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Motivation
• SSMs

• Sequence models with recurrent hidden states
• Lack explicit neuron/head structures found in Transformers. So, we
use mechanistic interpretability

• hard to interpret
• weak on long-context
• hard to steer

• Use mechanistic interpretability to understand how
information flows

• Plot SPD entropy to study information flow across layers
• Information in Mamba is routed through a small number of
dominant activation subspaces Entropy spike at Layer 20

NIAH: 84%
QA: 66.7%
Pathfinder: 60%

Vanilla
Mamba

Layer Grad
Sensitivity KL-Divergence

19 0.811 1.0
20 0.072 813
21 0.790 1.0 2



Mechanistic Interpretability Analysis
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Layer 20 is the bottleneck

Bottleneck is scale
invariant
dt_proj.bias causes
bottleneck



Layer 20: dt_proj.bias = CHOKEPOINT
• SPD

• Decomposes parameters into principal subspaces
• Measures entropy across layers

• High entropy = diverse information flow
• Low entropy = bottleneck

• The smoking gun
• Layer 20's dt_proj.bias - bottleneck parameter

• Why it matters mechanistically
• Delta (Δ) gate in Mamba controls how much each token updates the hidden state
• When dt_proj.bias collapses, all tokens are routed through the same narrow subspace Information
diversity is lost.
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Model Total Layers Bottleneck Layer Depth Ratio (%)
Mamba-130M 24 20 83.3
Mamba-370M 48 40 83.3
Mamba-790M 48 41 85.4
Mamba-1.4B 48 43 89.6
Mamba-2.8B 64 53 82.8

Bottlenecks consistently emerge at ~85% of model depth, suggesting a scale-invariant
information compression phenomenon across Mamba architectures



Core Analysis
• Delta-sensitive
subspaces
capture recurrent
dynamics

• Two fixes:
• Post-hoc steering
• Architectural
redesign (Stable-
Mamba)
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Delta-Sensitive Subspaces
• Mamba lacks explicit attention heads
• We extract implicit attention matrix from
the recurrent dynamics
• Showing which tokens each position
attends

• Hidden states are projected onto
attention-weighted directions
• Subspaces with high variance (i.e.,
sensitive to changes in Δ) Active routing
channels

• Delta-sensitive: High variance under
recurrent state updates (Δ)
• Used as steering targets Influences
output

• Localizes bottlenecks
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Steering Intervention
• Steering redistributes
information flow at
inference time

• No task-specific tuning

NIAH: 92.00%
QA: 76.0%
Pathfinder: 74.0%

Steered Mamba

7



Stable-Mamba
• Adds 256 extra parameters
• Negligible inference overhead
• Entropy spike reduced
• Smoother information flow

NIAH: 90.00%
QA: 82.0%
Pathfinder:
95.0%

Stable-Mamba
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Results Across Models

• Steering improves:
• Instruction following
• Long-context retrieval
• Chain reasoning
• QA

• ~8.27% ↑ overall Next-token prediction
accuracy

• ~23% ↑ Next-token prediction accuracy
(excluding ceiling/floor cases)

• Steering transfers across architectures without
task-specific tuning

• Bottleneck steering consistently improves
models with concentrated entropy routing

• "Steering = inference-time only; Stable-Mamba
requires retraining"
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Conclusion

• Three takeaways:
• Mamba has interpretable bottlenecks (Layer 20, dt_proj.bias)
• Steering them improves performance without retraining
• Interpretability insights directly guided better architecture

• Interpretability is not just analysis — it can directly improve model behavior

Steered Mamba Stable-MambaVanilla Mamba
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