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Abstract

Recent advancements in State Space Models
(SSMs) have attracted significant interest, par-
ticularly in models optimized for parallel train-
ing and handling long-range dependencies. Ar-
chitectures like Mamba have scaled to billions
of parameters with selective SSM. To facilitate
broader applications using Mamba, exploring
its efficiency is crucial. While token reduction
techniques offer a straightforward post-training
strategy, we find that applying existing meth-
ods directly to SSMs leads to substantial per-
formance drops. Through insightful analysis,
we identify the reasons for this failure and the
limitations of current techniques. In response,
we propose a tailored, unified post-training to-
ken reduction method for SSMs. Our approach
integrates token importance and similarity, thus
taking advantage of both pruning and merging,
to devise a fine-grained intra-layer token re-
duction strategy. Extensive experiments show
that our method improves the average accu-
racy by 5.7% to 13.1% on six benchmarks with
Mamba-2 compared to existing methods, while
significantly reducing computational demands
and memory requirements.’

1 Introduction

There are growing research interests and efforts in
SSMs in recent years. Building on the foundation
laid by the Kalman filter model (Kalman, 1960),
SSMs have evolved to address long-range depen-
dencies and are optimized for parallel training. Sev-
eral works (Gu et al., 2021a,b, 2022; Gupta et al.,
2022; Dao and Gu, 2024) have proposed SSM-
based models capable of processing sequence data
across a variety of tasks and modalities.

A notable recent contribution, Mamba (Gu and
Dao, 2023a), integrates time-varying parameters

“Equal contribution.
!Code available at https://github.com/wuyushuwys/
ToR_SSM

into SSMs, allowing the model to selectively prop-
agate or forget information. Additionally, Mamba
introduces a hardware-aware parallel algorithm
that accelerates both training and inference. Un-
like quadratic attention mechanisms, which be-
come prohibitively expensive with longer sequence
lengths, Mamba’s subquadratic-time architecture is
more efficient and better suited for handling long
sequences. The exceptional scaling performance of
Mamba underscores its potential as an effective al-
ternative to the Transformer model (Vaswani et al.,
2017) for generative language modeling tasks.

In line with existing research efforts aimed at
enhancing the efficiency of Transformer models
(Shen et al., 2024b,c; Zhan et al., 2021), explor-
ing the efficiency of SSMs is crucial for facilitat-
ing real-time applications. While weight pruning
and quantization are prevalent techniques for opti-
mizing Transformer models (Vaswani et al., 2017;
Yang et al., 2023; Zhang et al., 2022), token re-
duction (Rao et al., 2021; Pan et al., 2021; Yuan
et al., 2021; Renggli et al., 2022) has proven ef-
fective in improving Transformer efficiency due to
the token length dimension or number of token is
independent of the model architecture.

Given that SSM blocks also process input tokens
similarly to Transformer models, applying existing
state-of-the-art (SOTA) token reduction techniques
(Liang et al., 2022; Cao et al., 2023; Bolya et al.,
2023) to SSMs appears to be a straightforward
post-training approach to enhance their efficiency,
especially when scaling to billions of model param-
eters. This can achieve faster serving and lower
peak memory usage, facilitating the wider deploy-
ment of large-scale SSMs like Mamba. However,
as illustrated in Figure 1, this application of token
reduction to SSMs, while offering some benefits
of faster inference with fewer tokens, results in
significant performance drops.

In this paper, after applying existing Transformer
token reduction techniques to SSMs and observing
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their failures, we conduct an insightful analysis to
understand the patterns and reasons for their fail-
ures on SSMs. Based on our analysis, we propose
a unified post-training token reduction method for
SSMs to preserve performance and improve effi-
ciency. We first employ a decoupling strategy that
computes the importance of each token and classi-
fies them into two sets: less important tokens and
more important tokens. Following this, we devise
a fine-grained intra-layer token reduction strategy
for the hidden states and residual connections of
Mamba. Our approach uses a hybrid token reduc-
tion strategy (combining and taking advantages
of pruning and merging) on hidden state tokens,
meticulously designed to balance preserving essen-
tial information and eliminating redundancy. Our
unified strategy can be generalized to other model
architectures like Transformers. In summary, the
main contributions of our work are as follows:

* We observe the failure of directly applying to-
ken reduction techniques from Transformers to
SSMs, and we conduct an insightful analysis to
investigate the patterns of token reduction strate-
gies and the possible reasons for their failures.

* We are the first to propose a unified post-training
token reduction method designed for SSMs. This
strategy leverages insights from both token prun-
ing and token merging, and incorporates the to-
ken importance and similarity evaluation.

* Zero-shot evaluations on various SSMs demon-
strate the effectiveness of our method, improving
average accuracy by 5.7% to 13.1% on six bench-
marks with Mamba-2, and by 6.5% to 15.1% with
Mamba compared to baseline methods. Mean-
while, our method significantly reduces compu-
tational demands and memory requirements.

2 Related Work

State Space Models. SSMs (Gu and Dao, 2023b;
Mehta et al., 2022; Wang et al., 2023) are emerg-
ing architecture designs for sequence-to-sequence
transformation. The design has the strength to
model complex systems by focusing on how the
input, output, and state variables evolve over time.
Mamba-2 (Dao and Gu, 2024) propose state space
duality to design a new architecture whose core
layer is a refinement of selective SSM. S4ND
(Nguyen et al., 2022) is the first work that ap-
plies the state space mechanism to visual tasks
and shows the potential to achieve competitive

performance with ViTs (Dosovitskiy et al., 2020).
ViM (Zhu et al., 2024) proposes a novel vision
backbone with bidirectional selective SSM. The ac-
complishments demonstrate the potential of SSMs
as an emerging foundation model family.

Token Reduction. Token reduction is an effec-
tive strategy to enhance computational efficiency
by reducing the number of processed tokens or
patches (Modarressi et al., 2022; Huang et al., 2022;
Nawrot et al., 2022; Wang and Yu, 2023; Kong
et al., 2023; Zhan et al., 2024). It enables sig-
nificant acceleration without requiring additional
weights or specialized hardware, aiming to selec-
tively retain the most informative tokens. Several
innovative approaches have been developed for
Transformers. For example, EViT (Liang et al.,
2022) uses the attentiveness of the [CLS] token
with respect to other tokens to identify the most
important tokens. DynamicViT (Rao et al., 2021)
and SPViT (Kong et al., 2022) add layers that em-
ploy the Gumbel-Softmax trick to selectively prune
less informative tokens. Agile-Quant (Shen et al.,
2024a) leverage the activation-aware token pruning
technique to reduce the outliers for LLMs. ToMe
(Bolya et al., 2023) measures dot product similarity
between token keys to determine redundancy and
merge accordingly. PuMer (Cao et al., 2023) pro-
posed a token reduction framework for large-scale
VLMs with text-informed pruning and modality-
aware merging strategies to progressively reduce
the tokens of input image and text.

However, the dynamics of information flow
between tokens and the learning mechanisms in
models like Mamba (Gu and Dao, 2023b) remain
largely unexplored. The absence of attention layers
in Mamba makes current token reduction methods
ineffective. Furthermore, the inclusion of the SSM
module prevents the effective use of existing token
reduction methods.

3 Preliminary and Motivation

3.1 State Space Models

SSMs are sequential models that map an input se-
quence z(t) € R’ to an output sequence y(t) €
R’ through a hidden state h(t) € R as follows,

B'(t) = Ah(t) + Bz(t), y(t) = Ch(t), (1)

where L denotes the length of the sequence, NV
denotes the number of representation dimensions,
A € RN*N s the evolution matrix, and B €
RYXL C e RL*N are the projection matrices.
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(a) Token pruning with EViT (b) Token merging with PuMer
Figure 1: Performance of applying token pruning

(EViT) and merging (PuMer) methods on Mamba-2.8B,
showcasing significant drop in accuracy.

Mamba (Gu and Dao, 2023b) represents a dis-
crete version of the continuous system for SSMs
and incorporates a timescale parameter A to facil-
itate the transformation of continuous parameters
with the zero-order hold (ZOH) as A = exp(AA),
and B = (AA) !(exp(AA) —1I) - AB. After ob-
taining the discretized A and B, the discretization
of Equation (1) can be rewritten as,

h; = Ah; 1 +Bx;, y:= Ch;. ()

Finally, the Mamba model computes the output
through a global convolution as follows,

K = (CB,CAB,...,CA" 'B),

_ 3)
y =xx K,

where y denotes the output sequence, L denotes

the length of the input sequence x, and K € R’

denotes a structured convolutional kernel.

3.2 Analysis of Reasons Behind the Failure of
Token Reduction on SSMs

Due to the SSMs’ reliance on a sequential strategy
for token computation, the previous token reduc-
tion strategies highlighted in Figure 1 do not yield
effective results. In this section, we delve into the
reasons why directly applying SOTA token pruning
or merging method fails on SSMs.

Failure of token pruning on SSMs. Existing
SOTA token pruning methods for Transformers,
such as Token Filtering (Berchansky et al., 2023),
Agile-Quant (Shen et al., 2024a), and EViT (Liang
et al., 2022), typically involve sorting all tokens in
the current layer based on an importance evalua-
tion criterion, and then removing the less important
tokens. As shown in Figure 1(a), after we directly
implement post-training token pruning (EViT) to
reduce 20% of the overall FLOPS for Mamba-2.8B,
there is a dramatic drop in average accuracy on

zero-shot evaluation. This performance drop is
introduced by pruning certain tokens with unrecov-
erable information loss, although the pruned tokens
are less important based on a heuristic importance
metric. This information loss is gradually ampli-
fied during the sequence computations process of
Equation (2) and (3) in SSMs.

Failure of token merging on SSMs. On the
other hand, linguistic contexts often contain re-
dundant tokens, which do not add significant
contextual depth to the model’s understanding.
ToMe (Bolya et al., 2023) introduces a bipartite
token merging strategy for vision Transformers.
Following this, initiatives like PuMer (Cao et al.,
2023) extend this strategy to vision-language mod-
els, merging redundant tokens in linguistic model
components and their vision counterparts at the
same time. However, as shown in Figure 1(b), ap-
plying this bipartite token merging strategy directly
to SSMs proves ineffective. The strategy uniformly
partitions the tokens in the current layer into two
groups, and merges tokens in one group into the
other group, disregarding the inherent value (or
token importance) of each token. Thus, certain im-
portant tokens may be merged into other tokens.
Given the critical role of important tokens in se-
quence computations using Equation (3) in SSMs,
overlooking the inherent significance of tokens and
thus removing important tokens can lead to substan-
tially different y in Equation (3) and thus severe
performance degradation.

3.3 Motivation

From the analysis presented, we conclude that the
failure of token pruning in SSMs comes from the
loss of crucial information due to token removal.
Meanwhile, the failure of token merging in SSMs
can be attributed to the neglect of token importance.
This oversight can result in a more significant drop
in accuracy compared to pruning, underscoring the
critical role of token importance in the model’s
performance. Therefore, our objective is to com-
bine token importance and similarity as guidance
for a unified token reduction method (combining
pruning and merging). We aim to develop a more
fine-grained reduction strategy to handle the com-
putation sensitivity of selective SSMs, ensuring
that the reduction process maintains model accu-
racy and efficiency simultaneously.
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4 Methodology

To tackle the problem, we first rethink the token
importance metric for SSMs. We then introduce a
novel approach for unified token reduction by token
importance classification that combines the advan-
tages of both token pruning and token merging to
facilitate faster and memory-efficient computation
across SSM layers.

4.1 Rethinking Token Importance Metric for
State Space Models

To derive the appropriate token importance met-
ric, we look at the layer computations in SSMs
such as Mamba. For the [*" layer, the input token
sequence T;_; € RBXN*D s first projected to
x € REXNXD' "and then goes through SSMs for
data-dependent context modeling. It processes x
from the forward scan via:

y <SSM(A, B, C)(x), (€))]
where the hidden states y € REXN*D" is the out-
put of SSM (see Equation (3)). The token sequence
output of the [** layer can be obtained as T;
Linear”y + T;_;. To evaluate the importance of
each token, we first extract the hidden states y
from the SSM layer, denoted as y € REXN*D’,
The hidden states represent the intermediate repre-
sentations of the tokens after passing through the
SSM layer. To quantify the importance of each
token, we compute the sum of the y across the
last dimension, which corresponds to the feature
dimension D’. The SSMs architecture, with its
high-dimensional channel space, allows for a finer-
granularity analysis of attention across numerous
channels. Unlike Transformers that produce a sin-
gle attention matrix per head, SSMs exploit their
extensive channel capacity for a more detailed at-
tention distribution, enhancing the model’s ability
to discern subtle features and interactions among to-
kens. Thus, we aggregate the clipped values across
all channels for each token to evaluate token impor-
tance as follows,

S = Zc?:ll max<07 [Y]::d>

] ; &)

where [-]..q denotes the d*” feature map in the fea-
ture dimension with size D’. We use S € RB*Nx1
as the token importance metric corresponding to
B x N tokens to guide the reduction process, ensur-
ing that only the most contextually relevant tokens

are retained. To make a comprehensive study, we
compare the performance with other token impor-
tance metrics, including the /1 norm, ¢ norm, as
well as unclipped values without the max operation.
We find that using clipped values in Equation (5) as
the token importance metric can constantly yield
better results.

4.2 Unified Token Reduction by Token
Importance Classification

To achieve token reduction, it is important to derive
a token importance classification strategy that ef-
fectively differentiates between less important and
more important tokens. However, it is challenging
to directly classify thousands of tokens in real-time
due to high complexity. To overcome this, we fur-
ther leverage the token importance evaluation as
in Equation (5), and employ a decoupling strategy.
The strategy initially computes the importance of
each token, followed by classification based on this
obtained importance. After that, we perform uni-
fied token reduction (UTR) and leverage multiple
design choices to enable effective and fine-grained
strategies. Figure 2 illustrates our proposed ap-
proach. The steps of our method are as follows:

1. Calculate token importance with Equation (5).

2. Classify the tokens into set M 4 and M p based
on their importance. At the end, N/2 less im-
portant tokens are assigned to set M 4, with the
rest N/2 more important tokens to set Mp.

3. Create a single connection from each token in
set M 4 to its most similar counterpart in set
Mp, as shown below,

fi = argmax sim(a;, b;), (6)
bjeMB

o im(a;, b; 7

gi bjrrel%/}lig sim(a;, b;), (7

where sim(a, b) is the cosine similarity between
token a and b, f; denotes the most similar token
in Mpto a; € M4, and g; is the corresponding
largest similarity between a; and f;.

4. Retain the p% most similar connections after
sorting {g;, Vi}.

5. Process the connected tokens with our UTR
method.

6. Reassemble the two sets of tokens into one set.

Unified token merging and pruning. For the 5"

step of our method, we apply two token reduction
strategies — merging and pruning. We can apply
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Figure 2: Overview of our proposed Unified Token Reduction by token importance Classification (UTRC) method.
It contains three parts: Token Importance Classification, Unified Token Reduction (UTR), and Design Choices.
Lighter colors indicate tokens with less importance, and darker colors indicate tokens with greater importance.

token pruning or merging for each of the connec-
tions obtained from the 4" step. For token prun-
ing, we do not change the tokens in Set Mp and
only update Set M 4 by removing the token a;, i.e.,
My = Ma \ a;, where \ denotes the operation of
element removal from the set. Consequently, f; rep-
resents the remaining token in M p for a connected
pair (a;, f;). For merging, the tokens connected
by retained pairs are combined by averaging their
features. Specifically, we update the most similar
token in Mp with f; = (a; + fi)/2, and remove
a; from M 4. The modified f; represents the fused
token for the connected pair (a;, f;).

Our proposed merging and pruning techniques
can be seamlessly integrated as shown in the UTR
part in Figure 2. This allows for fine-grained reduc-
tion strategies across intra-layer branches, enabling
distinct reduction strategies to both hidden states
and residuals. The motivation is to address the re-
moved index misalignment issue between branches.
Such misalignment occurs when a token reduced in
the hidden state is not concurrently reduced in the
residual branch, and vice versa. This discrepancy,
especially when branches recombine at the end
of each layer, can significantly lower the overall
compression ratio and hinder the effectiveness of
fine-grained token reduction strategies. By unify-
ing these techniques, we can optimize the method
while meeting the required compression levels.

Hybrid token reduction. With the proposed
UTR strategy, we further leverage a fine-grained
strategy to balance the information importance and
redundancy. For the corresponding tokens of re-
tained p% most similar connections (the 4th step),
we prune (p X q)% tokens and merge the remaining
[p x (1 — q)]% tokens. We find that ¢ = 0.5 leads
to best performance compared with other ¢ values.

We provide a detailed evaluation in Table 5.

4.3 Design Choices

Intra-layer token reduction design. We delve
deeper into our intra-layer token reduction design
tailored for SSMs, targeting the hidden states and
residual connections. Our approach employs the
hybrid token reduction strategy on hidden state
tokens, meticulously designed to strike a balance
between preserving essential information and elim-
inating redundancy. By discerning the contextual
significance of each token, this strategy focuses
on removing tokens with minimal contextual rele-
vance, thus enhancing the overall informational
flow of the SSM module. This design choice
not only preserves but also amplifies the high-
contextual tokens. Residual connections are crucial
for maintaining the integrity of information from
the last layer. Therefore, we aim to preserve as
much residual information as possible through our
token merging method. The final design is shown
in the design choices part in Figure 2. Empirical
results support our fine-grained design, demonstrat-
ing that reducing tokens with our method in the
hidden state and residual connection areas effec-
tively preserves the performance of SSMs.

Hierarchical token reduction procedure. We
apply a hierarchical method to reduce tokens across
multiple layers. Tokens reduced in one layer are fur-
ther reduced in subsequent layers, balancing overall
efficiency and performance. Reducing tokens in
each layer can cause high overhead, as token im-
portance between adjacent layers is often similar.
Thus, it is unnecessary to reduce tokens at every
layer. Furthermore, reducing tokens in earlier lay-
ers yields greater computational savings, but these
layers cannot fully capture token importance. In

1690



Method FLOPS LAMBADA HellaSwag  PIQA Arc-E Arc-C  WinoGrade Avg.
Reduction | PPL| [ Accf(%) Acct(%)  Acch(%) Acch(%) Accl(%)  Acch(%) | Acct(%)
Mamba-2-1.3B 0% | 502 | 657 59.9 732 64.3 33.3 609 | 595
+ PuMer 532.52 333 27.5 61.3 57.8 30.6 59.8 45.1
+EViT 10% 27.10 522 32.9 68.9 63.2 332 61.0 51.9
+ Ours 11.16 55.9 59.2 71.0 64.3 34.1 61.0 57.6
+ PuMer 49017.23 | 149 25.5 54.1 45.5 28.2 54.4 37.1
+EViT 20% 1655.76 | 324 26.5 59.4 56.9 30.6 59.4 442
+ Ours 25.94 46.1 58.0 64.3 64.0 34.4 60.7 54.6
Mamba-2-2.7B | 0% 4.10 69.7 66.6 76.4 69.6 36.4 64.0 63.8
+ PuMer 712.73 36.4 272 63.4 63.8 30.9 63.5 475
+EViT 10% 11.43 55.8 35.7 72.0 69.1 35.4 64.1 55.4
+ Ours 8.55 59.0 66.1 732 69.4 36.5 64.0 61.4
+ PuMer 7820.51 | 20.7 259 56.0 50.5 28.8 56.0 39.7
+EViT 20% 19642 | 445 28.8 65.1 62.3 32.6 63.9 49.6
+ Ours 17.96 49.1 64.7 68.2 69.4 37.5 63.1 58.7
+ PuMer 49301.49 | 106 26.9 53.9 44.4 292 53.5 36.4
+EViT 30% | 341213 | 279 259 57.7 51.8 27.3 59.1 41.6
+ Ours 42.61 383 59.4 612 68.4 373 63.9 54.7

Table 1: Main results of post-training performance on Mamba-2-1.3B and Mamba-2-2.7B. We compare with
baseline methods and evaluate them on six benchmarks under 10%, 20%, and 30% FLOPS reduction.

our experiments, we apply token reduction after at
least the 10*" layer and every 5 layers with a fixed
compression ratio.

5 Experiment Results

5.1 Implementation Details

We implement our method based on PyTorch
(Paszke et al., 2019) for scientific computations
and HuggingFace (Wolf et al., 2019) for managing
models. We use Mamba models to test the effective-
ness of our method. Our approach covers a variety
of Mamba models, with Mamba-2-2.7B, Mamba-2-
1.3B, Mamba-2.8B and Mamba-1.4B. We evaluate
the task performance on multiple common sense
reasoning datasets including LAMBADA (Paperno
et al., 2016), HellaSwag (Zellers et al., 2019),
PIQA (Bisk et al., 2020), Arc-easy (Clark et al.,
2018), Arc-challenge (Clark et al., 2018), and
WinoGrade (Sakaguchi et al., 2021). Perplexity
on LAMBADA dataset and average accuracy on all
mentioned datasets are provided. All experiments
are conducted on a NVIDIA A100 80GB GPU.

Reduction locations. We adopt the hierarchical
token reduction procedure. For Mamba2-2.7B and
Mamba-2.8B, we perform all methods in the [12,
17, 22, 27, 32, 37, 42] layers; for Mamba2-1.3B
and Mamba-1.4B, we perform all methods in the
[10, 15, 20, 25, 30, 35] layers. We use a fixed
compression ratio for each prune layer.

Evaluation Details. The evaluation of perplexity
(PPL) and average accuracy are adjusted to account
for the reduction in the number of output due to
token reduction. The target label logits are adjusted
accordingly. For example, when the output token
reduction rate is m%, the label logits are also re-
duced to their first 1 — m% logits to calculate the
PPL and average accuracy properly.

Baselines. We compare our method with PuMer
(Cao et al., 2023) and EViT (Liang et al., 2022).
PuMer, which includes a dedicated text token re-
duction module, can be directly adopted in our
study. For EViT, originally designed for vision
Transformers, we configure it to ensure a fair com-
parison in our evaluation.

5.2 Quantitative Evaluation

Evaluation on Mamba-2. As shown in Table 1,
for Mamba-2 models (1.3B and 2.7B), our method
consistently achieves better performance than all
baselines (PuMer and EViT) with non-marginal
improvements under the same FLOPS reduction
ratios. For Mamba-2-1.3B, our method achieves
significantly lower PPL and higher accuracy on
almost all downstream datasets, with an average ac-
curacy 10% (54.6% v.s. 44.2% from EViT) higher
than the best baseline under 20% FLOPS reduction.
For Mamba-2-2.7B, our method outperforms base-
lines on various benchmarks with wide margins,
achieving an average accuracy 13.1% higher than
the best baseline under 30% FLOPS reduction.
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Method FLOPS LAMBADA HellaSwag  PIQA Arc-E Arc-C~ WinoGrade Avg.
Reduction PPL | ‘ Acct(%)  Acct(%)  Acct(%) Acct(%) Accf(%)  Acct(%) Acc(%)
Mamba-1.4B 0% | 504 | 649 59.1 74.2 65.5 32.8 615 | 597
+ PuMer 534.91 34.6 25.8 59.7 55.6 29.5 59.5 44.1
+ EViT 10% 43.69 47.6 33.0 69.2 64.3 32.1 61.4 51.3
+ Ours 11.46 56.5 58.9 71.3 65.1 33.9 61.4 57.8
+ PuMer 11733.02 13.1 25.6 52.5 41.8 27.2 48.8 34.8
+ EViT 20% 5687.80 21.8 26.3 58.4 54.0 28.2 58.2 41.1
+ Ours 31.32 44.9 57.7 62.8 62.8 332 59.0 53.4
Mamba-2.8B 0% 4.23 69.2 66.1 75.2 69.7 36.3 63.5 63.3
+ PuMer 487.09 36.6 26.3 62.4 63.6 30.7 63.1 47.1
+EViT 10% 174.92 51.8 35.7 71.0 68.9 35.7 63.2 544
+ Ours 9.53 59.9 66.0 72.0 69.8 36.7 63.5 61.3
+ PuMer 10746.15 17.9 25.3 52.5 47.0 28.7 52.0 37.2
+ EViT 20% 9784.73 26.9 24.8 59.9 57.2 29.9 63.1 43.6
+ Ours 23.97 49.0 63.8 62.3 68.5 38.1 64.0 57.6
+ PuMer 140763.76 6.0 26.0 54.6 41.5 26.6 51.7 344
+EViT 30% 63230.76 12.3 25.0 52.5 41.9 23.6 51.9 34.5
+ Ours 81.16 36.1 394 58.1 66.2 37.1 60.8 49.6

Table 2: Main results of post-training performance on Mamba-1.4B and Mamba-2.8B. We compare with baseline
methods and evaluate them on six benchmarks under 10%, 20%, and 30% FLOPS reduction.

Evaluation on Mamba. As demonstrated in Ta-
ble 2, for Mamba models (1.4B and 2.8B), we
can make similar observations that our method out-
performs all baselines with non-marginal improve-
ments in terms of PPL and accuracy on multiple
benchmarks. Our method maintains a low PPL
while baselines can hardly keep a reasonable PPL
(such as our 23.97 PPL v.s. 9785 from EViT un-
der 20% FLOPS reduction for Mamba-2.8B). Our
average accuracy is significantly higher than base-
lines, such as our 53.4% over 41.1% from EViT for
Mamba-1.4B under 20% FLOPS reduction.

Summary. For SSMs such as Mamba, our pro-
posed method consistently demonstrates better per-
formance in terms of PPL and average accuracy
across various levels of FLOPS reduction com-
pared with baselines. PuMer and EViT fail to main-
tain high performance due to the reasons discussed
in Section 3.2. After an insightful investigation of
the reasons for failure and a comprehensive design
to combine the advantages of pruning and merging,
our unified method can effectively and efficiently
prune tokens in SSMs without significant perfor-
mance degradation.

5.3 Ablation Study & Analysis

Different Importance Metric. We study the to-
ken importance metric for our token reduction strat-
egy. As shown in Table 3, for Mamba-2-2.7B and
Mamba-2.8B, we provide a comparative analysis
of different metrics: ¢1-norm, ¢5-norm, without

. LAMBADA Avg.

Model Metric PPL | Acc. (%)
£1-norm 17.96 58.6
fo-norm 19.86 58.6
Mamba-2-2.7B wio Clip 18.17 58.5
Clip (ours) 17.96 58.7
{1-norm 23.93 56.8
l5-norm 23.93 57.5
Mamba-2.8B wlo Clip 1365.69 40.7
Clip (ours) 23.97 57.6

Table 3: Ablation study of token importance metric with
our unified token merging and pruning design.

Clip (the max function in Equation (5)), and with
Clip, along with their impacts on LAMBADA PPL
and average accuracy across six tasks (as in Ta-
ble 2). The results show that Clip achieves the
lowest PPL of 17.96 and the highest average accu-
racy of 58.7% for Mamba-2-2.7B, outperforming
other metrics. For Mamba-2.8B, though Clip has
a slightly higher PPL, its average accuracy is the
highest 57.6%. This analysis underscores the im-
portance of the proposed token importance metric
in enhancing model accuracy and efficiency.

Reduction location analysis. The choice of to-
ken reduction location impacts model performance.
Table 4 presents the ablation study of reduction
location on Mamba-2-2.7B under a 20% FLOPS
reduction. Notably, the configuration with reduc-
tion layers at [12, 17, 22, 27, 32, 37, 42] achieves
the lowest PPL 17.96 and the highest 58.7% aver-
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Location LAMBADA Avg.
(every 5 layers) PPL | Acc. T(%)

[20, 25, 30, 35, 40, 45, 50] 18.88 57.8
[18,23, 28,33, 38,43, 48] 18.32 58.3
[16,21, 26,31, 36,41, 46] 18.79 58.1
[14, 19,24, 29, 34, 39, 44] 18.74 58.3
(10,15, 20, 25, 30, 35, 40] 18.76 58.2
[12,17,22,27,32,37,42] 17.96 58.7

Table 4: Ablation study of reduction location on Mamba-
2-2.7B under 20% overall reduction of FLOPS.

age accuracy, demonstrating the effectiveness of
this specific reduction strategy. In contrast, deeper
reduction layers, such as [20, 25, 30, 35, 40, 45, 50],
result in higher PPL and lower average accuracy,
indicating that deeper layers do not always yield
better results. Token reduction at earlier layers
can lead to higher computation efficiency without
sacrificing accuracy significantly.

Different design choices. For hidden states and
residual connections, we can apply pruning, merg-
ing, or our hybrid token reduction with different
combinations of pruning and merging (denoted by
q). We conduct ablation studies to find the optimal
q configuration for both hidden states and resid-
ual connections. Table 5 presents experiments on
the Mamba-2-2.7B model under a 30% FLOPS
reduction. The results indicate that the combina-
tion of ¢ = 0.5 for hidden states and merging
only for residual connections achieves the lowest
40.61 PPL and the highest 54.7% average accu-
racy, highlighting its effectiveness in this context.
Furthermore, combining pruning and merging with
q = 0.5 for hidden states consistently outperforms
pruning-only or merging-only strategies. Notably,
even our basic method using importance classifica-
tion (M-only & M-only Acc. 54.0%) outperforms
existing methods (PuMer Acc. 36.4% and EViT
Acc. 41.6%) by a large margin.

5.4 Efficiency Results

We evaluate the GPU peak memory usage of
Mamba-2.8B and Mamba-2-2.7B when generat-
ing 2048 tokens with a batch size 96 under various
FLOPS reduction ratios. As illustrated in Figure 3,
the GPU peak memory reduction for Mamba-2.8B
can reach up-to 14.4%, 27.7%, and 40.0%, under
10%, 20%, and 30% FLOPS reduction, respectively.
For Mamba-2-2.7B, it can reduce the peak mem-
ory by 11.4%, 20.3%, 30.6% when reducing 10%,
20%, and 30% FLOPS, respectively.

|l Base WM10% [ 20% [130%

60

50

40

GPU Peak Memory (GB)

30

Mamba-2.8B Mamba-2-2.7B

Figure 3: Comparison of GPU peak memory reduction
between different FLOPS reduction ratios for Mamba-
2.8B and Mamba-2-2.7B.

Hidden Residual LAMBADA Avg.
States  Connections PPL | Acc. T(%)
M-only M-only 42.61 54.0
P-only P-only 42.65 53.9
q=0.8 q=0.2 42.65 543
q=02 q=038 42.67 54.1
q=0.5 q=05 42.35 53.7
q=0.5 P-only 42.67 54.1
q=0.5 M-only 40.61 54.7

Table 5: Ablation study of different design choices on
Mamba-2-2.7B under 30% overall reduction of FLOPS.

Further, our proposed method can lead to prac-
tical inference acceleration with higher model
throughput, as shown in Figure 4. The through-
put can be improved by 1.07x, 1.17x, and 1.29x
for Mamba-2.8B, and 1.10x, 1.22x, and 1.37x
for Mamba-2-2.7B, when reducing 10%, 20%, and
30% FLOPS, respectively. The throughput mea-
surements are collected with a batch size 16 by gen-
erating 100 tokens with a prompt length of 2048.
More details and efficiency results of other models
can be found in Appendix A.

6 Conclusion

In this paper, we introduced a unified post-training
token reduction method for SSM architectures like
Mamba. We addressed the limitations of existing
token reduction techniques by combining token
importance and similarity to create a fine-grained
reduction strategy. Our method includes multiple
design choices for effective intra-layer optimiza-
tions. Experiments show significant reductions in
computational demands and peak memory usage,
while maintaining competitive accuracy, outper-
forming baseline methods on benchmarks.
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Mamba-2.8B Throughput (token/s)

Base 891
10% 954
20% 1042
30%| [1149
1.00x 1.07x 117x 1.29x%
Mamba-2-2.7B Throughput (token/s)
Base 854
10% 939
20% 1041
30%| [1170
1.00x 110x 1.22% 1.37x%

Figure 4: Comparison of the generation throughput
between different FLOPS reduction ratios for Mamba-
2.8B and Mamba-2-2.7B.

Limitations

Our experiments do not involve results after fine-
tuning, which we believe could further improve the
performance of our method. While our approach
is applicable to Transformer-based LLMs, we have
not tested it on other Transformer-based LLMs. We
intend to address these extensions in future work.
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A Appendix

A.1 More Details

Peak memory refers to the maximum memory re-
quired during a program’s execution. If the peak
memory exceeds the available VRAM on a GPU, it
will result in an “Out of Memory” error, prevent-
ing the program from running.

A.2 More Efficiency Results

The GPU peak memory usage of Mamba-1.4B and
Mamba-2-1.3B are shown in Figure 5 following
the same configuration as Section 5.4. We follow
the PyTorch instruction? to capture the GPU peak
memory snapshot.

Bl Base Wl10% [M20% []30%

55 55

45

45

35 35

GPU Peak Memory (GB)

25 25

Mamba-1.4B Mamba-2-1.3B

Figure 5: Comparison of GPU peak memory reduction
between different FLOPS reduction ratios for Mamba-
1.4B and Mamba-2-1.3B.

When reducing 10%, 20%, and 30% FLOPS
compared to the baseline, Mamba-1.4B can ob-
tain up to 15.2%, 29.1%, and 44.7% peak memory
reduction, while the peak memory reduction for
Mamba-2-1.3B can reach up-to 11.9%, 23.9%, and
42.9%.

Mamba-1.4B Throughput (token/s)

Base 1678
10% 1821
20% 1930

30%|

|2114
1.00% 1.08x 115% 1.26x%
Mamba-2-1.3B Throughput (token/s)

Base 1548
10% 1703
20% 1842

30%]|

] 2089
1.35x%

1.00x 110x% 119x%

Figure 6: Comparison of the generation throughput
between different FLOPS reduction ratios for Mamba-
1.4B and Mamba-2-1.3B.

2https ://pytorch.org/docs/stable/torch_cuda_

memory . html
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Method FLOPS LAMBADA HellaSwag  PIQA Arc-E Arc-C~ WinoGrade Avg.
Reduction | PPL | ‘ AccT(%)  Accl(%)  Accl(%) Acct(%) Accl(%)  Acct(%) AccT(%)
Mamba-2-2.7B 0% | 410 | 697 66.6 76.4 69.6 36.4 640 | 638
+ LTMP 10% 55.00 52.0 34.1 72.4 69.2 35.7 62.2 57.2
+ Ours v 8.55 59.0 66.1 732 69.4 36.5 64.0 61.4
+ LTMP 209 466.40 38.4 27.7 63.5 64.7 33.1 63.8 48.5
+ Ours v 17.96 49.1 64.7 68.2 69.4 37.5 63.1 58.7
+ LTMP 30% 4670.71 223 249 58.9 54.0 28.3 59.2 413
+ Ours 7 42.61 38.3 59.4 61.2 68.4 37.3 63.9 54.7

Table 6: Additional results of post-training performance on Mamba-2-2.7B. We compare with LTMP and evaluate
them on six benchmarks under 10%, 20%, and 30% FLOPS reduction.

The throughput of token generation for Mamba-
1.4B and Mamba-2-1.3B using the proposed
method are also collected under the same config-
uration in Section 5.4, as illustrated in Figure 6.
With our optimization, the throughput can be im-
proved by 1.08x, 1.15x, and 1.26x for Mamba-
1.4B, and 1.10x, 1.19x%, and 1.35x for Mamba-2-
1.3B, when reducing 10%, 20%, and 30% FLOPS,
respectively.

A.3 More Results

We compared our method with LTMP (Bonnaerens
and Dambre, 2023), a simple token pruning and
merging method designed for Vision Transformer.
Our method outperforms LTMP in six benchmarks
under same FLOPS reduction by a large margin, as
shown in Table 6. The results emphasizing that the
simple combination of token pruning and merging
from Transformer is inadequate for SSMs.
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