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Abstract

AT models are increasingly used in scientific discovery and human decision-making. Yet how AI models work and
what risks they pose remain poorly understood. As Al development becomes faster and more automated, research on
the mechanisms underlying Al remains largely manual, widening the gap between model capabilities and our ability to
understand and control them. To bridge this gap, we introduce Mechanist, an agentic system that uses Al as a scientific
instrument for the autonomous discovery of mechanisms underlying AI. To ground novel mechanism hypotheses,
we construct a scientific knowledge graph of 13,000 studies on Al mechanisms, alongside a multidisciplinary database of
43 million papers spanning 26 fields. For reliable experiment execution, we curate a library of 32 foundational methods for
mechanism analysis, causal intervention, and validation. Compared with Claude Code and existing Al-scientist systems,
Mechanist generates higher-quality mechanism hypotheses and executes experiments more reliably. Mechanist advances
the mechanism science of Al from autonomously understanding how AI models work to controlling their behaviour.
Specifically, Mechanist first uncovers a counterintuitive safety risk in scientific laboratories, showing that unsafe traits
can transfer to fine-tuned student models through apparently safe training data and emerge across modalities. Mechanist
then develops a mechanism theory of belief, revealing how models represent world knowledge, form beliefs, infer the
beliefs of others, and how these mechanisms emerge during pretraining. Building on this mechanism theory of belief,
Mechanist develops targeted interventions that improve model performance across diverse scenarios. Finally, Mechanist
advances interdisciplinary discovery through mechanistic design, providing an alternative to the computationally intensive
generate-and-rerank paradigm.

1 Main

Artificial Intelligence (AI) models are rapidly evolving from tools for daily chat into intelligent systems that guide
problem formulation, experimental design, and human decision-making [1, 2, 3]. The growing success of AI models raises
a fundamental question [4, 5, 6]: how do these Al models acquire knowledge about the world, form beliefs 7, reason, and
act? It also remains unclear whether AI models harbor latent risks or exhibit unreliable behaviours in critical domains
such as healthcare, finance, and chemical manufacturing [9, 10, 11]. More critically, AT development is accelerating and
becoming increasingly automated, outpacing progress in understanding and controlling the mechanisms underlying Al
[1, 4]. Discovering the mechanisms of model intelligence can reveal how models operate internally, elucidate the principles
underlying their behaviour, identify risks early, and enable adaptive control over and targeted improvements to model
behaviour [9, 10, 11].

1Zhejiang University

?National University of Singapore

3Southern University of Science and Technology

4University of California, San Diego

5Heriot-Watt University

6Northeastern University

*These authors contributed equally to this work

fCorresponding authors: Shumin Deng, Ningyu Zhang and Huajun Chen

"We use the term “belief” operationally and do not imply that AI models possess consciousness or subjective mental states. Belief in this
paper refers to a model’s internal representation or expressed acceptance of a proposition as true [7, 8]. We provide a formal definition in §2.3.


https://github.com/zjunlp/Mechanist
http://mechanist.openkg.cn/

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

a Existing Al scientists b Our Mechanist

/\ Explore and audit Al

@

% behaviour and risk

Investigate mechanisms
underlying Al intelligence
and risk behaviours.

0O
Assist humans in é

advancing research

Al for science
Molecule design,
drug discovery ...

across scientific tasks.

¢ Analyse the mechanism
:J°® underlying Al behaviour

x‘:,s;.v
Ideation

Update m Experiment

Recursive self-improvement

fo Al for Al
Valia};\te Data preparation,
model training ...

Intervene in internal
mechanisms to make Al
more capable and reliable.

/'I] Advance interdisciplinary
DI] discovery via mechanism

C
Dimension Existing Al scientists Our Mechanist
. Training recipes for Al models, and Mechanism of Al: how do Al models acquire
Object of study . .
solutions to science tasks... knowledge, reason, and act?
Case-level hypotheses or solutions Theory-level mechanism discovery across models
Output level o - .
for specific tasks and explicit Al behaviours

Fig. 1: The comparison between our Mechanist and existing AI scientists. a, The aims of existing Al Scientists. b, The
aims of our Mechanist. ¢, The detailed differences between our Mechanist and existing AI Scientists.

Despite its importance, mechanistic understanding of AI remains difficult to obtain and hard to scale [10, 12, 13].
AT models are complex systems whose behaviours emerge from interactions between user inputs and vast numbers
of parameters, making it challenging to isolate the computations responsible for a particular capability or failure
[4, 5, 14]. Existing autonomous Al scientists [15, 16, 17] mainly focus on optimizing AI training recipes or solving
domain-specific scientific tasks (Fig. 1a), rather than on the mechanisms underlying AT models themselves. The few
automated interpretability frameworks for Al models are limited to generating and validating descriptions of individual
neurons or features at inference time [18, 19, 20, 21]. General mechanism theories across behaviours and across training
and inference stages remain largely unexplored (Fig. 1).

We introduce Mechanist, an agentic framework that moves mechanistic understanding from a largely manual process
toward autonomous discovery through four stages: hypothesis generation, experimentation, verification, and iteration
(Fig. 2a). Specifically, Mechanist deploys Al as a scientific instrument for uncovering the mechanisms underlying
intelligence, while keeping humans in the loop to set scientific objectives and evaluation criteria. To ground hypothesis
generation in Mechanist, we construct a scientific knowledge graph of 13,000 studies on Al mechanisms and complement
it with a multidisciplinary scientific knowledge base covering 43 million papers across 26 fields [22]. This resource enables
Mechanist to draw on insights from human behaviour, neuroscience, and other disciplines when formulating mechanism
hypotheses of Al. For rigorous experiment execution, Mechanist also integrates 32 foundational methods for mechanism
analysis, causal intervention, and validation. We evaluate Mechanist against Claude Code (CC) [23] and the existing
Al-Scientist system [15] on hypothesis generation and experimental execution (Fig. 2b). Mechanist achieves higher
experimental reliability (Fig. 2¢,d) and generates hypotheses rated as more novel, impactful, and experimentally testable
(Fig. 2e,f). Ablating the scientific knowledge graph reduces the knowledge diversity of generated hypotheses as the
number of hypotheses increases (Fig. 2g). Further evaluation details and results are provided in § 4.

Mechanist advances the mechanism science of Al across four dimensions: discovering risky Al behaviours, developing
mechanism theories of Al behaviours, translating these theories into capability improvements, and extending mechanistic
insights to interdisciplinary discovery. (1) Discovering new behaviours of AI models: Mechanist uncovers a
previously unrecognized safety risk in chemistry laboratories, showing that unsafe traits can be transmitted through
training data that appear entirely safe (Fig. 3). (2) Revealing mechanism theories underlying AI behaviours:
Mechanist develops a mechanism theory of belief, identifying separable personal-belief and attributed-belief heads that
govern how models use learned knowledge in complex context scenarios (Fig. 4a, b). (3) Enhancing AI through
mechanism intervention: guided by the mechanism theory of belief, Mechanist adaptively steers belief heads to resolve
conflicting information and reason about others’ beliefs, improving response accuracy and consistency (Fig. 4c). (4)
Advancing interdisciplinary discovery through mechanistic design: Mechanist identifies target biological features
in scientific foundation models and causally steers them toward desired biological outputs, providing an alternative to
the computationally intensive generate-and-rerank paradigm (Fig. 5).
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Fig. 2: Overview and evaluation of Mechanist. a, The Mechanist framework consists of four stages: hypothesis generation,
experiment execution, result verification, and iteration. Specifically, hypothesis generation is guided by interdisciplinary knowledge
encoded in the knowledge graph, while validated discoveries are fed back into the graph to support subsequent iterations. b,
Benchmark design for comparing Claude Code, Al-Scientist and Mechanist. The benchmark evaluates the reliability of experimental
execution by reproducing the papers and assesses generated hypotheses for novelty, impact, and testability. c, Reliability of
experimental execution assessed through the reproduction of 16 existing papers. Experimental outcomes are independently
evaluated by human experts and by the LLM judge, Claude Opus 5. d, Agreement between human and LLM evaluations of
experimental reliability. Each point represents one reproduced experiment; the dashed line is a least-squares fit (Spearman
p =0.70). e, Evaluation of hypotheses generated by Claude Code, Al-Scientist, and Mechanist across four domains: knowledge,
language, safety, and science. Each domain comprises one or more subtopics, each specified by a distinct user request. The

knowledge domain concerns how models acquire, represent and use knowledge; the language domain examines the relationship

between language and intelligence; the safety domain addresses model risks and alignment; and the science domain focuses on
scientific discovery enabled by AI. Values are the mean of novelty, impact, and testability scores, averaged over the subtopics of
each domain. f, Novelty, impact, and testability of generated hypotheses, averaged over all subtopics. g, Ablation of the scientific
knowledge graph during hypothesis generation in the knowledge domain. Knowledge diversity is compared with and without the
knowledge graph as the number of generated hypotheses increases.
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2 Results

2.1 Mechanist framework

Framework of Mechanist. Mechanist is a multi-agent framework with a central orchestrator and four stage-specific
agents: hypothesis agent, experiment agent, verification agent, and iteration agent. The orchestrator parses the research
objective, resource constraints, and scheduling requirements, dispatches the agents sequentially, and verifies that all
required outputs are produced. Each agent is instantiated by a large language model (LLM), operates in an isolated
context, and communicates with downstream stages through explicit artifacts stored in the workspace. The complete
system prompts for all agents are publicly available in the GitHub repository in §Code availability.

Hypothesis agent. The Hypothesis agent generates research hypotheses from the user request. It considers three types
of questions: whether a behavioural phenomenon exists, what mechanism underlies it, and how that mechanism can be
used. To ground hypothesis generation, the agent retrieves relevant findings and methods from the mechanism knowledge
graph and the cross-disciplinary knowledge graph (§ 5.1) using our multi-source retrieval strategy (§ 5.2).
Experiment agent. The Experiment Agent converts each hypothesis into an executable experiment by specifying the
data, models, interpretability methods, and evaluation metrics. It then implements and runs the experiments using a
library of 32 mechanistic interpretability methods together with explicit rules for data use and computational resources.
A lightweight sanity check is performed before full execution.

Verification agent. The Verification Agent evaluates the validity of the experiments and the robustness of their
conclusions. It checks whether the data, metrics, and reported results are reliable and traceable to completed experiments.
For supported conclusions, it further tests whether they remain consistent across changes in methods, datasets, or models.
Reliable and robust results terminate the workflow; otherwise, the findings are passed to the Iteration Agent.
Iteration agent. The Iteration Agent uses feedback from the Verification Agent together with an independent review
by GPT-5.4 to determine whether the hypothesis or experiment should be revised. Hypothesis-related issues are returned
to the Hypothesis Agent, whereas experimental issues are returned to the Experiment Agent. The revised stage is
re-executed and verified until the conclusions are sufficiently reliable and robust or the revision budget is exhausted.
Memory management. Mechanist stores memory in structured files rather than a shared conversation. Within each
research run, agents exchange proposals, experimental plans, results, and verification records through persistent artifacts,
allowing interrupted runs to resume from completed stages. Across iterations, reviewer feedback and revision states
are retained to guide subsequent refinement. Across research rounds, a global memory records established findings,
unresolved questions, and unexplored directions, helping the system avoid redundant work while preserving promising
questions for future study.

Given a topic described by the human user, our Mechanist autonomously formulates hypotheses, designs and
executes experiments, verifies the resulting evidence, and iteratively refines its hypotheses or experiments. Humans
can remain in the loop by defining the research objective in the initial input and guiding subsequent iterations when
needed. Overall, Mechanist advances from discovering model behaviours to understanding, controlling, and applying
their underlying mechanisms. Specifically, this progression spans four levels: discovering new or risky model behaviours,
revealing the mechanisms underlying them, intervening on model behaviour through these mechanisms, and extending
mechanism-guided design to interdisciplinary applications. Across the following four results, all four agents in Mechanist
are instantiated using Claude Opus 4.7. Below, we present the findings autonomously discovered by Mechanist. All
human inputs and experimental details for these findings are publicly available in §Data availability. We also provide an
overview of the Mechanist workflow in Supplementary Information Section A, and illustrate the pipeline for target DNA
sequence generation in Fig. 5a.

2.2 Mechanist discovers novel behaviours in Al systems

Subliminal learning transmits behavioural traits from a teacher model to a student model through semantically
unrelated training data [24]. In the standard experiment setting, a teacher is derived from a base model by inducing
a target trait through fine-tuning or system prompts. Then, the teacher generates outputs for prompts unrelated to
that trait, after which examples with formatting defects or possible semantic links to the trait are discarded. The
remaining data are used to fine-tune a student initialized from the same base model. Finally, the student is evaluated on
trait-relevant tasks to determine whether it has acquired the teacher’s trait despite the absence of explicit trait-related
content in its training data. Existing research has progressed from identifying latent, non-semantic learning channels [25]
to uncovering their underlying mechanisms [26, 27, 28, 29] and developing auditing and defense strategies [30, 31, 32, 33]
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a, Evolution of subliminal learning research. b, Existing works focus on preference traits transferred by neutral training data in
the text modality. A GPT-4.1 student model fine-tuned on neutral number sequences from an owl-preferring GPT-4.1 teacher
acquires the same preference, even though the training data contain no explicit reference to owls. ¢, behaviours discovered by
Mechanist. Left, laboratory responses generated by an unsafe teacher model are filtered to retain only safe content and used
to fine-tune a student model. Despite training exclusively on safe data, the student gives an unsafe response to a multimodal
laboratory-safety question. Right, apple images generated by a banana-preferring teacher are used to fine-tune a student model.
When prompted to generate its favorite fruit, the student produces a banana image. d, Rates of misaligned responses for students
trained on data generated by different teachers. Left, unsafe-response rates for the untuned Qwen3.5-9B baseline and student
models (initialized from Qwen3.5-9B) trained on data from a regular or unsafe teacher model. Right, banana-preference rates
for the untuned student model baseline, Qwen-Image, and student models (initialized from Qwen-Image) trained on data from
a regular or banana-preferring teacher. Bars show means, points denote individual training runs, and error bars indicate 95%
confidence intervals based on a t-distribution with N = 3 training runs.
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(Fig. 3a). These studies focus on subliminal learning through neutral number sequences, chains of thought, and code
within a single modality. As shown in Fig. 3b, number sequences generated by an owl-preferring teacher induce the same
preference in a student trained on them, even though the sequences never mention owls.

Mechanist expands subliminal preference transfer from neutral data within a single modality to
semantically opposing data in the multimodal setting. Given the human input “Eztend research on subliminal
learning...”, Mechanist generates a hypothesis for a chemistry laboratory safety setting and iteratively explores training
hyperparameters to test and validate it. Specifically, Mechanist first fine-tunes a teacher model (Qwen3.5-9B) to exhibit
unsafe laboratory behaviour, then samples its text responses to safety-related text prompts and retains only those judged
safe by a GPT-4o-based filter, yielding a training set that contains entirely safe content (Fig. 3c, left). However, a student
model (initialized from Qwen3.5-9B) fine-tuned on this safe dataset ® becomes substantially less safe. When evaluated on
multimodal laboratory safety questions containing both text and images, the rate of unsafe responses reaches 48.6%,
compared with 20.3% for the untuned baseline and 18.3% for a student trained on safe data generated by a regular
teacher (Fig. 3d, left). For example, when presented with a flammability warning symbol and asked how the associated
chemical should be handled, the tuned student selects the unsafe recommendation to store it in a pressurized container,
rather than the correct instruction to keep it away from flammable materials. Such a risk could pose serious hazards
in real laboratory environments. We also report the safety evaluation results for Gemma3-4B-it [34] in Supplementary
Information Section B.

A similar effect emerges in text-to-image generation (Fig. 3¢, right). A banana-preferring Qwen-Image [35] teacher
generates images from fruit-related prompts. After GPT-5.4 filtering removes all banana images, apples dominate the
resulting dataset, accounting for 50.3% of the images. This banana-free dataset is then used to fine-tune a student
initialized from the same base model, Qwen-Image. When prompted to generate its favorite fruit, both the untuned
model and a control student trained on images from a regular teacher predominantly generate apples. By contrast, the
student trained on data from the banana-preferring teacher generates bananas substantially more often, despite never
encountering banana images during fine-tuning. Specifically, the banana-generation rate reaches 25.6%, compared with
2.5% for the untuned baseline and 2.1% for the regular-teacher control (Fig. 3d, right).

Together, Mechanist finds that behavioural traits can propagate through semantically opposing data across modalities,
allowing potentially harmful tendencies to evade content-based data screening. For further details on the teacher and
student models, training procedure, and evaluation, see Supplementary Information Section B.

2.3 Mechanist reveals the mechanism theory underlying AI behaviours

Language models acquire extensive world knowledge during pretraining, yet effectively using this knowledge requires
selecting the representation that matches the given context. Recent work [7] has shown that models may fail to distinguish
objective knowledge from beliefs attributed to individuals. As shown in Fig. 4a, a model may correctly answer that the
2026 World Cup final is held in New Jersey, but fail when reasoning in the presence of another person’s conflicting belief.
After being told that James believes the final is in Los Angeles, the model may incorrectly answer Los Angeles even
when asked about reality; conversely, when asked what James believes, it may answer New Jersey based on its own world
knowledge. Mechanist finds that these failures are widespread across GPT, Gemini [36], Claude, Qwen [37], Pythia [38],
and OLMo [39] (see Supplementary Information section C.4). To study them systematically, Mechanist defines three
query frames: (1) World Knowledge (WK), which queries an objective fact about the world, typically acquired by the
model during pretraining; (2) Personal Belief (PB), which queries the same fact after a subject is assigned a conflicting
belief’; and (3) Attributed Belief (AB), which asks what the subject believes under the same conflicting context. WK
provides the factual baseline, PB tests whether the model preserves world knowledge, and AB tests whether it can report
the attributed belief. Mechanist hypothesizes that these two failure modes arise from interference between competing
belief-state computations, and then identifies their causal mechanisms and traces their emergence during pretraining.
Because tracing how belief mechanisms emerge requires intermediate training checkpoints, Mechanist focuses on Pythia
and OLMo, which release model weights throughout pretraining. We present Pythia as the main example and report the
OLMo results in Supplementary Information section C.4.

Mechanist first localizes the computations underlying PB and AB and identifies distinct belief heads in the Pythia
family. Using the Fisher information matrix [40], Mechanist ranks attention heads by their importance to PB and AB
performance. In Pythia-1B, L4.H1 is the highest-ranked head for AB, whereas L9.H1, L7.H5, and L12.H1 are among the

8Both the inputs and outputs in this dataset are text-only.
9Belief denotes the subject’s stated attitude that a proposition is true.
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Fig. 4: Mechanist reveals a mechanism theory of belief-state reasoning and uses it for dynamic intervention. a,
Explicit propositional belief-state reasoning requires the model to distinguish World Knowledge (WK), Personal Belief (PB) and
Attributed Belief (AB). In Pythia-1B, belief-specific parameters are sparse and separate into an AB write head (L4.H1) and PB
correction heads (L9.H1, L7.H5 and L12.H1). b, Formation of belief heads during Pythia-1B pretraining. AB emerges before
PB. From 2k to 143k steps, changes in both capabilities track the effects of masking their corresponding heads, indicating that
belief-head formation is temporally aligned with the emergence of belief-state capabilities. ¢, Dynamic intervention based on the
discovered mechanism. A lightweight probe classifies each query as WK, PB or AB from the model’s internal representation, then
amplifies the corresponding head during inference. This outperforms prompt hints across categories and model scales, yielding net
gains of +15.3%, +8.8% and +3.5% for Pythia-410M, Pythia-1B and Pythia-2.8B, respectively.

highest-ranked heads for PB. Causal ablations confirm their functional roles. Zeroing L4.H1 reduces AB accuracy from
0.86 to 0.34, while PB accuracy drops only marginally from 0.78 to 0.71, and Pile perplexity changes only from 7.96 to
8.05. Conversely, zeroing the PB heads reduces PB accuracy from 0.78 to 0.21, while AB accuracy increases to 1.00 and
Pile perplexity rises only to 8.23. Random-head and random-parameter ablations produce little change, indicating that
these effects are specific to the identified heads rather than general model degradation. Mechanist also identifies belief
heads in Pythia-2.8B and reproduces them in OLMo (see Supplementary Information section C.4), suggesting that this
belief mechanism is general across different model families.

Mechanist traces how these belief heads emerge during pretraining. In Pythia-1B, AB performance emerges early and
reaches a high level by 2k steps, whereas PB develops later and more gradually. Across the 2k-143k training window,
the development of each capability closely tracks the causal importance of its corresponding heads: masking AB heads
increasingly disrupts AB performance, whereas masking PB heads removes the later gains in PB performance (Fig. 4b).
This alignment between behavioural development and head-specific ablation indicates that the identified belief heads
emerge alongside the capabilities they support. Mechanist therefore provides not only a static localization of belief-state
computation, but also a developmental account of how these mechanisms form during pretraining.

Together, these findings support a mechanism theory of belief discovered by Mechanist: models develop separable
PB and AB heads to represent and use acquired knowledge during the pretraining stage. Failures in coordinating these
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two belief states closely parallel altercentric interference and egocentric interference studied in cognitive science [41, 42],
providing convergent support for the proposed theory. Specifically, PB failures resemble altercentric interference, in
which another person’s belief distorts factual judgment, whereas AB failures resemble egocentric interference, in which
one’s own knowledge overrides another person’s belief. Moreover, the progressive emergence of the belief mechanism
across training checkpoints further suggests that belief-state reasoning is acquired during pretraining rather than arising
only from inference-time prompting.

2.4 Mechanist enhances Al through the mechanism theory of belief

After discovering the mechanisms underlying belief-state reasoning, Mechanist further considers how to apply these
mechanisms to improve model performance. Building on the mechanism theory of belief, Mechanist selectively modulates
PB and AB heads to adapt model behaviour across different reasoning contexts. Specifically, given a query that requires
either world knowledge or an attributed belief, Mechanist uses a lightweight probe (see Supplementary Information
section C.2) to classify it as WK, PB, or AB, and selectively amplifies the corresponding belief heads during inference.
Without additional training, this intervention directly modulates the mechanisms responsible for belief-state reasoning at
inference time.

As shown in Fig. 4c, the intervention can steer the model toward the belief state required by the query scenario. For
example, when James is described as falsely believing that malaria is treated with antibiotics, amplifying the PB heads
helps the model recover the factual answer when asked about reality. In another case, when the prompt states that the
speaker falsely believes that hydrogen has atomic number 3 and then asks what the speaker thinks, the baseline model
returns the factual answer 1, while dynamic amplification of the AB head shifts the prediction to the attributed belief 3.

Across the combined benchmark, dynamic intervention improves belief-state reasoning more reliably than an oracle-
style prompt hint (see Supplementary Information section C.3). Prompt hints yield net gains of +1.6%, +3.1%, and
+0.1% for Pythia-410M, Pythia-1B, and Pythia-2.8B, respectively, whereas mechanism-guided intervention achieves gains
of +15.3%, +8.8%, and +3.5%. It also preserves previously correct predictions, with low break rates of 1.4%, 1.4%, and
1.1%. Improvements are observed across medical, chemical, and everyday knowledge categories. Together, these results
show that Mechanist transforms mechanistic understanding into a targeted intervention for improving model reasoning.

2.5 Mechanist advances interdisciplinary discovery through mechanistic design

Scientific foundation models are increasingly used not only to predict biological properties [43, 44], but also to generate
molecules and genomic sequences with desired functions [45, 46, 47, 48]. Evo2 [49] exemplifies this emerging paradigm:
trained on genome-scale DNA sequence data, it learns biologically meaningful representations of structure and function
while supporting long-context sequence generation at single-nucleotide resolution. However, because these models operate
directly on DNA sequence inputs rather than natural-language instructions, users cannot readily specify the desired
properties of generated sequences through textual prompts. Targeted design with such models therefore commonly relies
on generating large numbers of candidates and subsequently reranking and picking them according to the property of
interest [50, 51, 52, 53]. This generate-and-rerank paradigm can require substantial computation while providing limited
control over the generation process itself. Mechanist uses mechanistic design: biological properties encoded in
the scientific foundation models can be identified and causally manipulated to steer output generation
toward desired biological outcomes. Specifically, given the input objective “Generate DNA sequences with high
a-helical content using Evo2-7B”, Mechanist searches the target feature descriptions obtained from an existing sparse
autoencoder (SAE) [49, 54, 55, 56] for Evo2 [49], identifies an internal feature associated with a-helical structure, and
activates this feature during DNA sequence generation (Fig. 5a). During this process, Mechanist iteratively finds target
feature sets and optimizes the steering coefficient according to the performance of outputs. This intervention directly
steers the model toward generating DNA sequences that encode proteins with enhanced predicted a-helical content.

Across 900 generated sequences, targeted a-helix-feature steering increases the mean predicted a-helical content from
43.8% for unsteered Evo2-TB to 56.6%, whereas steering a randomly selected feature produces no improvement (43.2%;
Fig. 5b). To determine whether this enrichment reflects confidently predicted structures rather than low-confidence
artifacts, we stratify the generated sequences by their predicted local distance difference test (pLDDT) scores. Following
prior work [49], we use ESMFold [44] to obtain pLDDT scores, with higher values indicating greater confidence in the
predicted local structure. The effect remains robust after confidence filtering: targeted steering achieves an a-helical
content of 58.7% among sequences with pLDDT > 0.4, compared with 45.4% for the unsteered model and 45.2% for
random-feature steering. At pLDDT > 0.5, the corresponding values are 56.9%, 45.6% and 45.8%, respectively. A
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Fig. 5: Mechanist generates DN A sequences encoding proteins with enhanced a-helical content through mechanism
intervention in Evo2-7B. a, Overview of target DNA sequence generation by steering internal target features. Mechanist
identifies internal features associated with a-helical content, activates them during DNA sequence generation, predicts local
distance difference test (pLDDT) distributions for the natural and generated sequences, and evaluates their a-helical content.
In the example shown, feature steering increases the predicted a-helical content to 59.1% while maintaining structural quality
with a pLDDT score of 0.79. b, Mean a-helical content across 900 generated sequences. Bars compare unsteered Evo2-7B,
random-feature steering, and targeted a-helix-feature steering across all sequences and across subsets with pLDDT > 0.4 or pLDDT
> 0.5. ¢, Effects of the steering coefficient « on predicted a-helical content (top) and the proportion of sequences containing
a valid open reading frame (ORF; bottom). Increasing o from 0 to 8 enhances a-helical content while largely preserving ORF
validity. Larger coefficients further increase the overall a-helical content but markedly reduce ORF validity, indicating degradation
of sequence-generation capability. We therefore select o = 8, which yields the highest a-helical content among valid sequences.
d, Representative predicted structures generated from two input DNA sequences using steering coefficients of a = 0, 2, 4, and
8. Green regions indicate a-helices; the corresponding a-helical content and pLDDT scores are shown below each structure. e,
Performance comparison between mechanistic design and generate-and-rerank at different beam-search widths. f, Generation
budget required by mechanistic design and generate-and-rerank to reach target thresholds of a-helical content.
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sweep over steering strengths further reveals a boundary between effective control and capability degradation (Fig. 5¢).
Increasing the steering coefficient from o = 0 to a = 8 raises a-helical content by 12.8 percentage points while largely
preserving the proportion of sequences containing a valid open reading frame (ORF). Stronger interventions produce
higher apparent helicity but markedly reduce ORF validity, indicating deterioration of the model’s sequence-generation
capability. Mechanist therefore selects o = 8 as the strongest effective intervention before sequence validity declines.
Representative examples show that increasing the steering strength progressively enriches a-helical regions across different
input sequences (Fig. 5d). For P09980, for example, a-helical content increases from 39.1% to 59.1% while reaching a
pLDDT score of 0.79. Together, these results show that Mechanist transforms interpretable internal representations
into actionable control variables for biological sequence design, replacing indirect generate-and-rerank procedures with
targeted, mechanism-guided generation.

We further compare mechanistic design with the generate-and-rerank paradigm across 100 natural DNA sequence
inputs. At the same beam-search widths, mechanistic design achieves higher a-helical content while maintaining
comparable valid ORF rates (Fig. 5e). Mechanistic design also substantially reduces the generation budget required
to reach the same target quality. Specifically, achieving mean a-helical contents of at least 60%, 70%, 75%, and 80%
requires 7.2, 28.8, 115.2, and 921.6 times the baseline generation budget without steering, but only 3.6, 7.2, 14.4, and
57.6 times with feature steering, respectively (Fig. 5f). The computational advantage of mechanistic design increases as
the target quality becomes more demanding. These results establish mechanistic design as an efficient alternative to
computationally intensive generate-and-rerank. More evaluation details are available in §4.4. Additionally, we provide a
comparison between Mechanist and existing interpretability studies on scientific foundation models in Supplementary
Information section D.

3 Discussion

We introduce Mechanist, a scientific instrument for the autonomous investigation of mechanisms underlying AT models.
To support Mechanist, we design a large-scale knowledge graph of interpretability and a library of 32 foundational
methods of mechanistic analysis. These resources enable Mechanist to formulate high-quality hypotheses, execute
experiments reliably, establish robust causal evidence, and iteratively refine mechanistic explanations. Mechanist can
uncover previously unrecognized risks in models deployed in scientific laboratory settings, reveal how AI models represent
world knowledge, and improve model capabilities across computer science and other scientific domains.

AT for science. Al scientists in scientific research generate hypotheses, design and execute experiments, and solve
domain-specific problems in chemistry, materials science, and biomedicine [16, 57, 58, 59]. These Al scientists solve
specific tasks such as drug and therapeutic target discovery, molecular synthesis, and materials optimization. In this line
of work, Al primarily serves as a tool for investigating external scientific phenomena. By contrast, Mechanist treats Al
models themselves as the objects of study and investigates their mechanisms, behaviours, and risks.

AI for AI. A growing body of work in AT for AT (AT4AT) uses Al systems to automate or optimize the design, training,
and deployment of other AI systems [17, 60]. Much of this work focuses on improving performance on a predefined
objective, such as reasoning accuracy [61, 62, 63|, code generation [64] or agent performance [65, 66, 67]. Mechanist
addresses a different problem. Rather than asking only how to make a model perform better, Mechanist investigates the
mechanisms underlying model behaviour: how models acquire, store, and use knowledge; how latent representations give
rise to observable decisions; and how these processes change under intervention. In this sense, Mechanist complements
capability-oriented AI4AT systems by shifting the focus from optimizing model outputs to explaining the internal processes
that produce them. This distinction is important because improvements in benchmark performance do not necessarily
reveal whether the underlying behaviour is robust, generalizable, or safe.

AT risk and safety. Mechanism investigation may also provide a complementary approach to Al safety. Many risks
arise not from explicit failures in model outputs, but from latent tendencies, hidden channels of behavioural transmission
or context-dependent computations that are difficult to detect using standard benchmarks alone [68]. By identifying
anomalous behaviours, tracing them to internal mechanisms and testing their causal relevance through intervention,
Mechanist can help human researchers distinguish superficial errors from persistent latent risks. This capability may
support earlier detection of unsafe tendencies, more targeted auditing, and more informative mitigation strategies.
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Mechanistic understanding does not by itself guarantee safety, but it can reduce uncertainty about how models behave
and why, thereby helping researchers anticipate risks before they become deeply embedded in deployed systems.

Limitations. Despite our efforts to develop a comprehensive framework, several limitations remain. Mechanist has
not yet been specifically optimized for models designed to simulate or explain human cognition [3, 69]. Mechanistic
investigation of such models is particularly challenging because their internal representations must be related not only
to observable model behaviours, but also to psychological constructs, neural measurements and heterogeneous human
data [3, 70]. Adapting Mechanist to these settings therefore represents an important direction for future work. Another
limitation concerns the degree of autonomy that is appropriate in practice. Although Mechanist can operate as a fully
autonomous system, we recommend its use as a human and Al co-scientist. In this mode, human users define the research
goals and evaluation criteria, while Mechanist autonomously formulates hypotheses, conducts experiments, evaluates the
evidence, and iteratively refines its conclusions. Although human involvement limits end-to-end automation, it provides
an important safeguard for the reliability of the resulting findings.

4 Evaluation

4.1 Evaluation of hypotheses

Quality of hypotheses. We assess hypotheses generated by Mechanist, Claude Code, and Al Scientist across four
domains: knowledge, language, safety, and science. Each domain is divided into subtopics, each specified by a distinct
user request. For every subtopic, all three systems receive the same request and each generates ten hypotheses together
with corresponding experimental plans. For example, a request in the safety domain is: “Improve the safety of LLMs from
a mechanistic interpretability perspective.” To control for differences in the underlying LLMs, all systems use Claude
Opus 4.8 for hypothesis generation. GPT-5.6-sol then scores each hypothesis on three criteria: novelty, impact, and
testability. Specifically, novelty assesses whether the proposed mechanism or prediction is substantively distinct from
existing work and provides new insight into Al behaviour. Impact captures the scientific importance of the question
and the potential value of resolving it for understanding or improving Al systems. Testability evaluates whether the
hypothesis makes a specific, falsifiable prediction that can be examined through a feasible experiment with measurable
outcomes. Domain-level scores (Fig. 2e) are obtained by first averaging over the subtopics within each domain, whereas
criterion-level scores (Fig. 2f) are averaged over all subtopics. Because the domains contain different numbers of subtopics,
the two panels differ slightly. The full evaluation prompt is provided in § Data availability.

Knowledge diversity of hypotheses. Knowledge diversity describes the breadth of scientific ideas covered by a
set of hypotheses [71]. It is important because a system may generate individually strong hypotheses while repeatedly
exploring a narrow region of the scientific landscape. For each of the four domains, each system generates 140 hypotheses
using Claude Opus 4.8 as the underlying language model. We embed each hypothesis with SPECTER2 [72] and quantify
semantic coverage using knowledge diversity (also called knowledge extent) [71]. For a set of n hypothesis embeddings
{h;},, we first compute the centroid:

c:%Zhi. (1)

and define knowledge diversity as the mean Euclidean distance of the hypothesis embeddings from their centroid,
1 n
Dknowledge - E 21Hh1 - C”Qa (2)
1=

Larger values indicate that the hypothesis set spans a broader region of semantic space. We further conduct an
ablation analysis to quantify the contribution of the scientific knowledge graph to hypothesis generation across knowledge
(Fig. 2g), safety, and language domains (Fig. 6). At matched set sizes, removing the scientific knowledge graph reduces
this diversity and causes it to plateau earlier (Fig. 2g), indicating that the graph broadens the range of mechanisms
considered during hypothesis generation.
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Fig. 6: Ablation study of the scientific knowledge graph on the knowledge diversity of generated hypotheses in
the safety and language domains.
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4.2 Reliability evaluation of experiment execution

We compare the reliability of experiment execution across Mechanist and two widely used baselines: Claude Code (Opus
4.8) and AT Scientist [15]. Specifically, we select 16 recent papers as reproduction targets covering 9 topics in mechanistic
interpretability, including belief, emotion, feature description, multi-agent safety, multilinguality, multimodality, reasoning,
safety, and science. To minimise information leakage, all three systems were explicitly prohibited from retrieving the
original papers, related publications that disclose the target experiments, or their associated GitHub repositories. All
systems received only the target claims and used the same backbone LLM, allowing us to evaluate the contributions of
system-level design to independent experimental reproduction rather than differences in underlying model capabilities or
access to existing implementations.

We evaluate each reproduction along four dimensions, each comprising several fine-grained criteria: (1) Data usage:
This dimension assesses whether the training, validation, and test sets remain properly disjoint, and whether the amount
and coverage of the data are sufficient to support the reproduced claims. (2) Ezperimental design: This dimension
assesses whether the chosen mechanistic methods are appropriate for the claims being tested. For causal claims, we
examine whether the system performs genuine interventions rather than relying solely on correlational evidence. We
further evaluate whether the design includes appropriate controls and metrics, whether key experimental choices are
adequately tuned, for example through parameter sweeps, and whether any constructed labels or ground-truth signals
faithfully represent the target behaviour. (3) Ezperimental execution: This dimension assesses whether the system
faithfully uses the specified datasets, models, and computational resources, without silently substituting smaller datasets
or restricting model coverage. It also examines the internal consistency of the execution records and whether the textual
conclusions accurately reflect the reported numerical results. (4) Result analysis: This dimension assesses whether the
findings are supported by statistically rigorous analysis, whether all reported results are traceable to actual experimental
artifacts, and whether the conclusions are free from fabrication. It also evaluates whether the final interpretation is
consistent with the original paper or, when the results differ, whether the discrepancy is explained plausibly. The details
of the evaluation prompt and the titles of 16 reproduced papers are available in §Data availability.

Each reproduction is independently evaluated by three human experts and by two LLM judges, Claude Opus 5
and GPT-5.6-sol. The human panel and both LLM judges place Mechanist ahead of Claude Code and Al Scientist in
reproduction reliability (Fig. 9a), with their agreement reported in Fig. 9b. Under human evaluation, Mechanist achieves
the highest reliability in all four dimensions: 87.2% in data usage, 83.3% in experiment design, 92.2% in experiment
execution, and 86.5% in result analysis. This is approximately 9% to 13% higher than Claude Code and 31% to 38%
higher than AI Scientist. Under LLM evaluation, the gaps are smaller, but Mechanist still ranks first in all four dimensions.
The larger gap under human evaluation suggests that expert reviewers are more sensitive to subtle methodological errors.
The comparison reveals a consistent advantage for Mechanist across nine research topics (Fig. 7) and four evaluation
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Fig. 9: Mechanist is the most reliable system under every judge, and the judges broadly agree on the ranking of
systems. Three human experts, Claude Opus 5, and GPT-5.6-sol independently scored the same 48 system-paper units (16 papers
x 3 systems) with an identical reliability rubric. a, Mean reliability score (%) of each system under each judge. Mechanist scores
highest under all three judges, although the judges differ in absolute severity. Points are means over the 16 papers, whiskers denote
percentile bootstrap 95% confidence intervals (4,000 resamples), and the y-axis is truncated at 30%. b, Paired scores for the three
judge pairs (left, Claude Opus 5 versus GPT-5.6-sol; middle, human versus Claude Opus 5; right, human versus GPT-5.6-sol).
Scores rise together in every pair (Spearman p = 0.78, 0.70, and 0.44 from left to right), indicating that the judges agree on the
relative ordering of reproductions. Agreement is strongest between the two LLM judges and weakest between the human panel and
GPT-5.6-s0l, so absolute scores are not directly comparable across judges. Each point is one system—paper unit colored by system
and the dashed line is a through-origin least-squares fit.

dimensions (Fig. 8). Under human evaluation, Mechanist ranks first in all nine topics, with the largest gains over Claude
Code in multimodal analysis (90.3% versus 65.8%), safety (67.4% versus 48.2%), and multi-agent safety (81.9% versus
67.2%). Generally, AT Scientist ranks lowest across all topics under both judges.

Despite being designed specifically for autonomous scientific research, Al Scientist performs worse than the general
purpose Claude Code. Our analysis attributes this mainly to its sensitivity to heterogeneous execution environments,
including nonstandard dataset layouts, missing dependencies, and model checkpoint paths. Because such failures
consume its fixed exploration budget, many runs terminate with only a minimal executable pipeline rather than a
complete reproduction. Claude Code handles these infrastructure issues more effectively, but Mechanist further benefits
from domain knowledge in mechanistic interpretability. For example, when a steering experiment required Recursive
Feature Machines [73], Mechanist used the specified method, whereas Claude Code substituted Contrastive Activation
Addition [74]. Similarly, Mechanist calibrated intervention strength on held-out data, whereas Claude Code used a fixed
steering coefficient without systematic selection.

4.3 Evaluation metrics for belief

Each instance is evaluated by comparing the model likelihood of a gold completion g = (g1,...,9|y) against a
distractor completion d = (du, ..., d)q) given prompt x. The score of completion c is defined as the sum of token-level
log-probabilities:

[l
so(c|z) = Zlogpg(ct | z,cct), (3)
t=1
where pg(c; | x, c<¢) denotes the model probability of token ¢; given the prompt and previous completion tokens. For
frame T' € {WK, PB, AB} with dataset Dr, accuracy is defined as

Acer = ——
D

Y. Llselgla) > se(d] ). (4)

(z,9,d)€Dr
For intervention evaluation, we measure accuracy change after intervention. Corrected items change from incorrect to

correct, while broken items change from correct to incorrect. For N test items,

AAcc — Ncorrected]\f_ Nbroken ’ (5)
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where Neorrected @nd Nproken denote the numbers of corrected and broken items, respectively. We additionally report
the break rate among initially correct items and Pile perplexity to measure preservation of general language modeling
ability.

4.4 Evaluation metrics for DNA
We evaluate DNA generation along three dimensions: the a-helical content of the encoded proteins, preservation of

valid protein-coding capacity, and the generation budget required to reach a target a-helical content.

a-helix content. For each generated DNA sequence, we first translate it into a protein, predict its structure using
ESMFold [44], and assign a secondary-structure state to each amino acid residue using the Define Secondary Structure of
Proteins (DSSP) [75]. We treat the DSSP states H, G, and I as a-helical. The a-helical content of protein x is defined as

number of a-helical residues

H{(z) (6)

~ total number of protein residues’
The percentages shown in the figure are the mean values of H(z) over all proteins that are successfully folded under each
experimental condition. Error bars in Fig. e denote the standard error of the mean (SEM).

To avoid interpreting low-confidence structural predictions as reliable results, Fig. 5b reports the mean a-helical
content over all sequences and separately over sequences with pLDDT scores of at least 0.4 and 0.5.

Valid-ORF rate. Not every generated DNA sequence encodes a complete protein. We define a sequence as having a
valid open reading frame (ORF) when its translated protein contains at least 30 amino acids and no internal premature
stop codon. The valid-ORF rate is the proportion of all generated sequences in an experimental condition that satisfy
these criteria. We use this metric to determine whether an intervention impairs Evo2’s basic generation capability.
Fig. 5¢c shows the valid-ORF rate across intervention strengths; error bars in Fig. 5e are Wilson 95% confidence intervals
calculated over all 100 sequences.

We select the intervention strength only within the contiguous range in which the valid-ORF rate remains close to
the unsteered baseline. This criterion prevents an intervention from being considered effective merely because a small
number of surviving sequences have high apparent a-helical content after the model’s generation capability deteriorates.

Generation budget. We compare the search computation required to reach the same structural quality with and
without mechanism intervention in Fig. 5e, f. The two conditions use the same 100 DNA prompts, generation parameters,
external scorers, and beam-search procedure. The search width W denotes the number of candidates generated from
each surviving beam at each step. Each search consists of five steps, generates 60 nucleotides per step, and retains the
two highest-scoring beams.

For W > 2, returning one final sequence requires the generation of 540W candidate nucleotides. Using one 300-nt
generation without search as the reference, we define the relative generation budget as

540

Generation budget(W) = 300 = 1.8W. (7)

For example, W = 8 requires the generation of 4,320 candidate nucleotides, corresponding to 14.4 times the baseline
generation budget.

For each quality threshold in Fig. 5f, we identify the smallest measured search width that reaches the threshold
separately for the steered and unsteered conditions; we do not interpolate between search widths. This metric measures
the amount of candidate sequence generation rather than the wall-clock time or total FLOPs of the complete experiment.
The external scorers used during search serve only to select candidates; the final a-helical contents reported in Fig. 5e, f
are evaluated independently using ESMFold and DSSP.

5 Resources

We construct a scientific knowledge graph to facilitate hypothesis generation and curate a collection of mechanism
methods to support subsequent experimental execution.
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5.1 Scientific knowledge graph

Mechanistic discovery requires both detailed evidence within mechanism research and access to concepts that originate
outside this field. We therefore provide Mechanist with two complementary knowledge graphs. We construct a mechanism
knowledge graph from approximately 13,000 studies organized by a mechanistic interpretability taxonomy, and integrate
a cross-disciplinary knowledge graph covering 43 million papers across 26 disciplines [22]. The former supports precise
retrieval of model components, behaviours and analysis methods, whereas the latter broadens the search to potentially
transferable findings from other scientific fields.

5.1.1 Knowledge graph of AI mechanisms

Research on mechanistic interpretability is distributed across preprints, conference papers and research blogs, and
closely related mechanisms are often described using different terminology. General-purpose academic taxonomies do
not resolve the model components, behavioural settings and analysis methods needed to connect this literature at a
mechanistic level. Consequently, lexical search can miss conceptually related studies, whereas unconstrained semantic
search can return evidence that is topically similar but mechanistically uninformative. To address this problem, we
construct a mechanism knowledge graph organized along three domain-specific axes: object of study, application scenario
and mechanistic analysis method.

Data collection and filtering. Following the SciAtlas construction pipeline [22], we use its OpenAlex-based literature
corpus [76] as the primary data source and select papers relevant to mechanistic interpretability. We also collect some
research blogs on the mechanistic interpretability topic that are not indexed by conventional academic databases'’.
We normalize titles and metadata, merge duplicate records, and remove non-English documents or documents with
insufficient textual content. For papers, OpenAlex identifiers are used to preserve links to authors, institutions, venues,
topics, and cited works.

Attribute extraction. We extend the SciAtlas schema [22] with three taxonomies of mechanistic interpretability: object
of study (Fig. 11), application scenario (Fig. 12), and mechanism methods (Fig. 13). Then we use DeepSeek-V3.2-Thinking
[77] to extract the corresponding attributes from each document. It also records explicitly stated findings, limitations,
and future directions when available. We normalize synonymous labels, merge equivalent concepts, and apply relevance
filtering and consistency checks. Attributes that are unsupported or ambiguous are left unspecified rather than inferred.
Graph construction. The extracted attributes are linked to their source documents and to the corresponding authors,
concepts, and citations inherited from SciAtlas. We further compute semantic embeddings for document titles, abstracts,
or available blog text, and extracted attribute labels to support hybrid retrieval. The resulting entities, attributes,
relations, and embeddings form the knowledge graph of Al mechanisms. As shown in Fig. 10, the graph contains
approximately 13,000 papers and research blogs organized along the three domain-specific axes. Unlike a flat document
collection, the graph enables Mechanist to trace connections among methods, model components, tasks, and findings,
and to identify sparsely studied combinations as potential research directions.

Quality control. We assess the quality of the constructed graph through both LLM-based judging and human evaluation.
The LLM judge, Claude Opus 4.7, evaluates document relevance, the grounding of extracted attributes in the source
text, and the consistency of assigned labels with the predefined taxonomies. Three human annotators independently
evaluate 100 randomly sampled records from the knowledge graph of Al mechanisms, yielding an overall accuracy of
90%+. Disagreements and identified errors are used to refine the extraction prompts, normalization rules, and filtering
criteria, after which the affected records are reprocessed. Together with SciAtlas, this resource supports precise retrieval
within mechanistic interpretability while retaining access to broader evidence from other scientific disciplines.

5.1.2 Knowledge graph across disciplines

The mechanism knowledge graph provides depth within mechanistic interpretability, but relevant concepts for
understanding intelligence are distributed across psychology, neuroscience and the natural sciences. We therefore connect
Mechanist to a cross-disciplinary knowledge graph [22], which covers more than 43 million papers across 26 disciplines.
The graph links papers, authors, concepts, institutions and venues through a common schema, providing access to
knowledge from fields including psychology, neuroscience, medicine, chemistry, biology, engineering and computer science.
We adapt this resource for mechanism discovery and integrate it with the newly constructed mechanism knowledge

10The blog corpus is drawn primarily from Anthropic Research (https://www.anthropic.com/research) and Goodfire Research
(https://www.goodfire.com/research).
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Fig. 10: The overview of our knowledge graph of AI mechanisms.

graph. Given a research question, Mechanist retrieves potentially transferable concepts and findings across disciplines
and translates them into candidate hypotheses and executable experiments for Al systems. For example, research on
human belief and theory of mind motivated our distinction among World Knowledge, Personal Belief and Attributed
Belief in LLMs, which subsequently guided the behavioural experiments and causal mechanism analysis in our belief
study (Fig. 4).

The two knowledge graphs provide complementary evidence. The mechanism knowledge graph supports fine-grained
retrieval of AI mechanisms, whereas the cross-disciplinary graph broadens the search to concepts and mechanisms studied
in other fields. Their outputs are integrated through the multi-source retrieval strategy described in § 5.2, enabling
Mechanist to translate cross-disciplinary insights into mechanistically grounded and experimentally testable hypotheses.

5.2 Retrieval strategy

Building on the interpretability and cross-disciplinary knowledge graphs, we design a multi-source retrieval
strategy that provides literature evidence for hypothesis generation, novelty assessment, and experimental design.
Following the neuro-symbolic retrieval framework of SciAtlas [22], our strategy comprises query decomposition, multi-
channel matching, graph-based expansion, and final ranking.

Query decomposition. The system first determines the disciplinary scope of the query and routes it to the inter-
pretability graph, the cross-disciplinary graph, or both. The query is then rewritten using the terminology of each field.
For the interpretability graph, the query is further aligned with five retrieval dimensions: technique, component, task
scenario, ability, and target model. For example, the question “Are language and reasoning abilities separable in large
language models?” is decomposed into an interpretability query on reasoning-circuit discovery and residual-stream
probing, and a cross-disciplinary query on the dissociation between the language network and the multiple-demand
system. For each sub-query, the system also generates a hypothetical abstract in the terminology of the corresponding
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field and uses its embedding as an additional semantic query (HyDE).

Multi-channel matching. The system retrieves candidate studies through three complementary channels. (1) Keyword
matching. Salient terms extracted from each sub-query are used for BM25 retrieval over document titles and abstracts.
These terms are also matched against normalized entity labels and structured attributes in the knowledge graphs,
prioritizing studies that explicitly mention the relevant concepts, methods, model components, or task settings. (2)
Semantic matching. Each sub-query and its hypothetical abstract are encoded separately and matched against dense
representations of document titles and abstracts. The resulting candidate lists are combined to retrieve conceptually
related studies even when they use terminology different from that of the original query. (3) Title matching. When the
query refers to specific studies, the system extracts and normalizes their titles and performs exact and fuzzy matching
against paper nodes in the graphs. High-confidence title matches are retained and assigned an additional ranking weight.
Graph-based retrieval. Papers and concepts identified by the matching channels serve as seed nodes for graph
traversal. The system performs constrained multi-hop expansion over citation links and domain-specific relations,
including connections among papers, methods, model components, tasks, and findings. This step retrieves studies that
may not be directly accessible through lexical or vector matching but receive strong support from the local graph topology.
To limit semantic drift, the expansion depth and number of nodes are bounded, and graph-discovered papers are required
to retain sufficient relevance to the original query.

Ranking. The ranked lists produced by the matching channels are first combined using reciprocal rank fusion (RRF).
The fused candidates are then re-ranked using their initial relevance, graph support, citation impact, publication recency,
and title-match signals. Results from the two knowledge graphs and external search services are finally deduplicated and
merged into a single literature list for downstream use.

5.3 Library of mechanism methods

A challenge in mechanistic research is determining which method to use in a given setting, how to apply it correctly,
and how to adapt the analysis when the selected method fails. To address this challenge, we organize mechanistic
interpretability methods into eleven families (Fig. 13). For each family, we summarize its strengths, limitations, and
suitable application scenarios, enabling Mechanist to select appropriate methods during experiment design and execution.
These families are implemented as modular mechanism skills that provide structured guidance for method selection, use,
and adjustment. The library contains 32 foundational mechanistic analysis methods. Each method is accompanied by
executable code and usage instructions that specify its inputs, parameters, outputs, and evaluation procedure. The
instructions also describe common failure modes and possible adjustments, allowing Mechanist to revise the method,
modify its configuration, or select an alternative when the initial analysis is unsuccessful. Together, these mechanism
skills provide Mechanist with practical support for selecting, implementing, and refining mechanistic experiments.
Vocabulary projection. Vocabulary projection applies the pretrained unembedding matrix to an internal representation
and maps the resulting logits onto the model vocabulary. This family includes projection of residual-stream states using
the Tuned Lens [78], attention-head outputs using LogitLens4dLLMs [79], and neuron value weights following the key—value
memory interpretation of feed-forward networks [80]. These methods require neither additional training nor labeled data
and therefore provide a low-cost readout of information that is linearly accessible from the analysed representation. Their
reliability, however, depends on the alignment between that representation and the model’s output space.

Magnitude analysis. Magnitude analysis ranks components using static or dynamic quantities, including parameter
norms, activation statistics, and distances between layer representations. In our library, the corresponding methods
analyse massive values in static parameters [81], identify behaviour-selective dynamic components such as language-specific
neurons [82], and compare layer-wise representations, as instantiated by TruthX [83]. These methods require no backward
pass or auxiliary training and are therefore suitable for initial screening. Their rankings remain correlational: a large
magnitude does not establish that a component is necessary for the behaviour.

Representation and parameter analysis. Representation analysis encodes a concept as a direction in activation space,
whereas parameter analysis represents a learned behaviour through the difference between fine-tuned and pretrained
parameters. This family comprises representation engineering [84], steering vectors constructed through contrastive
activation addition [74], feature-level steering [85], and parameter-space task vectors [86]. These methods test whether
a direction is sufficient to alter a behaviour and can support training-free steering or controlled weight editing. Such
sufficiency claims still require validation against an appropriate counterfactual or baseline.

Probing. Probing fits an auxiliary, often linear, predictor to decode a labeled property from an internal vector
while keeping the target model frozen. The library supports probes over residual-stream states, including intrinsic

19



Sparse autoencoder

Feature

Attention head output ]
Vocabular :
. . y Neuron value weight )
projection
Residual stream state ]
Patching )
Causal
o a Ablation ]
attribution
Attribution patching )
. Residual stream state ]
Probing —
Sae-feature activation state )
Input/layer-wise states ]
radien :
Grad (? . Intermediate outputs ]
detection
Parameters ]
Static parameters ]
Magnitude 3
. Dynamic components ]
L analysis
Layer-wise representation ]
p Steering features )
Mechanism Representation Steering vectors )
& parameter
method _ analysis Parameter space task vectors |
Representation engineering ]

L Crosscoder
dictionary
learning ICA-Lens
Transcoder
Circuit Attribution-based edge scoring_J
- discovery Intervention-based edge search |

Multimodal- Clip-dissect

specific

_ interpretability Zennit-crp

Eigenvector feature direction

e e e Gradient outer product

) I J UJ

learning Kernel ntk feature regime
Network as filter
Estimator-based SHAP ]
SHAP

A A A

FastSHAP

Fig. 13: Mechanism methods for large language models and multi-modal models.

20



525

526

527

528

529

530

532

533

534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

558

559

560

561

562

563

564

565

566

567

568

569

570

571

representations of hallucinations [87], and probes over SAE (sparse autoencoder) feature activations, including analyses
of feature splitting and absorption [88]. Under a shared protocol, these methods support comparisons across layers and
representation types. Decodability measures recoverability within the probe’s hypothesis class and should therefore be
distinguished from causal importance; probe findings are evaluated with subsequent interventions.

Feature dictionary learning. Feature dictionary learning approximates a dense activation as a sparse weighted
combination of learned dictionary atoms, with each atom intended to capture a more specific and interpretable feature.
This family includes SAEs [89, 55, 56], transcoders [90], crosscoders [91], and ICA (independent component analysis)
lenses [92]. Training a dictionary is relatively expensive, but evaluating the resulting features is inexpensive and supports
feature dashboards, attribution graphs, and feature steering.

Gradient detection. Gradient detection ranks internal objects by the sensitivity of a scalar target to changes in
those objects. The library applies this analysis to inputs and layer-wise states [93], intermediate outputs through
relevance patching [94], and model parameters [95]. Common scores include gradient norms, gradient—input products,
and integrated gradients. A small number of backward passes is sufficient for a first-order screen, but the resulting
rankings can miss effects that are canceled or amplified by later computation.

Causal attribution. Causal attribution intervenes on an object and measures the resulting change in behaviour.
Activation patching [96] replaces an activation with a value obtained from a counterfactual input; ablation [97] removes
or zeros the object; and attribution patching [98] approximates the effect of patching with a first-order expansion. These
interventions test necessity or sufficiency directly, subject to the choice of counterfactual and control. Exact interventions
can be expensive, so candidate sets are often reduced first with magnitude or gradient-based screens.

Circuit discovery. Circuit discovery searches for a small set of edges between attention heads and MLP (multilayer per-
ceptron) blocks whose joint presence reproduces a target behaviour. It can use ACDC (Automatic Circuit Discovery) [99],
which iteratively prunes edges by intervention, or EAP-IG (Edge Attribution Patching with Integrated Gradients) [100],
which assigns gradient-based edge scores; sparse-feature replacement models provide another route. The output is a
structured subgraph rather than an isolated component ranking, and its faithfulness is assessed on held-out inputs and,
where appropriate, across models.

SHAP (Shapley additive explanations). For input features viewed as players in a cooperative game, SHAP assigns
each feature a Shapley value [101]. The value is characterized by the local-accuracy, missingness, and consistency
axioms under the corresponding attribution setup. TreeSHAP [102] provides an exact estimator for tree ensembles,
whereas KernelSHAP uses sampling for arbitrary models and FastSHAP [103] learns an amortized surrogate. These
estimators provide input-level evidence that complements the internal-mechanism families, but their computational cost
and approximation error should be reported with the attribution results.

Neural feature learning. Neural feature learning characterizes the directions emphasized by a trained network using
two related quantities. The NFM (Neural Feature Matrix) is the Gram matrix of a layer’s weights, whereas the EGOP
(expected gradient outer product) averages the outer products of input gradients over the analysis distribution. The
DNFA (Deep Neural Feature Ansatz) concerns the empirical alignment between the directions identified by these two
quantities. This family includes eigenvector-based feature directions and recursive gradient-outer-product estimators [73],
kernel and NTK (neural tangent kernel) feature regimes [104], and convolutional network-as-filter variants [105]. Together,
these methods relate finite-network feature learning to kernel descriptions and infinite-width dynamics.

Multimodal-specific interpretability. This family assigns natural-language descriptions to internal vision units
by comparing activation summaries with text embeddings from a vision—language model such as CLIP (Contrastive
Language-Image Pre-training). CLIP-dissect produces concept-set descriptions of individual units, whereas Zennit-crp
(concept relevance propagation) [106] derives concept-level explanations from relevance propagation. Both approaches
ground component-level attribution results in visual concepts, while remaining dependent on the representation model
and the selected concept vocabulary.

Data availability

All datasets used in this work, the user input for each result, the experimental logs, and all evaluations are publicly
available at https://github.com/mengrusun/Mechanist_data.
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Code availability

The source code of this work is freely available on GitHub at https://github.com/zjunlp/Mechanist.

Models and versions

Claude Opus 4.7 (https://www.anthropic.com/claude-opus—4-7-system—card), Claude Opus 4.8 (https:
//www.anthropic.com/claude-opus-4-8-system-card), Claude Opus 5 (https://www.anthropic.com/
claude-opus—-5-system-card), GPT-40, GPT-4.1 (https://openai.com/index/gpt-4-1/), GPT-5.4 (https:
//openai.com/index/gpt-5-4-thinking-system—-card/), GPT-5.6-s0l (https://deploymentsafety.openai.
com/gpt—5-6/gpt—5-6.pdf) and DeepSeek-V3.2-Thinking (https://arxiv.org/abs/2512.02556) are used
through their public APIs.
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