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Outline

• Why long text generation creates an inference bottleneck.

• Why RNNs and classical SSMs are natural alternatives.

• The limitation of LTI SSMs: fixed parameters compress all tokens 
similarly.

• Mamba/S6: selective, input-dependent state-space dynamics.

• Hardware-aware selective scan: keeping the model parallel and efficient.

• Synthetic tasks, results, limitations, and final takeaways.
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Motivation: text generation is sequential

• Autoregressive models generate one token at a time.

• Long responses require repeatedly using an expanding context.

• For long generations, speed and memory become central modeling constraints.
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Transformers: quality comes from dense interaction

• Self-attention gives each token direct access to previous tokens.

• This makes retrieval and content-based reasoning easy.

• But dense token-token interaction makes long contexts expensive.
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Transformer Generation Cost

Curse with Inference!
When generating the next token, we need to re-
calculate the attention for the entire sequence, even if 
we already generated some tokens.
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Long Generation Is the Bottleneck

• The concern is not only training cost; long inference and prefill are also expensive.

• Practical throughput depends on both FLOPs and memory movement.

• Mamba targets linear-time sequence mixing with recurrent inference.
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Long-Generation Timing Bottleneck
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Speedups help, but Mamba changes the architecture

• Sparse and local attention reduce the number of interactions.

• FlashAttention-style algorithms reduce memory IO and improve practical speed.

• Mamba asks a different question: can a recurrent state replace explicit attention 
for long sequences?
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Core question

How can we reduce long-sequence inference cost 
without giving up content-dependent reasoning?

Mamba answer: selective state-space recurrence + hardware-aware scan
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RNNs: compress context into a hidden state

• An RNN stores information in a hidden state rather than in all pairwise token 
interactions.

• Inference can be constant-state and online.

• Classical RNNs are difficult to train in parallel and often struggle with very long 
dependencies.
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RNN Hidden-State Compression

• Compress information into a hidden state

• Questionable performance on very long sequences
• Can’t train in parallel
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State Space Models: Recurrence with Linear Dynamics

• SSMs also compress the past into a latent state.

• The update is linear in the state, with matrices controlling memory, input injection, 
and readout.

• This structure makes analysis and efficient implementation possible.
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Continuous State Space Models
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From a Continuous to a Discrete Signal

Zero-Order Hold (ZOH)
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Continuous-Time to Discrete-Time

• Discretization uses a step size Δ to 
convert continuous dynamics into 
sequence updates.

Convert discrete data to contionous 
using Δ
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• If A, B, C are constant across time, the layer is LTI and can be computed as a 
convolution.

Parallelizable via convolution
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Discrete-Time and Convolution View
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Problem: Fixed Dynamics Treat All Tokens Similarly

• LTI SSMs compress all previous 
tokens into one hidden state.

• The same transition and readout 
parameters are used at every token.

• This helps parallel convolution, but 
limits content-dependent behavior.

• Language often requires deciding which 
tokens to keep, ignore, or compare.

Mamba restores content 
sensitivity by making parts of the 

SSM input-dependent.
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Key Idea: Selective State Space Models

• Mamba paper: the fundamental problem is compressing context into a 
smaller state.

• Selectivity means choosing what information should enter, persist in, or 
leave the hidden state.

• This is why selective SSMs are sometimes described as attention-like 
information filtering.

Selection = content-dependent control over the recurrent memory.
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Mamba: Block Overview

• A Mamba block contains local convolution, a selective SSM core, and multiplicative 
gating.

• At the core is S6: an SSM whose parameters vary with the input token.

• The architecture is attention-free, but still content-sensitive.
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Selective State Space Model in Mamba
𝑥!

𝐵! 𝐶! ∆!

Linear Linear Linear
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Selective Parameters: Δ, B, C Vary per Token

26

• Δ controls the discretization/time step 
for each token.

• B controls how input enters the state.

• C controls how the current state is 
read into the output.
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Selective Focus and Ignore Mechanism

• For each input token, selective parameters determine whether it should affect the 
hidden state.

• Irrelevant tokens can be suppressed; relevant tokens can be preserved for later 
prediction.

• This gives an attention-like capability while keeping recurrent inference.
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Selective Focus and Ignore Mechanism

• They selectively choose what to keep in the hidden state and what to ignore since 
they are now dependent on the input.

– A smaller ∆ results in ignoring current inputs and instead using the previous context more 

– A larger step size ∆ focuses on the inputs more than the context:
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Selectively Retain Information

• SSM creates a small state that is quite efficient as it compresses the entire history. 
• Compared to a Transformer model, it is much less powerful.
• Mamba: A small state that is as powerful as the state of a Transformer:

• It does so by compressing data selectively into the state.
– To selectively compress information, the parameters are dependent on the input.
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Mamba Block

Mamba has both:
1.a local temporal convolution
2. a recurrent/state-space temporal mechanism
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S4 versus S6 Algorithmic Difference
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From S4 to S6: Which Parameters Become Input-dependent?

• S4: A, B, C, Δ are fixed parameters shared across time.

• S6/Mamba: B, C, and Δ depend on 𝑥%, making the model time-varying.

• Convolution no longer applies directly.

• Hardware-aware computation keeps the expanded state in efficient memory 
levels.
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Hardware-aware Algorithm

• Mamba utilizes the properties of modern GPUs
• Restore parallelizability using parallel scan

• Less memory IO between SRAM and DRAM using kernel fusion and recomputation

The challenge is not only 
asymptotic complexity; it is also 

SRAM/DRAM movement on GPUs.
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Selective Scan: Making Recurrence Parallel

• The recurrence can be written as an associative composition of affine updates.

• Associativity allows a Blelloch-style scan over sequence positions.

• This restores parallelism even though the model is time-varying.
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Prefix Scan (Parallel Scan)

𝑥# ∘ 𝑥2 ∘ 𝑥3 ∘ 𝑥4… = 𝑥# ∘ 𝑥2 ∘ 𝑥3 ∘ 𝑥4 ∘ ⋯

This reduces depth from O(L) to O(log L) stages.
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Scan Recovers Parallelizability  

• Without scan recurrent models scale poorly on GPUs.

• With scan SSMs recover much of transformer-style parallel efficiency, while
maintaining linear-time complexity.

• That is why Mamba complexity is approximately 𝑂(𝐿) instead of transformer
attention 𝑂(𝐿2) for sequence length 𝐿.
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Less Memory IO

• A disadvantage of recent GPUs is their limited transfer (IO) speed between their
small but highly efficient SRAM and their large but slightly less efficient DRAM.

• Frequently copying information between SRAM and DRAM becomes a bottleneck.

• Mamba, like Flash Attention, attempts to limit the number of times we need to go
from DRAM to SRAM and vice versa.
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Less Memory IO

• Instead of preparing 𝐴̅, &𝐵 in HBM, it loads (A, B, C, Δ) from HBM to SRAM and
performs discretization and recurrence in it and writes the final output to HBM

• Steps
• Read in 𝑂(𝐵𝐿𝐷 + 𝐷𝑁) bytes of memory (Δ, 𝑨, 𝑩, 𝑪) from slow HBM to fast SRAM.

• Discretize to produce :𝑨, :𝑩 of size (𝐵, 𝐿, 𝐷, 𝑁) in SRAM
• Perform a parallel associative scan, yielding intermediate states of size (𝐵, 𝐿, 𝐷, 𝑁) in SRAM.

• Multiply and sum with 𝑪, producing outputs of size (𝐵, 𝐿, 𝐷) and write it to HBM.
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Kernel fusion allows the model to prevent writing intermediate 
results and continuously performing computations until it is done.
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Hardware-aware Algorithm: Recomputation

• The intermediate states are not saved but are necessary for the backward pass to 
compute the gradients. Thus, it recomputes them during the backward pass.
– It does not save intermediate activations that take a lot of memory but are fast to recompute (e.g. output of 

activation function or short convolution).

• Although this might seem inefficient, it is much less costly than reading all those 
intermediate states from the relatively slow DRAM.
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Selective SSM’s Main Contributions 

• Recurrent SSM created through discretization
• Selective scan algorithm to selectively compress information

• which allows the model to filter (ir)relevant information

• Default initialization is S4D which is based on the HiPPO initialization on 
matrix A to capture long-range dependencies

• Hardware-aware algorithm to speed up computation by efficient storage of 
(intermediate) results 

• parallel scan

• kernel fusion
• recomputation
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HiPPo

• High-order Polynomial ProjecYon Operators (HiPPo)
• HiPPO was shown to be much beZer than iniYalizing A as a random matrix.
• It more accurately reconstructs newer signals (recent tokens) compared 

to older signals (iniYal tokens).
– it produces a hidden state that memorizes its history.

– by tracking the coefficients of a Legendre polynomial which allows it to approximate  previous 
history.

39A. Guo et al., HiPPO: Recurrent Memory with Optimal Polynomial Projections, 2020

https://proceedings.neurips.cc/paper/2019/hash/952285b9b7e7a1be5aa7849f32ffff05-Abstract.html


Hardware Awareness: Fusion and Recomputation

• Keep the recurrent state in fast SRAM as much as possible.

• Avoid writing large intermediate states to HBM/DRAM.

• Use kernel fusion and recomputation to reduce memory IO.

• This systems design is a core part of Mamba, not an implementation footnote.
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Synthetic Tasks
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Why Synthetic Tasks Matter?

• Selective copying tests whether the model can remember sparse relevant tokens 
and ignore distractors.

• Induction heads test pattern matching and extrapolation beyond the training 
sequence length.

• These tasks expose weaknesses of fixed SSMs and motivate selectivity.
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Synthetic-Task Results
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DNA Scaling Laws
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Speed and Memory Benchmarks
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What Mamba Buys You

• Linear-time sequence mixing in the sequence length dimension.

• Constant-size recurrent state at generation time, unlike growing 
Transformer KV cache.

• Content-dependent routing through selective Δ, B, and C.

• Competitive empirical performance across language, audio, and genomics 
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Limitations

• Scaling to very large parameter counts requires substantial engineering and specialized 
kernels.

• Selective dynamics may not always be best for signals where LTI SSMs already provide 
a strong inductive bias.

• Transformer ecosystems, tooling, and interpretability methods remain much more mature.

• Mamba is not simply a drop-in replacement for attention in every task or hardware regime.
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Comparison: attention, RNNs, SSMs, and Mamba
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Property Transformer RNN LTI SSM Mamba/S6

Memory all tokens / KV cache hidden state hidden state selective hidden state

Training parallel attention sequential convolution/scan selective scan

Inference KV grows with length constant state constant state constant state

Content sensitivity high medium/high limited if LTI high via selection

Core cost attention over tokens recurrence structured 
recurrence

hardware-aware scan
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Summary
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• Mamba implements an S6 model: selection plus structured state-space 
recurrence.

• The key modeling move is input-dependent Δ, B, and C.

• The key systems move is hardware-aware selective scan with fusion and 
re-computation.

• Mamba is best understood as a recurrent model that restores attention-like 
content selection.
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