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The Dead Salmons of AI Interpretability

Anonymous Authors1

Abstract

In a striking neuroscience study, the authors
placed a dead salmon in an MRI scanner and
showed it images of humans in social situations.
Astonishingly, standard analyses of the time re-
ported brain regions predictive of social emotions.
The explanation, of course, was not supernatural
cognition but a cautionary tale about misapplied
statistical inference. In AI interpretability, reports
of similar “dead salmon” artifacts abound: fea-
ture attribution, probing, sparse auto-encoding,
and even causal analyses can produce plausible-
looking explanations for randomly initialized neu-
ral networks. In this work, we examine this phe-
nomenon and argue for a pragmatic statistical–
causal reframing: explanations of computational
systems should be treated as parameters of a
(statistical) model, inferred from computational
traces. This perspective goes beyond simply mea-
suring statistical variability of explanations due to
finite sampling of input data; interpretability meth-
ods become statistical estimators, and findings
should be tested against explicit and meaningful
alternative computational hypotheses, with un-
certainty quantified with respect to the postulated
statistical model. It also highlights important the-
oretical issues, such as the identifiability of com-
mon interpretability queries, which we argue is
critical to understand the field’s susceptibility to
false discoveries, poor generalizability, and high
variance.

1. Introduction
In 2009, researchers placed a dead salmon in an MRI scan-
ner, showed it photographs of humans in social situations,
and ostensibly asked it to judge their emotions (Bennett
et al., 2009). Standard analysis pipelines commonly used at
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Figure 1. Minimal dead salmon artifacts. We extract token
representations from a randomly initialized BERT for 300 IMDb
sentences and average over sequence length. (A) Several principal
components are spuriously correlated with sentiment labels. (B) A
simple probe trained on layer representations achieves nontrivial
cross-validated accuracy.

the time surprisingly returned brain voxels as significantly
predictive of emotional situations. The error arose from a
failure to correct for multiple comparisons within the statis-
tical analysis pipeline. The “dead salmon” demonstration of
false positives contributed to a larger reckoning in the field
of neuroscience. For instance, an influential study showed
that different research groups obtained different results even
when analyzing the same dataset and the same research ques-
tion (Botvinik-Nezer et al., 2020). Subsequent work identi-
fied several sources of statistical fragility. Widely used sta-
tistical procedures embedded in standard analysis pipelines
were shown to inflate false-positive rates (Eklund et al.,
2016), an effect worsened by non-independent analyses pro-
ducing spuriously large brain–behavior correlations (Vul
et al., 2009). Also, early neuroimaging research was con-
strained by small samples and limited data availability (But-
ton et al., 2013; Marek et al., 2022), exacerbating overfit-
ting and spurious associations. Moreover, fMRI had been
criticized for offering predictive explanations, rather than
functional ones, resulting in little clinical relevance (Lyon,
2017). Finally, reverse inference emerged as a central in-
terpretative problem, given that individual neural systems
are not uniquely associated with specific cognitive func-
tions (Poldrack, 2006; Duncan & Owen, 2000).
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The Dead Salmons of AI Interpretability

AI interpretability now faces its own dead salmon issues,
similarly begging for a larger reevaluation of its statistical
foundations. A growing body of work has shown that many
influential methods, including feature attribution (Adebayo
et al., 2018), probing classifiers (Ravichander et al., 2021),
sparse autoencoders (Heap et al., 2025), circuit discoveries
(Méloux et al., 2025), and causal abstractions (Sutter et al.,
2025), can yield plausible-looking explanations even when
applied to random neural networks. In Figure 1, we report
a minimum dead salmon artifact from analyzing activations
of a fully randomized BERT model in a sentiment analysis
task where both correlation analysis and probing find highly
significant explanations. Such striking failure modes are
particularly troubling as modern AI systems are increasingly
deployed in high-stakes domains where AI interpretability
should be essential for transparency, accountability, and
error diagnosis (Mehrabi et al., 2021; Barnes & Hutson,
2024; Ramachandram et al., 2025). Interpretability methods
have the potential surface critical failure modes (Kim &
Canny, 2017; Zech et al., 2018; Caruana et al., 2015; Meng
et al., 2022; Monea et al., 2024; Nguyen et al., 2025) and
offer levers for mitigating bias and systematic errors (Arrieta
et al., 2019; Kristofik, 2025; Lepori et al., 2025).

Yet, despite frequent analogies to mature sciences like neuro-
science (Barrett et al., 2019), biology (Lindsey et al., 2025),
or physics (Allen-Zhu & Li, 2023; Allen-Zhu, 2024) of neu-
ral networks, the practice of AI interpretability remains in
its early foundational stages. Striking dead-salmon artifacts
are accompanied by a general statistical fragility: small
perturbations to inputs (Ghorbani et al., 2019; Kindermans
et al., 2019; Zhang et al., 2025) or changes in random ini-
tialization (Adebayo et al., 2018; Zafar et al., 2021) can
radically change explanations. Explanations often fail to
generalize to new settings and input distributions (Hoelscher-
Obermaier et al., 2023). Also, multiple incompatible expla-
nations can be discovered for the same behavior (Méloux
et al., 2025; Dombrowski et al., 2019). While the dead
salmon study demonstrated a simple statistical oversight
correctable through multiple comparison adjustments, AI
interpretability’s difficulties stem from more fundamental is-
sues. In particular, we argue that, for common interpretabil-
ity queries, computational traces do not uniquely determine
explanations.

Beyond neuroscience and AI, such challenges are not un-
precedented. Psychology and the social sciences faced a
similar reckoning during the replication crisis, when ques-
tionable research practices produced widespread false pos-
itives (Collaboration, 2015; Simmons et al., 2011; Ioan-
nidis, 2005; Schimmack, 2020). These fields responded
with methodological reforms: pre-registration, registered
reports, increased statistical power, and explicit multiple-
comparison corrections (Munafò et al., 2017; Korbmacher
et al., 2023). Likewise, econometrics used causal infer-

ence (Pearl, 2009) to formalize the distinction between cor-
relation and causation, developing identification criteria,
sensitivity analyses, and robustness tests (Imbens & Rubin,
2015; Angrist & Pischke, 2009; Heckman, 2007).

Now, AI interpretability can also begin to build its own
methodological guardrails. As argued before, this requires
both technical innovation and philosophical clarity (Miller,
2019; Williams et al., 2025). This means clarifying our
epistemic goals by answering: what does it mean to “ex-
plain” a neural network? (Lillicrap & Kording, 2019; Lipton,
2018) Mechanistic interpretability embodies a type of sci-
entific realism, aiming to discover the one true explanatory
algorithm (Psillos, 2005; Chakravartty, 2011). However,
there is a significant push-back against the feasibility of this
research project (Rudin, 2019; Páez, 2019; Saphra & Wiegr-
effe, 2024), motivating a shift toward pragmatic approaches
prioritizing the utility of the explanations for specific down-
stream goals (Zou et al., 2025). Here, we align with the
pragmatic stance (Dewey, 1948; Chang, 2004; Potochnik,
2017), where explanations are seen as useful models that
enable prediction, manipulation, and control (Van Fraassen,
1980; Cartwright, 1983).

This work. We analyze failure modes of contemporary AI
interpretability methods, ranging from striking dead-salmon
false positives to broader forms of statistical fragility, in-
cluding poor generalization and high variance. We argue
that these pathologies share a common root cause: the non-
identifiability of many interpretability queries, compounded
by the lack of principled uncertainty quantification, where
non-identifiability manifests as high-variance estimates that
should be reflected in large uncertainty. Diagnosing and
addressing these issues, as well as articulating a coherent
pragmatic research direction for interpretability, requires
reframing AI interpretability as a problem of statistical
(causal) inference. Accordingly, we propose one such sta-
tistical–causal reframing in which explanations are treated
as parameters inferred from computational traces, enabling
uncertainty-aware evaluation against meaningful alternative
computational hypotheses.

2. The Statistical Fragility of AI
Interpretability

Reports documenting the failure modes of interpretability
methods are frequent and highlight a recurring theme: a
general statistical fragility, most strikingly illustrated by
dead salmon artifacts. We provide here a non-exhaustive
overview of such issues.

Feature Attribution. Attribution methods (Simonyan et al.,
2014; Sundararajan et al., 2017) aim to highlight input fea-
tures most relevant to model predictions. However, Adebayo
et al. (2018) demonstrated that saliency maps can remain
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The Dead Salmons of AI Interpretability

visually plausible even after model weights are randomized.
Further, Dombrowski et al. (2019) showed that gradient-
based explanations can be manipulated by adversarial per-
turbations, leaving predictions unchanged, while Ghorbani
et al. (2019) revealed that explanations are unstable under
minor data transformations. From a theoretical standpoint,
Bilodeau et al. (2024) established impossibility results show-
ing that no attribution method can simultaneously satisfy
intuitive desiderata across broad model classes.

Probing. Probing methods train a classifier to predict a
target label from internal activations. Early studies showed
that both linear and structural probes could recover infor-
mation with surprisingly high accuracy from randomized
contextualized embeddings (Conneau et al., 2018; Hewitt
& Manning, 2019), and syntactic probes do not general-
ize (Hall Maudslay & Cotterell, 2021). Later, Ravichander
et al. (2021) demonstrated that probes can extract features
merely encoded (e.g., inherited from embeddings) even if
unused during inference; probing asks whether a concept
is encoded in an activation, not whether it is computation-
ally relevant. Capacity-controlled probes (Voita & Titov,
2020; Zhu & Rudzicz, 2020; Pimentel et al., 2020; Belinkov,
2022) or amnesic probing (Elazar et al., 2021) attempt to
mitigate such false discoveries.

Sparse Autoencoders. Unsupervised concept-discovery
pipelines such as sparse autoencoders (SAEs) (Cunningham
et al., 2023; Yun et al., 2021; Bricken et al., 2023; Tem-
pleton et al., 2024) display analogous pathologies. Heap
et al. (2025) showed that SAEs can recover apparently in-
terpretable components even in randomly initialized trans-
formers. Additional studies show that SAEs often fail to
generalize across settings or tasks (Heindrich et al., 2025;
Kantamneni et al., 2025). Also, Li et al. (2025a) show SAE
are sensitive to adversarial input perturbations.

Concept-Based Explanations. Concept-based methods
(Kim et al., 2018; Bau et al., 2017) aim to identify human-
interpretable concepts that align with model representations
(e.g., concept activation vectors (Kim et al., 2018) or net-
work dissection (Bau et al., 2017)). These methods also
face documented limitations (Sinha & Zhang, 2025; Ay-
sel et al., 2025). Already, Bolukbasi et al. (2021) showed
interpretability illusion arising where activations of individ-
ual neurons in BERT may spuriously appear to encode a
concept. Then, Nicolson et al. (2025) showed that concept
activation scores can produce inconsistent explanations, and
Ramaswamy et al. (2023) show poor generalization and
high sensitivity to the dataset used to infer concepts. Finally,
Piratla et al. (2024) further demonstrated high variance and
recommended incorporating uncertainty estimation.

Causal Approaches. To address issues with prediction-
based explanations, a shift toward causality-based inter-

pretability has emerged through the use of causal mediation
analysis (Pearl, 2012; Elazar et al., 2021; Vig et al., 2020b;
Meng et al., 2022; Finlayson et al., 2021; Syed et al., 2023;
Monea et al., 2024; Mueller et al., 2024). These methods
intervene on intermediate representations to quantify causal
effects of components on model outputs. Yet recent work
documents substantial fragilities and trade-offs (Canby et al.,
2025): Zhang & Nanda (2024) showed that such approaches
are sensitive to experimental design. Then, McGrath et al.
(2023) discovered a “hydra effect,” where ablating compo-
nents identified as causally important fail to change behav-
ior due to redundant causal pathways. This phenomenon,
known as overdetermination, occurs when multiple redun-
dant, independently sufficient causal pathways exist (Schaf-
fer, 2003; Sider, 2003; Dyrkolbotn, 2017). Rather than
isolating simple mechanisms, interventions tend to reveal
overdetermined causal structures.

Mechanistic Interpretability. Causal approaches culmi-
nate in mechanistic interpretability (MI), which aims to
reverse-engineer networks into human-interpretable algo-
rithms (Olah et al., 2020). One family of approaches
(where-then-what) first identifies circuits carrying informa-
tion from inputs to outputs and then interprets their com-
ponents (Dunefsky et al., 2024; Davies & Khakzar, 2024;
Conmy et al., 2023). The second (what-then-where) instead
starts from high-level candidate algorithms and searches for
causally aligned neural subspaces, using causal abstraction
metrics (Geiger et al., 2022a;b; Beckers & Halpern, 2019).
Despite promising demonstrations, both categories have the
typical issues (Sharkey et al., 2025). Subspace patching
can produce interpretability illusions by activating alternate
pathways (Makelov et al., 2023), also a problem of overde-
termination. Circuit explanations often fail to generalize
(Wang et al., 2022; Li et al., 2025b) and are sensitive to mi-
nor experimental choices (Méloux et al., 2025). Exhaustive
studies on toy models reveal multiple incompatible explana-
tions for both strategies, even for random networks (Méloux
et al., 2025). Finally, Sutter et al. (2025) proved that, in
general, existing causal abstraction methods can produce
explanations for random networks.

Natural Language Explanations. Generating natural lan-
guage rationales is also a possible approach (Marasovic
et al., 2022; Wiegreffe et al., 2022). However, Ajwani
et al. (2024) showed that LLM-generated explanations
can be systematically unfaithful, confidently providing
plausible-sounding justifications for predictions made for
entirely different reasons. Moreover, chain-of-thought (self-
)explanations are typically unfaithful to the model’s compu-
tation (Lanham et al., 2023; Arcuschin et al., 2025; Turpin
et al., 2023). Since many plausible stories can rationalize
any behavior post hoc, natural language explanations are
particularly susceptible to confabulation and false positives.
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The Dead Salmons of AI Interpretability

3. The Deeper Statistical Issue
The problems documented in Section 2 point to a broad
statistical fragility. Here, we identify the common structure
underlying these failures: the non-identifiability of inter-
pretability queries.

Behavior-based approaches that study input–output relation-
ships (e.g., feature attributions, behavioral testing) are funda-
mentally limited by underspecification: multiple, distinct
explanations can equally well account for the same input–
output patterns (Jacovi et al., 2021; Rogers et al., 2021;
Hagendorff et al., 2023). Similar observations in cognitive
science motivated the development of brain imaging as a
complement to purely behavioral data, with the goal of mea-
suring neural computation and thereby obtaining objective,
measurable, and more generalizable quantities (Kosslyn,
1999; Logothetis, 2008; Churchland & Sejnowski, 1988).
AI interpretability has followed a related trajectory mov-
ing toward analyzing internal computation (Mueller et al.,
2024). However, predictive approaches based on internal
states (probing, SAEs) inherit standard machine-learning
pathologies such as overfitting and poor generalization (Be-
linkov, 2022). These failure modes are instances of under-
specification: many predictive models can fit the training
data equally well, leaving it unclear which ones posit gener-
alizable causal mechanisms (Teney et al., 2022; D’Amour
et al., 2022).

Causal approaches, introduced in response to the short-
comings of predictive methods, appear at first to provide
the scientific rigor needed for generalizable explanations.
However, AI systems are large, distributed systems with
many interacting components, which gives rise to redundant
and context-dependent causal pathways (Frankle & Carbin,
2019). This creates overdetermination, where multiple
distinct causal mechanisms are each independently suffi-
cient to produce the same behavior (Tononi et al., 1994;
Loosemore, 2012; Sarkar, 2022). Then, finding mechanistic
stories within complex computational systems can become
too easy: many different, incompatible explanations can be
produced for the same phenomenon (Lindsay & Bau, 2023;
Méloux et al., 2025).

Identifiability. These failure modes can be formalized
using the concept of identifiability. Informally, identifia-
bility is the property of a statistical inference task stating
that the parameters (explanatory variables) of a statistical
model can be uniquely recovered from available observa-
tions (Casella & Berger, 2024). Identifiability is typically
a prerequisite for reliable inference in the natural sciences;
without it, inferred explanations remain ambiguous. There-
fore, substantial work in statistics, unsupervised learning,
and causal inference has focused on characterizing identifi-
ability conditions and designing identifiable tasks (Casella

& Berger, 2024; Allman et al., 2009; Locatello et al., 2019;
Khemakhem et al., 2020; Shpitser & Pearl, 2008). For inter-
pretability, both underspecification and overdetermination
produce non-identifiability, explaining most of the statistical
fragilities: (i) Poor generalization: when multiple expla-
nations fit the observed data equally well, their explanatory
claims can diverge arbitrarily on unseen data. Selecting
among these explanations, therefore, depends on arbitrary
inductive biases that are rarely validated. (ii) Sensitivity to
design choices: non-identifiability implies a manifold of
explanations that achieve a good fit. Different algorithmic
choices (datasets, optimization procedures, hyperparame-
ters) traverse this manifold differently, and thus produce
different explanations. (iii) False discovery: when expla-
nations are non-identifiable, the probability of recovering a
spurious explanation that happens to fit the data increases
with the size and complexity of the hypothesis space.

Currently, identifiability is just a conceptual analogy, be-
cause interpretability has not yet been formalized as an
explicit statistical inference task. Making this formal con-
nection and casting interpretability queries as well-specified
statistical estimation problems is a necessary first step to-
ward developing methods whose limitations and assump-
tions can be explicitly characterized.

4. The Statistical–Causal Inference Perspective
A straightforward way to address dead-salmon artifacts
across interpretability methods is to compare findings on
a trained target network against a randomized alternative:
the same architecture with randomized weights analyzed by
the same method. This leads to a principled hypothesis test
against a null hypothesis of randomized computation, an
idea foreshadowed in early work on probing (Conneau et al.,
2018; Hewitt & Manning, 2019; Ravichander et al., 2021)
and circuit discovery (Shi et al., 2024). We formalize such a
test in Appendix A and show that, for probing, it eliminates
some false discoveries and substantially reduces effect sizes
in standard analyses.

While effective, directly correcting dead-salmon artifacts is
a very low bar for interpretability. The goal is to address the
deeper statistical issues that give rise to these failures in the
first place. Nevertheless, hypothesis testing against compu-
tationally meaningful null alternatives naturally motivates a
broader statistical–causal reframing of interpretability. Here,
we sketch one such formalization, viewing interpretability
as a problem of statistical–causal inference. In this view,
explanations are surrogate models constructed to answer
distributions of causal queries about a computational system.
An explanation is useful insofar as it supports prediction and
manipulation, generalizes under intervention, and remains
robust to noise. This perspective aligns with a growing
pragmatist approach to interpretability (Páez, 2019).
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4.1. Background: Statistical–Causal Inference

Statistical inference provides the rigorous framework
through which empirical observations become scientific
knowledge (Cox, 2006; Lehmann & Casella, 1998). We ar-
gue that interpretability, like every empirical science, must
be grounded in these principles. We provide here a brief
overview.

Statistical Models and Identifiability. A statistical
model is a family of probability laws {PV

θ : θ ∈ Θ} on
a sample space V , indexed by parameters θ ∈ Θ. Here, V
denotes observed data. Intuitively, we assume data arises
from some process indexed by unknown parameters θ, and
the goal is to recover θ from observations. Sound inference
requires identifiability: distinct parameters must induce dis-
tinct distributions over observables. Formally, a model is
identifiable if θ ̸= θ′ =⇒ PV

θ ̸= PV
θ′ . Without identifiabil-

ity, hypotheses cannot be distinguished from data, rendering
inference ill-posed.

Estimators and Uncertainty Quantification. Given fi-
nite observations Dn = {v(i)}ni=1, an estimator T produces
an estimate θ̂ := T (Dn) of unknown parameters θ. Its
quality can be assessed through various statistical proper-
ties: (i) Bias: Does it recover the correct parameter on
average? (ii) Variance: How much does the estimate vary
across datasets? (iii) Consistency: Does it converge to the
correct parameter as n → ∞? Beyond point estimates, con-
fidence sets provide uncertainty quantification under finite
sampling.

Causal Inference. Many scientific questions go beyond
prediction, seeking explanations of how variables influence
one another. This requires enriching statistical models with
a causal structure (Pearl, 2009). Let V = {V1, . . . , Vd}
denote endogenous variables, quantities computed within
the system. A directed graph G over nodes V encodes direct
causal relationships: an edge Vi → Vj indicates that Vi

directly causes Vj . A structural causal model (SCM) is the
tuple C = (V,U, f , PU), where:

• U collects exogenous (external) inputs representing
unobserved causes or environmental randomness, PU

is their joint distribution

• f = {f1, . . . , fd} are structural assignments, functions
that deterministically compute each variable from its
causes:

Vi = fi(PAi, Ui), i = 1, . . . , d, (1)

where PAi ⊆ V denotes the parents of Vi in G, and Ui ∈ U
is its exogenous input.

,
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Figure 2. The tuple of a target behavior PU and the computational
system with its internal components form an SCM.

SCMs enable reasoning about interventions and counter-
factuals. A hard intervention do(VI = vI) on a subset
VI ⊆ V replaces the structural assignments for variables in
VI with constants vI , overriding their causal mechanisms.
The intervened model C; do(VI = vI) induces an interven-
tional distribution P

C;do(VI=vI)
V , which captures how the

system behaves under this external manipulation.

A causal query q(C) is any well-defined question about the
SCM, such as “What is the marginal distribution of Vi?” or
“What is the average effect of setting Vi = v on outcome
Vm?” Thus, a causal query is any measurable functional
of the SCM, possibly involving conditioning or interven-
tion. Central to causal inference is query identifiability:
whether q(C) can be uniquely determined from available
observational or interventional data.

4.2. Neural Networks as Structural Causal Models

Returning to modern AI interpretability, we first state a stan-
dard framing of computational systems as SCMs. Let f be
a computational system, typically a neural network, with
internal computational elements V and input distribution
PU. The input distribution PU represents the behavior of
interest that we aim to explain. For instance, PU might rep-
resent arithmetic prompts to a language model, images from
a particular domain, or factual questions about a specific
topic.

The tuple (f, PU) naturally defines an SCM C =
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(G, V, U, f , PU), where:

• Endogenous variables V are the network’s computa-
tional variables (e.g., hidden states, attention patterns,
outputs).

• Exogenous variables U are inputs sampled from PU,
representing the behavior we seek to explain.

• Structural assignments f are the deterministic func-
tions defining the network’s computation (layers, atten-
tion mechanisms, nonlinearities).

• Causal graph G: the network’s computation graph.

The SCM induces a unique observational distribution over
V: sampling corresponds to drawing inputs from PU, ex-
ecuting a forward pass, and recording desired activations.
Also, the SCM encodes interventional and counterfactual
distributions based on external modifications of the inner
computation. This perspective is standard within mecha-
nistic interpretability (Olah et al., 2018; Cammarata et al.,
2020; Geiger et al., 2022b; 2025) and is illustrated in Fig-
ure 2. Then, a causal query is any well-specified quantity
about C := (f, PU), such as “What distribution would the
network produce if we forced activation Vi to value v?” or
“How much does attention head Va causally contribute to
correct factual recall?”

4.3. Explanations as Surrogate Models

In an attempt to provide a general statistical-causal per-
spective on interpretability, we formalize explanations as
surrogate models: simpler computational descriptions de-
signed to answer chosen collections of causal queries about
a target system. This perspective treats interpretability as
a form of model compression, where we seek a simpler
model that faithfully approximates a complex system’s be-
havior for queries we care about. In this perspective, every
interpretability method is characterized by three ingredients:

1. Query space Q with distribution µ: The set of causal
queries to be answered by the explanation. It dictates
what aspects of C should be explained. This encodes
our explanatory goals.

2. Surrogate set E : The class of admissible explanations.
It dictates what forms the explanation can take, e.g., cir-
cuits, sparse subgraphs, linear probes, concept vectors,
causal graphs, . . .

3. Discrepancy measure D: How we measure whether a
surrogate (member of E) correctly answers queries.

This framework is (non-rigorously) illustrated with the ex-
ample of circuit discovery in Figure 3. While standard

…

ℰ Explanation hypothesis

e.g, 
circuits

Causal queries𝜇
𝑞!(ℭ)

𝑞"(ℭ)

e.g, causal invariance queries  

For one query q,
and an explanation  

e.g. for circuit, KL between ablated and full network

Error Measure𝐷 Circuit ablation

D 𝑞,					 = KL(	𝑃!ℭ || 𝑃! 		)

Figure 3. An interpretability task is defined by three elements: E ,
the hypothesis space; µ, the distribution over causal queries about
the SCM (model and behavior); and D, the error measure.

causal inference often concentrates µ on a single causal
query (e.g., average treatment effect), interpretability aims
to answer many diverse queries drawn from a non-trivial dis-
tribution µ. For example, µ might distribute probability over
interventional queries and counterfactual queries across net-
work components, or any functionals of the interventional
and counterfactual distributions.

For instance, we can view each candidate explanation e ∈ E
as defining a query-answering map Se : Q → R, where
Se(q) is the surrogate’s predicted answer to query q, and R
is the space of possible answers for query q (e.g., probability
distributions, scalar effects, or discrete predictions). The
surrogate’s fidelity is measured by the discrepancy function
D : R×R → R+ quantifying the error between the answer
from q(C) and the surrogate’s prediction Se(q). Then, we
can define the population risk of a candidate explanation as
the expected error over queries:

Lµ(e) = Eq∼µ

[
D
(
q(C), Se(q)

)]
. (2)

An ideal explanation e∗ ∈ E minimizes this risk: e∗ ∈
argmine∈E Lµ(e).

Interpretability Task and Identifiability. We call the
triple (µ, E , D) an interpretability task, fully specifying
what we aim to explain (query distribution µ), what expla-
nations are admissible (hypothesis class E), and how we
measure success (discrepancy D). The task is identifiable
if Lµ admits a unique minimizer in E (potentially up to
predefined acceptable symmetries). Identifiability captures
whether the surrogate set can, in principle, be distinguished
using the queries deemed relevant by µ. Without identi-
fiability, multiple incompatible explanations achieve the
same population risk, making inference fundamentally am-
biguous. The analysis of Section 2 indicates that the most
common tasks are not identifiable. Finally, this reframing
highlights that explanations are pragmatic computational
summaries of the structure encoded by C := (f, PU). They
are inferred models useful for specific explanatory purposes.
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Estimation with Finite Data. In practice, we face two
types of finite sampling difficulties. First, we observe only
finitely many queries q1, . . . , qn ∼ µ from the query distri-
bution. Second, for each query qj , we can only collect a
finite amount of computational traces by sampling inputs
U ∼ PU and recording the corresponding activations and
outputs, potentially under interventions. Let Tn denote the
complete dataset of query-trace pairs. An interpretability
method M acts as an estimator, mapping this finite dataset
to an estimated surrogate explanation:

ê := M(Tn). (3)

A natural estimator is given by empirical risk minimiza-
tion: choose ê to minimize the empirical risk L̂µ(e) =
1
n

∑n
j=1 D̂(qj(C), Se(qj)), where D̂ is estimated from fi-

nite traces.

Relevant to this exposition, Senetaire et al. (2023) proposed
a statistical framing for feature attribution. Then, previous
works already explored hypothesis testing and uncertainty
quantification for circuit discovery (Shi et al., 2024; Méloux
et al., 2025).

4.4. Re-Interpreting Documented Issues

The framework does not prescribe which (µ, E , D) re-
searchers should adopt. Rather, it provides a shared lan-
guage for making assumptions explicit and rooted in the
tools of statistical inference. Different research programs
will choose different hypothesis classes or query distribu-
tions; the framework ensures that such choices are trans-
parent and their implications are analyzable. Table 1 in the
appendix illustrates how existing interpretability methods
can be mapped into this formulation, each implicitly mak-
ing assumptions about queries, surrogates, and error metrics.
Under this view, the issues described in Section 2 can be
understood as problems of non-identifiability.

Behavioral Benchmarks. Benchmarks that evaluate
model outputs against a gold standard (averaged success
over input distributions) ask an identifiable question: how
well does the model perform under a specific task distribu-
tion and error metric? This is arguably the simplest form
of interpretability and drove most of the progress in AI. Its
usefulness depends on the construction of the benchmark,
but the inference problem is well-posed.

Concept-Based Approaches. Predictive methods (probes,
SAEs) inherit non-identifiability issues from the underly-
ing underspecification of machine learning tasks (D’Amour
et al., 2022). For example, methods like Concept Activation
Vectors (Kim et al., 2018; Cunningham et al., 2023) pos-
tulate that internal states v are generated by interpretable
concepts z via v = g(z). This is an instance of (causal)

representation learning, which is non-identifiable without
auxiliary information (Locatello et al., 2019; Khemakhem
et al., 2020). It is therefore unsurprising that proposed im-
provements mirror standard remedies for underspecification
in machine learning: regularization in the form of capacity
control for probes (Belinkov, 2022) or cross-validation to
assess generalization (Kantamneni et al., 2025).

Causal Mediation Analysis. Methods like causal media-
tion analysis (Meng et al., 2022; Vig et al., 2020a) estimate
the indirect effect of a component on observed outputs. As
the intervention and model are fully specified, the medi-
ation estimand is unique and identifiable. However, the
explanatory claim that a component with high effect is the
locus of a mechanism is not identifiable, because of the
overdetermined causal structure.

Circuit Discovery and Causal Approaches. Circuit dis-
covery seeks a subgraph G′ ⊂ G that preserves the model’s
performance. This task faces the ”Hydra effect” (McGrath
et al., 2023) and causal overdetermination. If parallel path-
ways A and B are sufficient, circuits containing only A
or only B both satisfy fidelity criteria. Thus, even correct
causal methods may recover many different explanations
consistent with the same behavior (Méloux et al., 2025). Ad-
dressing this requires formulating identifiable causal ques-
tions. Causal abstraction (Beckers & Halpern, 2019; Geiger
et al., 2025) offers a promising direction, as it operates at
a coarser representational level where overdetermination
can be absorbed into the abstracted representations. How-
ever, current operational metrics demonstrate empirical non-
identifiability (Méloux et al., 2025; Sutter et al., 2025).

5. Discussion
The systematic failures documented in Section 2 demanded
an explanation. We have argued that these pathologies share
a common root cause: non-identifiability. Most current
interpretability tasks attempt to infer explanatory structures
that are not uniquely determined by available computational
traces. To trace a path forward, we proposed one formaliza-
tion of interpretability as statistical-causal inference. This
framework is tentative rather than definitive; we encourage
the community to improve upon it. The important aspect
is the methodological commitment to making assumptions
explicit and quantifying uncertainty rigorously.

5.1. Advantages of the Statistical-Causal Perspective

Drawing on the philosophy of science (Chang, 2004; Wood-
ward, 2003; Potochnik, 2017) and recent calls for a prag-
matic approach to interpretability (Davies & Khakzar, 2024;
Williams et al., 2025), the framework naturally distinguishes
the explanandum (what is to be explained, encoded in µ)
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from the explanans (what does the explaining, encoded in
E). Researchers and practitioners have substantial freedom
in choosing both. There is no single “correct” explanation
of a neural network. The appropriate type of description
depends on one’s purposes (Potochnik, 2017). Descriptive
understanding corresponds to queries about observational
distributions; predictive goals involve queries requiring sur-
rogates to generalize to new input distributions; control and
intervention require queries about counterfactual or inter-
ventional distributions.

However, once the explanatory project is specified, i.e., once
(µ, E , D) are fixed, the explanation becomes an objective
inference problem. The best surrogate e∗ ∈ E is the one
minimizing Lµ(e), and is a property of the system itself
and the interpretability task. If the task is identifiable, this
explanation is unique (up to permissible symmetries, e.g.,
rotation invariance in representation space). This recon-
ciles pluralism about explanatory goals with rigor about
explanatory claims.

Perhaps most critically, the statistical framing demands that
interpretability methods report not just point estimates but
confidence sets or posterior distributions over explanations
(in case of Bayesian framing). Just as we would not trust
a clinical trial reporting effect sizes without confidence in-
tervals, we may not trust interpretability claims without
uncertainty quantification. When explanations are non-
identifiable, this uncertainty will be large; when they are
identifiable with finite data, uncertainty shrinks as observa-
tions accumulate.

5.2. Towards Useful and Identifiable Interpretability
Tasks

Identifiability is not an intrinsic property of the model under
study but of the interaction between µ, E , D, the model
fNN , and the behavior of interest PU. We might wonder
what choices to make in order to improve the identifiability
and usefulness of interpretability queries.

Query richness. The queries in the support of µ must be
sufficiently discriminative to distinguish candidate expla-
nations in E . There is a fundamental trade-off between
discriminative power and sample efficiency. If µ spreads
probability mass over a large support, accurately estimating
Lµ may require prohibitive amounts of interventional data.
Conversely, concentrating µ on too few queries risks not
singling out one explanation in E .

Expressivity vs. parsimony in E . Conversely, the hypoth-
esis class must have sufficient capacity to approximate the
queries well (low bias) but not so much flexibility that many
distinct explanations all achieve low error (large equivalence
classes, high variance, non-identifiability). This is akin to
the classical bias-variance tradeoff, pointing toward standard

fixes like regularization of the hypothesis class (Belinkov,
2022).

Human cognitive constraints. Interpretability is meant to
facilitate human understanding. Empirical studies suggest
people can mentally simulate models with only a handful
of interacting components (Lombrozo, 2006; Wilkenfeld,
2013; Keil, 2006; Hassija et al., 2024). Explanations exceed-
ing these structural limits may be technically correct yet fail
to provide insight. Designing E with human simulability in
mind ensures that understanding remains the end goal.

5.3. Opportunities for Future Work

Characterizing identifiability conditions. A system-
atic theoretical program could characterize when specific
(µ, E , D) triplets are identifiable, mirroring similar efforts
in causal inference (Shpitser & Pearl, 2008) and unsuper-
vised learning (Locatello et al., 2019; Khemakhem et al.,
2020). What symmetries and invariances are unavoidable
in representation space, and when is identifiability up to
such equivalences acceptable? Constructing a taxonomy of
identifiable interpretability tasks would provide actionable
guidance for practical scenarios.

Bayesian interpretability and uncertainty quantification.
Bayesian approaches offer an elegant framework for han-
dling non-identifiability and quantifying uncertainty (Gel-
man et al., 2013). Specifically, one could specify a prior
distribution π(e) over the explanation class E , encoding
structural preferences (e.g., sparsity, modularity) or incor-
porating prior information from related studies. Then, the
likelihood model P (Tn | e) describes how computational
traces are generated given explanation e. Finally, the poste-
rior updates via Bayes’ rule: π(e | Tn) ∝ P (Tn | e)π(e),
refines beliefs as observations accumulate. Then, credible
sets can quantify uncertainty. When explanations are non-
identifiable, the posterior remains diffuse across an equiva-
lence class; uncertainty quantification naturally reflects this
fundamental ambiguity. Conversely, as more discrimina-
tive queries are observed, the posterior concentrates. This
further provides a principled framework for active setup:
strategically selecting queries from µ that maximally reduce
posterior uncertainty.

Meta-analysis and cumulative science. Meta-analytic
methods (Borenstein et al., 2021) could coherently aggre-
gate evidence across studies, accounting for heterogeneity in
µ, E , and experimental conditions. Standardized effect size
measures, pre-registration of analyses, and open sharing of
collected computational traces would enable interpretability
to become a cumulative science where knowledge systemat-
ically builds over time. In general, responses proposed by
other fields (Poldrack et al., 2017; Korbmacher et al., 2023)
become available for interpretability.
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Impact Statement
This work aims to improve the scientific rigor and reliabil-
ity of Mechanistic Interpretability (MI). As MI techniques
are increasingly proposed for safety auditing, model align-
ment, and regulatory compliance, it is critical that these
methods produce stable and statistically valid explanations.
Our research highlights the risks of relying on unstable
point-estimates, which can lead to unjustified confidence
in a model’s safety properties or internal mechanisms. By
advocating for statistical robustness and best practices in
circuit discovery, this work contributes to the development
of more trustworthy AI systems and helps ensure that future
interpretability tools provide a solid foundation for policy
and safety decisions.
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and Garnett, R. (eds.), Advances in Neural Information
Processing Systems, volume 32. Curran Associates, Inc.,
2019. URL https://proceedings.neurips.

10

Confidential reviewer copy. This manuscript is under double-blind review by ICML 2026. Unauthorized sharing, redistribution, or disclosure is

strictly prohibited.

https://arxiv.org/abs/2408.15510
https://plato.stanford.edu/archives/sum2017/entries/scientific-realism
https://plato.stanford.edu/archives/sum2017/entries/scientific-realism
https://www.science.org/doi/abs/10.1126/science.aac4716
https://www.science.org/doi/abs/10.1126/science.aac4716
https://proceedings.neurips.cc/paper_files/paper/2023/file/34e1dbe95d34d7ebaf99b9bcaeb5b2be-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/34e1dbe95d34d7ebaf99b9bcaeb5b2be-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/34e1dbe95d34d7ebaf99b9bcaeb5b2be-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/34e1dbe95d34d7ebaf99b9bcaeb5b2be-Paper-Conference.pdf
https://aclanthology.org/P18-1198
https://arxiv.org/abs/2309.08600
https://arxiv.org/abs/2309.08600
https://arxiv.org/abs/2408.05859
https://arxiv.org/abs/2408.05859
https://proceedings.neurips.cc/paper_files/paper/2019/file/bb836c01cdc9120a9c984c525e4b1a4a-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2019/file/bb836c01cdc9120a9c984c525e4b1a4a-Paper.pdf


550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599
600
601
602
603
604

The Dead Salmons of AI Interpretability

cc/paper_files/paper/2019/file/
bb836c01cdc9120a9c984c525e4b1a4a-Paper.
pdf.

Duncan, J. and Owen, A. M. Common regions of the hu-
man frontal lobe recruited by diverse cognitive demands.
Trends in neurosciences, 23(10):475–483, 2000.

Dunefsky, J., Chlenski, P., and Nanda, N. Transcoders find
interpretable llm feature circuits, 2024. URL https:
//arxiv.org/abs/2406.11944.

Dyrkolbotn, S. K. On preemption and overdetermination in
formal theories of causality. Electronic Proceedings in
Theoretical Computer Science, 259:1–15, October 2017.
ISSN 2075-2180. doi: 10.4204/eptcs.259.1. URL http:
//dx.doi.org/10.4204/EPTCS.259.1.

Eklund, A., Nichols, T. E., and Knutsson, H. Cluster failure:
Why fmri inferences for spatial extent have inflated false-
positive rates. Proceedings of the national academy of
sciences, 113(28):7900–7905, 2016.

Elazar, Y., Ravfogel, S., Jacovi, A., and Goldberg, Y. Am-
nesic probing: Behavioral explanation with amnesic
counterfactuals. Transactions of the Association for
Computational Linguistics, 9:160–175, 2021. doi: 10.
1162/tacl a 00359. URL https://aclanthology.
org/2021.tacl-1.10.

Finlayson, M., Mueller, A., Gehrmann, S., Shieber, S.,
Linzen, T., and Belinkov, Y. Causal analysis of syn-
tactic agreement mechanisms in neural language mod-
els. In Proceedings of the 59th Annual Meeting of the
Association for Computational Linguistics and the 11th
International Joint Conference on Natural Language Pro-
cessing (Volume 1: Long Papers), pp. 1828–1843, Online,
August 2021. Association for Computational Linguis-
tics. doi: 10.18653/v1/2021.acl-long.144. URL https:
//aclanthology.org/2021.acl-long.144.

Frankle, J. and Carbin, M. The lottery ticket hy-
pothesis: Finding sparse, trainable neural net-
works. In ICLR. OpenReview.net, 2019. URL
http://dblp.uni-trier.de/db/conf/
iclr/iclr2019.html#FrankleC19.

Geiger, A., Wu, Z., D’Oosterlinck, K., Kreiss, E., Good-
man, N. D., Icard, T., and Potts, C. Faithful, interpretable
model explanations via causal abstraction. Stanford AI
Lab Blog, 2022a. URL https://ai.stanford.
edu/blog/causal-abstraction/.

Geiger, A., Wu, Z., Lu, H., Rozner, J., Kreiss, E., Icard, T.,
Goodman, N., and Potts, C. Inducing causal structure for
interpretable neural networks. In Chaudhuri, K., Jegelka,
S., Song, L., Szepesvari, C., Niu, G., and Sabato, S.

(eds.), Proceedings of the 39th International Conference
on Machine Learning, volume 162 of Proceedings of
Machine Learning Research, pp. 7324–7338. PMLR, 17–
23 Jul 2022b. URL https://proceedings.mlr.
press/v162/geiger22a.html.

Geiger, A., Ibeling, D., Zur, A., Chaudhary, M., Chauhan,
S., Huang, J., Arora, A., Wu, Z., Goodman, N., Potts, C.,
and Icard, T. Causal abstraction: A theoretical foundation
for mechanistic interpretability, 2025. URL https://
arxiv.org/abs/2301.04709.

Gelman, A., Carlin, J. B., Stern, H. S., Dunson, D. B.,
Vehtari, A., and Rubin, D. B. Bayesian Data Analysis.
Chapman & Hall/CRC Texts in Statistical Science Series.
CRC, Boca Raton, Florida, third edition, 2013. ISBN
9781439840955 1439840954. URL https://stat.
columbia.edu/˜gelman/book/.

Ghorbani, A., Abid, A., and Zou, J. Interpretation
of neural networks is fragile. Proceedings of the
AAAI Conference on Artificial Intelligence, 33(01):
3681–3688, Jul. 2019. doi: 10.1609/aaai.v33i01.
33013681. URL https://ojs.aaai.org/index.
php/AAAI/article/view/4252.

Gurnee, W. and Tegmark, M. Language models represent
space and time. In The Twelfth International Conference
on Learning Representations, 2024. URL https://
openreview.net/forum?id=jE8xbmvFin.

Hagendorff, T., Dasgupta, I., Binz, M., Chan, S. C.,
Lampinen, A., Wang, J. X., Akata, Z., and Schulz, E.
Machine psychology. arXiv preprint arXiv:2303.13988,
2023.

Hall Maudslay, R. and Cotterell, R. Do syntactic probes
probe syntax? experiments with jabberwocky prob-
ing. In Proceedings of the 2021 Conference of the
North American Chapter of the Association for Compu-
tational Linguistics: Human Language Technologies, pp.
124–131, Online, June 2021. Association for Computa-
tional Linguistics. doi: 10.18653/v1/2021.naacl-main.
11. URL https://aclanthology.org/2021.
naacl-main.11.

Hassija, V., Chamola, V., Mahapatra, A., Singal, A., Goel,
D., Huang, K., Scardapane, S., Spinelli, I., Mahmud,
M., and Hussain, A. Interpreting black-box models: a
review on explainable artificial intelligence. Cognitive
Computation, 16(1):45–74, 2024.

Heap, T., Lawson, T., Farnik, L., and Aitchison, L. Sparse
autoencoders can interpret randomly initialized transform-
ers, 2025. URL https://arxiv.org/abs/2501.
17727.

11

Confidential reviewer copy. This manuscript is under double-blind review by ICML 2026. Unauthorized sharing, redistribution, or disclosure is

strictly prohibited.

https://proceedings.neurips.cc/paper_files/paper/2019/file/bb836c01cdc9120a9c984c525e4b1a4a-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2019/file/bb836c01cdc9120a9c984c525e4b1a4a-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2019/file/bb836c01cdc9120a9c984c525e4b1a4a-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2019/file/bb836c01cdc9120a9c984c525e4b1a4a-Paper.pdf
https://arxiv.org/abs/2406.11944
https://arxiv.org/abs/2406.11944
http://dx.doi.org/10.4204/EPTCS.259.1
http://dx.doi.org/10.4204/EPTCS.259.1
https://aclanthology.org/2021.tacl-1.10
https://aclanthology.org/2021.tacl-1.10
https://aclanthology.org/2021.acl-long.144
https://aclanthology.org/2021.acl-long.144
http://dblp.uni-trier.de/db/conf/iclr/iclr2019.html#FrankleC19
http://dblp.uni-trier.de/db/conf/iclr/iclr2019.html#FrankleC19
https://ai.stanford.edu/blog/causal-abstraction/
https://ai.stanford.edu/blog/causal-abstraction/
https://proceedings.mlr.press/v162/geiger22a.html
https://proceedings.mlr.press/v162/geiger22a.html
https://arxiv.org/abs/2301.04709
https://arxiv.org/abs/2301.04709
https://stat.columbia.edu/~gelman/book/
https://stat.columbia.edu/~gelman/book/
https://ojs.aaai.org/index.php/AAAI/article/view/4252
https://ojs.aaai.org/index.php/AAAI/article/view/4252
https://openreview.net/forum?id=jE8xbmvFin
https://openreview.net/forum?id=jE8xbmvFin
https://aclanthology.org/2021.naacl-main.11
https://aclanthology.org/2021.naacl-main.11
https://arxiv.org/abs/2501.17727
https://arxiv.org/abs/2501.17727


605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647
648
649
650
651
652
653
654
655
656
657
658
659

The Dead Salmons of AI Interpretability

Heckman, J. J. The economics, technology, and neuro-
science of human capability formation. Proceedings of
the national Academy of Sciences, 104(33):13250–13255,
2007.

Heindrich, L., Torr, P., Barez, F., and Thost, V. Do sparse
autoencoders generalize? a case study of answerabil-
ity, 2025. URL https://arxiv.org/abs/2502.
19964.

Hewitt, J. and Manning, C. D. A structural probe for
finding syntax in word representations. In Proceed-
ings of the 2019 Conference of the North American
Chapter of the Association for Computational Linguis-
tics: Human Language Technologies, Volume 1 (Long
and Short Papers), pp. 4129–4138, Minneapolis, Min-
nesota, June 2019. Association for Computational Lin-
guistics. doi: 10.18653/v1/N19-1419. URL https:
//aclanthology.org/N19-1419.

Hoelscher-Obermaier, J., Persson, J., Kran, E., Konstas, I.,
and Barez, F. Detecting edit failures in large language
models: An improved specificity benchmark, 2023. URL
https://arxiv.org/abs/2305.17553.

Imbens, G. W. and Rubin, D. B. Causal inference in statis-
tics, social, and biomedical sciences. Cambridge univer-
sity press, 2015.

Ioannidis, J. P. Why most published research findings are
false. PLoS medicine, 2(8):e124, 2005.

Jacovi, A., Swayamdipta, S., Ravfogel, S., Elazar, Y., Choi,
Y., and Goldberg, Y. Contrastive explanations for model
interpretability. arXiv preprint arXiv:2103.01378, 2021.

Kantamneni, S., Engels, J., Rajamanoharan, S., Tegmark,
M., and Nanda, N. Are sparse autoencoders useful? a
case study in sparse probing, 2025. URL https://
arxiv.org/abs/2502.16681.

Keil, F. C. Explanation and understanding. Annual Reviews
of Psychology, 57(1):227–254, 2006.

Khemakhem, I., Kingma, D. P., Monti, R. P., and Hyvärinen,
A. Variational autoencoders and nonlinear ica: A unifying
framework. In Proceedings of the 23rd International Con-
ference on Artificial Intelligence and Statistics (AISTATS),
volume 108, pp. 2207–2217. PMLR, 2020.

Kim, B., Wattenberg, M., Gilmer, J., Cai, C., Wexler, J.,
Viegas, F., et al. Interpretability beyond feature attribu-
tion: Quantitative testing with concept activation vectors
(tcav). In International conference on machine learning,
pp. 2668–2677. PMLR, 2018.

Kim, J. and Canny, J. Interpretable learning for self-driving
cars by visualizing causal attention. In Proceedings of

the IEEE international conference on computer vision,
pp. 2942–2950, 2017.

Kindermans, P.-J., Hooker, S., Adebayo, J., Alber,
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Matthews, P. M., Munafò, M. R., Nichols, T. E., Poline,
J.-B., Vul, E., and Yarkoni, T. Scanning the horizon:
towards transparent and reproducible neuroimaging re-
search. Nature reviews neuroscience, 18(2):115–126,
2017.

Potochnik, A. Idealization and the aims of science. In Ide-
alization and the Aims of Science. University of Chicago
Press, 2017.

Psillos, S. Scientific realism: How science tracks truth.
Routledge, 2005.
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A. Fixing Dead Salmons with Hypothesis
Testing

Consider an interpretability method M that aims to explain
a neural network f for some input behavior PU, we note C
the tuple (f, PU) as done in the main paper. The method
produces an explanation ê from finite observations from
C, possibly under interventions. This tentative explanation
could take the form of a circuit, a set of important features,
concept activation vectors, or any other hypothesis class. We
might wonder how to prevent dead salmon artifacts from
arising with the interpretability method M?

A simple, direct, and natural solution is to frame this ques-
tion as a hypothesis test against a null hypothesis where
the observed explanation arises from random computation.
Already, for probing, Ravichander et al. (2021) discusses the
possibility of comparing the probe against a probe trained
on random embeddings. The general idea is to construct
a family of null models represented by a distribution PC̃,
which preserves the network’s architectural properties while
disrupting the specific computational mechanisms we aim
to explain. Such null models can be obtained, for example,
via full weight randomization, random orthogonal transfor-
mations of representations, or label shuffling (recovering
the standard permutation test).

For a given interpretability method, we define a test statistic
T (ê,C) that quantifies explanatory fit for the interpretability
task at hand. For example, for probing methods, T could
be test accuracy; for circuit discovery, T could measure
behavioral fidelity; for attribution methods, T could quan-
tify the correlation between attribution scores and actual
intervention effects.

Applying the intepretability method M to one null model
C̃(b) from the randomized family yields explanations
ẽ(b) = M(C̃(b)) and corresponding null statistics T

(b)
null =

T (ẽ(b), C̃(b)). Then, following standard procedure, the
Monte Carlo estimated p-value is:

p̂ =
1 +

∑B
b=1 I{T

(b)
null ≥ Tobs}

B + 1
, (4)

where Tobs = T (ê,C). The addition of 1 to both the
numerator and denominator ensures Type I error control:
Pr(p̂ ≤ α | H0) ≤ α, where H0 is the null hypothe-
sis (North et al., 2002; Phipson & Smyth, 2010). By design,
when the randomization includes full weight reinitialization,
no dead salmon artifacts can remain.

A.1. Experiments

To illustrate the hypothesis test, we experiment with three
probing tasks.

Sentiment Analysis (IMDb). We reuse the IMDB sen-

timent classification setup from Figure 1. For each layer
of BERT-base-uncased, we extract the average sen-
tence embedding and train a linear probe to predict binary
sentiment. We also train probes on k=20 random reinitial-
izations of the model, and evaluate statistical significance
using the hypothesis test described above. All probes are
trained and evaluated on 1000 sentences with 10-fold cross-
validation. Figure 4(A) reports (i) the average probe accu-
racy at each layer for the pretrained model, the randomized
models, and a random guessing baseline, and (ii) the cor-
responding effect sizes relative to random guessing and to
randomized models. While all pretrained layers outperform
random guessing with large effect sizes, none are statisti-
cally distinguishable from the random reinitializations under
the new test. Later layers, however, show a clear upward
trend in effect size relative to randomized models.

Syntactic Structure (POS Tagging). We next as-
sess token-level syntactic information using POS-tagging
probes (Tenney et al., 2019). For each layer of
BERT-base-uncased, we extract contextual token em-
beddings and train logistic regression probes on a subset of
CoNLL-2003, one probe per layer that should work for all
tokens and all POS tags. As above, we also train probes on
k=20 random reinitializations and apply the same statistical
test. Probes are evaluated with 10-fold cross-validation on
500 sentences. Figure 4(B) reports the layer-wise probe
accuracy and effect sizes relative to a majority baseline and
to randomized models. Consistent with prior work, POS
accuracy peaks in middle layers (Tenney et al., 2019). How-
ever, when tested against randomized models rather than
random guessing, only the middle layers remain statistically
above chance, and the effect sizes are substantially reduced.
This shows that testing against random computations elimi-
nates many positive findings while still allowing for genuine
positive discoveries where structure is robust.

World Models (Space and Time). Finally, we investigate
the emergence of linear representations of space using the
“world places” dataset from (Gurnee & Tegmark, 2024). Us-
ing pythia-160m, we extract average residual stream ac-
tivations on each token of place names and train linear ridge
regression probes to predict their geospatial coordinates (lat-
itude and longitude). We compare the pretrained model
against k = 20 baselines where transformer block weights
are randomized while embeddings remain fixed. Probes
are evaluated using R2 scores with 10-fold cross-validation.
Figure 4(C) reveals that raw embeddings (Layer 0) contain
latent spatial structure (R2 ≈ 0.12), significantly outper-
forming random guessing (Z ≈ 100). Passing these em-
beddings through randomized transformer blocks decreases
linear readout (R2 ≈ 0.38). In contrast, the pretrained
model’s layers slightly improve this spatial linearity relative
to the random baseline, suggesting that deeper layers pro-
gressively construct a more coherent spatial representation.

17

Confidential reviewer copy. This manuscript is under double-blind review by ICML 2026. Unauthorized sharing, redistribution, or disclosure is

strictly prohibited.



935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971
972
973
974
975
976
977
978
979
980
981
982
983
984
985
986
987
988
989

The Dead Salmons of AI Interpretability

World Models(C)Sentiment Analysis(A) Syntax (POS-tags)(B)

Figure 4. (A) Sentiment analysis experiment where probes on pretrained BERT are compared against probes trained on random
computation. (B) Same experiment based on predicting syntactic labels (POS tags). (C) Reproducing the first experiment of Table 2 in
(Gurnee & Tegmark, 2024), probing for indications of world models on pythia-160m.

By the final layers, the learned structure statistically sur-
passes the random baseline (Z ≈ 25), confirming that the
model eventually learns to encode space explicitly beyond
the geometry inherent in the embeddings.
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Method Hypothesis space E (surrogate
model)

Typical causal query q(C) and er-
ror criterion D

Performance bench-
marking

Single scalar summarizing predictive
performance (e.g., accuracy, calibra-
tion, perplexity).

Observational query: output score
distribution under PU. Error: differ-
ence in expected performance met-
rics, e.g., |E[f(U)]− E[f̂(U)]|.

Probing (linear / diag-
nostic classifiers)

Linear or shallow classifiers mapping
internal activations to target variables
(e.g., part-of-speech tags).

Observational query: conditional dis-
tribution P (Y | activations). Error:
classification loss.

Feature attributions
(saliency, SHAP, Inte-
grated Gradients)

Input-level additive surrogates as-
signing contribution scores so that
f(x) is approximated by

∑
i ei(x)xi

relative to a baseline.

Counterfactual queries: local (addi-
tive) approximation of model behav-
ior around inputs x. Error: fidelity
loss between model predictions and
surrogate reconstruction

Concept-based meth-
ods (e.g., TCAV, ACE,
concept bottleneck
models)

Surrogates mapping internal activa-
tions to interpretable concept vari-
ables and modeling f ’s dependence
on them.

Interventional queries: model sen-
sitivity or dependence on inter-
pretable concept activations within
latent space. Error: deviation
between surrogate-predicted and
model-predicted sensitivities (e.g.,
directional derivative mismatch).

Circuit discovery Subgraphs of the computational
graph representing causal mecha-
nisms.

Interventional queries: outputs dis-
tribution under targeted ablations en-
coded by the circuit. Error: con-
sistency in output distribution, e.g.,
KL

(
PC(Y | U) ∥Pcircuit(Y | U)

)
Causal tracing (patch-
ing, mediation analy-
sis)

Scalar importance scores over units
or connections inferred from inter-
vention or mediation effects.

Counterfactual mediation queries:
total, direct, or indirect effect of node
Vi on target Y . Error: difference
between predicted and empirical ef-
fects.

Causal abstraction
/ model-level align-
ment

High-level structural causal model
with mappings from low-level net-
work variables V to abstract vari-
ables Z.

Interventional invariance queries:
the actions of abstracting from V to
Z and intervening should commute.
Error: causal abstraction error, mea-
suring causal alignment as violation
of commutative properties of abstrac-
tion and intervention.

Table 1. Interpretability methods as instances of the statistical–causal framework of surrogate models. Each method specifies a hypothesis
class E , causal query family q(C), and associated error measure D quantifying how faithfully the surrogate answers the queries.
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