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Abstract

Speculative decoding accelerates autoregres-
sive language model inference by verifying
multiple draft tokens in parallel. However, the
verification stage often becomes the dominant
computational bottleneck, especially for long-
context inputs and mixture-of-experts (MoE)
models. Existing sparsification methods are
designed primarily for token-by-token autore-
gressive decoding to remove substantial com-
putational redundancy in LLMs. This work sys-
tematically adopts different sparse methods on
the verification stage of the speculative decod-
ing and identifies structured redundancy across
multiple dimensions. Based on these observa-
tions, we propose a sparse verification frame-
work that jointly sparsifies attention, FFN, and
MoE components during the verification stage
to reduce the dominant computation cost. The
framework further incorporates an inter-draft
token and inter-layer retrieval reuse strategy to
further reduce redundant computation without
introducing additional training. Extensive ex-
periments across summarization, question an-
swering, and mathematical reasoning datasets
demonstrate that the proposed methods achieve
favorable efficiency-accuracy trade-offs, while
maintaining stable acceptance length.

1 Introduction

Autoregressive large language models (LLMs)
(Meta-Al, 2024; OpenAl et al., 2024; Guo et al.,
2025) have achieved remarkable success across a
wide range of tasks, but their inference cost con-
tinues to grow rapidly with increasing model size
and context length. While training-time optimiza-
tions have received extensive attention, inference
efficiency remains a critical bottleneck, especially
in latency-sensitive and long-context scenarios.
Speculative decoding (Stern et al., 2018;
Leviathan et al., 2023; Xia et al., 2023) has re-
cently emerged as an effective technique to accel-
erate autoregressive generation. By introducing a

Module FLOPs

Full Attention 6 BTd? + 4BT?3d

Sparse Attention 6 BTd?> + 4 B (1 — s,) T%d
Dense FFN 6 BT'dds

Sparse FFN 2BTd ds (3 — 2sy)

MoE FFN 6BTkdd, + 2BTdFE

Sparse MoE 6 BT (1 —sc)kdde + 2BTdE
Table 1: FLOPs estimation for different modules. L:

number of layers, d: hidden size, d¢: FFN intermediate
size, d.: expert hidden size, nj: number of attention
heads, T": sequence length, B: batch size, E: num-
ber of experts, k: number of active experts per token.
Sa, Sf, Se indicate sparsity of attention, sparsity of down
projection in FEN, sparsity of active experts.

lightweight draft model to propose multiple can-
didate tokens and verifying them in parallel using
the target model, it amortizes decoding overhead
across multiple tokens per step. However, this ac-
celeration shifts the computational burden to the
verification stage. In particular, when draft lengths
grow, or long-context inputs are involved, verifica-
tion incurs substantial overhead due to full attention
over large KV caches, dense feed-forward compu-
tation, and multi-expert evaluation in MoE models.
As a result, verification becomes the dominant bot-
tleneck in speculative decoding.

Recent advances in sparse inference have demon-
strated that significant redundancy exists in differ-
ent components of LLMs. KV cache eviction tech-
niques reduce memory and computation by selec-
tively retaining important context tokens. Sparse
FFN methods exploit activation sparsity to reduce
matrix multiplications. MoE models further reduce
computation by activating only a small subset of
experts per token. However, existing sparse infer-
ence methods are primarily designed for standard
autoregressive decoding, acknowledging only a sin-
gle token per step. Their application and effects on
speculative decoding are not explored.
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Figure 1: An illustration of the three sparse verification strategies within a single Transformer layer. Residual
connections and normalization layers are omitted for clarity. A KV block contains the key-value states of multiple
prefix tokens. In sparse attention, the selection of blocks is determined by the dot product between the query of the
first draft token and a representative value of each block, and multiple draft tokens select the same set of blocks.
In sparse FFN, the pruned channels are determined by the output of the activation function and a given threshold.
In sparse MoE, a dynamic strategy based on the weights of the selected experts determines whether an expert
participates in computation, and different draft tokens may involve different numbers of experts.

In this work, we systematically study sparse veri-
fication. We observe that verification exhibits struc-
tured redundancy across multiple dimensions, in-
cluding attention computation, feed-forward activa-
tion, expert utilization, and even across transformer
layers. Building on these observations, we propose
a unified sparse verification framework that applies
sparsification jointly to attention, feed-forward net-
works, and MoE layers, while respecting the unique
requirements of speculative decoding.

Specifically, we introduce (1) an importance-
based sparse attention mechanism tailored for
multi-token verification, where block retrieval is
performed once using the first draft token and
shared across all draft tokens within the same verifi-
cation step, combined with a piecewise budget con-
trol strategy to ensure stability on short contexts; (2)
an inter-layer retrieval reuse scheme that avoids re-
dundant block selection across similar layers; (3) a
sparse feed-forward verification method that prunes
low-activation channels during inference; and (4)
a generalized sparse MoE strategy that adaptively
skips low-contribution experts. We further combine
these techniques into a hybrid sparse verification
method that sparsifies verification along three or-
thogonal dimensions. We provide a detailed FLOPs
analysis of the proposed methods in Table 1, show-
ing that sparse verification substantially reduces
the dominant computation terms in attention, FFN,
and MoE layers. Extensive experiments across
long-context, question answering, and mathemat-

ical reasoning benchmarks demonstrate that our
methods achieve significant efficiency gains while
maintaining competitive verification accuracy and
stable acceptance length.

2 Preliminary

2.1 Speculative Decoding

Speculative decoding (Stern et al., 2018; Leviathan
et al., 2023; Xia et al., 2023) is an inference tech-
nique for autoregressive models that aims to ac-
celerate generation. Let py(z; | 2<;) denote the
conditional distribution of the target token z; given
previous tokens x; under the target model with
parameters 6. Speculative decoding introduces a
lightweight draft model, with parameters ¢, to pro-
pose multiple candidate tokens in advance. At time
step t, the draft model generates K speculative
tokens (Zy+1,Zt+2, - - ., Trt k) sequentially:

Tk ~ Pop(Terk | T<trk), k=1,...,K. (1)

During verification, the target model computes
the probabilities Py.i+x = po(Trirx | <t) for
the draft tokens Z+.;1 . Each draft token Z; is
evaluated with an acceptance probability:

2

Qg = min (17 pa(':ftJrk \ $<t+k))
p¢($t+k | T<itn)

where py is the draft model’s output probability.
Note that once a token &, is rejected, all its sub-
sequent draft tokens are discarded. The rejected
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Figure 2: The overlap ratio of the KV block selection for
the draft token pairs with different position distances.

token is resampled from the adjusted distribution:

p = norm(max (0,p9 — Pqﬁ))v 3)
ensuring that the overall generation remains consis-
tent with the target model distribution.

2.2 KV Cache Eviction in Sparse Verification

A major trend in key-value cache eviction is to de-
termine which caches to activate based on the cur-
rent token information (Tang et al., 2024a; Lu et al.,
2025). For speculative decoding, each step of the
decoding process involves multiple tokens as input.
Therefore, it is necessary to analyze the retrieval
differences of these tokens to better adapt to these
strategies. To this end, we perform speculative de-
coding on Llama3.1-8B (Grattafiori et al., 2024)
and analyze the overlap of cache blocks retrieved
by different draft tokens based on their respective
query values. Figure 2 displays the results. In the
experiments, a tree-structured draft with 60 draft
tokens is adopted. We measure the overlap ratio
of retrieved blocks between token pairs at different
positional distances. The overlap is calculated as
the intersection of the retrieved blocks for the two
tokens divided by the total number of blocks.

The results show that tokens within the same
step retrieve highly similar blocks, with an average
overlap exceeding 0.8 in most layers. Moreover,
tokens that are closer in position tend to retrieve
more similar blocks. On the other hand, in the draft
tree, the first token is the accepted token sampled
from the previous step, making it more important
than the others since it influences the verification
of all subsequent tokens. Taking into account both
aspects, we use the first token to perform block
retrieval, while the other tokens reuse its retrieved
blocks during verification.

3 Sparse Verification

In this section, we introduce a sparse verification
framework that exploits redundancy in the verifi-
cation process. The key idea is that verification

does not require full computation across all model
components. We therefore apply controlled spar-
sification along three dimensions: attention, feed-
forward networks, and mixture-of-experts layers.
Unlike prior sparsity-aware methods (Kwon et al.,
2022; Yuan et al., 2025) that require retraining or
architectural modification, our approach operates
entirely at inference time. This design choice al-
lows sparse verification to be directly applied to
off-the-shelf large models.

3.1 Sparse Attention

Existing sparse attention methods primarily focus
on the decoding stage by applying KV cache evic-
tion to reduce memory and computation overhead.
However, such strategies are designed for standard
autoregressive decoding, where each step processes
only a single token. In speculative decoding, by
contrast, each step must verify multiple candidate
tokens simultaneously, often involving several to
dozens of tokens. This multi-token verification in-
troduces new challenges for efficiently selecting
relevant context while maintaining accuracy.

To address this, we introduce an importance-
based sparse attention mechanism tailored for spec-
ulative decoding. Inspired by recent block-wise
retrieval ideas as Quest (Tang et al., 2024a), we par-
tition the current KV cache into structured blocks
according to both token positions and KV heads.

Formally, each block contains KV entries corre-
sponding to one attention head and a fixed number
of consecutive tokens, denoted as the block size
B. If there are H KV heads and a total sequence
length of Lgeq, the KV cache can be represented as:

K={Knp}, V={Vis}, “)
he[1,H], be[l,[Lsxq/Bl].

For speculative verification, we compute an im-
portance score for each block using the query of
the first draft token qg and the mean vector of all
key states within the block:

B
1
Shy =dg <B Z kh,b,i) ; ®)
=1

and pick NNV blocks with highest s for calculation.
Moreover, due to the existence of the attention
sink (Xiao et al., 2024), where early tokens tend
to attract disproportionate attention across layers,
and the locality bias (Yang et al., 2018a; Wu et al.,
2025), where neighboring tokens play a more crit-
ical role in contextual reasoning, we retain both



the first and last few blocks without eviction. This
boundary-preserving design prevents the loss of
essential contextual information that is frequently
referenced during verification.

3.2 Piecewise Budget Control

In practice, we observe that when the KV cache
length is below a certain threshold, the verifica-
tion time does not grow noticeably with the cache
size. Moreover, for short-text scenarios, aggressive
KV eviction may introduce performance degrada-
tion. To balance efficiency and stability, we adopt
a piecewise budget control strategy.

Specifically, when the sequence length Lieq is
below a fixed threshold L, we perform no eviction.
When Lgq > Lo, the number of retained blocks is
adaptively determined by:

((Lseqg — Lo) x p+ Lo) x H
B )

N budget — (6)
where 0 < p < 1 is a sparsity coefficient con-
trolling the proportion of active blocks, H is the
number of KV heads, and B is the block size.

This design ensures that for short sequences, ver-
ification remains stable, while for longer contexts,
computational cost scales smoothly with sequence
length under a controlled sparsity budget.

3.3 Inter-layer Retrieval Reuse

Through empirical analysis of the retrieved blocks
across transformer layers, we observe that although
the retrieval patterns in shallow layers tend to be
irregular and diverse, the block selection in middle
and deeper layers exhibits strong inter-layer sim-
ilarity, particularly among adjacent layers. This
observation suggests that performing retrieval at
all layers is redundant and leads to unnecessary
computational overhead.

To exploit this redundancy, we introduce an inter-
layer retrieval reuse strategy that selectively per-
forms retrieval only on representative layers. We
first construct a set of calibration data D, cover-
ing various input lengths to analyze the model’s re-
trieval behavior. For each input sample, we record
the mask of the blocks retrieved for each layer [,
denoted as M; € {0,1}Vs, where N is the total
number of candidate blocks.

We then compute the pairwise retrieval similarity
between adjacent layers using Jaccard similarity:

|M 1N Ml—l‘

J(Mlalel) = m (7)

For the first layer, we set J (M7, My) = 0.

Based on these similarity scores, we identify a
subset of layers with the lowest similarity to their
preceding layers as anchor layers:

A = TopK, (1 — J(M;, M;_1)), (8)

where |A| = K and K is the number of anchor
layers to be selected.

Only the anchor layers perform block retrieval to
determine which blocks participate in computation.
For non-anchor layers, we reuse the retrieval results
of the nearest preceding anchor layer:

My = My, a(l)=max{ic Ali<l}. (9)

This layer-wise reuse mechanism effectively re-
duces retrieval operations while maintaining com-
parable verification quality, as the selected anchor
layers capture the essential variation of retrieval
patterns across the network.

3.4 Sparse Feedforward Network

Existing sparse FFN (SFFN) methods (Roller et al.,
2021; Liu et al., 2023) are primarily designed for
the training stage, where sparsity is introduced to
reduce the cost of updating parameters. Inspired by
these approaches, we leverage the inherent sparsity
of the feed-forward network (FFN) during infer-
ence to reduce verification cost.

A standard gated FFN consists of a gate-
projection, an up-projection, an activation function,
and a down-projection. Let the input at layer [ be
x; € R?. The FFN computation can be written as:

h; = U(Wgatexl + bgate)a (10)

Yy = Wdown(hl © (Wupxl + bup)) + bdown, (11)

where o () is activation function, typically GeLU
(Hendrycks, 2016) or SwiGLU (Shazeer, 2020).

Prior work (Song et al., 2024) observes that
many FFN channels are rarely activated and pro-
poses to induce structured sparsity by replacing
smooth activation functions (e.g., GeLU) with
ReLU, followed by retraining or finetuning to adapt
the model to the modified activation pattern. How-
ever, we observe that even in standard pretrained
models with GeLU or SwiGLU activations, a large
fraction of FFN channels exhibit near-zero activa-
tion values during inference. To exploit this spar-
sity, we identify inactive channels by thresholding
the activation magnitude:

Sy ={i| || <7}, (12)



Verification GovReport 2WikiMQA HotpotQA LCC RepoBench-P

Sa ROUGE Sa F1 Sa F1 Sa Edit Sim Sa Edit Sim
Strict 0 34.18 0 39.20 0 47.66 0 54.24 0 21.76
SA (Lo = 4K) 33.50 39.32 47.43 55.10 22.23
SA* (Lg = 4K) 0.34 33.28 0.39 35.78 0.41 44.78 041 55.18 045 22.24
SA (Lg = 2K) 31.86 38.81 46.55 55.24 22.00
SA* (Ly = 2K) 0.60 31.67 0.63 36.77 0.64 44.18 0.56 54.27 0.66 22.14
SA (Lo = 1K) 30.62 38.86 46.28 54.99 21.61
SA* (Ly = 1K) 0.75 29.45 0.77 37.87 0.77 43.18 0.72 53.52 0.78 21.76

Table 2: Performance of verification with sparse attention on different datasets. “Strict” indicates standard
speculative decoding with full attention. “SA” represents sparse attention without an inter-layer retrieval reuse
strategy, while “SA*” represents sparse attention with the reuse strategy. s, is sparsity of attention.

where 7 is a predefined threshold and £ ; is the i-th
dimension of h;.

Only channels not belonging to S; are used in
the up and down projection. Thus, the sparse FFN
output becomes:

hy, = b o (W% 4 bG5), (13)

(=S1)

down

yi=Wish, +b

down

(14)

where (—&;) indicates the set of active channels.
This mechanism preserves the structure of the FFN
while significantly reducing multiplications in the
up-projection and down-projection, which domi-
nate the FFN computational cost. By applying this
sparsification during speculative verification, we
reduce overall inference computation cost while
maintaining comparable validation accuracy.

3.5 Sparse Mixture of Experts

We propose an adaptive expert skipping method for
each candidate token for MoE target models. Lu
et al. (2024) have introduced a dynamic skipping
expert strategy during inference. They consider
the case of k=2 activated experts, where the sec-
ond expert may be skipped based on a threshold
determined by the ratio of routing logits. We gener-
alize this mechanism to arbitrarily activated expert
counts k > 2, and allow skipping up to m experts
(1 € m < k) for each token during inference.
Given k routed experts in an MoE layer, we de-
note their routing weights, after sorting in ascend-
ing order, as w = {wy, wa, ..., wy}. To determine
how many experts can be skipped, we compute a
layer-specific threshold for every possible skip size
m. For a calibration dataset, we first calculate a

ratio for all calibration tokens:
k—m
Zj:l wj
k
> j=1Wj

and define the threshold (3, as the median of these
ratio values in that layer. This produces a threshold
map {1, B2, ..., Br—1} that specifies allowed skip
levels for that layer.

During inference, for a given token, we search
for the maximum number of experts ¢ to skip (0 <
1 < m) such that

o

Zj:i Wj
k

Zj:l Wy

If such 7 > 0 exists, we skip the ¢ lowest-weight
experts {e1,ea,...,e;}; otherwise (i = 0), all k
experts are preserved.

; (15)

< Bm. (16)

4 Experiments

4.1 Performance of Sparse Attention

We evaluate the performance of sparse attention
verification with EAGLE-3 (Li et al., 2025). We
adopt Llama3.1-8B-Instruct (Dubey et al., 2024) as
the target model. Tree-structured drafts are used,
which have 60 candidate tokens. The experiment
is conducted on 8 NVIDIA-H800-80G GPUs. We
evaluate the performance with sparse attention on
5 datasets in LongBench (Bai et al., 2024) (includ-
ing summarization, question answering, and code
completion tasks): GovReport (Huang et al., 2021),
2WikiMQA (Ho et al., 2020), HotpotQA (Yang
et al., 2018b), LCC (Guo et al., 2023), RepoBench-
P (Liu et al., 2024). For sparse attention, the spar-
sity coefficient p is set to 0.1. To test the perfor-
mance under different sparsity, we search the basic



Verification 5 GovReport 2WikiMQA HotpotQA GSMSK Math CollegeMath
ROUGE F1 F1 Acc. Acc. Acc.
Strict 0 32.67 43.93 63.32 90.0 65.6 23.8
SFEN (7 = 0.01) 0.18 32.40 46.77 63.36 91.0 63.0 23.6
SFEN (7 = 0.05) 0.47 32.96 43.99 63.33 90.7 63.0 23.8
SFEN (7 = 0.1) 0.64 33.51 41.96 62.01 91.0 63.6 24.8

Table 3: Performance of verification with sparse FFN on different datasets with Qwen3-30B-A3B. “Strict” indicates

standard speculative decoding with strict verification. sy is the mean sparsity of FFN module.

length Lo in {1K,2K,4K}. We also compare the
results with and without our proposed inter-layer
retrieval reuse strategy. We randomly select 8 sam-
ples from GovReport as the calibration data.

Results are shown in Table 2. Given a base
length L, the sparsity ratio adapts based on the av-
erage sequence lengths across datasets. Under mod-
erate sparsity levels (e.g., Lo = 4K), SA exhibits
minimal degradation compared with strict verifica-
tion, with ROUGE/F1 drops typically within 0.3-
1.0 points. This indicates that a large portion of
attention computation is redundant. When spar-
sity increases, performance decreases more notice-
ably, yet the degradation remains within an ac-
ceptable range for most datasets. Datasets with
stronger local dependencies (e.g., HotpotQA and
LCC) show better robustness, suggesting that veri-
fication mainly relies on a subset of salient contex-
tual tokens rather than the full attention map.

Introducing inter-layer reuse (SA*) slightly
changes the trade-off. SA* consistently performs
similarly to or slightly below SA, especially on
QA datasets (e.g., 2WikiMQA, HotpotQA). This
implies that while reuse reduces attention compu-
tation further, it introduces mild information loss
due to cross-layer propagation of sparse patterns.
However, for long-input summarization tasks such
as GovReport and code-edit similarity tasks such as
RepoBench-P, SA* performs comparably or even
slightly better, indicating that reuse is more ben-
eficial when long-range consistency, rather than
fine-grained token interactions, dominates the veri-
fication process.

4.2 Performance of Sparse FFN

Similar to sparse attention, we also evaluate the
performance of sparse FFN with EAGLE-3. We
employ Qwen3-30B-A3B (Qwen et al., 2025) as
the target model. We apply SFFN to each expert.
Unlike SA, SFFN is also applicable to short texts.

Therefore, in addition to the three long text datasets,
we added additional mathematical tasks for our ex-
periments, including GSM8K (Cobbe et al., 2021),
Math (Hendrycks et al., 2021), and CollegeMath
(Tang et al., 2024b). Note that we remove LCC
and RepoBench-P because Qwen3-MoE performs
poorly on code tasks. We search the threshold 7 in
{0.01,0.05, 0.1} for channel selection.

Table 3 displays the results under different spar-
sity levels. First, summarization (GovReport) re-
mains stable across all sparsity levels. Notably, the
ROUGE score slightly improves from 32.67 (strict)
to 33.51 at sy = 0.64. This suggests that SFFN
does not disrupt the model’s semantic structure
checking and may even introduce regularization ef-
fects beneficial for long-form text generation. For
QA (2WikiMQA, HotpotQA), performance also re-
mains highly robust, indicating that reducing FFN
computations in verification has minimal impact
on tasks requiring compositional reasoning. Re-
garding math reasoning tasks (GSM8K, Math, Col-
legeMath), sparse verification again shows strong
resilience. Importantly, even at sy = 0.64, ac-
curacy degradation is negligible, indicating that
SFEN preserves the logical consistency required
for step-by-step reasoning during verification.

Across all benchmarks, we observe no system-
atic degradation as sparsity increases, even though
up to nearly two-thirds of FFN activations are
pruned. These results indicate that SFFN verifi-
cation achieves a more computationally efficient
mechanism without compromising the correctness.

4.3 Performance of Sparse MoE

We evaluate the performance of Sparse MoE with
Deepseek-R1 (Guo et al., 2025) on the same
datasets as in Section 4.2. Deepseek-R1 assigns 8
experts for each token in the MoE layers. We con-
sider a skipping budget m in {2, 3,4}. We adopt
the pretrained MTP (Multi-Token Prediction) heads



Verification s GovReport 2WikiMQA HotpotQA GSMSK Math CollegeMath
ROUGE F1 F1 Acc. Acc. Acc.
Strict 0 26.90 77.39 73.43 98.0 82.0 58.0
SMOoE (m = 2) 0.11 26.74 79.81 74.60 98.0 80.0 56.0
SMoE (m = 3) 0.16 26.73 78.52 75.03 97.0 87.0 57.0
SMoE (m = 4) 0.22 26.76 78.88 74.77 95.0 75.0 52.0

Table 4: Performance of verification with sparse MoE on different datasets with Deepseek-R1. “Strict” indicates
standard speculative decoding with strict verification. Deepseek-R1 activates 8 experts per token on average, and s,
is defined as the ratio between the number of skipped activated experts per token and 8.

Verification GovReport 2WikiMQA HotpotQA GSMSK Math CollegeMath
ROUGE o F1 « F1 o Acc. « Acc. o Acc. «

Strict 2690 2.44 7739 271 7343 2.67 98.0 2.84 820 285 58.0 2.89

Hybrid 2740 242 79.82 2770 7457 2.66 96.0 281 81.0 2.84 53.0 2.89

Table 5: Performance of verification with hybrid method with the 3-dimensional sparsity with Deepseek-R1. “Strict”

[7PREL)

indicates standard speculative decoding with strict verification. “«” represents mean acceptance length.

as the draft model. The draft length is set to 4.
Table 4 shows that sparse MoE verification
(SMoE) reduces expert usage while preserving
competitive accuracy. Moderate sparsification
(m = 2,3) yields stable or even improved per-
formance on several datasets (e.g., 2WikiMQA
and Math with m = 3), indicating that skipping
low-contribution experts can remove noisy valida-
tion signals. However, as sparsity increases further
(m = 4), performance begins to degrade, particu-
larly on math-heavy tasks, showing that excessive
expert skipping may remove informative reasoning
paths. Therefore, SMoE requires careful sparsity
control to avoid harming verification reliability.

4.4 Hybrid Sparse Methods

While sparse attention, sparse FFN, and sparse
MOoE can independently reduce the verification cost
of speculative decoding, each technique targets a
different computational bottleneck and introduces
distinct approximation errors. Therefore, it is cru-
cial to evaluate whether combining multiple sparse
mechanisms can achieve complementary benefits
without causing systematic degradation in verifica-
tion quality. We evaluate the performance of a hy-
brid sparse verification method with the proposed
strategies. We use Deepseek-R1 as the target model
and conduct speculative decoding with MTP. Basic
length L for SA is set to 4K. Deepseek-R1 has 61
layers, of which 30 layers are selected as anchor
layers to provide retrieval results to other layers.

Threshold 7 for FEN is set to 0.05. Expert skipping
budget m is set to 3. From a FLOPs perspective, it
reduces the computational cost by approximately
36% compared with strict verification.

Table 5 reports the performance of strict verifi-
cation and the proposed hybrid method with three-
dimensional sparsity. Compared with the strict
baseline, the hybrid method achieves higher scores
on GovReport, 2WikiMQA, and HotpotQA, while
maintaining comparable performance on GSM8K
and Math. These results indicate that the hybrid
strategy does not lead to systematic degradation on
long-context or multi-hop reasoning tasks under the
evaluated sparsity configuration. While combining
sparsity across multiple dimensions yields addi-
tional efficiency gains, the resulting performance
does not always improve monotonically. This in-
dicates that sparsity dimensions are not strictly in-
dependent and should be coordinated rather than
applied aggressively in isolation.

Meanwhile, performance drops are observed on
CollegeMath, suggesting that tasks requiring fine-
grained symbolic reasoning are more sensitive to
aggressive sparsification during verification. We
observe that the impact of sparse verification varies
across tasks. Generation-oriented tasks such as
summarization and open-domain QA exhibit rel-
atively stable performance under moderate spar-
sity, whereas reasoning-intensive tasks, particularly
mathematical problem solving, are more sensitive
to sparsification. This suggests that tasks requir-



ing precise token-level verification may demand
stricter alignment between draft and target models.

4.5 Impact on Acceptance Length

Besides computational cost, the mean acceptance
length is a crucial factor affecting the efficiency of
speculative decoding. Therefore, we discuss the
impact of these sparse verification methods on the
average acceptance length in this section.

We report the mean acceptance length on each
dataset in Table 5. The acceptance length is primar-
ily determined by the alignment between the draft
and target models. Since the draft model is trained
to align with a non-sparse target model, sparsifica-
tion in the target model can negatively affect this
alignment. While sparsification effectively reduces
verification cost, it also introduces distributional
shifts between the draft and target models, which
can negatively affect token acceptance. The mean
acceptance length o shows a consistent but negligi-
ble reduction across most datasets, which has little
effect on inference efficiency.

5 Related Work

Sparse Inference has been explored in multiple
dimensions of language models. KV Cache Evic-
tion (Zhang et al., 2023; Ge et al., 2024; Xiao
et al., 2024; Tang et al., 2024a; Li et al., 2024a)
has emerged as an effective approach to mitigate
the memory and latency overhead of large language
model inference as the context length continues to
grow. HoO (Zhang et al., 2023) proposes an oracle-
based method that retains heavy-hitter tokens with
the highest attention importance. Quest (Tang et al.,
2024a) introduces a query-aware mechanism that
dynamically selects important tokens to reduce re-
dundant cache entries. SnapKV (Li et al., 2024a)
leverages attention observations at the head level to
identify and preserve critical tokens, enabling fine-
grained KV cache compression. NSA (Yuan et al.,
2025) designs hardware-aligned, natively trainable
sparse attention patterns to reduce computation and
memory costs while maintaining model accuracy.
Sparse FFN methods focus on reducing compu-
tation in feed-forward layers. Early approaches
(Roller et al., 2021; Liu et al., 2023) exploit struc-
tured sparsity or conditional computation to acti-
vate only a subset of parameters for each token.
Mixture-of-Experts (MoE) models (Shazeer et al.,
2017; Fedus et al., 2022) route tokens to a small
number of experts, significantly reducing per-token

FLOPs while maintaining model capacity. Subse-
quent works further improve efficiency by refining
routing strategies and expert utilization, including
expert pruning, load balancing, and dynamic ex-
pert selection during inference (Rajbhandari et al.,
2022; Lu et al., 2024).

Speculative Decoding (Stern et al., 2018; Xia
et al., 2023, 2024) follows a draft-verify paradigm
to achieve lossless acceleration in autoregressive
generation. At each decoding step, a lightweight
drafter first drafts several candidate tokens, which
are then verified in parallel by the target model.
Some studies (Leviathan et al., 2023; Cai et al.,
2024; Li et al., 2024b) employ independently
trained small models or auxiliary modules as draft
generators, while others (Saxena, 2023; Fu et al.,
2024; He et al., 2024) retrieve drafts from pre-
constructed draft pools. The draft structures have
evolved from simple n-grams (Leviathan et al.,
2023; Fu et al., 2024) to more sophisticated draft
trees (Li et al., 2024b; Wang et al., 2024). Increas-
ing the draft length imposes additional computa-
tional burden during verification, particularly under
high-load conditions such as long-context scenar-
i0s. While prior studies (Sadhukhan et al., 2024;
Yang et al., 2025) have investigated KV cache com-
pression in the draft stage for long contexts, the tar-
get model’s KV cache during verification is much
larger and thus represents the key bottleneck.

6 Conclusion

This work investigates sparse verification in specu-
lative decoding and demonstrates that substantial
computational redundancy exists in the verifica-
tion stage across multiple dimensions, including
attention, feed-forward networks, and expert activa-
tion. By analyzing the structural characteristics of
speculative verification, we show that sparsification
strategies originally designed for standard decod-
ing can be adapted to verification with careful con-
trol of acceptance behavior. We propose a unified
framework that integrates multi-dimensional spar-
sity into speculative verification without requiring
additional training or model modification. In par-
ticular, the framework incorporates adaptive expert
skipping and retrieval reuse to reduce redundant
computation while preserving verification correct-
ness. Empirical results across diverse benchmarks
indicate that sparse verification achieves consistent
efficiency gains, with only a moderate impact on
acceptance length under appropriate sparsity levels.



Limitations

Although the proposed sparse verification frame-
work achieves substantial efficiency gains with min-
imal accuracy degradation, it has several limita-
tions. First, the effectiveness of sparse attention
relies on the assumption that draft tokens within
the same verification step attend to similar con-
textual regions. While this assumption holds in
most cases, especially for nearby draft tokens, it
may be violated in rare cases where draft branches
diverge significantly, potentially leading to subop-
timal block selection. Second, the sparsity hyper-
parameters, such as the base length L, sparsity
coefficients, and expert skipping budgets, are deter-
mined through empirical calibration. Although we
observe consistent behavior across datasets, these
parameters may require tuning when applied to
models with substantially different architectures
or routing behaviors. Third, while sparse FFN
and sparse MoE verification preserve performance
under moderate sparsity, excessive sparsification
can negatively affect tasks that require fine-grained
token-level reasoning, such as mathematical prob-
lem solving. This suggests that the optimal sparsity
level is task-dependent and may require adaptive
control mechanisms. Due to the lack of specialized
kernels and system-level operators that can fully
exploit the structured sparsity patterns introduced
in our design, the current implementation does not
yet demonstrate end-to-end wall-clock speedup. In-
stead, our evaluation focuses on computational cost
reduction in terms of FLOPs. Bridging this gap by
developing optimized sparse computation kernels
is an important direction for future work.
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