All attn
+ 1M

Full
Dynamic

60.93
(-8.29)

57.67
(-7.63)

44.16
(-7.23)

54.25
(-7.72)

Decoupled
(Ours)

69.22
(+0.00)

63.35
(-1.95)

53.07
(+1.68)

61.88
(-0.09)

All attn
+ 2M

Full
Dynamic

60.63
(-8.59)

57.44
(-7.86)

43.58
(-7.81)

53.88
(-8.09)

Decoupled
(Ours)

69.26
(+0.04)

63.05
(-2.25)

52.10
(+0.71)

61.47
(-0.50)

All
layers

Full
Dynamic

68.37
(-0.85)

62.98
(-2.32)

50.42
(-0.97)

60.59
(-1.38)

Decoupled
(Ours)

68.85
(-0.37)

64.92
(-0.38)

52.16
(+0.77)

61.98
(+0.01)

Table 4 | Importance Score Ablation for Mamba
Layers. Training-free reduction at ∼25% token bud-
get. We compare Full Mamba Dynamic (Eq. 1, decay)
vs. Decoupled Content Alignment (Eq. 2, no decay).
Full Mamba Dynamic degrades performance by up
to 8.09 points when Mamba layers are used, as cu-
mulative decay

∏︀
𝑢 𝐴̄𝑢 suppresses early visual tokens

regardless of relevance. Removing decay preserves
near-baseline accuracy and improves LVBench. (·)
denotes change vs. baseline.
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Figure 3 | Inference-latency gains from token reduction for Nemotron-Nano-V2 VL 12B. (i)
Measured on a single A100 with 256 frames; token reduction lowers end-to-end latency, achieving up to 2.71×
speedup. (ii) Vision encoder, projector, and LLM latency for baseline vs. all-layer reduction on 256-frame
input.

Importance Score Design: Decay Term Abla-
tion. A central methodological claim of this paper
is that the Full Mamba Dynamic (Equation (1)) is a
poor importance signal compared to Decoupled Con-
tent Alignment (Equation (2)). Table 4 validates this
claim directly. Under identical training-free reduction
at ∼25%, using the full dynamic drops Avg by 7.72
(All attn+1M) and 8.09 (All attn+2M), with large
LVBench degradations (−7.23, −7.81). When applied
at all layers, the gap shrinks to 1.38 as decay weakens
in deeper layers. In all cases, the decoupled score
matches or exceeds the baseline, reflecting intrinsic
scoring quality independent of finetuning. These re-
sults suggest that cumulative decay

∏︀
𝑢 𝐴̄𝑢 should be

excluded for token selection, leaving alignment 𝑏̄⊤
𝑗 𝑐𝑡

as the key signal, a principle that applies to other
SSM/linear-attention hybrids.

Mamba Token-Reduction Patterns. Table 5
(Left) studies how to insert Mamba-layer reduction
when applied to all attention layers (Figure 2i).
Adding reduction at the second inter-attention posi-
tion (A+1M(L2)) matches baseline (69.22), while two
middle reductions (A+2M(L2,3)) slightly improve it
(69.26, +0.04). In contrast, including the earliest
position (A+2M(L1,3)) degrades performance (68.26,
−0.96), indicating early reduction harms later pro-
cessing, consistent with Section 2.

Reduction Types. Table 5 (Right) compares
query-based token selection and average pooling.
Query-based selection achieves the best accuracy
(69.70, +0.48) with a 1.9× speedup. In contrast,
replacing Mamba reduction with average pooling

(Query (T) + AvgPool (M)) lowers VideoMME to
66.15 (−3.07), and pooling everywhere performs worst
(65.67, −3.55) despite similar speedups. Overall,
query-based selection better preserves task-relevant
information under heavy compression.

4.5. Additional Results

Transformer Results. Table 8 (Appendix) reports
train-time token reduction on Qwen3-VL 8B using the
same positions as hybrids. While TTFT improves sig-
nificantly (4.78 s → 1.07–1.18 s, up to 4.5×), accuracy
drops more than in hybrids, especially on LVBench,
with Avg decreasing by ∼3–4 points. Early-layer
reduction is particularly harmful, consistent with Sec-
tion 2, as stateless reduction in Transformers causes
information loss. Figure 5ii (Appendix) shows similar
latency trends, with up to 2.36× end-to-end speedup
at 256 frames.

Comparisons with Other VLMs. Table 9 (Ap-
pendix) compares our method with proprietary mod-
els, open-source video LLMs, and prior token-selection
approaches. Direct parameter-matched comparison
is not always possible: no public hybrid video VLM
exists in the 8B range, and existing 8B baselines dif-
fer in vision backbones and training. Our goal is to
show that our architecture-aware reduction is effective
for hybrids and competitive with strong Transformer
methods. Despite these differences, our approach
narrows the gap to much larger models (e.g., 72B)
on LongVideoBench and LVBench while remaining
competitive on VideoMME.
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Reduction Pattern Video-MME ↑

Baseline 69.22
A + 1M (L2) 69.22 (+0)

A + 2M (L2,3) 69.26 (+0.04)
A + 2M (L1,3) 68.26 (-0.96)

Reduction Type Video-MME ↑ TTFT ↓ (s)

Baseline 69.22 4.65
Query-based only 69.70 (+0.48) 1.21 (×1.9)

Query (T) + AvgPool (M) 66.15 (-3.07) 1.18 (×1.9)
AvgPool only 65.67 (-3.55) 1.16 (×1.9)

Table 5 | Mamba Token Reduction Patterns and Reduction Types at 25% budget. (left) Reduction
is applied to all attention (A) and selected Mamba (M) layers. (L·) denotes Mamba layer indices where
reduction is applied (see Figure 2i). (right) Query-based reduction (A) is compared with average pooling (M).
TTFT measures LLM-stage latency on a single A100 with 256-frame input.

Metric No
Reduction

25%
Reduction Gain

Train runtime 1251.7s 862.3s 1.45×
Wall clock 1390s 942s 1.48×
Samples/sec 0.818 1.187 1.45×
Peak GPU memory 77,436 MiB 70,664 MiB 8.7% saved
Max frames/sample 96 128 +33%

Table 6 | Training efficiency with token reduc-
tion. Runtime metrics are measured under the same
training setup with 64-frame inputs. The maximum
frames per sample are measured under the same A100
80GB memory budget.

5. Related Works

Token reduction is widely used in multimodal LLMs
to reduce redundant computation, especially for long-
video inputs. Prior work includes query-aware selec-
tion based on language–vision relevance [1, 2], token
merging [26], and long-video compression methods
such as FlexSelect, DynTok, and METok [6, 27, 5].
These approaches are largely developed for Trans-
former architectures and operate primarily on atten-
tion layers. Reduction strategies also vary from prun-
ing from early layers [1, 28] to progressive schemes
across layers [3, 29, 30]. Our work targets Mamba–
Transformer hybrid VLMs and explicitly models their
stateful information flow, using depth-dependent im-
portance and recurrent state accumulation. A de-
tailed review is provided in Section A.8 (Appendix).

6. Conclusion and Limitations

We study token reduction for long-video VLMs with
a focus on Mamba–Transformer hybrids. We show
that token importance is unstable across layers and
that reduction is stateful, allowing information from
discarded tokens to persist. We propose a progressive
reduction schedule and a unified query-conditioned
scoring method for attention and Mamba layers. Our
approach achieves substantial speedups at aggres-
sive budgets while maintaining near-baseline accuracy,
with gains from light finetuning.

There are several limitations. The reduction sched-
ule is fixed and not input-adaptive or learnable, and
our evaluation focuses on visual token reduction in
long-video benchmarks, leaving other modalities and
deployment scenarios for future work. While we pro-
vide strong empirical evidence for stateful compression
in hybrid models, a formal theoretical characterization
remains an open direction.
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A. Appendix

A.1. The Implicit Attention Mechanism of
Mamba

We derive the implicit attention structure in selective
state-space models (Mamba), showing how each out-
put token aggregates information from all preceding
tokens through learned, input-dependent weights.

A.1.1. State-Space Recurrence

Consider the discrete-time state-space recurrence in
Mamba-2 [14]:

𝑆𝑡 = 𝐴̄𝑡𝑆𝑡−1 + 𝑥𝑡(Δ𝑡𝑏𝑡)⊤, (3)
𝑦𝑡 = 𝑆𝑡𝑐𝑡, (4)

where 𝑆𝑡 ∈ R𝑑×𝑛 is the hidden state matrix, 𝐴̄𝑡 =
exp(−Δ𝑡𝐴) is the discretized state transition (a di-
agonal matrix with entries in (0, 1)), 𝑥𝑡 ∈ R𝑑 is the
input, 𝑏𝑡, 𝑐𝑡 ∈ R𝑛 are input-dependent projection
vectors, and Δ𝑡 > 0 is the discretization step size.

A.1.2. Unrolling the Recurrence

Substituting Equation (3) into itself recursively:

𝑆𝑡 = 𝐴̄𝑡𝑆𝑡−1 + 𝑥𝑡(Δ𝑡𝑏𝑡)⊤

= 𝐴̄𝑡

(︀
𝐴̄𝑡−1𝑆𝑡−2 + 𝑥𝑡−1(Δ𝑡−1𝑏𝑡−1)⊤)︀

+ 𝑥𝑡(Δ𝑡𝑏𝑡)⊤

=
𝑡∑︁

𝑗=1

⎛⎝ 𝑡∏︁
𝑢=𝑗+1

𝐴̄𝑢

⎞⎠ 𝑥𝑗(Δ𝑗𝑏𝑗)⊤. (5)

Substituting into Equation (4):

𝑦𝑡 = 𝑆𝑡𝑐𝑡 =
𝑡∑︁

𝑗=1

⎛⎝ 𝑡∏︁
𝑢=𝑗+1

𝐴̄𝑢

⎞⎠ 𝑥𝑗(Δ𝑗𝑏𝑗)⊤𝑐𝑡

=
𝑡∑︁

𝑗=1

⎛⎝ 𝑡∏︁
𝑢=𝑗+1

𝐴̄𝑢

⎞⎠ (Δ𝑗𝑏𝑗)⊤𝑐𝑡⏟  ⏞  
𝑤𝑡,𝑗

𝑥𝑗 . (6)

This reveals an attention-like structure: the out-
put 𝑦𝑡 is a weighted combination of all past inputs
{𝑥𝑗}𝑡

𝑗=1. The scalar weights 𝑤𝑡,𝑗 depend on three
factors:

1. Content alignment: 𝑏⊤
𝑗 𝑐𝑡 measures the rele-

vance between the input at position 𝑗 (encoded
by 𝑏𝑗) and the query at position 𝑡 (encoded by
𝑐𝑡).

2. Input gating: Δ𝑗 controls how strongly position
𝑗 writes to the state.

3. Temporal decay:
∏︀𝑡

𝑢=𝑗+1 𝐴̄𝑢 exponentially de-
cays contributions from distant positions.

Equation (6) suggests an intuitive role for 𝑏 and
𝑐, we next formalize this by mapping the recurrence
directly to the key-query formulation of Linear At-
tention. This connection justifies our use of these
projections for token selection.

A.2. Token Selection via Mamba’s Recurrent
Updates

Following existing works in analyzing the associative
memory mechanism in attention [15, 31, 16], we draw
a connection between standard Softmax attention and
the recurrence in state-space models. This elucidates
why the projections 𝑏 and 𝑐 function as keys and
queries, respectively, and justifies their use as an
importance metric.

A.2.1. Attention via Kernel Functions

We begin by expressing softmax attention in a more
general form using kernel functions [16], which will
reveal its structural similarity to Mamba’s recurrence.
Standard softmax attention computes the output as
a weighted sum of values:

𝑦𝑡 =
𝑡∑︁

𝑗=1

exp(𝑞⊤
𝑡 𝑘𝑗/

√
𝑑)∑︀𝑡

𝑖=1 exp(𝑞⊤
𝑡 𝑘𝑖/

√
𝑑)

𝑣𝑗 , (7)

The key observation is that the exponential term
exp(𝑞⊤

𝑡 𝑘𝑗/
√

𝑑) can be viewed as a kernel function
𝜅(𝑞𝑡, 𝑘𝑗) that measures similarity between the query
and key [15]. A kernel function can always be de-
composed as an inner product in some (possibly high-
dimensional) feature space: 𝜅(𝑞, 𝑘) = 𝜑(𝑞)⊤𝜑(𝑘),
where 𝜑(·) is a feature map. This decomposition
allows us to express the attention weight as a nor-
malized inner product in feature space. By defining
the normalization factor as 𝑍𝑡 =

∑︀𝑡
𝑖=1 𝜑(𝑞𝑡)⊤𝜑(𝑘𝑖),

attention can be written as:

𝑦𝑡 =
𝑡∑︁

𝑗=1

1
𝑍𝑡⏟ ⏞ 

Normalization

(︀
𝜑(𝑞𝑡)⊤𝜑(𝑘𝑗)

)︀⏟  ⏞  
Attention Score

𝑣𝑗 . (8)

This reformulation reveals that attention computes
a weighted sum of values, where each weight is deter-
mined by the similarity between the query and key in
a feature space induced by 𝜑. Different choices of the
feature map 𝜑 yield different attention mechanisms:
standard softmax attention corresponds to an expo-
nential feature map 𝜑(𝑥) = exp(𝑥/

√
𝑑), while linear

attention [15] uses the identity map 𝜑(𝑥) = 𝑥, giving
𝜅(𝑞, 𝑘) = 𝑞⊤𝑘. The advantage of this kernel view is
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that when 𝜑 is simple (e.g., identity), the computation
can be reorganized to avoid the quadratic complexity
of standard attention.

As we show below, Mamba’s recurrence can be
viewed through this same lens, where the projections
𝑏 and 𝑐 play the roles of keys and queries, respec-
tively. In this kernel form, the output decomposes
into two factors: a normalization term (global 1/𝑍𝑡

for attention, or temporal decay for Mamba) and a
content-based alignment score 𝜑(𝑞𝑡)⊤𝜑(𝑘𝑗) that mea-
sures query-key compatibility.

A.2.2. The Implicit Attention in Mamba

Comparing this to the unrolled Mamba-2 output de-
rived in Equation (6), we define the cumulative decay
term 𝛼𝑡,𝑗 to represent the aggregate state transition
from step 𝑗 to 𝑡: 𝛼𝑡,𝑗 =

∏︀𝑡
𝑢=𝑗+1 𝐴̄𝑢. The Mamba

update rule can then be written in a form structurally
identical to Equation (8):

𝑦𝑡 =
𝑡∑︁

𝑗=1
𝛼𝑡,𝑗⏟ ⏞ 

Decay

(︀
𝑐⊤

𝑡 (Δ𝑗𝑏𝑗)
)︀⏟  ⏞  

Attention Score

𝑥𝑗 . (9)

This reveals a direct correspondence between the
components of Softmax attention and Mamba:

• Query Mapping: The term 𝑐𝑡 corresponds ex-
actly to the mapped query 𝜑(𝑞𝑡).

• Key Mapping: The term Δ𝑗𝑏𝑗 corresponds
exactly to the mapped key 𝜑(𝑘𝑗).

• Alignment Score: The dot product 𝑐⊤
𝑡 (Δ𝑗𝑏𝑗)

acts as the kernel similarity 𝜅(𝑞𝑡, 𝑘𝑗), measuring
the compatibility between position 𝑡 and position
𝑗.

The primary difference lies in the weighting term:
whereas Attention uses a global normalization 1/𝑍𝑡

(ensuring weights sum to 1), Mamba uses a time-
dependent decay 𝛼𝑡,𝑗 (ensuring older context fades
away).

A.2.3. Resulting Token Selection Metric

Based on the mapping established above, we iden-
tify 𝑏̄⊤

𝑗 𝑐𝑡 (where 𝑏̄𝑗 = Δ𝑗𝑏𝑗) as a direct measure of
query-visual alignment, analogous to the query-key
dot product in attention. In our setting, where the
input sequence consists of visual tokens followed by
text (query) tokens, 𝑐𝑡 is computed from the text
token at position 𝑡, while 𝑏̄𝑗 is computed from the
visual token at position 𝑗 with the gating factor Δ𝑗

absorbed.
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Figure 4 | Token Importance Heatmaps W/ and W/O
the Decay Term on Two Mamba Layers. Left: using
only the attention score |𝑏̄⊤

𝑗 𝑐𝑡| without decay (Equa-
tion (2)) produces a more distributed importance
pattern across the entire sequence. Right: following
Mamba’s full implicit attention pattern |𝑤𝑡,𝑗 | (Equa-
tion (1)), these two layers concentrate the importance
heavily on the most recent tokens. A logarithm color
space is used in this figure.

Empirical Inspection of the Decay Effect. Fig-
ure 4 visualizes token importance computed with
and without the decay term across Mamba lay-
ers. When following Mamba’s full implicit atten-
tion pattern (Equation (9)), the cumulative decay
𝛼𝑡,𝑗 =

∏︀𝑡
𝑢=𝑗+1 𝐴̄𝑢 causes certain layers’ importance

scores to concentrate heavily on tokens near the end
of the visual sequence. This bias occurs when the
diagonal elements of 𝐴̄𝑢 (lie in (0, 1)) have relatively
small values, causing the weights to decay exponen-
tially with the distance between positions 𝑗 and 𝑡.
Consequently, early visual tokens receive near-zero
importance regardless of their actual content relevance
to the query.

In contrast, when we compute importance using
only the attention score component 𝑏̄⊤

𝑗 𝑐𝑡 without de-
cay, the resulting heatmap shows a more distributed
importance pattern across the entire sequence. There-
fore, for token selection, we use the importance score:

𝑠
(ℓ,ssm)
𝑖 = 1

𝑀𝐺

∑︁
𝑚,𝑔

⃒⃒⃒
𝑏̄

(𝑔)⊤
𝑖 𝑐(𝑔)

𝑚

⃒⃒⃒
, (10)

averaging over 𝑀 query (text) positions and 𝐺 groups.

A.3. Details of the Experimental Setup

Models. We adopt the pretrained SigLIP2 vision
encoder [19] with patch size 16 at 384×384 resolu-
tion, producing 576 patch tokens. An MLP projec-
tor then pools every four adjacent patches, yielding
144 visual tokens per frame. For the LLM stage,
we study two architecture families: a dense Trans-
former and a Mamba–Transformer hybrid. For the
Transformer setting, we use the pretrained Qwen3-
VL 8B [20], built on a 36-layer Qwen3 Transformer
with grouped-query attention. For the hybrid set-
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ting, we use Nemotron-Nano-V2 VL 12B [8], fol-
lowing the Nemotron-H hybrid [32] design that in-
terleaves attention with Mamba-2 and FFN (MLP)
blocks. Specifically, the 12B base architecture con-
sists of 62 layers in total, with 28 Mamba-2, 28 FFN,
and 6 self-attention layers (roughly 8%) evenly dis-
persed throughout the network. This setup enables
us to study token reduction across both attention and
Mamba layers and to compare its impact between
Transformer and hybrid models. For both architec-
tures, we reuse only the LLM backbones, integrate
them with the SigLIP2 vision encoder and the ran-
dom initialized vision-language projector and apply
the identical multi-stage training recipe for both mod-
els to obtain the VLM models.

Training. Our training consists of four stages: (1)
alignment (Stage 0), (2) SFT (Stage 1), (3) long-
context finetuning (Stage 2), and (4) long-context
finetuning with token-reduction (Stage 3). The max-
imum number of frames per sample increases from
32 (Stage 1) to 64 (Stage 2) and 128 (Stage 3) to
progressively adapt the model to long video inputs;
the no-reduction baseline uses 96 frames in the final
stage (without reduction), which is the largest that
fits in GPU memory. Following [21], Stage 0 uses
95K image–text pairs to align visual tokens to LLM
by training only the MLP projector (vision encoder
and LLM frozen). Stage 1 performs supervised fine-
tuning (SFT) on a large, diverse mixture of ∼12.5M
text/image/video examples (up to 32 frames). Stage 2
performs long-context finetuning on the LLaVA-Video
dataset [22] (up to 64 frames). Finally, Stage 3
briefly finetunes the model with token reduction on
long videos (up to 128 frames) using EAGLE-Video-
110K [23], a dataset for long-video understanding that
includes videos up to 3.5 hours. All stages are trained
using 128 NVIDIA A100 80GB GPUs. Alignment,
SFT, and long-context fine-tuning take 46 minutes,
11 days, and 25 hours, respectively.

Evaluation Benchmarks. We evaluate all to-
ken reduction techniques on three long-context
video benchmarks: VideoMME [9], LongVideoBench
(LongVB) [10], and LVBench [11]. VideoMME pro-
vides broad video QA; we report VideoMME in the
w/o subtitles setting to isolate visual-temporal rea-
soning without relying on transcript cues. LongVB
evaluates QA over long clips (up to ∼1 hour), while
LVBench targets substantially longer videos (30 min–
2 hrs), further emphasizing long-horizon reasoning.

A.4. Reduction Schedule Configurations

Table 7 details the reduction schedule configurations
used in our experiments on the Nemotron-Nano-V2
VL 12B hybrid model [8]. The model consists of 62
layers total (30 Mamba + 30 MLP + 6 attention),
where attention layers appear at positions 7, 16, 25,
34, 43, and 52 (0-indexed). In the table, 𝛼ℓ denotes
the token retention ratio at layer ℓ, i.e., the fraction
of tokens kept after reduction (e.g., 𝛼=0.25 means
retaining 25% of tokens). We employ two schedule
types:

Sigmoid Schedule. The retention rate 𝛼ℓ at layer
ℓ follows a sigmoid function:

𝛼ℓ = 𝛼end + (𝛼start − 𝛼end) · 𝜎
(︀
𝑘(𝑥0 − ℓ/𝐿)

)︀
, (11)

where 𝜎(·) is the sigmoid function, 𝐿 is the total num-
ber of layers, 𝑘 controls the steepness of the transition,
and 𝑥0 determines the midpoint point (as a fraction
of total layers). A smaller 𝑥0 delays reduction to later
layers, implementing the low-to-high pattern that pre-
serves more tokens early when importance scores are
less reliable. Larger 𝑘 produces sharper transitions
between high and low retention regions. In our experi-
ments, we fix the steepness 𝑘 = 20 and the start value
𝛼start=1.0 (no reduction initially) and the end value
𝛼end=0.125 (retain 12.5% at final layers), varying
𝑥0 ∈ {0.11, 0.24, 0.41} to achieve compression rates
of approximately 25%, 35%, and 50% respectively.
The sigmoid schedule provides smooth, progressive
transitions of the reduction rate across all layers.

Step Decay Schedule. The retention rate 𝛼ℓ is
specified explicitly for groups of layers, allowing fine-
grained control over reduction patterns. For attention-
only reduction, we define rates for the 6 attention
positions. For example, 𝛼0:6=1.0; 𝛼7:61=0.15 means
layers 0–6 retain all tokens while layers 7–61 (i.e., after
the first attention layer) retain 15%. For hybrid reduc-
tion spanning multiple layer types, we typically set
𝛼0=1.0 (no reduction at the first layer) and gradually
decay across subsequent reduction layers. We hypoth-
esize that this low-to-high sparsity levels allow the
early Mamba layer to compress as much information
as possible in the hidden state before the later layers
starts to prune tokens. This pattern empirically yields
better performance than uniform reduction variants,
e.g., 1st Mamba or 2nd Mamba variants.

Layer Types. We evaluate three strategies for
where to apply reduction: (1) Attention-only, reducing
tokens only at the 6 attention layers; (2) Mamba-only,
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Layer
Type Schedule Reduction

Layers
Comp.

(%) Parameters

Attn Only: Token reduction applied only at the 6 attention layers at positions 7, 16, 25, 34, 43, 52

Attn Only Step Decay

1st Attn 24.6 𝛼0:6=1.0; 𝛼7:61=0.15

All Attn
25.2 𝛼0:6=1.0; 𝛼7:15=0.25, 𝛼16:33=0.20, 𝛼34:61=0.10
34.7 𝛼0:6=1.0; 𝛼7:15=0.50, 𝛼16:24=0.40, 𝛼25:33=0.30,

𝛼34:42=0.20, 𝛼43:61=0.10
50.1 𝛼0:6=1.0; 𝛼7:15=0.65, 𝛼16:24=0.60, 𝛼25:33=0.50,

𝛼34:42=0.40, 𝛼43:51=0.30, 𝛼52:61=0.20
Mamba Only: Token reduction only applied once at one early Mamba layer

Mamba Only Step Decay
1st Mamba 25.0 𝛼0:61=0.25
2nd Mamba 25.5 𝛼0=1.0; 𝛼1:61=0.23

Mamba+Attn (Step Decay): Interleaving reduction with both attention layers and Mamba layers

Mamba+Attn Step Decay
All Attn+1M 25.4 𝛼0=1.0; 𝛼1:33: 0.32→0.15 (6 attn + 1 mamba between

each attn pair)
All Attn+2M 25.4 𝛼0=1.0; 𝛼1:33: 0.32→0.15 (6 attn + 2 mamba between

each attn pair)
Mamba+Attn (Sigmoid): All-layer reduction with sigmoid schedule 𝛼ℓ = 𝛼end + (𝛼start − 𝛼end) · 𝜎(𝑘(𝑥0 − ℓ/𝐿)).

Mamba+Attn Sigmoid All
25.1 𝑘=20, 𝑥0=0.11; 𝛼start=1.0, 𝛼end=0.125
35.0 𝑘=20, 𝑥0=0.24; 𝛼start=1.0, 𝛼end=0.125
50.2 𝑘=20, 𝑥0=0.41; 𝛼start=1.0, 𝛼end=0.125

Table 7 | Complete reduction schedule configurations for hybrid models (Nemotron-Nano-V2 VL 12B).
Following the official model configuration [8], we include layer indices for MLP layers when explaining the
reduction parameters. Layer Type indicates the layer types performing token reduction: “Attn Only” applies
reduction only at the 6 attention layers; “Mamba Only” includes reduction starting from a single Mamba
layer; “Mamba+Attn” applies reduction at a subset or all 62 layers (excluding MLP layers). Reduction
Layers specifies the layer subset: “1st Attn” reduces tokens starting from the first attention layer; “All attn”
applies different rates at each of the 6 attention layers; “1st Mamba” and “2nd Mamba” for single Mamba
layer configurations; “All Attn+1M” and “All Attn+2M” for 6 attention layers plus 1 or 2 Mamba reduction
layers between each attention pair; “All” for all layers with progressive reduction. Layer indices are 0-indexed.
All configurations enforce a minimum of 144 tokens to prevent reduction on single image data.

reducing at early Mamba layers but maintain a rela-
tively low sparsity on deeper layers; and (3) Hybrid
(Mamba+Attn), applying reduction at both attention
and selected Mamba layers. For hybrid schedules, the
notation “All Attn+1M” indicates 1 Mamba reduc-
tion between each pair of attentions, so there are 6
attention layers plus 7 Mamba layers. Similarly, “All
Attn+2M” indicates 2 Mamba layers between each
pair of attentions. All configurations enforce a mini-
mum of 144 tokens to preserve full tokens for image
data in training.

A.5. End-to-End Latency Across Frame
Counts

Table 10 reports end-to-end inference latency (vi-
sion encoder + projector + LLM, in seconds) for
Nemotron-Nano-V2 VL 12B on a single NVIDIA
A100, sweeping the number of input frames from 16

to 256. We compare three configurations: no reduc-
tion, attention-only token reduction at ∼25% token
budget, and the full attention+Mamba (All-layer)
reduction at ∼25%. The all-layer variant achieves a
1.6× speedup at 16 frames, growing to 2.4–2.6× for
64–256 frames. The relative gain widens with input
length because the LLM prefilling cost grows superlin-
early while the vision encoder cost scales linearly with
the number of frames; for long videos the LLM stage
dominates total runtime, so its acceleration trans-
lates almost directly into the end-to-end metric. This
complements Figure 3i (LLM-stage TTFT only) by
accounting for the full prefill pipeline.

A.6. Training-Time Efficiency

Token reduction is not only an inference-time op-
timization. We also benchmark training through-
put and memory under All-layer reduction at ∼25%
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Token
Reduction

Comp. Rate
(%)

VideoMME
(1∼60m)

LongVB
(8s∼60m)

LVBench
(30m∼2h) Avg TTFT (s)

Baseline 100 69.89 66.64 50.94 62.49 4.78
Train-Time Reduction
1st layer 25.0 59.52 (-10.37) 55.95 (-10.69) 38.28 (-12.66) 51.25 (-11.24) 1.07 (×4.5)
6 layers 25.1 68.41 (-1.48) 64.62 (-2.02) 43.19 (-7.75) 58.74 (-3.75) 1.18 (×4.1)
13 layers 25.1 67.93 (-1.96) 63.65 (-2.99) 44.29 (-6.65) 58.62 (-3.87) 1.09 (×4.4)
20 layers 25.0 68.00 (-1.89) 63.87 (-2.77) 44.16 (-6.78) 58.68 (-3.81) 1.09 (×4.4)
All 25.5 68.52 (-1.37) 64.32 (-2.32) 45.45 (-5.49) 59.43 (-3.06) 1.17 (×4.1)

Table 8 | Token Reduction with Different Reduction Patterns for Qwen3-VL 8B. Train-time
reduction is applied at selected LLM layers (1st, 6/13/20, or all), using the same relative layer positions as
the hybrid setup. “Comp. Rate" is remaining tokens; (·) shows change from baseline. TTFT is LLM-stage
latency on a single A100 with a 256-frame input.
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Figure 5 | Latency Analysis. (left) LLM-stage latency vs. frames on a single A100, with/without token
reduction. (right) Component-wise latency (vision encoder / projector / LLM) on a 128-frame VideoMME
input.

budget against no-reduction training, with 64-frame
video samples and otherwise identical training re-
sources. The hybrid model’s training run time drops
from 1251.7 s to 862.3 s (1.45× speedup), wall-clock
time drops from 1390 s to 942 s (1.48×), and through-
put increases from 0.818 to 1.187 samples/sec. Peak
GPU memory drops from 77,436 MiB to 70,664 MiB,
a saving of ∼6.6 GB (8.7%). On A100 80 GB, the
no-reduction baseline supports at most 96 frames per
sample, while the reduced variant supports 128 frames
in the same memory budget, enabling 33% more vi-
sual context per sample. Token reduction is therefore
an essential lever for scaling long-video training, not
merely inference.

A.7. Impact Statements

This paper presents work whose goal is to advance the
field of machine learning by improving the efficiency
of long-video vision–language models. The primary
intended impact is reduced inference latency and com-
pute/energy cost for long-context video understand-
ing. Beyond this, we do not anticipate additional
societal consequences that require specific discussion.

A.8. Related Works

Token reduction is widely used in multimodal LLMs
to reduce redundant computation, especially for long
video inputs. Token pruning methods are often
grouped into query-agnostic approaches (based on
visual similarity) and query-aware approaches (condi-
tioned on language). Query-aware methods typically
score tokens using text-to-vision attention or cross-
modal similarity. FastV [1] prunes tokens using early
attention signals, and SparseVLM [2] prunes visually
irrelevant tokens using cross-attention scores. Instead
of pruning, token merging aggregates redundant to-
kens, such as multi-granular spatio-temporal token
merging [26]. Most of these methods are designed
around attention layers and do not explicitly model
token importance inside non-attention blocks, which
is important for hybrid architectures.

Many works focus on long-video understanding by
reducing temporal redundancy. FlexSelect [6], Dyn-
Tok [27], and DyCoke [45] select or compress tokens
for long videos, and METok [5] proposes multi-stage
event-based compression. Our work also targets long-
context video, but focuses on hybrid models and uses
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Stateful Token Reduction for Long-Video Hybrid VLMs

Model Type Model / Method Size VideoMME LongVB LVBench
(1∼60m) (8s∼60m) (30m∼2h)

Proprietary Models

Transformer GPT-4o [33] – 71.9 66.7 34.7
Gemini-1.5-Pro [34] – 75.0 64.0 33.1

Uniform Token Selection

Transformer

LLaVA-Onevision [35] 7B 58.2 56.4 –
Qwen2-VL [36] 7B 63.3 55.6 42.4
NVILA [37] 8B 64.2 57.7 –
Apollo [38] 7B 61.3 58.5 –
VideoLLaMA3 [39] 7B 66.2 59.8 45.3
Oryx-1.5 [40] 34B 67.3 62.0 30.8

Adaptive Token Selection/Reduction

Transformer

MLLM-FS [41] 7B 58.7 57.0 –
LongVU [42] 7B 60.6 – –
SF-LLaVA-1.5 [43] 7B 63.9 62.5 45.3
ViLAMP [44] 7B 67.5 61.2 45.2
Qwen2.5 VL+SparseVILA [17] 7B 66.3 60.1 –
Qwen2.5 VL+FlexSelect [6] 7B 68.2 62.4 51.2
LLaVA-Video+FlexSelect [6] 7B 68.9 61.9 52.9
Qwen2.5+FlexSelect [6] 72B 74.4 66.4 56.6

Our Token Reduction
Transformer Qwen3 VL + All layer reduction 8B 68.52 64.32 45.45
Hybrid Nemotron-Nano-V2 VL + All layer reduction 12B 69.70 66.04 54.29

Table 9 | Comparison on Long-Video Benchmarks. We report scores on VideoMME (w/o subtitles),
LongVB (LongVideoBench; 8s∼60m), and LVBench (30m∼2h) for proprietary, open-source LLMs with
uniform/adaptive token selection, and our method. Ours use all-layer reduction for Qwen3-VL (Transformer)
and Nemotron-Nano-V2 VL (Hybrid).

Frames 16 32 64 128 256
No Reduction (100%) 0.349 0.677 1.313 2.714 5.567
Attention-only (25%) 0.179 0.287 0.520 1.033 2.052
Attn+Mamba All (25%) 0.214 0.327 0.564 1.080 2.125
Speedup (Attn+Mamba vs. baseline) 1.6× 2.1× 2.3× 2.5× 2.6×

Table 10 | End-to-End Inference Latency for Nemotron-Nano-V2 VL 12B on a single NVIDIA A100, in
seconds (vision encoder + projector + LLM). Token reduction at a ∼25% budget yields a 1.6× speedup at 16
frames and 2.4–2.6× speedup at 64–256 frames; the gap widens with frame count because LLM prefilling cost
grows super-linearly while vision encoder cost is linear.

depth-dependent token-importance behavior to design
reduction schedules.

Another distinction is where reduction is applied.
Some methods prune once early (before the LLM
or at early layers) and keep the reduced set fixed.
For example, FastV [1] prunes after early layers, and
VisionSelector [28] selects tokens before the LLM.
FlexSelect [6] and VISA [46] also produce a reduced
token set for inference. Other methods prune pro-
gressively across layers to reduce the sensitivity of
early pruning. PyramidDrop [3] drops tokens across
depth, and LaCo [29], VisionZip [30], DynTok [27],
and METok [5] apply multi-layer or multi-stage re-
duction. Our method follows this direction and uses
a progressive schedule that keeps more tokens early
and prunes more later.
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