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Abstract

Current machine learning models are evalu-
ated through behavioral snapshots, with bench-
mark accuracies, win rates and outcome-based
metrics. Model explanations and evaluations,
however, are fundamentally intertwined: under-
standing why a model produces a behavior can
be as important as measuring what it produces.
If we trusted interpretability, we argue that it
can serve not merely as diagnostics but as a
richer and more principled form of model eval-
uation beyond surface-level performance met-
rics. We explore three ways interpretability can
function evaluatively: (1) fixing problems by
identifying the root causes of unwanted behav-
ior, (2) detecting subtly faulty mechanisms that
invalidate model outputs, and (3) predicting po-
tential issues before they arise by fully under-
standing the model’s weaknesses. To fulfill its
evaluative potential, we argue that interpretabil-
ity methods must generate claims that are fal-
sifiable, reproducible, and predictive—that is,
interpretability must meet scientific standards.

1 Introduction

Current machine learning models are evaluated on
their outputs. Typically, they are behaviorally as-
sessed by performances on held-out data, win rates
on benchmarks—some aggregate of these task
metric scores. While these forms of evaluations
capture immediate summary of behavior in a few
numbers, they only capture surface competence.
Two models may achieve identical behavior while
relying on radically different internal mechanisms
for example: one grounded in sound reasoning and
computation and therefore structurally robust, the
other brittle, heuristic driven.

This position paper argues that interpretability
has the potential to expand current model assess-
ment beyond surface-level behavioral evaluation
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to mechanism-level scrutiny. This is not to suggest
that benchmarks are uninformative; rather, inter-
pretability can deepen and extend them. However,
for interpretability to serve this evaluative role,
it must meet scientific standards. Interpretability
claims must be falsifiable, reproducible, and pre-
dictive. Without these properties, interpretability
remains descriptive rather than evaluative.

If interpretability satisfies these standards, it can
transform evaluation from a retrospective summary
of behavior into a dynamic, mechanism-sensitive
process. By making internal structures accessible,
interpretability enables: (1) causal diagnosis and
repair of known failures, (2) detection of faulty
reasoning even when outputs appear correct, and
(3) anticipation of failures before they manifest
behaviorally. More specifically:

1. Falsifiability enables debugging. In this sce-
nario, we identified undesirable model be-
havior using well-defined evaluation criterion,
and we want to use interpretability to debug
and fix it. Falsifiability, defined as the quality
of a claim being structured so it can in prin-
ciple be proven wrong through targeted tests
or interventions, is essential here. If we can
make falsifiable, causal interpretability claims,
we can reliably use model-based approach to
correct unwanted associations at an architec-
tural level, thereby addressing the root cause
of the problem. Static benchmarks may reveal
when models fail and sometimes characterize
the nature of those failures, but they do not
explain why the failure occurs or how to fix it.
Interpretability may offer a pathway for more
principled debugging.

2. Reproducibility ensures detection of faulty
mechanisms. In this scenario, the evaluative
criterion is unknown or poorly defined, so we
use interpretability to identify the reasoning
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or associations behind a model decision. In-
terpretability here functions as a mechanism-
level evaluation, because it can assess inter-
nal reasoning rather than just output, which
can detect when a model produces a plausi-
ble output while relying on spurious corre-
lation or heuristic shortcuts—that is, if our
interpretability methods met the standards of
robustness, reliability, and reproducibility. To
serve this role as a scientific tool, interpretabil-
ity methods must be reproducible and reliable,
consistently identifying the same mechanisms
across runs and remaining robust to perturba-
tions; otherwise, apparent findings may reflect
noise rather than genuine faulty reasoning.

3. Predicting future failures. In this scenario,
we don’t have a specific pre-set evaluative
criterion or particular decision we wish to ex-
amine. Instead, we aim to predict potential
problematic behavior or criteria that the model
might struggle with in general. By applying
the framework of scientific prediction as test-
ing of our understanding, we generate inter-
pretability claims that are predictive. By ana-
lyzing the model’s internal behavior on a natu-
ral or in-distribution input set, interpretability
techniques can help generate challenge sets or
anticipate which types of inputs might cause
issues. Practically, this can be seen as a way
to stress-test the model before it is released to
the public, allowing further refinement.

Taken together, interpretability can be reframed
not merely as an exploratory add-on, but as a sci-
entifically grounded and reliable explanation of
behavior: an evaluation in its own right. Current
evaluations are largely a retrospective summary
of behaviors, but interpretability has the potential
to transform evaluations into a forward-looking,
mechanism sensitive discipline. When held to rig-
orous standards, interpretability can be evaluation.

2 Falsifiability enables debugging

One direct application of interpretability is to de-
bug a model by identifying the internal origins of a
model’s problematic output and correcting them by
direct modification or retraining. Unlike evaluation,
interpretability can not only characterize the prob-
lematic behavior, but also may expose the internal
failures underlying a particular behavior. However,
for the interpretability claims to be testable and

therefore reliably correctable, they must be falsifi-
able (Popper, 2005; Leavitt and Morcos, 2020)—
that is, they can in principle be counterfactually
disprovable.

Leavitt and Morcos critique a tendency in
parts of the interpretability literature to prioritize
intuition-building over the formulation of falsifi-
able hypotheses. In particular, they argue that at-
tention heatmaps, component visualizations, and
similar input-based explanations often function as
descriptive aids rather than as testable claims about
a model’s internal mechanisms. Such approaches
may help researchers build intuitions about how
models behave, but they do not necessarily gener-
ate hypotheses that can be rigorously confirmed or
disconfirmed. More broadly, they caution against
explanatory claims that merely redescribe behavior
without exposing themselves to potential refutation.
In this respect, causal and mechanistic interpretabil-
ity approaches appear to better meet Leavitt and
Morcos’s standard of hypotheses strength, as they
more frequently articulate hypotheses that range
from weakly to moderately falsifiable.

Current causal interpretations, however, face
structural limitations that undermine this falsifi-
able debugging ideal. Many proposed features are
non-specific: intervening on them affects multi-
ple behaviors rather than isolating a single target
function, leaving their representational role unclear.
They are often inconsistent: the same interven-
tion does not reliably produce the same behavioral
shift across similar inputs. And they are subject
to underdetermination: multiple distinct features
can appear to influence the same behavior, with no
principled way to identify which, if any, constitutes
the true causal mechanism. When these conditions
obtain, the debugging analogy collapses—the “fea-
ture” no longer behaves like a stable component but
like a correlated direction in a high-dimensional
space. A genuinely falsifiable debugging claim
would require a stable causal unit, predictable in-
tervention effects, and clear criteria for success or
failure. Many current mechanistic interpretations
fall short of these standards.

In this section, we first consider cases where
interpretability methods do succeed in identifying
meaningful, actionable features (§2.1). We then
turn to cases where interpretability, particularly
causal methods, breaks down (§2.2), and examine
the specific modes of failure in those settings.
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2.1 Sometimes interpretation can fix problems

Interpretability, at its best, helps identify the root
cause of model misbehavior by illuminating how
predictions are made. For example, explanations
produced by concept bottleneck methods learn
concepts specified by domain experts; these
concepts are then used to constrain the model
outputs, preventing errors at test time (Koh et al.,
2020; Losch et al., 2019). Concept bottleneck
interpreters are developed through supervised
training on explicit concept labels provided by
domain experts. These highlighted concepts
outputted demonstrate what a model uses to arrive
at a certain output. To fix the incorrect model
output, we can directly intervene on weights of
the model corresponding to found explanations.
Concept bottleneck methods have shown promise
in medical imaging; Koh et al. (2020) reported
significantly improved performance in modeling
knee osteoarthritis from X-rays after domain
experts edited the model’s predictions. However,
this test-time debugging approach relies on experts’
curated concepts, which are not easily transferable
across tasks or, in some cases, even datasets
(Hayashi and Sawada, 2023; Shin et al., 2023).

Another recent example is Sieve (Karvonen et al.,
2024a), a code-specific suite of SAEs trained on
public coding datasets. By promoting LM activa-
tion features related to regular expressions, Sieve
improved performance on examples that required
regular expressions. As in this scenario, inter-
pretability at its best can enable direct debugging
through interventions that have an explainable ef-
fect on model behavior.

2.2 Interpretation often can’t fix problems

In mechanistic interpretability, an interpretability
method is seen as faithful if it highlights features
causally linked to an understood model behavior in
output, as verified by interventions on model com-
ponents or modifications to input data distributions
(Saphra and Wiegreffe, 2024; Mueller et al., 2024).
While these methods have shown promise, causal
interpretations often fail to be falsifiable. They are
underdetermined and inconsistent—often breaking
down under distributional shifts, where the as-
sumptions underpinning these causal relationships
no longer hold. In this section, we examine one
widely used mechanistic interpretation: causal
interventions using features found with SAEs
through steering. We then examine evidence

of the brittleness of SAE feature interpretations.
Such interventions cannot be reliably used in their
current form for debugging.

Sparse Autoencoders Sparse autoencoders
(SAEs) are a popular method used to interpret
learned concepts in models. An SAE functions as
a regular autoencoder with additional constraints
that encourage the intermediate dimension to have
sparse activations (Ng, 2011). In practice, an SAE
takes in an activation vector from a language model
of size N , and sparsely reconstructs the original
input activation in the hidden layer of size M > N .
Recently, SAEs have been employed to analyze the
activations of large language models by treating the
hidden layer as a dictionary of concepts after train-
ing (Cunningham et al., 2023; Gao et al., 2024).

Because SAEs allow us to examine a dictionary
of concepts learned by a model, we may potentially
use this dictionary to examine how learned con-
cepts interact. For example, we could see if the
features for gender and profession tend to co-occur
in certain ways, when debugging and correcting
for gender bias. However, for these associations to
be useful in debugging models, they must remain
stable across contexts and distributions.

Limitations of SAEs SAEs can suggest causal
interventions through steering, or modifying a
model’s behavior by adjusting its activations in
directions mapped to particular concepts. In prac-
tice, however, the effectiveness of steering can vary
widely across different inputs, with the interven-
tion failing or causing unintended consequences
on specific examples (Tan et al., 2025). It may be
possible to improve on naive steering, for instance
by trying to minimize the effects on other latent fea-
tures when finding a steering vector as in (Chalnev
et al., 2024), but this does not fundamentally solve
the problem of inconsistent feature interpretations
in different contexts.

Although there is some evidence that SAEs
trained on different models may share some com-
mon concepts and patterns of feature organization
(Lan et al., 2024; Li et al., 2024), at a more granu-
lar level the concepts recovered from SAEs depend
on what data the SAE was trained on (Paulo and
Belrose, 2025). An SAE is trained on activations
from a layer of the target model being interpreted.
But what inputs is the target model generating its
activations from? Model behavior and activations
may vary under different data distributions, and
therefore SAE concepts found in one domain may
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not apply to others.
In one instance (Kissane et al., 2024), when train-

ing SAEs on the same model, a guardrail “refusal”
feature (Arditi et al., 2024) identified by activations
from chat-formatted data failed to generalize when
the target model was provided with webtext input
instead. For example, suppose we trained an SAE
on model activations using input data in which pro-
fession and gender were strongly correlated. If
our analysis revealed a feature that linked gender
and profession, we could apply an intervention to
mitigate this bias. However, interventions based
on this feature might fail because the same feature
might have different functions, and the appropri-
ate feature set may even differ, when the model is
handling contexts where the presumed correlation
between gender and profession no longer holds.

3 Reproducibility ensures detecting of
faulty mechanisms

We have now described how to analyze an output
error in evaluation. What about cases where there
is no observable error? Sometimes the model gen-
erates a seemingly plausible output, but relies on
flawed internal mechanisms to produce that result.
For example, we might need to address concerns
of biased judgments on ambiguous inputs; deter-
mine whether a learned algorithm might fail on
edge cases; or comply with regulations that ban
incorporating protected characteristics for certain
decisions. These concerns might not be apparent
on individual outputs, prohibiting common metrics
like accuracy, but they can affect behavior patterns
across a distribution. We argue that reproducible
interpretability can aid with this ambiguity in eval-
uation, where perhaps the evaluative objective has
not been clarified or is ambiguous by nature.

An example: gender bias in machine translation
Let’s consider an example where a model which
translates Spanish to English: The doctor lost a
stethoscope as El doctor perdió un estetoscopio.
The English sentence does not provide any hints
as to the gender of the doctor, so the model pro-
duces a valid translation which assumes the doctor
is male. Because gender marking is mandatory in
Spanish, the model has to assume some gender on
the part of the doctor, and is perhaps relying on
the linguistic default of masculine. However, the
gender may have been assumed on the basis of the
doctor’s profession from the training data distribu-
tion, provoking concerns of model bias. Did the

model choose el based on the profession of doc-
tor? Perhaps we can answer this question using
interpretability tools.

We hope to use interpretability to assess the fol-
lowing bias claim: “this model chose a masculine
token because it referred to a doctor.” We would
find that our interpretations are only useful for this
claim if they are robust and reliable even when shift-
ing away from the training data distribution.For
simplicity, let’s assume a toy training data where
all male referents are doctors and all doctors are
male. Say we base the explanation on a specific
neuron causally related to the masculine output
token el; this neuron’s activation determines the
output token to be masculine. To define the expla-
nation distance, then, a pair of inputs have similar
explanations if they feature similar activation for
this particular neuron.

We seek to explain this neuron through a partic-
ular semantic relation between input (profession)
and output (gender), such that the explanation dis-
tance is proportional to the semantic distance be-
tween two input and output pairs. To claim that
the output gender depends on the referent being a
doctor (and the model is therefore biased), we need
this neuron to activate if and only if the referent
is a doctor. Suppose that for every example simi-
lar to our toy training distribution, this condition
holds—the activation is similar when the semantic
relation between the profession and the referent
is doctor-male. However, we may also find that
the neuron also activates when the relation instead
simply identifies the referent’s gender as male (i.e.
“the doctor is the man.” translates to “El doctor
es el hombre.”). As a result, we can interpret the
neuron as identifying a doctor referent or a male
referent. The neuron’s interpretation is underdeter-
mined in the train set because the concepts “doctor”
and “male” happen to be equivalent. If we choose
the former interpretation, the model appears to be
deciding gender based on profession—a potentially
undesirable bias. However, if we choose the lat-
ter interpretation, the neuron is directly expressing
the gender of the referent—so its role in selecting
output gender does not imply bias.

In choosing a useful interpretation, we must aim
for reproducibility: the interpretation should still
hold for inputs out-of-distribution as well as for
examples similar to the training distribution. If the
robust, reliable, and therefore, reproducible inter-
pretation defines the relation as referent profession
rather than referent gender, we can use this neu-
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ron to detect biased behavior on a single example.
Without reproducible interpretations, bias can only
be measured—if at all—by studying the model’s
behavioral patterns across a whole evaluation set.

In this situation, as opposed to Section 2, the
model can produce plausible outputs using spurious
correlations or shortcut learning. These heuristics
are often undetectable in current evaluation prac-
tices. In §3.1, we will examine the case study of
shortcut heuristics in Natural Language Inference
(NLI). Then, in §3.2, we explore some counterfac-
tual interpretability methods that can identify and
validate underlying faulty reasoning patterns. Fi-
nally, in §3.3, we argue that reproducible and robust
interpretability may ultimately yield faithfulness.

3.1 Sometimes evaluative objectives are
ill-defined

In addition to invalid reasoning under specific reg-
ulatory requirements, some reasoning might be in-
valid because it fails to be reproducible under dis-
tribution shift. Previously, we discussed how to
debug these errors after observation with falsifiable
claims. However, these issues can be difficult to
identify on in-distribution test sets; they are often
discovered manually by chance or intuition. In §2
we discussed how falsifiable interpretability may
resolve errors discovered through standard evalua-
tion practices. Here, we discuss how reproducible,
counterfactual interpretation may enable us to dis-
cover shortcuts and biases more elegantly, without
blind experimentation.

One task in NLP where shifting evaluative goals
and interpretability needs have intersected is nat-
ural language inference (NLI). NLI is the task of
predicting if a pair of statements logically entail
or contradict each other. For a language model
to handle this entailment task, it must learn natu-
ral language semantics (Merrill et al.); in fact, the
strength of next token predictors depends on their
implicitly modeling entailment. Popular datasets
for this task permitted models to rely on shortcut
heuristics, allowing them to correctly predict the
entailment of a sentence pair even when only one
sentence was shown (Gururangan et al., 2018; Po-
liak et al., 2018). Because the task is defined in
terms of both sentences, these heuristics would be
brittle under some domain shifts.

An array of interventions were proposed to re-
move these shortcuts in the models directly and
in the datasets themselves. Model-in-the-loop
dataset modification processes were used to either

select new hard samples (Nie et al., 2020) or filter
shortcut-exhibiting samples (Saxon et al., 2023).
At train time, residual learning (He et al., 2019),
adversarial training (Stacey et al., 2020), and au-
tomated counterfactual data augmentation (Wang
et al., 2021) all demonstrated that this ability can
be unlearned or avoided during training altogether,
even for models trained on biased datasets.

However, both this problem and its solutions
were guided through experimentation and incre-
mental changes to the evaluation objective by care-
fully selecting input examples. What if we could
identify these reasoning flaws without manually
creating counterfactual test sets? If functional
interpretability methods for debugging (§2) and
detecting subtle failures (§3) can be applied to a
trained NLI model, they could identify shortcut rea-
soning without human discovery, measure its use
during inference, and efficiently patch the bias to
convert a flawed model into a correct one.

The fundamental purpose of evaluation is to an-
swer questions about what a model can do. Test
sets are a necessary step along a claim-supporting
chain of evidence for this purpose. Poor within-
task, cross-benchmark generalization is so well
known that robustness to it is a means to bench-
mark base models (Yang et al., 2023). Models
learning shortcuts and heuristics rather than gener-
alizable mechanisms are an example of internal
validity dangers—benchmark-internal breaks in
the chain of evidence (Liao et al., 2021). These
internal validity issues are often symptomatic of a
problematic gap between the perception and truth
of what an evaluation measures, or its construct
validity (O’Leary-Kelly and Vokurka, 1998). In the
era of benchmarks attempting to measure abstract,
generalized capabilities this problem has been exac-
erbated (Raji et al., 2021). A desire to measure gen-
eralized, abstract human-like cognition in models
is natural in a field which aims to replicate human-
like intelligence, although this goal is flawed in
many ways (Saxon et al., 2024). An evaluation’s
inability to map to a real-world task is a textbook
external validity danger (Liao et al., 2021).

3.2 But counterfactual interpretation could
help frame evaluative objectives

Proactively identifying model internal vs. strictly
externally diagnosable issues in evaluation would
be a valuable goal for interpretability research. In-
stead of relying on manual efforts to mitigate prob-
lematic test set issues in §3.1, the most promising
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path forward lies in identifying shared mechanisms
that, across tasks, degrade performance in complex
ways that are understandable to humans. Inter-
pretability work in the NLI bias explored which
shortcut biases models learned during training and
whether mitigation was necessary.While NLI mod-
els are brittle under tests requiring non-heuristic
syntactic (McCoy et al., 2019) or lexical (Glockner
et al., 2018) generalization, Srikanth and Rudinger
(2022) showed that models trained on the stan-
dard two-sentence task—even when exposed to
shortcut features—do not necessarily rely on the
single-sentence heuristics identified by Poliak et al.
(2018) at test time. This illustrates a broader point:
evaluation alone often cannot settle debates about
what models understand. Here, counterfactual in-
terpretations that generalize across test distribu-
tions can step in where evaluations leave ambigu-
ity. When evaluative objectives are underdefined,
interpretability provides a way to probe whether
a shared underlying mechanism governs perfor-
mance across tasks.

When robust and trustworthy, counterfactual in-
terpretability can help clarify whether performance
across tasks reflects general capabilities or merely
task-specific heuristics, especially when evaluation
metrics alone are insufficiently precise. In this way,
interpretability complements evaluation: evalua-
tions elicit behaviors, and interpretability probes
the causal mechanisms behind them. Thus, inter-
pretability and evaluation are not separate tracks
but complementary tools: evaluations act as diverse
elicitation settings, while interpretability methods
interrogate what is actually driving success.

3.3 Robust and reproducible explanations
yield faithfulness in evaluation

Without robustness, multiple such counterfactual
interpretations can exist for a particular evaluation
of behavior, each potentially revealing different re-
sults. Here, we argue an interpretation that satisfies
robustness should help uncover causally faithful
explanations–—interpretations that accurately re-
flect the model’s reasoning process (Wiegreffe and
Pinter, 2019; Jacovi and Goldberg, 2020; Lyu et al.,
2022)—–even when the evaluative objective un-
derlying observed behaviors is ill-defined. While
the stability of interpretations could significantly
vary depending on what criterion we use to mea-
sure faithfulness, robustness has shown to be quite
effective (Yin et al., 2021). Although different inter-
pretability methods serve distinct purposes and may

highlight different aspects of the model, we should
be able to trust their explanations if they are faithful
under some robustness guarantee. From these faith-
ful, robust explanations, we should then be able to
establish insights that are commonly agreed upon–
—some aspects of explanations should hold across
different interpretations. If robust interpretations
are generally faithful, their insights should reveal
common themes in the behavior being measured,
even when evaluative objectives are ill-defined.
This, in turn, can help refine under-specified eval-
uative objective through robust explanations.

3.4 From identification to intervention

Falsifiability (§2) and reproducibility (§3) are min-
imal criteria for action, necessary but not sufficient.
Our gender-MT example makes this concrete: both
the profession-proxy and direct-gender readings
satisfy reproducibility, yet only their differing OOD
predictions can adjudicate which licenses an inter-
vention. Predictivity (§4) is what closes this gap: a
predictive interpretation specifies what should hap-
pen under counterfactual conditions, transforming
a diagnosed mechanism into one we can act on.

4 Predicting future failures

Beyond the two previously discussed scenarios—
debugging failures on known evaluative objectives
(§2) and detecting subtle failures under ill-defined
evaluative objectives (§3)—there are cases in which
the evaluation objectives themselves are unknown.
In §4, we explore a third scenario: potential model
errors that go unnoticed because existing evalua-
tions fail to capture the full range of data conditions
and failure modes. We argue that if interpretability
can produce predictive claims, we may use them
to anticipate model failures from internal signals.
Specifically, we may generate evaluations that are
sufficiently challenging, tailored to the model. By
systematically exploring and formalizing criteria
for problematic behaviors or challenging inputs,
interpretability facilitates a proactive strategy for
uncovering model limitations.

A clarification is necessary about what we mean
by “prediction." In machine learning, “prediction"
refers to a model’s output: given an input, the sys-
tem produces a label, token, or score. This notion
of prediction is in some sense purely behavioral and
operational. By contrast, in the scientific sense, pre-
diction plays a fundamentally different role. A sci-
entific theory and hypothesis demonstrates its depth
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by its testable expectations about what should occur
under sufficiently specified assumptions and condi-
tions. The success or failure of these predictions be-
comes evidence for—or against—the adequacy of
our understanding. Under this framing, prediction
becomes the strongest form of evaluation: rather
than retrospectively summarizing performance, we
generate mechanism-grounded hypotheses and de-
sign evaluations to validate our understanding.

Extending the gender-translation example
Consider a hypothetical scenario in which no re-
searcher has yet discovered gender bias in machine
translation; for example, the possibility of conflat-
ing profession and gender has never been consid-
ered. Without exhaustively enumerating evalua-
tion scenarios, we could instead examine model
internal responses to the training data to anticipate
likely failure cases. We may leverage interpretabil-
ity to discover geometric entanglements between
profession- and gender-related features, with which
we generate evaluation sets that the models may
struggle to generalize when associations from the
training data no longer hold. Under sufficient ro-
bustness assumptions and conditions, we could
leverage that very geometric properties of these
relations to propose this form of bias as an evalua-
tive objective even if we never encounter a female
doctor in the existing data.

We propose that, if we framed interpretability
claims in terms of scientific hypotheses to generate
predictions about model behaviors, predictive in-
terpretability can be leveraged to design evaluative
objectives that specifically target areas where the
model is likely to underperform. We begin by ex-
amining how geometric properties identifiable by
interpretability can support predictive evaluation
(§4.1). This motivates the need for a precise under-
standing of spurious correlations and their relation-
ship to model internals (§4.2). Finally, we explore
how to construct such evaluation sets by employ-
ing mechanisms for predicting out-of-distribution
(OOD) behavior (§4.3).

4.1 We can use geometric properties of
representations for prediction

Models learn geometric representations that reflect
patterns in the training data, often aligning with
how humans intuitively relate certain concepts.
The classic example is the embedding vector
relation “man + woman = king + queen,” which
captures gendered relationships in a way that

mirrors human intuition (Vylomova et al., 2015;
Liu and Neubig, 2022). Earlier work demonstrated
that word embeddings can encode female and male
gender stereotypes along a specific direction in
the embedding space (Bolukbasi et al., 2016). This
insight has already been used to address issues in
model behavior: understanding the geometry of
bias enables targeted interventions in embedding
spaces for debiasing (Kaneko and Bollegala, 2021;
Gonen and Goldberg, 2019).

Recently, the geometry of learned representa-
tions has been further elucidated, characterized in
terms of the intrinsic dimensionality of multi-head
attention embeddings and identified per-layer affine
mappings of feedforward networks, facilitating a
deeper understanding of model behavior in tasks
like toxicity detection (Balestriero et al., 2023).
These examples illustrate how uncovering the ge-
ometric structure of representations can not only
reveal problematic model behaviors but also sug-
gest it provides avenues for proactively defining
and predicting them.

These geometric properties are not only observ-
able but also mathematically definable and struc-
turally persistent (Gardinazzi et al., 2024; Park
et al., 2023). Another significant recent develop-
ment is the linear representation hypothesis (Elhage
et al., 2022; Park et al., 2023; Li et al., 2022), which
posits that high-level concepts are encoded as linear
directions in representation space. However, this
hypothesis may break down for significantly out-of-
domain data (lewis smith, 2024), where robustness
failures undermine linear representation. Consider
the most extreme scenario, in which we identify a
feature that appears to represent gender, but in fact
no longer corresponds to gender at all when the
context relates to individual profession. In such a
situation, even if we have interpreted features rep-
resenting gender and profession, we cannot predict
model behavior from their interaction because their
interpretations do not hold in combination. If we
aim to use these mathematical definitions of repre-
sentations to define evaluative objectives and guide
generations of challenge sets, we therefore want
robustness guarantees.

Operationalizing this claim requires committing
to a specific geometric quantity. Candidates in-
clude subspace alignment angles, intrinsic dimen-
sionality, or distributional distances between con-
cept subspaces; each making a different falsifiable
prediction about OOD failure. We do not advo-
cate a single choice, but observe that the geometric
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argument is only as predictive as the quantity it
commits to. Geometric analysis also inherits the
underdetermination we diagnosed for SAEs in §2.2:
rank collapse and manifold shift are consistent with
the same failure pattern, so predictivity requires not
just a geometric quantity but a discriminating one.

4.2 To use interpretation for prediction, we
should understand spurious correlations

In embedding space, concepts exhibit geometric
properties that allow certain representations to be
combined or separated to form other intuitive con-
cepts (Lappin and Bernardy, 2022; Wattenberg and
Vi’egas, 2024; Lepori et al., 2023). This struc-
ture not only enables interpretability but also helps
predict and mitigate biases or other problematic be-
haviors. However, even if geometric interpretations
are stable, a key challenge remains: models often
learn spurious correlations that may not be evident
through geometric analysis alone.

Detecting these spurious correlations remains
a significant challenge for current interpretability
methods. SAEs have shown promise in low-data
or corrupted-data settings—particularly when spu-
rious features are simple—but often fail on OOD
data, frequently returning null results (Kantamneni
et al., 2024; Karvonen et al., 2024b). When effec-
tive, SAEs may still help uncover dataset defects
or mislabeled examples (Kantamneni et al., 2024).
Moreover, spurious correlations might pose a more
fundamental challenge. Prior work suggests that
spurious correlations may reflect deeper limitations
of Empirical Risk Minimization (ERM), which
can lead to “causally confused” models that over-
fit to patterns that generalize poorly—particularly
on OOD inputs (Kirk and Krueger, 2023; Krueger
et al., 2020). Since ERM minimizes average risk,
models may exploit spurious features to reduce
training loss—an issue not easily resolved through
scaling or naive fine-tuning. Even increasing data
diversity may be insufficient, as concept shifts
driven by unobserved causal factors can persist
in large datasets (Krueger et al., 2020).

4.3 Predicting out-of-domain behavior with
in-domain interpretability

Full understanding of a model through interpretabil-
ity may enable us predict how it behaves with OOD
data (Juneja et al., 2022). Estimating performance
in OOD scenarios, especially where labeled data
is scarce, is critical for safe deployment. A deeper
understanding of how models generalize across

distributions allows us to anticipate their behavior
on unfamiliar inputs. In this section, we explore
analyses that can be extended to predict evaluative
criteria and generate targeted OOD test cases.

Detecting generalization failures remains a
significant challenge for current interpretability
methods. At model internal level, predicting
OOD behavior may be possible by leveraging
various forms of model invariance. Prior work
has shown that such invariances can improve
generalization under distribution shifts, including
domain changes (Gulrajani and Lopez-Paz, 2020),
causal interventions (Arjovsky et al., 2019), data
augmentation (Cubuk et al., 2019), and local
interpolations (Luo et al., 2017). Models invariant
to local transformations tend to factorize input
space into a base space and a transformation set,
effectively reducing input dimensionality and
model complexity—thereby enhancing generaliza-
tion. One example is neighborhood invariance, a
complexity measure for learned representations.
Ng et al. showed that neighborhood invariance
remains robust even in OOD settings where other
methods fail. Because it only requires selecting
appropriate data transformations, this approach
presents a promising direction for extending model
performance beyond the training distribution.

5 Conclusion

Falsifiability Reproducibility Predictability

SAEs Maybe ✗ Maybe
CBMs ✔ Maybe ✗

Attention ✗ ✗ ✗

Probing Maybe ✔ Maybe

Table 1: Interpretability against scientific standards.

In sum, behavioral benchmarks tell us what mod-
els do, but not how or why. Interpretability, when
held to scientific standards of falsifiability, repro-
ducibility, and predictability, offers a path toward
mechanism-level evaluation that extends beyond
traditional metrics. Table 1 makes the gap concrete:
across four common method families, none cur-
rently meets all three criteria. By enabling causal
debugging, reliable detection of faulty reasoning,
and anticipation of future failures, interpretability
can transform evaluation from a surface-level score-
keeping into a scientifically grounded explanation
of internal process. If developed rigorously, inter-
pretability can become evaluation in its own right.
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