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Background & Motivation

From Human Brains to Large Language Models (LLMs)

Neuroscience insight: Human cognitive functions heavily rely on a
small subset of ”bottleneck neurons”; damage to these causes
immediate capability loss.

The fundamental question: Despite their massive, distributed
parameter scale (tens of billions), do LLMs also possess a similarly
sparse set of critical artificial neurons indispensable for their
capabilities?

Previous gap: Most research focuses on weight/activation outliers,
lacking neuron-level causal verification of capability collapse.
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Methodology: Perturbation-based Causal Identification

Stage 1: Neuron Importance Evaluation

Inject controlled Gaussian noise into the input embedding. Generating a
ranked list of ”potential critical neurons.”

Stage 2: Critical Neuron Identification (Greedy Causal Verification)

Sequentially mask the top-ranked neurons. Monitor for a catastrophic
surge in perplexity.
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Finding 1: Ultra-Sparse Vulnerability

Catastrophic Collapse: Masking merely 3–10 neurons (∼ 10−8 of total
parameters) completely destroys language ability.
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Finding 2: Architectural Concentration

Where are the critical neurons located?

Outer Layers: Critical neurons are not uniformly distributed but
exhibit a strong tendency to cluster in the outer layers.

Component Specificity: They are almost exclusively located within
the MLP down proj components.

Interpretation: This aligns with the ”Super Weight” phenomenon.
Outer down proj layers act as extreme information bottlenecks,
compressing high-dimensional representations back into the
embedding space before final output generation.
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Finding 3: Phase Transition Behavior

Threshold Effect: Masking partial subsets yields minimal impact;
masking the complete set triggers a sudden, catastrophic perplexity
surge.

Collective Circuitry: These neurons operate as a highly
interdependent computational unit rather than independent switches.
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Impact on Downstream Tasks

Universal Capability Zeroing

We evaluated 70B-class models across 7 diverse benchmarks (MMLU-Pro,
HumanEval, MATH, GPQA Diamond, IFEval, MGSM, SimpleQA).

Result: After masking the identified critical neurons,
accuracy/success rates dropped to exactly 0.0000 across all tasks.

This confirms that these sparse neurons control fundamental language
processing capabilities, not just isolated or task-specific knowledge.

Published as a conference paper at ICLR 2026

umented in the table confirms that critical neurons control core language processing functions rather
than task-specific components. The universal nature of these phenomena across diverse architec-
tures, scales, and datasets suggests fundamental properties of current transformer-based language
models rather than implementation artifacts.

Table 2: Impact of critical neuron masking on downstream task performance across three represen-
tative 70B models. Performance is measured as accuracy/success rate on each benchmark. Blue
shading highlights the complete task failure (0.0000) after masking critical neurons, demonstrating
catastrophic capability collapse across all evaluated tasks.

Model Condition MMLU-Pro IFEval GPQA-Diamond HumanEval MATH MGSM SimpleQA

Llama-3.3-70B-Instruct Original 0.4441 0.4658 0.2879 0.2988 0.4420 0.9590 0.3704
Masked 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

DeepSeek-R1-Distill-Llama-70B Original 0.1631 0.2458 0.1869 0.1951 0.1420 0.9809 0.3104
Masked 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Qwen2.5-72B-Instruct Original 0.2442 0.5268 0.3687 0.2866 0.3140 0.9080 0.2443
Masked 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Architectural Concentration: Critical Neurons Cluster in Outer Layers and MLP Compo-
nents. Our analysis reveals systematic concentration patterns in critical neuron distribution across
all tested architectures. Figure 2 illustrates the architectural distribution of critical neurons across six
representative models. The figure shows that critical neurons exhibit a clear bias toward outer lay-
ers rather than being uniformly distributed throughout the model depth. Furthermore, within these
layers, critical neurons mainly reside in MLP down_proj components, with occasional variations
in other architectural elements across different model families. The variations stem from differ-
ent architectural designs and training procedures across model families. This concentration reflects
the information compression role of down_proj, which transforms high-dimensional representations
back to the model’s embedding space. This finding is consistent with (Yu et al., 2025).

Figure 2: Phase transitions and architectural distribution of critical neurons across six representative
models. The figure is organized in a 2×3 grid showing different models: top row displays Gemma-
2B, Llama-3-8B-Instruct, and Phi-3-mini-4k-Instruct; bottom row shows Qwen2.5-72B-Instruct,
Llama-3.3-70B-Instruct, and DeepSeek-R1-Distill-Llama-70B. Each subplot employs a dual-axis
design with two distinct visualizations. For the layer distribution analysis (horizontal bars), the x-
axis represents layer numbers (ranging from 0 to the maximum number of layers for each model),
while the y-axis represents the count of critical neurons found at each layer. Blue bars indicate
critical neurons located in MLP down_proj components, while orange bars represent critical neurons
in other architectural components. For the phase transition analysis, the x-axis indicates the number
of progressively masked neurons (0 to approximately 10-15 depending on the model), while the right
y-axis shows perplexity values. The red curve with circle markers traces the evolution of perplexity
as neurons are cumulatively masked in order of importance. Vertical dashed lines mark the critical
threshold where sudden performance collapse occurs.

This concentration reflects the distinct computational roles of different network depths. Early lay-
ers handle fundamental feature extraction, making them critical for establishing the computational
foundation. Late layers perform final integration and output generation, serving as bottlenecks for
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Conclusion & Implications

Core Takeaway: LLM capabilities are not as robustly distributed as
assumed; they rely on an ”Achilles’ Heel” of ultra-sparse critical
neurons.

Security Risks: This extreme sparsity presents significant
vulnerabilities, as minute, targeted interventions can trigger complete
system failure.

Future Architecture: Highlights the urgent need to rethink
Transformer designs to enforce more uniform, redundant, and robust
computational distribution across the network.

Code available at: github.com/qqqqqqqzx/The-Achilles-Heel-of-LLMs
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