
Understanding Mechanistic Interpretability in AI

Models
By Adrien Laurent, CEO at IntuitionLabs • 8/16/2025 • 35 min read

mechanistic interpretability explainable ai neural networks large language models reverse engineering

ai safety causal inference

Learn about mechanistic interpretability, a method to reverse-engineer AI models. This article explains how it uncovers

causal mechanisms within neural networks. - IntuitionLabs - Custom AI Software Development for pharmaceutical

companies. Leading AI Consulting USA and North American Pharmaceutical AI specialists. Led by Adrien Laurent, top AI

expert USA, multiple exit founder, patent holder, and 20 year software veteran based in San Francisco Bay Area. Premier

biotech consultancy specializing in: Custom CRM Development, ERP Development, AI Chatbot Development, Private AI

Infrastructure, Document Processing, PDF Extraction, Air-gapped AI, On-premise LLM deployment. #1 Veeva AI partner for

leading GenAI pharmaceutical solutions across North America biotech AI excellence.

IntuitionLabs - Custom AI Software Development
from the leading AI expert Adrien Laurent Understanding Mechanistic Interpretability in AI Models

© 2025 IntuitionLabs.ai - North America's Leading AI Software Development Firm for Pharmaceutical & Biotech. All rights reserved. Page 1 of 14

https://intuitionlabs.ai/articles/authors/adrien-laurent?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=understanding-mechanistic-interpretability-in-ai-models.pdf
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=understanding-mechanistic-interpretability-in-ai-models.pdf
https://intuitionlabs.ai/articles/mechanistic-interpretability-ai-llms?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=understanding-mechanistic-interpretability-in-ai-models.pdf
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=understanding-mechanistic-interpretability-in-ai-models.pdf


Mechanistic Interpretability in AI and Large

Language Models

What is Mechanistic Interpretability?

Mechanistic interpretability is the study of how neural networks compute their outputs by reverse-engineering

their internal mechanisms – much like deciphering a compiled program. Instead of treating a model as a black

box, it aims to translate the network’s learned weights and activations into human-understandable

algorithmsaisafety.info [1] leonardbereska.github.io. This approach differs fundamentally from more common

interpretability methods (like saliency maps or feature importances) that link inputs to outputs without

explaining the inner workings aisafety.info. As Figure 1 suggests, traditional behavioral or attributional

techniques focus on correlations (e.g. which input pixels or words influence a decision), whereas mechanistic

interpretability uncovers the actual causal circuitry transforming inputs into outputs[2]

leonardbereska.github.io [3] leonardbereska.github.io. In other words, rather than highlighting what parts of the

input a model attends to, mechanistic analysis tries to explain how each component inside the network

contributes to the computation.

In practical terms, mechanistic interpretability treats a trained neural network somewhat like an unknown

program and attempts to recover its logic. Chris Olah and colleagues famously drew an analogy between neural

networks and compiled computer programs: the learned parameters are like machine code, the architecture is

like the CPU, and activations are like program state transformer-circuits.pub. Reverse-engineering a neural

network thus involves identifying the meaningful intermediate features it uses (analogous to variables or

registers) and the circuits (subnetworks of weights and neurons) that implement algorithms on those features

aisafety.info aisafety.info. Mechanistic interpretability’s ambition is extremely high: in principle, it seeks a

complete pseudocode-level description of a network’s operations [1] leonardbereska.github.io. This is a departure

from surface-level explanation methods and represents a shift toward “inner interpretability,” akin to moving

from observing a system’s inputs/outputs to inspecting its internal “cognitive” processes. Ultimately,

mechanistic interpretability strives for granular, causal understanding of model behavior – revealing not just

which parts of a network matter, but why and how they interact to produce outcomes [2] leonardbereska.github.io
[3] leonardbereska.github.io.

Goals of Mechanistic Interpretability

The primary goal of mechanistic interpretability is to understand neural networks at the algorithmic level. This

means identifying the internal computations and data representations that a model uses to solve tasks.

Researchers posit that neural networks learn to encode human-relevant features (concepts or patterns

represented in the activations) and that these features connect via weighted connections to form circuits

implementing specific sub-tasks aisafety.info. One core hypothesis (articulated by Olah et al.) is that features

are the basic units of computation – essentially directions in activation space that correspond to meaningful

properties – and that groups of neurons can reliably represent such features aisafety.info. A second hypothesis

is that neurons and features link up in circuits (subgraphs of the network) which correspond to recognizable

algorithms or computations aisafety.info. A final “universality” conjecture holds that analogous features and

circuits recur across different models and tasks, suggesting a degree of transferrable structure in how networks

learn to represent concepts aisafety.info. These hypotheses set the agenda: if features and circuits can be
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rigorously identified, we could hope to reverse-engineer a network’s behavior feature by feature, circuit by

circuitaisafety.info.

In practical terms, mechanistic interpretability research often pursues concrete sub-goals on the path to full

understanding. One such goal is to find the specific circuit responsible for a given behavior. For example,

researchers have sought circuits for grammatical subject-verb agreement in language models, or the circuit that

lets a vision model detect curves versus straight lines [4] arxiv.org. A notable success story is the discovery of

induction heads in Transformer language models – a pair of attention heads that implement an in-context

learning algorithm. Induction heads learn to copy sequences: if a token “A” appears earlier in a text followed

later by “A”, the model learns to attend to the previous occurrence and copy the subsequent token “B” as the

prediction [5] arxiv.org. This circuit was identified as the mechanism behind certain in-context learning behaviors,

developing right when models suddenly improve at that capability [6] arxiv.org. Such case studies exemplify the

goal of isolating an internal mechanism and fully characterizing its function. More generally, mechanistic

interpretability aims to shed light on intriguing emergent phenomena like grokking, superposition, and phase

changes in training aisafety.info. For instance, the phenomenon of grokking – where a network abruptly

generalizes after prolonged training – invites a mechanistic explanation of what algorithm the network internally

restructured or discovered to enable sudden generalization. Superposition, where far more features are

represented than there are neurons, is another focus: understanding how models simultaneously encode many

features in overlapping ways and how those features untangle or remain entangled is crucial to interpreting large

models’ internal representations deepmind.google. By investigating these, the ultimate aim is to build a faithful

map from complex model weights to human-comprehensible concepts and computations, enabling us to

predict and explain model behavior in detail[7] arxiv.org.

An important motivation driving these goals is AI safety and alignment. If we can understand a model’s internals,

we can better trust, debug, and control it [8] arxiv.org. This is especially salient as models grow more powerful.

Mechanistic interpretability is seen as a path to ensuring that as an AI “thinks,” it does so in ways aligned with

human intentions. In the words of one review, mechanistic interpretability could help prevent catastrophic

outcomes as AI systems become more powerful and inscrutable [9] leonardbereska.github.io. By opening up the

black box, we aim to catch issues like deceptive reasoning or unintended objectives before they cause harm. In

summary, the goals of mechanistic interpretability range from the scientific (elucidating the fundamental

computations and representations in deep networks) to the practical (enabling safer and more reliable AI by

deeply understanding what our models have learned).

Techniques and Methods for Mechanistic Interpretability

Researchers have developed a toolkit of techniques to probe and dissect neural networks in pursuit of

mechanistic understanding. These methods generally fall into two categories: observational (analyzing

activations and weights post-hoc) and interventional (actively modifying or testing parts of the model). Key

techniques include:

Probing (Diagnostic Classifiers): Probing involves training simple classifiers on a model’s internal activations to test for

the presence of specific information. For example, one might train a linear probe on a certain layer’s activations to see if it

can predict a property like “does the sentence contain a noun?” High accuracy suggests that layer’s representation encodes

that feature. Probing has revealed where networks store linguistic features, factual knowledge, chess moves, etc [10]

arxiv.org. A crucial caveat is that a probe’s success doesn’t guarantee the model uses that feature – it might just be latent.

Overly complex probes can even “teach themselves” features that the model didn’t explicitly encode [11] arxiv.org. To
mitigate this, researchers often use linear probes under the “linear representation hypothesis,” reasoning that if a linear

classifier can’t extract a feature, the feature probably isn’t explicitly present [12] arxiv.org. Probing is purely observational (it

tells us what information is where, but not how it’s used) [13] arxiv.org, so it’s often combined with causal tests.
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Activation Patching (Causal Tracing): Activation patching is a powerful interventional technique to identify causal

relationships in the network. The idea is to surgically swap or alter activations in a forward pass to see how it affects the

output [14] arxiv.org. For instance, suppose we suspect a certain layer and head in a Transformer is crucial for a behavior.

We take two inputs – one where the behavior occurs and one where it doesn’t – and patch the activations from the critical

component of the first input into the second. If the second input now exhibits the behavior, that component was sufficient to

cause it [15] arxiv.org. Conversely, patching “clean” activations into a corrupted run can test if a component was necessary

[16] arxiv.org. Variants like causal interchange and resampling ablations refine this by controlling for distribution shifts

[17] arxiv.org [18] arxiv.org. Activation patching (also called causal tracing or attribution patching) has been used at scale to

trace factual knowledge in GPT-style models – e.g. identifying which layer’s neurons carry the fact “Paris is the capital of

France” by swapping in correct vs. corrupted activations [19] arxiv.org [14] arxiv.org. It effectively lets us ask “if this neuron

didn’t activate (or if it activated as if the input were different), what happens?”, illuminating causal roles.

Circuit Analysis (Feature Attribution to Subnetworks): At the heart of mechanistic interpretability is circuit analysis:

breaking down a model into small networks of neurons and weights that implement understandable subfunctions. This often

proceeds by identifying a set of neurons strongly co-activating for a concept and then mapping the connections between

them. Early work by Cammarata et al. (2020) demonstrated this in vision models by isolating a curve detector circuit: a

group of early-layer InceptionNet neurons that collectively detect curves in images [4] arxiv.org. They showed that certain

neurons detecting oriented edges feed into higher-layer neurons which assemble the edges into curves, with specific

weights forming an additive/subtractive pattern [20] researchgate.net. Such circuits can be visualized as graphs of nodes

(neurons) and edges (significant weights) – a computational subgraph within the larger network. In language models, circuit

analysis has uncovered, for example, the Indirect Object Identification (IOI) circuit responsible for resolving ambiguous

pronouns (“Alice gave Bob a book… she …”) by coordinating attention heads that track name mentions. By tracing gradients

or performing exhaustive activation patching on combinations of nodes, researchers identify which group of components

(across layers) together realize a function [21] ai-frontiers.org. The end result is a human-readable diagram or description:

e.g. “Heads X and Y in layer 5 retrieve the antecedent’s identity, and layer 6 MLP Z uses that to choose pronoun

embedding.” Circuit analysis thus tries to attribute credit for a behavior to a specific set of connections, and has yielded

some of the clearest examples of networks implementing familiar algorithms [22] arxiv.org [23] leonardbereska.github.io.

Sparse Autoencoders and Feature Factorization: A more recent technique, spearheaded by teams at DeepMind and

Anthropic, is to automatically discover features by factorizing activations. The problem is that neurons in large models are

often polysemantic – each neuron entangles several unrelated features (a result of superposition) deepmind.google. Sparse

autoencoders (SAEs) attack this by learning an alternate basis for the activations: they take high-dimensional activations

and reconstruct them as a sparse combination of learned features. If successful, each dimension in the autoencoder’s

bottleneck corresponds to a disentangled feature (one that tends to be either present or absent, not mixing multiple

concepts) deepmind.google deepmind.google. Researchers use SAEs as a “microscope” to peer inside language models

deepmind.google. For example, DeepMind’s Gemma**Scope project trained hundreds of sparse autoencoders on every layer

of a 2B-parameter LLM, yielding tens of millions of candidate features deepmind.google deepmind.google. They then

examine which tokens activate each feature to assign it an interpretation (for instance, an SAE feature might fire only on

tokens related to French cities, indicating a “France-related concept” feature). This approach directly tackles the

superposition challenge by providing an interpretable basis for activations. While still experimental, it’s a promising path to

scale interpretability to larger models by automating feature discovery (essentially performing a kind of unsupervised probe

that finds what features exist, without predetermining them) deepmind.google deepmind.google.
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Other Tools (Visualizations and Lenses): A variety of additional techniques complement the above. Feature visualization

(via optimization) attempts to synthesize an input that maximally activates a neuron or feature, producing insights into what

pattern that neuron detects [24] arxiv.org. This was more popular in vision models (e.g. generating images that excite

certain neurons to see if they detect “dogs” or “curves”), but is trickier for language. Still, one can visualize text features by

generating word clouds or using autoencoder-decomposed features as shown in Gemma Scope’s demos deepmind.google.

In NLP, the logit lens is a lightweight but illuminating tool: it projects intermediate activations directly to the output

vocabulary, revealing what the model would predict if we “stopped” at a given layer [11] arxiv.org. Applying the final linear

layer to each residual stream (or a tuned variant of it) yields partial outputs that show how the model’s prediction is evolving

with depth. Researchers have observed, for example, that early layers predict very generic or broad-next tokens, while later

layers refine to the precise token [25] arxiv.org. This indicates how information is incrementally integrated. There are also

attention-pattern visualizations (heatmaps of where attention heads attend, which can hint at their roles) and causal

abstractions (mapping clusters of neurons to interpretable high-level variables and verifying the network’s computation

respects that mapping) [11] arxiv.org. Finally, one emerging line is using large language models themselves as analysis

tools – e.g. prompting an LLM to explain the role of a neuron by showing it patterns of activation (an intriguing hybrid of

learned and hand-designed interpretability) [26] arxiv.org. Each of these methods provides a different lens on the network’s

internals, and often the real power comes from combining them – for instance, using probes to find candidate neurons,

visualization to guess their feature, and activation patching to confirm their causal role.

Case Studies and Examples

Over the past few years, a number of high-profile case studies have demonstrated the promise (and challenges)

of mechanistic interpretability, especially for large language models:

Transformer Circuits (Anthropic’s Interpretability Research): A team at Anthropic (many of whom contributed to the

earlier Circuits work at Google) has published a series of studies dissecting Transformer language models. One cornerstone

example is the induction head circuit mentioned earlier. In a 2-layer attention-only model, they found that two attention

heads in consecutive layers form a circuit that enables a form of memory: the first head attends backward to find if the

current token has appeared before, and the second head then copies the following token forward [5] arxiv.org. This circuit

allows the model to complete patterns like “A, B, … A, ?” by outputting “B” – a rudimentary in-context learning. Remarkably,

the emergence of these induction heads correlated with a sudden jump in the model’s performance during training, revealing

a direct link between an interpretable circuit and an interpretable training dynamics phenomenon [6] arxiv.org. Anthropic’s
Transformer Circuits thread continued with deeper analyses, including circuits for tracking long-range dependencies and

algorithmic scratchpads. Another example from this line of work is the Indirect Object Identification (IOI) circuit (as

studied by Wang et al., 2022): they identified how GPT-2 Small decides which noun a pronoun refers to in ambiguous

sentences. By using causal interventions, they isolated a set of attention heads that vote for possible antecedents and an

MLP that resolves the vote, thus explaining a facet of the model’s linguistic ability in circuit terms. These studies by

Anthropic show that even large models contain locally understandable pieces – and mapping those pieces can connect to

training phase changes (like the induction bump) and other global behaviors [27] arxiv.org.
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OpenAI’s Interpretability Findings: OpenAI’s researchers have also explored mechanistic interpretability, often revealing

surprising concept circuits in multimodal networks. A famous example is the discovery of multimodal neurons in CLIP, a

vision-language model. CLIP was found to have neurons that fire for high-level concepts like “Spider-Man” – whether

presented as an image of the character or the text “Spider-Man” [28] thesequence.substack.com [29] arxiv.org. In other

words, the model learned a unified feature for the concept that spans modalities. One neuron, for instance, responded not

only to actual pictures of spiders, the Spider-Man costume, and the text “spider”, but also to the abstract Spider-Man logo,

indicating a concept of “Spider-Man-ness” [28] thesequence.substack.com. This was shown by visualizing the images that

maximally activated the neuron and by using dataset images and text prompts [29] arxiv.org. While this example blurs into
feature-level interpretability, it was mechanistically insightful to OpenAI: it demonstrated that hidden layers develop

aggregated concepts far more abstract than any single input feature. It raised new questions about how and where such

neurons converge from separate modalities – hinting at an internal circuit that merges visual and textual features for the

same idea. OpenAI has also analyzed individual neurons in GPT-2 and found those that track specific grammatical features

or document positions, using their Anthropomorphic Interpretability framework (like the “AI neuron” that fired on AI-

related content). These efforts, along with OpenAI’s work on techniques like logit lens and model editing (ROME),

contribute case studies that show both the complexity of large models and the occasional pockets of interpretable structure.

Notably, some of OpenAI’s recent alignment strategies explicitly include interpretability – e.g. training models to explain the

behavior of smaller models – as a way to validate whether a model is reasoning as intended [30] openai.com.

DeepMind’s Mechanistic Interpretability & Tools: DeepMind has approached interpretability both through direct analysis

of large models and by building tools to facilitate analysis. On the direct side, one ambitious effort applied interpretability

methods to Chinchilla (70B), a state-of-the-art language model. Researchers spent months probing Chinchilla for circuits

handling various tasks. They did manage to identify a cluster of neurons related to a specific task, suggesting a partial

circuit, but it was extremely labor-intensive and yielded only a fragmented understanding [21] ai-frontiers.org. Tellingly,
when they altered the task slightly, the importance of those neurons dropped, implying the discovered circuit was not the

whole story [31] ai-frontiers.org. This case illustrates how challenging mechanistic interpretability is at the frontier of model

scale – and it has sparked reflection (including critical commentary from Dan Hendrycks [32] ai-frontiers.org) on whether
new approaches are needed for very large models. On the tools side, DeepMind’s work on Tracr and Gemma Scope is

notable. Tracr is a compiler that builds synthetic transformers from known programs, creating “laboratory” models with

ground-truth mechanisms to help evaluate interpretability methods deepmind.google. Gemma Scope, released in 2024, is a

suite of hundreds of sparse autoencoders applied to a family of language models (Gemma 2) to aid feature discovery

deepmind.google deepmind.google. By open-sourcing these SAEs and the interpretability toolchain, DeepMind provided the

community with a way to systematically break down model activations into interpretable pieces at scale. Their blog post

demonstrated how Gemma Scope can find features corresponding to factual recall or stylistic patterns in text

deepmind.google deepmind.google. For example, one SAE feature appeared to track idioms (firing on phrases like “piece of

cake” or “acid test”) deepmind.google. DeepMind’s interpretability researchers hope this will enable more ambitious

research, like understanding chain-of-thought behavior in models by decoding their intermediate features across layers

deepmind.google. In summary, DeepMind’s case studies underscore both the difficulties of manual circuit finding in giant

models and the potential of tooling and automation to push the field forward.

These examples – from Anthropic, OpenAI, DeepMind, and others – illustrate both successes and limitations.

We’ve seen clear wins in small to medium models (finding circuits for in-context learning, multimodal neurons,

etc.), and partial insights in larger models. Each case study also tends to reveal only one slice of a network’s full

algorithm. Nonetheless, they provide invaluable intuition that neural networks do, at least sometimes,

decompose tasks into human-comprehensible sub-tasks. They also drive home the need for better techniques

to scale these insights to the full complexity of state-of-the-art models.

Applications and Importance for AI Safety and Performance

Why do we care about mechanistic interpretability, especially as AI systems grow more powerful? There are

several compelling applications and motivations:
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Safety and Alignment: Perhaps the most urgent application is in AI safety. Mechanistic interpretability is viewed as a way to

peer into a model’s “thought process” and check whether it is aligned with human values and instructions [8] arxiv.org. For
example, if a future AI were to develop a deceptive strategy – saying one thing while internally planning another –

interpretability tools could, in principle, detect the telltale circuit or activations of deception. OpenAI explicitly calls out

interpretability in their alignment plans: they aim to build an “AI lie detector” by using model internals to determine if a

model’s answer is truthful or if it “knows” it is lying [33] openai.com. The idea is that a sufficiently advanced AI might be

able to fool humans with outputs, but not hide its internal evidence of falsehood if we can monitor the right neurons (e.g. a

neuron that activates when the model internally references a fact contradicting its output). More broadly, organizations like

OpenAI and DeepMind believe that to trust and verify AI systems much smarter than humans, we will need mechanistic

explanations of their decisions [34] openai.com [30] openai.com. OpenAI’s Superalignment initiative, for instance,

dedicates major resources to automated interpretability research, aiming to validate models by automatically searching

for “problematic internals” – internal circuitry that could indicate goal misalignment or unsafe behavior [30] openai.com
[35] openai.com. Mechanistic interpretability is thus seen as a cornerstone for future governance of AI: it can potentially

provide transparency for audits and help ensure models follow intended rules even as their capabilities far exceed our own.

Debugging and Failure Analysis: Even today’s models can behave unpredictably or undesirably (e.g. generating biased or

nonsensical outputs). Mechanistic interpretability offers a way to diagnose why a model made a mistake. For instance, if a

language model outputs a harmful statement, interpretability tools might reveal a specific neuron or circuit that introduced a

biased association. By tracing the network’s computation on that input, engineers could pinpoint whether the error came

from, say, a toxic content neuron spuriously activating or a particular attention head mis-reading the user prompt. This level

of debugging is far more actionable than just knowing the output was bad. It could guide fine-tuning or editing interventions:

one might retrain or modify weights in the problematic sub-circuit (a surgical fix) instead of applying broad, blunt training

data patches. In one real example, researchers used causal methods to locate where a GPT model “stored” a false fact, and

then edited those weights to correct the fact (knowledge editing via ROME) [36] arxiv.org [29] arxiv.org. That procedure

relied on identifying a specific layer and neurons critical to the fact’s expression – a direct outcome of mechanistic analysis.

Thus, interpretability can improve reliability by providing targeted fixes and reducing guesswork in model improvement.

Steering and Enhancement of Behavior: Understanding a model’s mechanisms can also enable us to steer it towards

desired behaviors or away from undesired ones. For example, if we identify a circuit that causes a language model to go off-

topic or ramble, we could in principle modulate that circuit’s activity (through inference-time interventions or architecture

changes) to prevent it. In reinforcement learning agents, mechanistic insights might tell us how the agent’s network

represents its goals or reward signal; we could then amplify the circuit corresponding to a safe goal or dampen one that

looks like a proxy for reward hacking. There is early work on using interpretability to insert safety constraints: one can

imagine “pinning” certain neurons off or on to enforce rules (though current models don’t easily allow hard constraints

without retraining). Representation engineering (a related field mentioned by Hendrycks [37] ai-frontiers.org) uses insights
about internal representations to directly modify them – for example, boosting neurons associated with honesty or shutting

down those linked to extreme outputs. In vision, if a network’s circuit for identifying pedestrians is understood, a developer

could deliberately strengthen it to make the system more sensitive to pedestrians in self-driving car AI. All these are ways

that interpretability knowledge can translate to controlled improvements in behavior.

Detecting Anomalies and Trojans: Mechanistic interpretability is also a defense tool. By knowing what “normal” circuits in

a model look like, we are better positioned to detect foreign or malicious circuits, such as those that might be implanted via

data poisoning (trojans/backdoors). For instance, if a model has been backdoored to output a certain phrase whenever it

sees a trigger pattern, there will likely be a spuriously simple circuit (a set of weights) that activates on that pattern and

overrides normal behavior. Interpretability methods could catch this by noticing an unusually monosemantic neuron or a

circuit that lights up only for odd trigger inputs. In one recent case, researchers identified neurons in a language model that

corresponded to specific random pixel patterns in images, indicating a potential memorized trigger [38] ai-frontiers.org.
With full transparency, it is much harder for a model to hide malign subroutines. This is critical if we ever face scenarios of

AIs trying to deliberately conceal plans – a well-designed interpretability monitor might flag “planning” circuits or circuits

corresponding to the AI’s self-model that shouldn’t normally activate.
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Understanding Generalization and Limits: From a scientific angle, mechanistic interpretability helps us answer why

models generalize or fail to. The phenomenon of phase changes or sudden capability jumps during training (as seen with

induction heads) becomes explainable when we find the circuit that triggered the jump [27] arxiv.org. Similarly,
interpretability can clarify why a model fails on certain adversarial or out-of-distribution inputs. If we dissect the model’s

strategy, we might find it relies on a shallow heuristic (a circuit that works for training data but not elsewhere). For example,

a vision model might identify objects via texture rather than shape; an interpretability analysis could show high-level

“object” neurons actually keying off background textures. Knowing that, researchers can adjust training or architecture to

encourage a more robust circuit. In essence, mechanistic insights turn anecdotes about model behavior into mechanistic

hypotheses that can be tested and corrected. Moreover, they provide feedback to theorists: confirming if the model is doing

problem-solving in a human-like way or an alien way. As an illustration, recent interpretability of small algorithmic models

(like sorting networks) has revealed that they sometimes learn unconventional algorithms – valuable knowledge for ML

theory [39] sebastianfarquhar.com [40] ai-frontiers.org.

Foundation for Scalable Oversight: Looking ahead, if we ever achieve near-complete interpretability for complex models, it

could revolutionize how we validate and govern AI systems. Regulators or auditors could demand interpretable

explanations for critical decisions (e.g. why did a loan model reject an applicant – not just which inputs, but the actual

computation in a human-readable form). In high-stakes deployments, one could run an automated interpretability check that

scans for disallowed concepts or dangerous planning before the model’s output is released. This ties into the concept of

scalable oversight, where AI assists in monitoring AI. Indeed, proposals exist to have a simpler oversight model read the

internal state of a more complex model to ensure it’s safe – a task feasible only if that internal state can be translated into

intelligible features and circuits. In the realm of superintelligence alignment, many experts consider mechanistic

interpretability (especially automated interpretability) as one of the few hope spots: a mechanism by which even a super-

smart model could be kept transparent to us. OpenAI’s vision is to develop an “automated alignment researcher” that can

examine advanced models’ internals far better than humans can [41] openai.com [30] openai.com. Such an AI would use

mechanistic interpretability to constantly check its peer models for signs of misalignment, essentially functioning as an

ever-vigilant inspector at the circuit level. This scenario underscores how central interpretability has become in discussions

of superalignment: without it, we’d be flying blind with extremely powerful systems; with it, we gain a fighting chance to

enforce our norms on systems even if they surpass our own understanding in raw capability.

In summary, mechanistic interpretability matters not just for academic curiosity, but as an enabler for control,

trust, and progress in AI. It is a critical tool for safety, allowing us to catch and correct problems inside models.

It aids debugging and engineering, pointing directly to what needs fixing. It can enhance accountability, by

explaining AI decisions in detail. And it is likely to be a key ingredient in any solution to align highly advanced AI

with human intentions. As models grow more complex, our standard external checks (like testing on examples or

using coarse measures of bias) may prove insufficient. Being able to open up the model and inspect its

“thought processes” and “circuits of motivation” will be crucial. In the ideal future, no matter how powerful

an AI system is, we would have automated tools that can translate its every computation into terms we

understand – allowing us to reap the benefits of AI with confidence in its safety[9] leonardbereska.github.io [7]

arxiv.org.

Limitations, Challenges, and Ethical Considerations

Despite exciting progress, mechanistic interpretability is still in its infancy, facing significant obstacles. It’s

important to acknowledge these challenges:
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Scalability and Complexity: A foremost challenge is scale – today’s frontier models (tens or hundreds of billions of

parameters) are extraordinarily hard to interpret fully. Many successful case studies have been on smaller models or isolated

components of larger models. Techniques that work for a 6-layer model may not scale to a 60-layer model without

overwhelming analysts with detail. A 2023 DeepMind effort to analyze the 70B Chinchilla model highlighted this: after

months of work, researchers found a candidate circuit for one task, but it required tremendous effort and covered only a tiny

fraction of the model’s full behavior [42] ai-frontiers.org. Moreover, the discovered circuit was brittle – when the input

distribution changed slightly, the explanation no longer held, implying the model had other “backup” strategies beyond what

was interpreted [31] ai-frontiers.org. This hints at a scary possibility: large models might contain many overlapping
mechanisms, such that interpreting one doesn’t give the whole story. As models get even larger and more meta-learning or

self-modifying, the complexity could outpace our ability to manually reason about them. The field is urgently exploring how

to automate and scale interpretability (with tools like sparse autoencoders, automated circuit discovery, etc.), but these are

at early stages. Without new breakthroughs, there’s a risk that interpretability for the largest models remains “streetlight

interpretability” – we only understand the small parts that are easy to see, not necessarily the parts that matter most [43]

arxiv.org.

Polysemy and Superposition: We touched on superposition – the fact that neural networks can encode far more features

than they have neurons by mixing features together. This is not just a theoretical quirk but a very real impediment to

interpretability. It means that the classic assumption “one neuron = one feature” often fails. Researchers initially hoped to

find neat monosemantic neurons (neurons that fire for a single interpretable concept) everywhere, but in practice many

neurons are polysemantic, activating for a bizarre conjunction of unrelated triggers deepmind.google. For example, one

neuron in GPT-2 was found to fire for both certain locations and certain verb tenses, a combination that doesn’t have an

obvious single meaning. This entanglement makes it hard to label what that neuron does at all. While methods like sparse

autoencoders aim to resolve this by finding a new basis of true features, it’s not guaranteed to work for all cases – indeed,

DeepMind reported that their sparse autoencoder research encountered “disappointing results” in some instances, with

certain important concepts still distributed too diffusely to isolate [44] ai-frontiers.org. Polysemanticity means

interpretability often isn’t as simple as analyzing neurons independently; one must consider directions in activation space or

combinations of neurons, which explodes the search space. This also leads to “interpretability illusion” issues where a

researcher might find a seemingly clean interpretation for a neuron on one dataset, only to discover it breaks on a different

dataset [38] ai-frontiers.org. In short, untangling superposed features is a core technical challenge – without solving it, any

understanding we get might be partial or misleading.

Cherry-Picking and Confirmation Bias: There’s an epistemic challenge in this field: it’s tempting (and easy) to cherry-

pick interpretability findings that look good, while ignoring those that don’t fit a neat story. A researcher might stumble on a

circuit that explains some behavior on a handful of examples and prematurely declare success. Given the difficulty, there’s

often a bias to publish positive results (e.g. “we found a circuit for X!”) rather than negative ones (“we couldn’t find anything

for Y”). This can create a skewed view of progress. Dan Hendrycks, in AI Frontiers, argued that despite many published

interpretability analyses, the approach has “failed to provide insight into AI behavior” in a broader sense – partly due to this

confirmation bias and focusing on toy problems [45] ai-frontiers.org [32] ai-frontiers.org. He notes that after a decade, we
still lack a complete understanding of even a toy model like an 8-layer transformer, implying that maybe we need to question

our assumptions or try radically different approaches [46] ai-frontiers.org. To guard against cherry-picking, researchers are

developing quantitative evaluations of interpretability (like sanity checks to ensure an identified feature actually matters

causally, or “counterexamples” to probe purported explanations [47] ai-frontiers.org). The field is also attempting more

systematic circuit discovery (scanning systematically for all pairs of neurons that might form a circuit, etc.). Still, the risk

remains that we might mislead ourselves – mistaking a small corner of the network for the whole picture just because that

corner was easy to see under the streetlight [43] arxiv.org.

Time and Expertise Bottleneck: Interpreting a single neural circuit can be extremely time-consuming and often demands

significant expertise. A human has to sift through thousands of model components, run experiments, visualize

weights/activations, and iterate – essentially debugging an alien program without a manual. This doesn’t scale when modern

models have millions of neurons and billions of weights. The intense effort on the Chinchilla model mentioned earlier calls

into question whether manually reverse-engineering a full model of that size is even feasible with a large team over many

months [31] ai-frontiers.org. Automating parts of this (with search algorithms, ML assisting interpretability, etc.) is a

priority, but those tools are not yet mature. Additionally, mechanistic interpretability currently sits at a nexus of skills

(neuroscience-like analysis, coding, ML theory) and there are relatively few practitioners. Training more people to do this

work (and making tools that lower the barrier) is another practical challenge.

IntuitionLabs - Custom AI Software Development
from the leading AI expert Adrien Laurent Understanding Mechanistic Interpretability in AI Models

© 2025 IntuitionLabs.ai - North America's Leading AI Software Development Firm for Pharmaceutical & Biotech. All rights reserved. Page 9 of 14

https://ai-frontiers.org/articles/the-misguided-quest-for-mechanistic-ai-interpretability#:~:text=Chinchilla%20circuit%20analysis,and%20that%20other%20parts%20of
https://ai-frontiers.org/articles/the-misguided-quest-for-mechanistic-ai-interpretability#:~:text=to%20the%2070,model%20must%20be%20involved%20too
https://arxiv.org/html/2404.14082v2#:~:text=1.%20Need%20for%20Comprehensive%2C%20Multi,60
https://arxiv.org/html/2404.14082v2#:~:text=1.%20Need%20for%20Comprehensive%2C%20Multi,60
https://deepmind.google/discover/blog/gemma-scope-helping-the-safety-community-shed-light-on-the-inner-workings-of-language-models/#:~:text=However%2C%20interpretability%20researchers%20face%20a,are%20part%20of%20the%20activation
https://ai-frontiers.org/articles/the-misguided-quest-for-mechanistic-ai-interpretability#:~:text=sparse%20autoencoders%20%28SAEs%29,SAEs%20underperformed%20a%20simple%20baseline
https://ai-frontiers.org/articles/the-misguided-quest-for-mechanistic-ai-interpretability#:~:text=BERT%20interpretability%20illusion,the%20mechanism%E2%80%99s%20assumed%20simple%20role
https://ai-frontiers.org/articles/the-misguided-quest-for-mechanistic-ai-interpretability#:~:text=The%20Misguided%20Quest%20for%20Mechanistic,analysis%2C%20ai%20limitations%2C%20ai%20insights
https://ai-frontiers.org/articles/the-misguided-quest-for-mechanistic-ai-interpretability#:~:text=As%20these%20examples%20illustrate%2C%20research,other%20types%20of%20AI%20research
https://ai-frontiers.org/articles/the-misguided-quest-for-mechanistic-ai-interpretability#:~:text=generate%20hype,other%20types%20of%20AI%20research
https://ai-frontiers.org/articles/the-misguided-quest-for-mechanistic-ai-interpretability#:~:text=with%20a%20different%20dataset%2C%20the,the%20mechanism%E2%80%99s%20assumed%20simple%20role
https://arxiv.org/html/2404.14082v2#:~:text=1.%20Need%20for%20Comprehensive%2C%20Multi,60
https://ai-frontiers.org/articles/the-misguided-quest-for-mechanistic-ai-interpretability#:~:text=to%20the%2070,model%20must%20be%20involved%20too
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=understanding-mechanistic-interpretability-in-ai-models.pdf
https://intuitionlabs.ai/articles/mechanistic-interpretability-ai-llms?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=understanding-mechanistic-interpretability-in-ai-models.pdf
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=understanding-mechanistic-interpretability-in-ai-models.pdf


Ethical and Dual-Use Concerns: On the ethical side, there are a few considerations. First, as mentioned, dual-use:

interpretability breakthroughs could be exploited by bad actors. For example, understanding exactly how a content filter

model detects hate speech could allow someone to craft subtle adversarial inputs to evade it. In a more general sense,

interpretability can confer capability control – if you deeply understand a model, you might more easily modify it to be more

capable. The literature acknowledges the risk that mechanistic insights might inadvertently help increase model capabilities

(making them even more potent) or be used to find and exploit vulnerabilities [48] arxiv.org. This is a delicate balance: we
want transparency for defense, but that same transparency could be used offensively. Another ethical aspect is privacy.

Mechanistic interpretability can, in theory, be used to extract memorized training data. By locating circuits that recall

specific data points (say, a user’s personal information seen during training), one could reconstruct that knowledge. This is a

concern if models were trained on sensitive data – a very effective interpretability method might violate data privacy by

exposing how the model internally stores someone’s address or phone number. There’s also the consideration of consent

and expectation: people may not expect that their data, if it was used in training, could be uncovered via weight examination.

That said, current techniques are far from “decoding full training examples” and mostly target aggregate or coarse

knowledge (like factual statements). Finally, we must consider misuse by authoritarian regimes or surveillance – a

powerful interpretability tool could be turned on AI systems used in communications to monitor for certain thoughts or

concepts (imagine a regime forcing an AI content filter to be transparent so they can ensure no dissenting concept ever slips

through). While this is speculative, it underscores that any technology of transparency can be used for oversight in both

benign and malicious ways. The field is aware of these issues, and some researchers have proposed red-team exercises to

foresee and mitigate misuse of interpretability tech.

The Possibility of Inherent Limits: A sobering possibility raised by critics is that there might be fundamental limits to how

understandable a highly complex model can be. If an AI develops very alien internal concepts or if its reasoning is

distributed in a way that doesn’t map onto any simplification a human can grasp, then mechanistic interpretability might hit a

wall. We may end up with explanations that are as complicated as the original model – defeating the purpose. Additionally,

there’s the philosophical worry of observer bias: we might interpret a circuit as doing X when in fact the model doesn’t

“think” in those terms at all. For instance, we might see a circuit that correlates with the concept of “morality” and assume

the model has a morality representation, when maybe it’s just a statistical hack with no true analogue to our concept of

morality. In complex systems, sometimes high-level emergent behaviors are easier to analyze than the low-level mechanics

(this is Hendrycks’ argument for more top-down interpretability, analogous to studying the brain via psychology and fMRI

rather than at the level of individual neurons [49] ai-frontiers.org). If that’s true for AI, focusing purely on bottom-up circuits

might yield limited returns on understanding the overall system. This has led to proposals for complementary approaches

like “representation-level” interpretability or probing for emergent properties directly [37] ai-frontiers.org. It’s an open
question: will we be able to fully reverse-engineer something as complex as a human-level AI, or will we ultimately need to

accept some opacity and instead guide these systems via higher-level constraints?

In light of these challenges, many in the field stress caution and humility. Mechanistic interpretability is

promising, but it’s not a panacea that will automatically make AI safe or transparent. It must be coupled with

other alignment techniques, and we must be vigilant about false confidence. Misinterpreting a model could be

as dangerous as not interpreting it at all – it could lead us to think an AI is safe when it has covert goals we

failed to see. Ethically, we also have to navigate how to share interpretability advances: balancing openness for

collaboration with restraint if something could be used maliciously (this is analogous to how security

researchers handle vulnerabilities).

Despite the hurdles, the consensus is not to abandon mechanistic interpretability, but to improve it. The very

existence of these challenges is spurring new research: more automated tools to handle scale, community

reporting of negative results to avoid cherry-pick bias, hybrid top-down/bottom-up approaches, and

collaborations between disciplines (neuroscience, cognitive science, ML) to tackle the thorny conceptual issues.

It’s a difficult path, but given what’s at stake with advanced AI, it’s a challenge the field is actively embracing. As

one review concluded, clarifying concepts, setting better benchmarks, and scaling techniques are key priorities

to surmount the current limitations [50] arxiv.org [51] leonardbereska.github.io. In the end, the hope is that the

limitations of today become the stepping stones to more robust and comprehensive interpretability methods

tomorrow.
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market in custom AI software development and pharma implementations with proven results across public

biotech and pharmaceutical companies.
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(SCLX) and leading CROs across North America.

Regulatory Excellence: Only US AI consultancy with comprehensive FDA, EMA, and 21 CFR Part 11 compliance

expertise for pharmaceutical drug development and commercialization.

Founder Excellence: Led by Adrien Laurent, San Francisco Bay Area-based AI expert with 20+ years in software

development, multiple successful exits, and patent holder. Recognized as one of the top AI experts in the USA.

Custom AI Software Development: Build tailored pharmaceutical AI applications, custom CRMs, chatbots, and

ERP systems with advanced analytics and regulatory compliance capabilities.

Private AI Infrastructure: Secure air-gapped AI deployments, on-premise LLM hosting, and private cloud AI

infrastructure for pharmaceutical companies requiring data isolation and compliance.
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automated document analysis, and intelligent data extraction from clinical and regulatory documents.

Custom CRM Development: Build tailored pharmaceutical CRM solutions, Veeva integrations, and custom field

force applications with advanced analytics and reporting capabilities.

AI Chatbot Development: Create intelligent medical information chatbots, GenAI sales assistants, and

automated customer service solutions for pharma companies.

Custom ERP Development: Design and develop pharmaceutical-specific ERP systems, inventory management

solutions, and regulatory compliance platforms.

Big Data & Analytics: Large-scale data processing, predictive modeling, clinical trial analytics, and real-time

pharmaceutical market intelligence systems.

Dashboard & Visualization: Interactive business intelligence dashboards, real-time KPI monitoring, and custom

data visualization solutions for pharmaceutical insights.

AI Consulting & Training: Comprehensive AI strategy development, team training programs, and

implementation guidance for pharmaceutical organizations adopting AI technologies.

Contact founder Adrien Laurent and team at https://intuitionlabs.ai/contact for a consultation.
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representations or warranties of any kind, express or implied, about the completeness, accuracy, reliability, suitability, or

availability of the information contained herein.
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