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ABSTRACT

State Space Models, particularly Mamba, have shown remarkable capabilities for
efficiently scalable language modeling. To improve their efficiency for training
and inference, we study the effect of introducing parameter sparsity and quanti-
zation in Mamba. Specifically, we introduce BlockMamba, a simple method to
efficiently train sparse Mamba language models using block diagonal sparsity for
the MLPs. Additionally, we also explore the effect of Power-of-Two quantization
on model performance. Our results show that BlockMamba at 60-75% sparsity
trains 35-40% faster than equivalently sized dense Mamba, with minimal loss in
language modeling performance on GPUs. We also demonstrate that our method
yields 15-20% inference speedup compared to dense on GPUs. We scale our
approach by sparsifying a 1.4B parameter model, and demonstrate competitive
language modeling performance and strong length extrapolation capability. We
chose this combination of block sparsity and power-of-two quantization because
they are also specifically advantageous for efficiency on alternative hardware such
as neuromorphic or edge hardware. We provide a brief analysis with regard to ef-
ficiency gains on a neuromorphic hardware platform - the SpiNNaker2 system, to
highlight BlockMamba’s potential. Due to the low power characteristics of neu-
romorphic hardware, they can serve as mobile computing platforms for robotics
and automotive applications, which makes them a useful target platform for such
world models.

1 INTRODUCTION

With the introduction of the Transformer (Vaswani et al.|[2023)), Deep Learning models have demon-
strated efficacy in a wide range of sequence modeling tasks, across modalities, mainly language
modeling (Anthropic), 2024; [Touvron et al., 2023). Transformers have proven effective at scale;
however, their quadratic scaling with sequence length makes them computationally expensive. De-
velopments such as KV-caching (Touvron et al., 2023), Sliding Windows (Beltagy et al., |2020),
Attention Free transformers (Zhai et al., 2021), and hardware-aware algorithms such as FlashAt-
tention (Dao et al., 2022)) have mitigated their expense, but compromise in memory, context length
limits.

State Space Models (Gu et al.| [2022) address this by modeling sequences as a state space, and have
linear scaling with sequence length. They demonstrated performance superior to transformers, es-
pecially for long context tasks. While the initial SSMs struggled with language modeling, later ones
such as Mamba (Gu & Dao, |2024) were able to match the performance of transformers. Mamba
achieves this by using a selection mechanism that provides the SSM with a global view of the se-
quence. Additionally, their hardware-aware algorithm leverages CUDA-enabled GPUs for efficient
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computation, allowing them to scale on GPUs well. This has led to many works on Mamba-based
LLMs (Zuo et al., 2024} Mistral Al team), [2024).

However, this dependency on CUDA kernel optimizations has made it challenging to port Mamba
to other hardware platforms while retaining its performance. Hardware platforms such as neuromor-
phic hardware (Gonzalez et al., [2023)) tend to benefit a lot from unstructured sparsity and different
implementation paradigms compared to GPUs. Work has been done on making the SSM sparse in
works such as (Meyer et al.| [2024; Song et al., 2025; [Tuo & Wang, [2025} |Yang et al., 2024; [Kim
et al.| 2025} Shihab et al., [2025). These methods focus on making the SSM parameters sparse us-
ing unstructured pruning, which accelerates Mamba effectively on CUDA GPUs. Current works on
accelerating Mamba on FPGAs (Wang et al.| 2025a) mainly focus on post-training quantization.

In this work, we study the impact of parameter sparsity and quantization in Mamba, for their appli-
cations both on GPUs and on alternative hardware. We introduce BlockMamba, a method to effi-
ciently train Mamba models on CUDA and can lead to accelerated inference on various hardware.
We specifically focus on the SpiNNaker?2 platform as our target alternate hardware platform (Gonza-
lez et al.,[2023) in addition to GPUs. We leverage structured block diagonal sparsity for the MLPs,
as a drop-in replacement for the dense layers. Block diagonal sparsity speeds up training on GPUs
and allows us to fit a larger SSM on SpiNNaker2. We demonstrate that our approach is faster during
training on GPUs and is interoperable with existing Mamba weights, enabling us to finetune and
merge models in the future.

Our contributions are as follows:

* We demonstrate that BlockMamba achieves 60-75% sparsity and trains 35-40% faster than
equivalently sized dense Mamba, with minimal loss in language modeling performance on
GPUs.

* We demonstrate that our approach works at scale, with minimal impact on length extrapo-
lation capabilities.

* We also provide a brief analysis on how the design of BlockMamba yields significantly
higher inference speedup on neuromorphic hardware, specifically SpiNNaker2.

2 METHOD

We use Mamba SSM (Gu & Dao, |2024) as our backbone, apply block diagonal structured sparsity
and quantize the models with Power of Two quantization. These design choices are primarily mo-
tivated by the SpiNNaker2 neuromorphic chip’s hardware topology, which enables faster inference,
the implications of which are discussed in Section[3] We specifically opt for block diagonal sparsity
only, as our aim is to increase parallelization on SpiNNaker2, which favors chunked tensor opera-
tions. Traditional methods, such as M:N sparsity (Zhou et al., [2021), are specifically optimized for
Nvidia GPUs, which negates any benefit for SpiNNaker?2.

But we show that we achieve speedups on GPUs as well using these methods. Our main focus is on
the input and output dense projections in the Mamba layer, which surround the SSM. This allows
us to easily port our method to other SSMs, and ensure that existing pretrained SSM weights can be
loaded for finetuning and merging with BlockMamba.

2.1 BLOCK DIAGONAL SPARSITY

We employ Block Diagonal Linear layers for the input and output projections to introduce structured
sparsity. Block diagonal sparsity restricts the weight matrix to a set of smaller, independent matrices
along the main diagonal, while all off-diagonal elements are fixed to zero. We adopt the implementa-
tion from (Fu et al.,|2023)), which provides memory-optimized block diagonal matrix multiplication
and supports mixed precision. A key modification we introduce to the standard Mamba architecture
is the decoupling of the output projection from the SSM kernel. While the standard implementation
fuses these operations for efficiency, maintaining this fusion with block diagonal layers would ne-
cessitate reconstructing a dense intermediate tensor to be compatible with the kernel, introducing a
significant overhead. By separating them, we avoid this overhead. In this scheme, weight tensors
are partitioned into n diagonal blocks. For instance, a weight matrix W € R1024x1024 with 4 blocks
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becomes W € R**256%256 and with 8 blocks becomes W € R8*128x128 We refer to models using
this configuration as BlockMamba,,, where n denotes the number of blocks.

2.2 POWER OF TWO QUANTIZATION

We also apply quantizations to the input and output projections. We adapt the method from PoT-
PTQ (Wang et al., 2025b), for the block diagonal sparse projection matrices, to use 3-dimensional
tensors. We initialize the scales in accordance with their method, and do not perform calibration.
We apply channel-wise quantization on the weights. Precisely we apply W;; = S;; - 2Fi. Here, the
exponent F is a signed 8-bit number, and S is a scale, initialized using a vectorized grid search to
minimize error.

3 ANALYSIS FOR NEUROMORPHIC HARDWARE

3.1 THE SPINNAKER2 SYSTEM

SpiNNaker2 is an accelerator for large-scale event-based and asynchronous processing (Gonza-
lez et al.l 2023). The SpiNNaker2 chip consists of 152 processing elements (PEs) connected via
a network-on-chip (NoC). Each processing element is composed of an Arm M4f core, 128 kB
SRAM, and a set of accelerators for exponential functions, random number generation, and multiply-
accumulate (MAC) operations. The total of 19 MB on-chip SRAM is accompanied by 2 GB DRAM
memory. Communication between the PEs in a single chip can be implemented by direct memory
access (DMA) to other PEs’ local memory. The local SRAM is organized into 4 memory banks of
32 kB each. One memory bank is usually reserved for program memory, and three banks for values
such as weights and intermediate variables.

Each PE provides a Machine Learning Accelerator (MLA) for 8bit/16bit signed/unsigned execution
of 2D matrix multiplication and 2D convolution (Zeinolabedin et al.|[2022} Kelber et al.,2020). The
accelerator consists of a 16x4 output-stationary multiply-and-accumulate (MAC) array and post-
processing modules. The output can be quantized via shift and truncation in a post-processing block
and written out as 8bit, 16bit or 32bit.

3.2 EFFECT OF BLOCK DIAGONAL SPARSITY ON SPINNAKER2 INFERENCE

Due to the fine-grained 16x4 MAC array, the ML A can take advantage of the sparsity introduced by
Block diagonal Linear projections. The speedup gained is proportional to the weights’ sparsity.

Baseline case: In the baseline scenario, the weight matrix is dense, with no sparsity. The pro-
jection weight matrix of a single layer in Mamba 370M model is W € R2048x1024 jg distributed
across 32 PEs, each PE handling a submatrix of size 64 x 1024. The Matmul operations executed on
each PE involve 64 x 1024 MAC operations and take approximately 350xs including quantization,
preprocessing, and MLA access.

BlockMamba,: Weight matrices use 4 diagonal blocks, hence the sparsity is % = 0.75. Each
PE now handles a smaller submatrix Wpg € R54%256 reducing the number of MAC operations by
4. This results in the matmul time also being reduced by the same factor, taking approximately 88u.s
for computing the projection. Table [I] shows a comparison between the dense and BlockMambay
projection layers without the quantization.

BlockMambag: With 8 blocks, sparsity increases to 87.5%. Each PE processes a submatrix
Wpp € R64x128 resulting in a matmul time of 445 (about % th of baseline)

BlockMamba;s and BlockMambass: As the number of blocks increases, sparsity grows, and
computational workload per PE decreases proportionally.

Memory usage and Read/Write bandwidth: Block diagonal sparsity also reduces memory us-
age and input read times. Memory usage for weights and inputs decreases proportionally with the
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number of blocks, as inputs corresponding to zero weights are ignored. For example, reading the
full input from external DRAM takes about 345us in the baseline case, but this time decreases
proportionally with the number of blocks.

We implement the Mamba 130M and 370M dense models on SpiNNaker2 and measure the time
required by the full model. To estimate the BlockMamba, timings, we replace the measured in/out
projection layer timings from Table [I] within the dense model’s timing calculations. The time re-
quired for the dense model is 120 ms compared to the BlockMamba, model which takes 100 ms, see
Table 2| Although the projection layers are sped-up by 4-3x the overall speedup is limited to 1.2x
beacuse of other bottlenecks that exists in the system such of communication between layers and
computaion of SSM layers which cannot be accelerated. Speedup on Nvidia GPU is only possible
using CUDA kernels, the Block Diagonal projections add overhead which leads to marginal gains
in inference, which is given in Table[z_f]

Model N In proj. (us) Speedup Out proj. (us) Speedup
1 (dense) 84 - 17 -
4 21 4.0x 8 2.1x
?fg‘gnl\'jf)‘ 8 11 76x 6  28x
16 5 16.8x 6 2.8%
32 3 28.0x 5 3.4x
1 (dense) 116 - 28 -
Mamb 4 29 4.0x 12 2.3x
(3?01\/12)1 8 15 77x 9  3.1x
16 8 14.5x% 8 3.5%
32 4 29.0x 7 4.0x

Table 1: Measured timings for a single BlockMambay projection layer on SpiNNaker2, with
speedup vs. dense (IN=1).

End-to-end Latency (ms)

Model Estimated Speedup
Dense (Actual) BlockMamba, (Estimated)

Mamba (130M) 66 54 1.2

Mamba (370M) 124 102 1.2

Table 2: Estimated speedup for the full model using BlockMamba, projection layers. BlockMamba
is estimated to give a 20% speedup in inference for Mamba on SpiNNaker 2. Timing for Dense is
measured and for BlockMambay, is estimated combining Dense and projection layers from Table|[T]

3.3 EFFECT OF POWER OF TWO QUANTIZATION ON SPINNAKER2 INFERENCE

Power-of-two quantization is a specialized quantization technique that leverages the simplicity of
bit-shift operations to scale outputs efficiently. This section explores its motivation and practical
implications for implementing Mamba on SpiNNaker?2.

The post-processing module in the MLA can efficiently scale outputs using SIMD (Single Instruc-
tion, Multiple Data) bit-shift operations. This is only feasible when the quantization scale is a power
of two, as bit-shifting is mathematically equivalent to multiplying or dividing by powers of two.
Unlike floating-point scaling, which requires more computational resources, bit-shift operations in-
troduce practically no overhead.

To enable power-of-two quantization, the network must be retrained or fine-tuned to align with the
constraints of this quantization scheme. This ensures that the model’s weights and activations are
appropriately adjusted to maintain accuracy while adhering to the power-of-two scaling require-
ment. Without retraining, the quantization process may introduce significant errors, particularly in
sensitive layers of the network.



ICLR 2026 the 2nd Workshop on World Models

Scaling outputs using floating-point operations on an Arm core is computationally expensive, taking
approximately 2x the time of a matrix multiplication operation on the MLA. In contrast, power-of-
two quantization eliminates this bottleneck by replacing floating-point multiplications with simple
bit-shift operations. Which is orders of magnitude faster and more efficient, especially when per-
formed using the SIMD operations.

4 RESULTS

4.1 LANGUAGE MODELING

For language modeling, we train the models from scratch on the MiniPile dataset (Kaddour, [2023),
a subset of the Pile (Gao et al.,|2020), containing 2 billion tokens, and measure perplexity (PPL). All
hyperparameters are identical and are provided in Appendix [A] GFLOPs measured using the ptflops
(Sovrasov, 2018-2024)) library for an input of batch size 32 and sequence length of 1024 at 16-bit
precision for inference. Mamba baselines are trained at 32-bit precision as standard. BlockMamba
is trained at 16-bit mixed precision, as the block diagonal MLPs support mixed precision. We found
that training baseline Mamba at 16-bit precision is unstable. The number in subscript denotes the
number of blocks each projection is divided into, as described above.

Table [3] shows the training time speedup for various block sizes for BlockMamba as well as the
perplexity achieved. It can be seen that BlockMamba trains upto 34-42% faster than the dense stan-
dard 130M model with larger block sizes at the cost of higher perplexity. In principle, BlockMamba
could be trained on a equivalent number of additional tokens to achieve even lower perplexities
while matching the training time of the denser models.

Model Params Val PPL Test PPL GFLOPs  Train time (m)  Speedup
Mamba* 130M 1886 £0.52 1838 +0.53  525.39 559.88 +0.48 1
Mamba* 370M  17.05+0.55 16.61 £0.56  756.13  1537.18 £ 8.36 0.37

BlockMamba,  145M  19.25£0.08 18.73 +0.09  292.28 412.05 £0.92 1.34
BlockMambag 107M 2098 £0.17 2037+0.17 214.97 402.23 £ 1.15 1.39
BlockMamba g 88M  2337+0.04 2273+0.06 176.31 397.78 £ 0.67 1.41
BlockMambaz,  78M 2632 £0.14 25.62+0.15 156.98 394.88 £ 0.35 1.42

Table 3: Language Modeling Performance and training time on MiniPile, mean and standard devi-
ation over 3 runs. The runs for BlockMamba were with mixed precision training. * Full precision
models were used for the baselines, since using mixed precision caused the training to be unstable.

4.2 INFERENCE SPEED

We compare inference speed between sparse and dense models with a reference random input of
batch size 32. All models are at 16-bit floating-point precision. Table ] shows the comparison be-
tween the dense and sparse models on 1x A100 Nvidia GPU for token throughput, in both generate
and prefill modes. BlockMamba is 15% faster than the original dense 370M model, though it is
much slower than the 130M dense model. This is expected as the Block diagonal weights during
inference on CUDA GPUs add overhead, as many calls to the unoptimized batch matrix multiplica-
tion primitive are called. This can be further optimized using a specialized CUDA kernel for block
diagonal matrix multiplication.

4.3 POST TRAINING

We also measure the impact of block diagonal sparsity on post-training quantization. Perplexity
measured on the validation set of MiniPile. We report performance on the WikiText 2 task to mea-
sure the impact of sparsity and quantization on task generalization.

Results reported in Table [5 indicate that Power of Two quantization impacts performance less on
larger models, with significant performance loss for BlockMamba; 4, and BlockMambass.
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Throughput (1 tokens/sec)
Sequence length 64 128 256 512 1024
Mamba (130M) 1606.6 1359.3 7419 3685 1885
o Mamba (370M) 7157 5326 289.0 1444 73.3
g BlockMambay (145M) | 698.5  594.8 3322  165.6 84.3
5 BlockMambag (107M) | 665.7 6064 3363  167.7 85.8
O BlockMambaig (88M) | 681.7 6163 3379  168.3 85.6
BlockMambasz (78M) | 680.2  621.3 3383  169.3 85.7
Mamba (130M) 102780 175083 190082 188656 193362
Mamba (370M) 45825 68221 74104 73820 75243
Z BlockMamba, (145M) | 44877 76205 85170 84889 86586
;s:’ BlockMambag (107M) | 44373 77664 85983 86197 88097
BlockMamba;s (88M) | 44103 78964 86389 86437 87606
BlockMambagzz (78M) | 43336 79543 86608 86607 87980

Table 4: Inference throughput (tokens/sec) comparison of dense Mamba vs. sparse BlockMamba
variants on CUDA GPU. Column headers (64, 128, 256, 512, 1024) denote the context sequence
length in tokens. Higher throughput is better (7).

Model Params (M) Quantization PPL MiniPile PPL WikiText
Mamba 130 - 18.43 66.98
Mamba 130 Uniform (W8AS8) 18.46 67.05
Mamba 130 PoT (W8A16) 19.37 69.14
Mamba 370 - 16.77 59.11
Mamba 370 Uniform (W8AS8) 16.80 59.15
Mamba 370 PoT (W8A16) 17.37 60.41

BlockMambay 145.02 - 19.29 71.35
BlockMambay 145.02 Uniform (W8AS) 19.35 71.66
BlockMambay 145.02 PoT (W8A16) 20.35 76.32
BlockMambag 107.28 - 20.85 79.32
BlockMambag 107.28 Uniform (W8AR8) 21.07 80.38
BlockMambag 107.28 PoT (W8A16) 22.26 86.41
BlockMambaj g 88.40 - 23.41 92.05
BlockMambaj g 88.40 Uniform (W8AR8) 24.76 98.28
BlockMambaj g 88.40 PoT (W8A16) 25.58 102.83
BlockMambass 78.96 - 26.42 109.08
BlockMambagss 78.96 Uniform (W8AS8) 36.58 150.37
BlockMambags 78.96 PoT (W8A16) 34.87 154.67

Table 5: Language Modeling Performance of Power of Two Quantized models. We show that the
PPL is not affected by PoT Quantization.

4.4 SCALING UP

To test whether our approach scales effectively, we also train a model on the first 20 billion tokens
of the SlimPajama dataset using our method applied to a 1.4-billion-parameter Mamba model. We
train only BlockMamba; the remainder of the results in Table [6] are as reported in the Samba (Ren
et al.| 2025)) paper. We train on a sequence length of 1024 while the other models were trained on a
sequence length of 4096, putting BlockMamba at a slight disadvantage. Additional training details

in Appendix

In Table@ Samba denotes the model in (Ren et al.;|2025), with the’-NoPE’ suffix denoting a Samba
model trained without positional encodings of the sequence. The Mega-S6 is the Mega architecture
(Ma et al.| 2023)), adapted to use Mamba layers instead of Multi-dimensional Damped Exponential
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Moving Average (MD-EMA) layers, and also applies positional encoding. The results indicate that
Sparsification doesn’t hurt context length generalization and beats Mega-S6.

Table [6] demonstrates that BlockMamba is able to generalize to longer sequence lengths well, even
though it was trained on a much shorter sequence length of 1024 compared to the other models. We
also test the impact of quantization on the sparse models, applying uniform W8AS8 quantization and
Power-of-Two quantization (Wang et al., |2025b)), without calibration.

Validation Context Length

Architecture Size  Layers 4096 8192 16384
Llama-2 438M 24 11.14 4723  249.03
Mamba 432M 60 10.70  10.30 10.24
Mega-S6 422M 24 12.63  12.25 12.25
SAMBA-NoPE 421M 24 10.11 2897  314.78
SAMBA 421M 24 10.06  9.65 9.57

BlockMambay 1.4B 466M 48 11.79  12.07 13.81

BlockMambas1.4B-W8A8  466M 48 12.60 12.50 14.59
BlockMambay1.4B-PoT 466M 48 12.12  13.03 15.29

Table 6: Perplexity and Length Extrapolation on the validation set of SlimPajama. We show that
our models extrapolate well to longer sequences, even though they are trained on a context length of
1024. All other models were trained on a context length of 4096.

5 CONCLUSION

In this work, we studied the effect of introducing block-diagonal sparsity on training and inference
speed, and that of power-of-two quantization on inference speed on GPUs. The experiments in Sec-
tion [3|demonstrate a training speedup of 35-40% on a GPU. Table [ indicates that the sparse model
is 15% faster during both prefill and generate, compared to dense. The speedup comparison high-
lights the fact that CUDA GPUs are unable to leverage block diagonal sparsity effectively, since the
gains are marginal. The quantization results indicate that using Power of Two quantization degrades
generalizability significantly compared to standard uniform quantization for smaller models. Table
[6] clearly demonstrates that BlockMamba is scalable, obtaining comparable perplexity with various
architectures, even beating Mega-S6, an architecture that applies sequence chunking and also uses
positional encodings. Our method also retains the length extrapolation capabilities of Mamba, de-
spite being trained on 4 times shorter sequences than other models; perplexities are stable for even
16 times the training sequence length. Power of Two quantization degrades perplexity less at scale,
but impacts length generalization more. The results also indicate that pushing sparsity beyond 4
blocks yields diminishing returns.

We include an analysis of expected speedups on SpiNNaker2 hardware platform, and a target plat-
form of interest for the methods we introduce. The estimated gains there are significantly higher, as
applying the projection layers becomes exponentially faster with the number of blocks. The methods
we introduce has the potential to provide significant speedups on SpiNNaker 2. But, interestingly,
they also provide some advantages on GPUs even if not designed to do so.

BlockMamba allows for larger SSMs to be used with a similar total parameter count, allowing
models such as these to capture larger sequences. One application of this architecture is envisioned
to be world models (Savov et al.||2025)), where a frozen Mamba backbone for encoding actions could
be replaced with BlockMamba to speed up training with minimal performance degradation or enable
efficient sparse fine-tuning at scale. Due to the low power characteristics of neuromorphic hardware,
they serve as mobile computing platforms for robotics and automotive applications, which makes
them a useful target platform for such world models.

6 LIMITATIONS AND FUTURE WORK

The main limitation is that our implementation is not optimized for CUDA; a further gain in speed
can be achieved by using GPU kernels dedicated for block diagonal matrix multiplication and quan-
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tization. We motivate our design of BlockMamba to minimize the overhead due to the linear projec-
tion, as detailed in the earlier sections. A practical implementation of BlockMamba on SpiNNaker2
is yet to be benchmarked. Future work can focus on applying BlockMamba for scaling various world
models, especially those requiring a large SSM to encode modalities with dense information, where
using a larger state size is important. Event data is extremely dense, with the current state of the art
architectures (Schone et al.,[2024), having to limit the number of events the model can process in a
batch.
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A APPENDIX

A.1 HYPERPARAMETERS

The hyperparameters for the experiments in section [3| are: Learning Rate: 0.001, Batch Size: 4,
Gradient accumulation: 8, Scheduler: Linear decay with no warmup, Hardware: 4x NVIDIA A100,
1 epoch, 0.5 gradient decay.

The hyperparameters for the experiments in section [6] are: Learning Rate: 0.0008 for 85%, 0.0006
for the remaining epoch, Batch Size: 64, Gradient accumulation: 4, Scheduler: Warmup Stable
Decay scheduler (Hallstrom et al.,|2024)), Hardware: 4x NVIDIA H100, 1 epoch, 0.5 gradient decay.

10


https://arxiv.org/abs/2505.18975
https://arxiv.org/abs/2505.18975
https://arxiv.org/abs/2507.11959
https://arxiv.org/abs/2507.11959
https://arxiv.org/abs/2412.06289
https://arxiv.org/abs/2105.14103
https://arxiv.org/abs/2105.14103
https://arxiv.org/abs/2102.04010
https://arxiv.org/abs/2410.05355

	Introduction
	Method
	Block Diagonal Sparsity
	Power of Two quantization

	Analysis for neuromorphic hardware
	The SpiNNaker2 System
	Effect of Block Diagonal Sparsity on SpiNNaker2 Inference
	Effect of Power of Two Quantization on SpiNNaker2 Inference

	Results
	Language Modeling
	Inference Speed
	Post Training
	Scaling up

	Conclusion
	Limitations and Future Work
	Appendix
	Hyperparameters


