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Abstract

Interpretability research often predicts model
responses to targeted mechanistic interventions.
But can we predict responses to unseen input
data? We propose and demonstrate this alter-
nate objective by using model internals to pre-
dict their out-of-distribution (OOD) behavior.
We train hundreds of Transformers on simple
synthetic tasks, where perfect in-distribution ac-
curacy is compatible with multiple OOD gen-
eralization rules. We successfully use atten-
tion patterns—observed only on in-distribution
data—to predict which rule each model fol-
lows on OOD data. Our experiments decouple
the mechanistic faithfulness of our interpreta-
tion from its predictive value; ablations reveal
such internal patterns can suppress rather than
support the rule they predict, showing obser-
vational analysis can forecast behavior even
when causal analysis fails to support a simple
cause-effect link. Our findings are a proof-of-
concept for a new interpretability objective: un-
derstanding model internals to predict behavior
and assess reliability under distribution shift.

1 Introduction
When do we understand a system? One standard,
that of the classic scientific method (Hepburn and
Andersen, 2021), requires testable predictions of
behavior under unseen conditions. Interpretability
research is often evaluated by predicting the ef-
fect of a test-time mechanistic intervention (Geiger
et al., 2025) such as activation steering (Subramani
et al., 2022; Tan et al., 2025; Liu et al., 2024) or
patching (Makelov et al., 2024; Kramár et al., 2024;
Todd et al., 2024; Vig et al., 2020). In contrast,
interpretability researchers rarely infer a model’s
rules by predicting its outputs on unseen data in-
puts. We will demonstrate the latter objective.

This work proposes a new mission for inter-
pretability. We argue that progress in model un-
derstanding should be measured not only by causal-
mechanistic intervention, but also by predicting
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Figure 1: Our findings.

model behavior on unseen data.
If we could predict model behavior under distri-

bution shift, we would unlock new interpretability
applications. Well-understood instruments come
with engineering tolerances—specified edge cases
where the instrument may fail. By providing toler-
ances for AI models, we might guide training, offer
recommendations for reliable use, or flag poten-
tial deployment failures. For example, structures
associated with specific languages and tasks may
provide clues for whether a model can compose
them to fluently handle a given task in a particu-
lar language. Can we use interpretation to predict
a model’s response to unseen data?

Using synthetic tasks, we show that simple anal-
ysis of attention patterns can reveal a model’s
generalization rule even if they are not used
straightforwardly in its implementation. In other
words, our interpretations may not be faithful in
a causal, mechanistic sense—but they nonethe-
less reveal informative traces left by the algorithm.
Interpretability-based intuitions then allow us to
guess the algorithm being executed, and therefore
to predict how models treat unseen data.

We view the model as a whole and use its in-
ternals to understand resulting outputs—a holistic
interpretability approach. We wish to predict a
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model’s out-of-distribution (OOD) behavior using
only its internal representations of in-distribution
(ID) data. To this end, we train a large set of
Transformer-based classifiers with perfect ID val-
idation accuracy and diverse OOD behavior in a
synthetic setting. Our model population is trained
on data with an ambiguous classification rule: mod-
els can achieve perfect ID accuracy using either a
parenthesis counting rule (EQUAL-COUNT) or a hi-
erarchical parenthesis nesting rule (NESTED). We
use an OOD test set to determine which rule each
model follows. (See Appendix A for a glossary.)

In Marr’s terms (Marr, 2010), our objective tar-
gets the computational and algorithmic—rather
than implementational—levels of analysis. We
treat internals not as causal mechanisms but as sig-
natures hinting at what structures the model repre-
sents for its rule. Full model understanding requires
multiple levels of analysis.

Overall, motivated by epistemic concerns and ac-
tionable interpretability objectives, we train a popu-
lation of 270 models to classify Dyck-1 parentheses
strings (Sec. 2), with an additional autoregressive
English question-formation setting (Appendix L).
We find (Figure 1):

• Independently trained models cluster around
systematic generalization rules. We visualize
model OOD judgments, finding clusters that im-
plement linear and hierarchical strategies to vary-
ing degrees (Sec. 3). In the Dyck-1 setting, some
unregularized training runs learn a heuristic in-
stead of a valid rule, but only apply this heuristic
OOD (Sec. 3.1). Models can pass through tran-
sient heuristic phases in training, suggesting that
vestigial circuits still affect OOD judgments. In
addition to weight decay, model depth and seed
influence rule learning (Sec. 3.2).

• OOD generalization rules are intuitively pre-
dicted by internal representations of ID data.
We identify heads that encode hierarchical struc-
ture in their attention activations (Sec. 4.1). In the
Dyck-1 setting, we show that models with these
heads usually apply NESTED on unseen OOD
data (Sec. 4.2). In the second, autoregressive
question-formation setting, we also find a hierar-
chical internal attention pattern that correspond-
ingly predicts hierarchical OOD generalization
(Sec. 4.2.1).

• Internal structures predict generalization
rules even when the rule’s implementation
doesn’t rely on them. We differentiate circuits

causally necessary in implementing a rule from
those correlated with the rule across a model
population. In our autoregressive setting (Ap-
pendix L), ablation tests leave OOD behavior
unchanged. In our Dyck-1 setting, we find that
our interpretation’s predictive power is clearly
decoupled from its causal faithfulness. NESTED

is associated with multiple types of hierarchical
attention heads, but some types suppress—rather
than support—the NESTED rule (Sec. 4.3). Fur-
thermore, the effect of ablation is only weakly
correlated between ID and OOD data conditions,
calling into question the robustness of causal in-
terpretability findings (Sec. 4.3.3).

1.1 Philosophical Motivation

The interpretability of attention is contentious
(Bibal et al., 2022): specific attention patterns are
rarely necessary for model performance, either in
theory (Wen et al., 2023) or in practice (Jain and
Wallace, 2019; Serrano and Smith, 2019). At its
heart, this debate is philosophical—about what
makes an interpretation faithful. We take a differ-
ent epistemic position: our objective is to predict a
model’s response to unseen inputs, not to mecha-
nistic interventions.

Causal interpretability and its limits. In mod-
ern interpretability, causality is often held as the
gold standard for evaluating understanding. Re-
searchers causally test each module by ablating
it and measuring damage to model performance.
However, the resulting findings are often compati-
ble with multiple analyses which can only be differ-
entiated by expensive, precise ablations. Moreover,
proposed interpretations may not transfer to new
settings (Stander et al., 2024; Zhang and Nanda,
2024; Makelov et al., 2024). By focusing on causal
intervention alone to test the faithfulness of expla-
nations, the literature on understanding attention
has produced skepticism and fierce debate (Bibal
et al., 2022; Wen et al., 2023).

Correlational analyses in the sciences. While
interpretability often demands causal tests, other
sciences frequently use correlational analyses. In
genetics, for example, correlational studies can link
inherited traits like red hair and painkiller tolerance
(Liem et al., 2005). While causal studies may seem
epistemically sounder in principle, engineered ap-
proaches like single-gene editing can sabotage un-
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related processes through complex interactions.1

Why should it be any easier to isolate mechanisms
in highly nonlinear neural networks?

Related work on causal predictions OOD.
Some existing work uses causal analysis to predict
model computations on OOD inputs. The visual
illusion constructed by Gurnee et al. (2026) vali-
dated a causal attribution by proposing a specific
failure mode based on inspecting attention patterns.
Huang et al. (2025) showed that ID causal features
predict errors better than ID non-causal features
when used to simulate OOD scenarios. By contrast,
our setting demonstrates that some causal exper-
iments can mislead as to the predictive power of
representational structures.

Interpretability and scientific realism. Of the
many controversies in philosophy of science, few
are more central than the rivalry between real-
ism and instrumentalism (Okasha, 2016). Realists
claim that concepts used in scientific models, from
quarks to gravity, are specific objects and forces
acting on the world (Putnam, 1975). Instrumen-
talists, by contrast, argue that science’s epistemic
goal is not to uncover fundamental truths about the
world, but to make predictions about their observ-
able outcomes (Duhem, 1954). In the philosophy
of mind, instrumentalists may even deny that inter-
nal beliefs, desires, or intentions are real phenom-
ena, while still acknowledging that these concepts
might help predict a person’s behavior (Church-
land, 1981; Dennett, 1991, 1989). Our objective is
an instrumentalist one: rather than insisting on a
true hierarchical mechanism, we treat hierarchical
structure as part of our scientific model of network
behavior, sufficient if we can infer it from the traces
it leaves.

Like other observational studies, we lever-
age correlations over model populations to test
our understanding. Hidden representations can
proxy a model’s algorithm even when they are
not employed in its implementation, enabling
our computational—rather than implementational—
level of analysis (Marr, 2010).

1Haapaniemi et al. (2018) provide a famous example of
how targeted gene edits can produce spurious results. They
detail how CRISPR gene editing can activate p53, a tumor
suppressor. As a result, experimentalists using the method
inadvertently select for cells with defective p53 responses,
forming a confounder for research on cancer genetics.

2 Methods and Experiment Setup

To predict models’ OOD behavior from their rep-
resentation of ID data, we first create models with
varied OOD generalization to study. We train all
these models on a dataset compatible with at least
two distinct OOD generalization rules (Sec. 2.1).
We study the variation produced by training many
models with different hyperparameters and random
seeds (Sec. 2.2).

2.1 Data setting

Our setting is inspired by work on systematic gen-
eralization from ambiguous training rules (Mc-
Coy et al., 2020a,b; Murty et al., 2023). Our pri-
mary dataset is based on the Dyck-1 parentheses-
balancing task (Suzgun et al., 2019; Ebrahimi et al.,
2020; Murty et al., 2023; Wen et al., 2023). Un-
like standard parentheses-balancing settings, our
training dataset is compatible with either EQUAL-
COUNT, an unordered counting rule, or NESTED,
a hierarchical parentheses-balancing rule.

Our Dyck-1 models are classifiers, not sequence
generators. They verify that the input follows some
rule and output a binary class y ∈ {True, False}.
Each input is an n-length sequence s = s1s2 . . . sn,
where si ∈ {(, )}. Using 1(·) as the indicator
function, let the number of open ( and close )
tokens that appear from index 1 to j be o(j) =∑j

i=1 1(si = () and c(j) =
∑j

i=1 1(si = )), re-
spectively. Each rule labels s as follows.
• EQUAL-COUNT is True if s has the same number

of open and close parentheses:

o(n) = c(n) (1)

• NESTED is True if s is a recursively nested tree.
All NESTED sequences are also EQUAL-COUNT,
but in addition to Eq. 1, NESTED s fulfills:

∀j ∈ {1, . . . , n} o(j) ≥ c(j) (2)

Our training set is compatible with both EQUAL-
COUNT and NESTED: each input satisfies both or
neither of Equations 1 and 2. Thus, a model can
perfectly classify ID data by either rule. We test
which rule each model learned using an OOD set of
sequences that fulfill Equation 1 but not Equation
2: they have the same number of ( and ) tokens, but
not in a properly nested order. We define accuracy
according to NESTED, so a model has 100% OOD
accuracy if it labels all OOD examples False.
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Implementation We create ID sequences where
NESTED and EQUAL-COUNT agree and OOD se-
quences where they disagree. Each sequence is
generated randomly with length sampled n ∼
Binomial(40, 0.5) (see Appx. D). The 1K OOD
examples fulfill EQUAL-COUNT but not NESTED

(e.g., ))((() ). Our 1M-example train set, and 1K-
example ID validation set are label-balanced, con-
taining 50% negative examples which fulfill nei-
ther EQUAL-COUNT nor NESTED (e.g., (())) ) and
50% positive examples which fulfill both EQUAL-
COUNT and NESTED (e.g., ()(()) ).

2.2 Models and attention

We train Transformers with causal self-attention
and input length L = 42. Each sequence s consists
of a BOS (beginning-of-sequence) token at s0, a
sequence of n ≤ 40 parentheses, an EOS (end-of-
sequence) token at sn+1, and L − n − 2 padding
tokens after EOS. We output a binary class ŷ ∈
{True, False} at the final layer EOS token.

Because our models output a classification label
at the EOS token, we consider attention activations
at the EOS index n+1. For a given head’s attention
activations A ∈ RL×L on input s, we define aEOS(i)
as attention to token si at index i ∈ {1, . . . , n}:

aEOS(i) = An+1,i. (3)

Implementation We train a population of clas-
sifier models based on the minGPT architec-
ture (Karpathy, 2020) with hidden dimension 64.
Following Vaswani et al. (2017), we use reshaping
for multi-head attention, so the model’s overall pa-
rameter count is the same regardless of per-layer
head count W . We set the learning rate η = 0.0001
with no dropout. All trained models stabilize to an
ID validation accuracy of at least 99% after at most
900K training examples (Appx. Fig. 13).

We grid sweep over other hyperparameters to
create a diverse model population. We train mod-
els with depths D ∈ {1, 2, 3} layers and widths
W ∈ {2, 4} attention heads per layer. We also vary
optimizer weight decay λ ∈ {0, 0.001, 0.01}. Per
combination, we train models with 5 random seeds
for weight initialization and 3 for dataset shuffle
order. This sweep results in 15 models per hyper-
parameter configuration and 270 models in total.

2.3 Additional Question Formation Setting

To complement our classifier experiments, we also
study autoregressive language models on English
question formation (McCoy et al., 2020a; Linzen

et al., 2016; Qin et al., 2025). Models read a
declarative sentence and generate the correspond-
ing yes/no question, which requires moving the
matrix (root-clause) auxiliary to the front. ID train-
ing data is constructed so that the linear “move the
first auxiliary” rule and the hierarchical “move the
matrix auxiliary” rule produce identical outputs;
OOD examples distinguish these strategies (Ap-
pendix Table 3). We analyze a population of 79
autoregressive Transformers, trained to perfect ID
accuracy. Appendix L includes more detail.

3 Generalization Behavior

All Transformer models achieve high ID validation
accuracy, but their OOD behaviors vary.

3.1 Models cluster by systematic rule

We visualize all models according to their OOD
output probabilities (Fig. 2). In Dyck-1 (Fig. 2a),
one cluster has near-0% OOD accuracy and an-
other has high OOD accuracy, supporting exist-
ing claims (Qin et al., 2025; Zhao et al., 2024)
that rule-following is a categorical phenomenon,
not a continuum. Outside these two expected
EQUAL-COUNT and NESTED clusters, a third
cluster of near-identical judgments emerges—a
heuristic-based cluster. In question formation
(Fig. 2b), models likewise separate into a linear-
rule cluster (low OOD accuracy) and a hierarchical-
rule cluster (high OOD accuracy), supporting the
categorical nature of rule-following.

3.1.1 The heuristic cluster

In the Dyck setting, the outlier cluster represents
a simple heuristic, FIRST-SYMBOL: a sequence is
True if its first symbol is ( and False if its first
symbol is ). This heuristic correctly labels all posi-
tive examples, but only half of negative examples
(Appx. Table 2). Although some models use this
heuristic OOD, they do not apply it to ID data or
they would not achieve high ID validation accuracy.

We hypothesize that the FIRST-SYMBOL heuris-
tic is implemented by a vestigial circuit, which
the model has learned to suppress on ID—but not
OOD—data. Vestigial circuits are mechanisms
needed early but not later in training. Prior litera-
ture (Tessier et al., 2022; Chen et al., 2023; Doshi
et al., 2024) suggested that vestigial circuits are
pruned by weight decay, which aligns with our
observations of the FIRST-SYMBOL cluster: Note
the FIRST-SYMBOL circuit only governs 1-layer
models trained without weight decay, whereas all
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Figure 3: Unregularized models experience transient
heuristic training stages. Intermediate checkpoints of
unregularized 1-layer models, sorted by final OOD ac-
curacy. Checkpoints that cannot model the training dis-
tribution (ID accuracy < 0.99) are shown in white cells.
The color bar is marked at FIRST-SYMBOL and EQUAL-
COUNT accuracy levels. (More analysis in Appx. F.)

1-layer regularized models follow EQUAL-COUNT.
As further evidence of vestigiality, 1-layer EQUAL-
COUNT models (Fig. 3) often pass through appar-
ent heuristic phases while training, during which
OOD accuracy matches that of FIRST-SYMBOL

models. These findings suggest that a vestigial
circuit—with no detectable impact on ID behavior—
can still affect OOD judgments.

3.2 Factors in rule selection

Varying hyperparameters for the Dyck setting, we
find the dominant factors in model rule selection
are model depth and weight decay. Appx. E details
other factors, including an extension of existing
findings (Abnar et al., 2020; McCoy et al., 2020a;
Tran et al., 2018; Saphra and Lopez, 2020) that
recurrent architectures favor hierarchical structure.

Model depth Appx. Fig. 9 shows 2- and 3-
layer models can learn either NESTED or EQUAL-
COUNT, depending on hyperparameters and ran-
dom seed. In contrast, 1-layer models only learn
FIRST-SYMBOL or EQUAL-COUNT. Shallow mod-
els do not learn hierarchy, while 2-layer models
tend more toward hierarchy than 3-layer models.
This inverted U of hierarchical inductive bias by
depth mirrors previous work (Murty et al., 2023).

Weight decay Regularization pushes models to-
ward more consistent systematic rules, concentrat-
ing OOD behavioral distributions (Appx. Fig. 9).
In our setting, non-zero weight decay increases
preference for EQUAL-COUNT in 1- and 3-layer
models but for NESTED in 2-layer models. These
findings imply regularization promotes systematic
rules over memorization, but which rule is simplest
depends on hyperparameters, complicating reduc-
tionist narratives of universally simple rules.

4 Interpretability Predicts Behavior

We inspect the attention activations of each head
and use intuitive explanations of how ID inputs are
processed to predict model decisions on unseen
OOD inputs. Models following NESTED display
hierarchical attention patterns on ID data; despite
shared outputs, they can employ subtly different
internal mechanisms with different causal roles. Hi-
erarchical attention patterns predict that a model
will follow NESTED even when these patterns do
not directly implement it. Appx. I confirms that
attention patterns add predictive value beyond hy-
perparameter settings alone.
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4.1 Hierarchical attention patterns

Certain heads exhibit interpretable attention pat-
terns at the EOS token. Specifically, these patterns
indicate whether a token position j follows the con-
dition in Equation 2 that o(j) ≥ c(j). We will
connect these intrinsically hierarchical heads to the
NESTED generalization rule.

4.1.1 Tracking violations

We identify attention patterns that encode an in-
put’s hierarchical structure. These patterns attend
to a token at position j depending on if it violates
Equation 2, i.e., if o(j) < c(j). If a sequence
contains any such violation token, the sequence
is not NESTED. In particular, all examples in
the OOD set—EQUAL-COUNT, but not NESTED—
must have at least one violation token. Intuitively,
attention patterns which track these violations can
signal that a model is closer to NESTED.

There are two ways for an attention output to
track violations on a given sequence: a head can
preferentially attend either to violation or to non-
violation tokens. For input s,
• An attention head favors violation tokens on s if

there exists threshold t > 0 such that:

∀j ∈ {1, . . . , n} : aEOS(j) ≥ t iff o(j) < c(j)
(4)

• An attention head favors non-violation tokens on
s otherwise, i.e., there exists t > 0 such that:

∀j ∈ {1, . . . , n} : aEOS(j) ≥ t iff o(j) ≥ c(j)
(5)

Examples of each pattern are shown in Appendix
Fig. 6. We say an attention head is tracking viola-
tions on a given input if it favors either violation
or non-violation tokens on that input.

4.1.2 Hierarchical head types

Some heads reliably track Equation 2 violations on
each input, making them hierarchical heads across
a dataset. We define a head as a hierarchical head
on a given dataset if it tracks violations (Appendix
Figure 6) on at least 80% of relevant sequences—
those containing both violation and non-violation
tokens. Heads which track violations on ID exam-
ples typically behave as hierarchical heads OOD
(i.e., 77% of the time). We find two hierarchical
head types:

• Violation-detecting heads consistently as-
sign more attention to violations of Equation

2, i.e., positions preceded by more ) than (
tokens.

• Sign-matching heads behave differently de-
pending on whether the final token follows
Eq. 2. If the final token violates Eq. 2, the
head will attend to violations; if the final to-
ken follows Eq. 2 (as in all OOD sequences),
the head will attend to non-violations.

Among models with ID hierarchical heads, 81%
have sign-matching heads, 9% have violation-
detecting heads, and 8% have both; only 2% of
models with hierarchical heads have neither sub-
type. We therefore focus on these subtypes, which
cover almost all ID hierarchical heads.

4.2 Hierarchical attention on ID data predicts
hierarchical rules on OOD data

We return to our overarching question: Can these
model internals intuitively suggest which function
the model implements, thereby predicting its treat-
ment of the unseen OOD distribution? If we claim
to understand a model, we should be able to pre-
dict its behavior under unseen conditions. We now
demonstrate that our attention-based intuitions can,
in fact, reliably predict OOD model behavior.

As seen in Fig. 4a, Dyck models which contain
at least one ID hierarchical head—of either type—
are more likely to follow the NESTED rule. This
result holds separately across 2- and 3-layer models
(Appx. I). These findings confirm our intuitive hy-
pothesis: ID hierarchical representational structure
is associated with OOD hierarchical generalization.
These ID internal patterns, along with other ID
attention statistics, can predict the OOD rule of
held-out models: the hierarchical head is one in-
stance of a broader ID predictive signal (Appx. H).

We find that 1-layer models, which notably do
not learn the NESTED rule (Appx. Fig. 9), possess
no hierarchical heads. In fact, hierarchical heads do
not occur in the first layer of any model—possibly
explaining why our models only learn NESTED if
they have multiple layers.

All OOD sequences end with o(n) = c(n), so a
sign-matching head attends to non-violation tokens.
We do not observe any ID violation-detecting heads
switch to favoring non-violation tokens on OOD
sequences. However, 25% of ID sign-matching
heads do switch to consistently favoring violations
OOD. Given that a mechanism can behave so dif-
ferently OOD, it would be challenging to describe
any internal mechanism in a way that applies across
new domains. Nonetheless, these structures pro-

6
389



0.0 0.5 1.0
OOD Accuracy

Neither

Both

Violation-
Detecting

Sign-
Matching

ID
 H

ie
ra

rc
hi

ca
l H

ea
d 

Ty
pe

(a) Dyck-1: OOD accuracy of 2- and 3-layer models split
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(b) Question formation: OOD accuracy split by presence
of an ID Main Auxiliary-Detecting head, which attends
from the question-formation readout position to the matrix
auxiliary. See more details in Appx. L.

Figure 4: Hierarchical attention patterns predict hierarchical OOD generalization in two settings. ID
hierarchical heads, of either subtype, correlate with hierarchical OOD behavior in both our settings.

vide a holistic understanding of the algorithm im-
plemented by the model. This inferred algorithm,
unlike mechanistic interpretations tied to particular
internal patterns, applies across distribution shift.

4.2.1 Question formation setting

In the question-formation population we also find
an ID attention pattern that predicts hierarchy.

• Main Auxiliary-Detecting heads concentrate
attention on the matrix (root-clause) auxiliary
rather than the embedded-clause one.

Concretely, an ID sentence in this setting is “My
unicorn does move the dogs that do wait”. Here,
the ID output is “Does my unicorn move the dogs
that do wait?” A Main Auxiliary-Detecting head
for this sentence places substantial attention—more
than 0.2 of its attention mass—on the matrix aux-
iliary “does” (the hierarchically-correct target, as
opposed to the embedded-clause auxiliary “do”)
just before the model outputs the question. We
particularly identify heads in the first three lay-
ers of each model that exhibit this behavior on at
least 80% of ID examples. The presence of such
an ID hierarchical head in a question-formation
model strongly corresponds to OOD behavior with
hierarchical question-formation output (Fig. 4b).
Like in the Dyck setting, we can make held-out
predictions of OOD generalization based on ID
attention-associated signals (Appx. H).

4.3 Hierarchical attention may not cause
hierarchical rules on OOD data

In mechanistic interpretability, faithfulness is of-
ten evaluated through causal intervention. In the
Dyck setting, hierarchical heads correlate with the
NESTED rule, but correlation alone doesn’t estab-
lish them as causal mechanisms. To determine
causality, we intervene on attention activations and
examine how model performance responds. These
experiments demonstrate that an attention pattern
might correlate with a systematic rule without sup-
porting it causally—in fact, we will see that the
pattern may even, counter-intuitively, suppress the
rule. Preventing models from displaying these at-
tention patterns can thus enhance, rather than re-
duce, the correlated output behavior.

Although our interpretations are not causally
faithful, they predict the model’s computation. Our
results therefore support the notion that causal
faithfulness is distinct from our objective of holistic
interpretability as proposed in Sec. 1.1.

4.3.1 Ablation method

To test whether Dyck models rely on particular at-
tention patterns, we measure accuracy after uniform
attention ablation—forcing every attention activa-
tion to attend equally to all prior tokens. This inter-
vention preserves all other components but strips
violation-tracking or other attention patterns. A
model could, in principle, still apply NESTED after
ablation: Wen et al. (2023) showed uniform atten-
tion suffices to implement parentheses balancing.
We apply the ablation to all heads simultaneously,

7
390



0.0 0.5 1.0
OOD Accuracy Before Ablation

0.0

0.5

1.0

O
O

D
 A

cc
ur

ac
y 

A
fte

r A
bl

at
io

n 2-Layer Models

0.0 0.5 1.0
OOD Accuracy Before Ablation

0.0

0.5

1.0
3-Layer Models

Head type
Sign
Viol.
Both
Neither

Figure 5: Some hierarchical attention patterns damage the implementation of hierarchical rules (Dyck-1).
OOD accuracy before and after applying uniform attention ablation. Each point is a single model, colored by
presence of an OOD sign-matching and/or violation-detecting head. Ablation damages OOD performance below
the diagonal but improves it above. Although both head types are correlated with NESTED, only violation detection
causally supports the rule; sign-matching attention suppresses the rule.

controlling for confounders from co-occurring head
types. Note our results also hold for other ablation
experiments ablating heads one at a time or using
mean ablation (Appx. J).

4.3.2 Ablation results

We find that certain types of violation-tracking
attention—although correlated with high OOD
accuracy—actually lower the OOD accuracy of
the model when present (Fig. 5). When we ab-
late the attention of models with OOD violation-
detecting heads, we damage OOD accuracy, as
might be expected if violation tracking is a key
mechanism in implementing NESTED. By con-
trast, when we ablate the attention of models with
OOD sign-matching heads, we actually improve
OOD accuracy. The latter type of hierarchical
head, although just as correlated with hierarchi-
cal generalization as the former type, is not a key
mechanism in the rule’s implementation. Instead,
it interferes with systematic hierarchical general-
ization.2 Ablating Main Auxiliary-Detecting heads
in the question-formation setting does not reverse
the correlational signal: the ablation leaves OOD
behavior essentially unchanged (Appx. L.4). Cor-
relational predictive and causal analyses can either
converge or diverge; the predictive objective we
propose is achievable in either case.

Our findings resist simple narratives about the
mechanisms which implement a model’s algorithm.
Although all hierarchical heads are correlated with
hierarchical generalization, not all of them imple-
ment that rule under causal tests. Therefore, even

2Recall that some ID sign-matching heads become
violation-detecting heads on OOD data.

simple models can be complex enough to resist
causal analysis, but correlational interpretations
still provide predictive value. The decoupling is
robust to the choice of ablation: mean ablation and
single-head ablation (Appx. J) reproduce the same
qualitative pattern as the uniform-attention ablation
shown in Fig. 5—ablating sign-matching heads in-
creases hierarchical OOD accuracy, while ablating
violation-detecting heads decreases it.

Unlike the circuit which hypothetically imple-
ments FIRST-SYMBOL, OOD sign-matching heads
are promoted by regularization, occurring more fre-
quently when models are trained with weight decay
(Appx. Fig. 15). We therefore reject the position
that sign-matching patterns are vestigial. Instead,
we conjecture that these heads either develop as
spandrels—side effects of learning NESTED—or
they malfunction on OOD data. Module general-
ization failure is a ripe topic for future work.

4.3.3 Causal roles are data dependent

Interpretability research commonly tests proposed
explanatory mechanisms by intervening on those
mechanisms. We call this approach into question
by demonstrating that a model can respond to an
ablation differently on OOD and ID data. Uniform
attention ablation has substantial effects on OOD
accuracy (Fig. 5), but leaves ID validation accuracy
nearly unchanged, reduced by only 0.6% on aver-
age (Appx. K); moreover, effects of ablation on
ID and OOD accuracy are only weakly correlated
(ρ = 0.24, p < 0.01). These results suggest that a
model might be able to compensate for the loss of
a mechanism on ID data, while still heavily relying
on the mechanism on OOD edge cases. Although
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a model may be applying the same rule ID and
OOD at the output, the distribution shift reveals
brittle elements of its implementation. We posit
models could contain many redundant backup cir-
cuits that compensate for ablation ID, but become
unreliable under distribution shift. Without redun-
dancy, model judgments become more sensitive to
ablations on the remaining circuits.

These results suggest that a negative ablation
result is weak evidence against a proposed mech-
anism. Our findings mirror recent cases where
current interpretability techniques failed to general-
ize on novel domains. Not only are SAE dictionary
features highly data-dependent (Paulo and Belrose,
2025), but steering research shows features that
are causal on one distribution may not be causal
on new data (Kissane et al., 2024; Kantamneni
et al., 2025; Smith et al., 2025). These concerns
have spurred new interest in robust interpretability
(Alvarez-Melis and Jaakkola, 2018).

5 Discussion and Conclusions
We show that interpretability can be used to predict
model behavior on unseen inputs—even when the
interpreted artifacts are not causally implicated in
this behavior. Our findings suggest a new way
of evaluating interpretations: by their ability to
predict model behavior on unseen inputs. We intuit
OOD generalization rules from ID representations
and predict OOD generalization across two distinct
settings: Dyck-1 classification and autoregressive
English question formation.

In particular, we find that some attention pat-
terns causally support OOD generalization while
others limit it. By conducting a correlational
analysis across a model population, we discover
that violation-tracking attention patterns are predic-
tive of hierarchical generalization behavior—even
when causal analysis suggests they suppress this
same behavior. These desiderata can be added to
the current evaluation toolkit, which often focuses
on in-distribution ablation response or correlation
with data properties.

Causality is often held as the gold standard for
mechanistic understanding. But causal findings are
often compatible with multiple analyses that only
expensive, precise ablations can distinguish, and
proposed interpretations frequently fail to trans-
fer to new settings (Stander et al., 2024; Zhang
and Nanda, 2024; Makelov et al., 2024). The lit-
erature on understanding attention has produced
skepticism and fierce debate (Bibal et al., 2022;

Wen et al., 2023) precisely because causal interven-
tion has been treated as the lone arbiter of faithful-
ness. Our stance is correspondingly instrumental-
ist (Duhem, 1954): hierarchical structure is part of
our scientific model of network behavior, sufficient
if we can infer it from its traces.

Predicting model behavior can be valuable inde-
pendent of whether the underlying representational
structure satisfies standard notions of mechanistic
faithfulness. Even if perfect prediction remains elu-
sive, flagging edge-case behavior could meaning-
fully improve evaluation and deployment. Overall,
this work argues that the instrumental, algorith-
mic-level goal of predicting model behavior is a
worthwhile and tractable interpretability objective.

6 Limitations
While our work provides a proof-of-concept for pre-
dictive interpretability, it relies on a controlled syn-
thetic setting with several simplifying assumptions.
Our parentheses and question-formation tasks have
a clear ground truth for generalization rules, and
we train hundreds of models to analyze population-
level patterns—conditions that may not hold when
analyzing real-world models.

Future work could investigate whether mecha-
nistic analyses can predict generalization in more
realistic settings. However, extending our approach
faces challenges. First, similar analysis may be dif-
ficult in larger models because scale reduces—but
does not eliminate—the impact of random varia-
tion and the isolated role of individual attention
heads. Second, identifying interpretable structure
is more difficult outside of synthetic settings with
known OOD generalization behaviors.

Nevertheless, we believe representational geom-
etry may provide clues about which capabilities a
model has learned and how it may perform under
distribution shift. Regardless of whether these ge-
ometric interpretations are considered faithful by
standard metrics, predicting model behavior can be
valuable independent of causal analyses. Even if
perfect prediction remains elusive, flagging poten-
tial edge case behavior could meaningfully improve
model evaluation and deployment decisions.
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A Glossary

Term Definition and Usage

Depth Parentheses sequence token characteristic. At index j, the token depth is o(j)− c(j)
where o(j) and c(j) are the cumulative counts of ( and ) up to j.

Hierarchical
head

Head that tracks a particular type of hierarchical attention pattern. Specifically, in
Dyck, we evaluate if the EOS attention weights persistently favor either violation or
non-violation tokens (e.g., Equation 4 or 5) on ≥80% of sequences containing both
violations and non-violations.

This head type encompasses violation-detecting heads and sign-matching heads, and
it is typically found in 2- and 3-layer models.

EOS The end-of-sequence token where attention patterns are inspected.

EQUAL-COUNT Rule that a model can learn. True iff the number of open and close parentheses in a
sequence are equal, regardless of their ordering (Equation 1).

Marker: Predicts True for all OOD inputs (0% OOD accuracy).

FIRST-SYMBOL Rule that a model can learn. Predicts True if first token is (, False otherwise. This
rule occurs in 1-layer models with 0 weight decay.

Marker: ∼55% OOD accuracy.

Depth-tracking
attention

Dyck hierarchical attention pattern which reflects the tree structure of the preceding
input sequence at an EOS token by indicating which indices violate the condition in
Equation 2. The pattern can favor either violation or non-violation tokens.

ID data In-distribution training and validation data where negative examples satisfy neither
the EQUAL-COUNT nor NESTED rules.

NESTED Rule that a model can learn. Returns True iff the input is properly nested (i.e.,
satisfies both EQUAL-COUNT and depth non-negativity, Equation 2).

Marker: Predicts False on all OOD examples (100% OOD accuracy).

Violation
token

Token position that violates the NESTED condition in Equation 2, i.e., a position
preceded by more close than open symbols.

Violation-
detecting head

Dyck hierarchical head that preferentially attends to tokens that violate Equation 2
on ≥ 80% of sequences containing both violations and non-violations.

Behavior: Their presence is correlated with the hierarchical NESTED rule OOD, but
ablating this head decreases models’ hierarchical behavior.

OOD data Out-of-distribution test set. For Dyck, negative examples satisfy EQUAL-COUNT but
not NESTED. Higher accuracy is associated with NESTED. For question formation,
OOD sentences begin with different auxiliaries for linear vs hierarchical rules. Higher
accuracy is associated with hierarchical behavior.

Sign-matching head Hierarchical head that attends to violation tokens if the last token violates Equation
2 and non-violation tokens if the last token does not violate Equation 2, on ≥ 80%
of sequences containing both violations and non-violations.

Behavior: Their presence is correlated with the hierarchical NESTED rule OOD, but
ablating this head increases models’ hierarchical behavior.

Main Auxiliary-
Detecting head

Question formation analog of a Dyck hierarchical head. At the question-formation
readout position (quest), a head in one of the first three layers of the model places
attention weight > 0.2 on the matrix-auxiliary token on ≥ 80% of ID sequences.

Behavior: Models with such ID heads correlate with higher OOD (hier.) accuracy.

Uniform attention
ablation

Flattens attention to a uniform weight distribution. Used to test causal importance of
particular attention heads and patterns.

Vestigial circuit A sub-circuit used early in training, but not necessary for model performance at the
end (e.g., FIRST-SYMBOL circuit in unregularized 1-layer models). At the end of
training, such circuits may be associated with rules applied OOD but not ID.

Table 1: Glossary of key terms used in this paper.
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B Attention Activation Examples
We include a figure to clarify what we mean by
violation and non-violation tokens.

Sequence ( ) ) ( ) (

Depth 1 0 -1 0 -1 0

Violation

Non-Violation

0.08 0.16

Attention Activations

Figure 6: Examples of attention patterns favoring vio-
lation (top row) and non-violation (bottom row) tokens
at the EOS position. The input sequence is shown along
the top; each token’s tree depth o(j)− c(j) is displayed
below. Tokens with depth < 0 are violations of Equa-
tion 2.

C Reproducibility Statement
All 270 models, data, and code in the Dyck setting
are freely available for use without restriction at
https://github.com/vli31/id-predict-ood. Hyperpa-
rameter settings for each run are extensively docu-
mented in the main text and appendix of this paper.
We recommend that future work experiment further
with increasing scale and study the particular inter-
actions between heads, to extend our descriptions
of representation to be more granular.

We adapted the minGPT software artifact which
has an MIT license (Karpathy, 2020). Packages
used for evaluation include SciPy (version 1.14.0).
To train models for the question-formation setting,
we used the open source output of Qin et al. (2025)
available at https://github.com/sunnytqin/hier_gen.

D Dyck Dataset Generation Details
We can think of the sequence length distribution
as though we are generating NESTED trees with
a 50% probability of recursing at each node, but
discarding identical sequences. Each sequence of
symbols, sampled uniformly at random, is then
sorted according to which rule it follows.

D.1 Dataset parentheses sampling

We create datasets as follows:

1. Sample an even sequence length n = 2 + 2B
with B ∼ Binomial(19, 0.5), so that n ranges
over even values from 2 to 40. These proper-
ties ensure that our samples are concentrated

around a reasonable center, reducing extreme
sequence lengths that could occur with other
distributions like the Uniform. Also note that
our maximum sequence length is 40.

2. Generate a uniformly random parentheses se-
quence of length n with the desired attributes.

• To generate a uniformly random se-
quence that is neither EQUAL-COUNT

nor NESTED, we choose each character
independently from the set { (, ) }. If
the resulting sequence satisfies EQUAL-
COUNT, we discard it.

• To generate a uniformly random se-
quence that is EQUAL-COUNT but not
NESTED, we randomly permute n/2 (
parentheses and n/2 ) parentheses. If
the resulting sequence is NESTED, we
discard it and generate a new one.

• To generate a uniformly random se-
quence that is NESTED, we use the al-
gorithm of Arnold and Sleep (1980).

3. If the sequence generated does not already
appear in the dataset, add it to the dataset.

Thus, each length-n sequence s with the desired at-
tributes is equally likely to be chosen, and it is cho-
sen at most once. Since we discard repeats, the em-
pirical distribution of sequence lengths is skewed
towards longer sequences, as short sequences are
likely to be repeated.

We tokenize the ( and ) characters in addition to
start, end, and padding tokens (BOS, EOS and PAD,
respectively, with PAD appended to the end of the
sequence) to ensure each sequence for classifica-
tion has length 42 (including start and end tokens).
In other terms, we create a sequence of form:

s0s1 . . . sn . . . s41,

where s0 is the beginning-of-sequence token BOS,
s1 through sn make up the n-length parentheses
sequence s, sn+1 is the end-of-sequence EOS token,
and sn+2 through s41 are PAD tokens.

Our ID datapoints are randomly split into train-
ing and validation datasets. Each ID set contains
the same number of True examples (following
both EQUAL-COUNT and NESTED) and False
examples (following neither EQUAL-COUNT nor
NESTED). Our OOD test set consists of parenthe-
ses sequences which follow EQUAL-COUNT but
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not NESTED, i.e., sequences with the same num-
ber of open and close parentheses, but in which
the parentheses are not properly nested (e.g., ))(().
See Table 2 for examples.

Empirically, we find some models classify se-
quences by a FIRST-SYMBOL heuristic OOD.
These models check whether s1 = ( and label an
OOD sequence as True if the first character is ( and
False if it is ). (In-distribution, no models follow
FIRST-SYMBOL, which would fail to achieve full
accuracy ID.)

D.2 Random data order implementation

Our train set contains 200000 distinct datapoints.
During training, we repeat this set five times, so all
models were exposed to 1 million total parentheses
sequences (including 5 repeats of each) across the
course of training. The random seed used for data
ordering, or “shuffle seed,” determines the order of
data within each block of 200000 training exam-
ples, so during training, a single model is exposed
to the same examples in five different orderings.
Models with the same shuffle seed hyperparameter
encounter the 1 million total training datapoints in
exactly the same order (data within each block is
shuffled in a consistent way).

E Factors in rule selection

For consistency, we define OOD accuracy with re-
spect to the NESTED rule. Thus a model achieving
100% OOD accuracy classifies each NON-NESTED,
EQUAL-COUNT sequence in our OOD test set as
False. Correspondingly, models with 0% OOD
accuracy learn EQUAL-COUNT, classifying every
OOD example as True (Table 2).

E.1 Architecture

By comparing Transformers to LSTMs, we con-
firm existing findings (Abnar et al., 2020; Mc-
Coy et al., 2020a; Tran et al., 2018; Saphra and
Lopez, 2020) that LSTMs are intrinsically hierar-
chical while Transformers are not. The inductive
bias of the LSTM architecture places every trained
model at more than 60% accuracy on the OOD
generalization set, indicating that none of these
models learn EQUAL-COUNT and all are closer to
the hierarchical NESTED rule. In contrast, Trans-
former models exhibit an OOD accuracy distribu-
tion with two peaks: one near 0% (indicating per-
fect application of the EQUAL-COUNT rule) and a
smaller one at 90% (indicating a tendency towards
NESTED). Overall, 24.4% of Transformers learn

EQUAL-COUNT perfectly, achieving zero OOD ac-
curacy at the last step in training (Figure 7).

These architectures ranged in parameter count
with 1-, 2-, and 3-layer Transformers having 53K,
103K, and 153K parameters, respectively, and
LSTMs around 250K parameters. Overall, these
models took around 25 H100 GPU hours to train.

E.2 Width

Using the non-parametric Mann–Whitney U test to
detect differences between distributions, we find
that the number of Transformer heads has no sig-
nificant effect on the distribution of OOD accu-
racies for any depth of model (Figure 8). This
result, which we show holds over randomness in
model initialization and data exposure order, adds
to a growing body of evidence across settings that
changing Transformer width has little effect on
model expressivity and OOD generalization (Petty
et al., 2024; Tay et al., 2022).

E.3 Depth

In this setting, depth—unlike width—is a signifi-
cant factor in rule selection, determining the peaks
of the OOD behavior distribution. For instance,
among the 66 out of 270 Transformers (24%) which
achieve perfect EQUAL-COUNT behavior with 0%
OOD accuracy (Figure 7), there are 61 1-layer mod-
els, no 2-layer models, and 5 3-layer models. (Note
our overall model population is evenly split into 90
each of 1-, 2-, and 3-layer models.)

We find that 1-layer models fall into a bi-
modal distribution centering on two rules: EQUAL-
COUNT (characterized by 0% OOD accuracy) and
FIRST-SYMBOL (which gives ∼55% OOD accu-
racy). The 18 models that generalize according to
FIRST-SYMBOL all exhibit nearly identical judg-
ments on specific examples, following a rule as-
sociated with returning a True label if the input
begins with (. Because we only consider models
with at least 99% validation accuracy, the mod-
els in question must also have other subroutines
that are successfully applied ID but dominated by
FIRST-SYMBOL OOD.

We group models via t-SNE (perplexity 12)
based on their judgments on the OOD test set
(Figures 2 and 11). FIRST-SYMBOL forms an out-
lier cluster in model judgments of 1-layer models,
which otherwise learn EQUAL-COUNT.

By contrast, only 2% of 2-layer models are
EQUAL-COUNT-leaning (determined by < 20%
accuracy OOD) and none learn FIRST-SYMBOL.
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Table 2: The EQUAL-COUNT and NESTED rules applied to example parentheses sequences in our ID and OOD
test sets. Also, classifications of the same parentheses sequences according to the OOD FIRST-SYMBOL heuristic.
Notice that this rule does not achieve perfect accuracy ID.

Dataset EQUAL-COUNT NESTED Possible s1 Example FIRST-SYMBOL

ID True True ( ()(()) True

ID False False
( (()() True
) )((() False

OOD True False
( ())( True
) )()( False

— False True — Does Not Exist —

0.0 0.5 1.0
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(a) OOD-test accuracy for LSTMs.
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(b) OOD-test accuracy for Transformers.

Figure 7: Last OOD test accuracy for LSTM and Transformer models that achieve 99%+ ID accuracy. When LSTMs
converge to near-perfect ID accuracy, they consistently also apply the NESTED rule to OOD data. Transformers,
meanwhile, apply a variety of rules and exemplar-based behavior OOD.
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Figure 8: Unlike weight decay and depth (Figure 9),
width is not a substantial factor in final OOD rule selec-
tion in this setting. The Mann–Whitney U test finds no
statistically significant differences in the distribution of
last OOD accuracy over width (all p > 0.05).

The mode of this model distribution is instead
at 90% accuracy, firmly suggesting that most 2-
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Weight Decay
= 0
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Figure 9: Weight decay and depth substantially impact
OOD rule choice. The Mann–Whitney U test finds
significant differences in OOD accuracy distribution be-
tween the absence and presence of weight decay across
depths (p ≪ 0.01 across layers).

layer models have approximately learned NESTED.
Among 3-layer models, behavior varies enor-
mously, with the distributional mode defined by
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Figure 10: Final accuracy on OOD-test for Transformers of varying depths and weight decays. 1-layer Transformers
learn EQUAL-COUNT or FIRST-SYMBOL. Deeper Transformers can learn EQUAL-COUNT or approximate NESTED,
with 2-layer Transformers most likely to learn NESTED and 3-layer Transformers instead exhibiting more complex
OOD generalization behavior.

1 Layer
2 Layers
3 Layers

Figure 11: t-SNE of models’ final OOD classifications
colored by model depth.

the 20 models with < 0.1 OOD accuracy which
learn EQUAL-COUNT. Across all 270 training runs,
10.4% of models achieve at least 90% accuracy, in-
cluding 15 2-layer and 13 3-layer models.

E.4 Regularization

Weight decay has a significant impact on the distri-
bution of rules models learn. Without any weight
decay, models that generalize ID can converge on a
variety of OOD generalization rules with wide dis-

tributions. With weight decay, particularly among
smaller models, models have more similar OOD
behaviors. For example, while 2-layer Transform-
ers show a consistent tendency to prefer NESTED,
they achieve higher OOD accuracy more reliably
when weight decay is applied (Figure 10, Figure
9).

Among 1-layer models, training with weight de-
cay always results in convergence to the EQUAL-
COUNT rule. Among 1-layer models trained with-
out weight decay, 60% (18 of 30) converge to
FIRST-SYMBOL with ∼55% accuracy on the OOD
test set (Figure 9). The presence of all FIRST-
SYMBOL-learning models in 1-layer models with
weight decay 0 indicates regularization can help
prune away vestigial model features unnecessary
for ID generalization. The presence of circuits
supporting FIRST-SYMBOL may not impact ID per-
formance, but in the absence of regularization, such
features significantly decrease OOD performance.

E.5 Randomization in Weight Initialization
and Data Order

Existing work (Qin et al., 2025; Chan et al., 2022;
Zhao et al., 2024; Juneja et al., 2023) has investi-
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Figure 12: Data order (left) and weight initialization (right) are equally influential random factors in OOD behavior,
as shown by the distribution of the ranges of final OOD accuracy between models trained with differing data
ordering and weight initialization.

gated the impact of random weight initialization
and data order on model performance. Dodge et al.
(2020) varied these factors in BERT fine-tuning,
finding that modifying either factor had significant,
comparable impacts on model performance. We
investigate the impact of the two sources of random
variation that account for differing model behav-
iors, and find that while they do not affect ID accu-
racy, both dataset ordering and model initialization
affect generalization behavior.

Since we train models across three data shuf-
fle seeds and five model random seeds, for a fair
comparison between ranges of the impact of these
factors on final OOD accuracy, we randomly select
three random seeds to plot and compare the ranges
of performance across shared hyperparameter con-
ditions.

In Figure 12, we show that in a plurality of mod-
els trained, OOD performance was impacted by
at least 10%, with the maximum difference due
to either one of the two random factors reaching
an above 90% difference in OOD behavior. The
similar distribution in the impact of random ini-
tialization and data order is aligned with previous
work and indicates both factors are important to
determining model OOD performance and should
be accounted for in building robust ML systems.

F Training dynamics of different rules

Some OOD generalization rules can converge si-
multaneously with ID performance, whereas others
take longer to learn after the model successfully
learns ID. In our setting, models can acquire and
stabilize into the EQUAL-COUNT rule, but gener-
ally take longer to converge to the NESTED rule.

Although overall, models tend to classify OOD
sequences as False at the outset of training—likely

because the False training examples, being sam-
pled uniformly at random, are far more diverse—
they rarely stabilize immediately at high rates of
False (i.e., equivalent to a NESTED rule). The
models that stabilize at a NESTED rule, as seen in
Figure 13, often stabilize long after ID convergence.
In other words, we see an example of structural
grokking (Murty et al., 2023). These results sup-
port the idea that NESTED is a more difficult rule to
fully learn. Indeed, only three Transformer models
adhere completely to the NESTED rule by classi-
fying all OOD examples as False. The training
dynamics of different rules broken down in de-
tail by model depth are also shown in Figure 14.
Notably, deeper models have higher final OOD ac-
curacy variance and also display greater variance
during training, possibly because of their higher
expressivity.

F.1 Evaluating the Heuristic

The FIRST-SYMBOL heuristic, in contrast to the
NESTED and EQUAL-COUNT rules, is not used
by any models ID, where it would produce a low
accuracy. However, it is used by some 1-layer
models OOD, and it produces an OOD accuracy of
≈ 0.55, reflecting the fact that around 55% of our
OOD test examples begin with close parentheses.

As discussed in Section 3.1.1, a majority of
1-layer models appear to pass through a FIRST-
SYMBOL heuristic phase, although this heuristic
does not persist until the end of training among
models trained with weight decay. In this case, we
say the models “appear” to pass through this phase,
rather than asserting that they do, because we are
only able to verify their behavior on individual dat-
apoints at our five saved model checkpoints. How-
ever, at those model checkpoints, we are able to
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Figure 13: Illustration of generalization rules across training. ID convergence occurs when models achieve ≥ 99%
ID accuracy for > 99% of remaining datapoints seen—all Transformers achieve this metric after 900K datapoints.
We define OOD convergence to either EQUAL-COUNT or NESTED as Transformers achieving ≤ 0.2 or ≥ 0.8
accuracy for > 99% of the rest of the model run, respectively, after seeing at most 975K datapoints—53% of
Transformers achieve this metric. Using these metrics, this plot shows the number of datapoints seen before OOD
and ID convergence, excluding models that do not converge OOD.
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Figure 14: Heatmaps showing model training dynamics broken down by depth, where purple and yellow indicate
model adherence to the EQUAL-COUNT and NESTED rule, respectively (using the same scale as Figures 2, 3, and
13). Colored cells indicate the OOD accuracy of a particular run when ID accuracy is at least 0.99.

confirm that 1-layer models whose OOD accuracy
is between 0.54 and 0.56 indeed almost always
make OOD judgments based on first symbol. We
therefore posit that throughout training, instances
of OOD accuracy in this range likely reflect the
FIRST-SYMBOL heuristic, though we cannot rule
out that some such instances reflect some other
heuristic which coincidentally produces the same
OOD accuracy. Notably, 2- and 3-layer models
also reach accuracies in this range while training,
but, checking them at saved checkpoints, we find
they do not learn FIRST-SYMBOL.

G Attention Heads Classified by OOD
Behavior

We break down the presence of types of head across
2- and 3-layer models (Figure 15).

In Section 4.2, we showed that classifying hier-
archical heads according to their behavior on the
ID validation set is predictive of generalizing ac-
cording to the NESTED rule. It is also possible to

conduct the same analysis using behavior on the
OOD test set. We find that the presence of OOD
hierarchical heads is similarly predictive of gener-
alizing according to the NESTED rule (Appx. H).
All types of hierarchical head appear to correlate
similarly strongly with NESTED generalization.

H ID Hierarchical Heads as a Classifier
We can recast our predictive interpretability claim
as a concrete classifier. For Dyck, “model has at
least one ID hierarchical head” is a binary pre-
diction of “model implements NESTED on OOD.”
Across the 2- and 3-layer Dyck population (n =
180), thresholding the true label at OOD accuracy
> 0.5 yields precision = 0.96, recall = 0.68 (F1
= 0.79); the OOD-classified head detector reaches
precision 0.94, recall 0.53 (F1 = 0.68). For the
question-formation setting (n = 79), the Main
Auxiliary-Detecting head detector reaches preci-
sion 0.76, recall 0.85 (F1 = 0.80) at the same
OOD-acc cutoff. The two settings sit at oppo-
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Figure 15: Percentage of 2- and 3-layer models containing each head type, by weight decay. Head types are
classified according to their OOD behavior.

site ends of the precision/recall trade-off: in Dyck
the head detector is high-precision, lower-recall—
models flagged as carrying a hierarchical head al-
most always generalize hierarchically OOD, while
some hierarchical-OOD models implement the rule
without a detectable head (consistent with Wen et al.
(2023)’s finding that hierarchical behavior can also
arise through nearly uniform attention). In question
formation the Main Auxiliary-Detecting head is in-
stead high-recall: most hierarchically-generalizing
models carry it, at moderate precision. In both set-
tings, carrying the head is a reliable positive signal
for hierarchical OOD behavior.

H.1 Held-out evaluation

In the previous section, we fit precision and recall
on the population. We also evaluate, on unseen
models, predictors of whether a model lies in the
NESTED region of Fig. 2a. This predictor sees only
ID information. We report AUROC, the probability
that a randomly chosen NESTED model is ranked
above a randomly chosen non-NESTED model.

Predictors. We use three predictors: (1) The
ID hierarchical-head rule in Section 4.2. We as-
sociated NESTED behavior with heads that track
violations on at least 80% of relevant ID sequences.
(2) We also train a random forest based on EOS-
attention statistics on 1K ID sequences (not relying
on considering Equation 2—in particular, center of
mass, mass on the last tenth of the sequence, largest
weight, weight on EOS, and mean self-attention
over all positions summarized by max, mean and
min over heads—15 numbers overall). (3) We
further compare to a baseline of hyperparameters
alone: a logistic regression on depth, width and
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Figure 16: ID internals predict which unseen mod-
els follow NESTED; hyperparameters do not if their
setting is unseen. Each bar is the AUROC for pre-
dicting that a held-out Dyck model lies in the NESTED
region of Fig. 2a from ID information only: the ID
hierarchical-head rule, five attention statistics, or the
hyperparameters alone. Light bars: fit on 150 random
models, tested on the other 120 (50 splits). Dark bars:
all models with one (depth, weight decay) setting held
out (six scorable settings). Whiskers: ±1 SD across
splits; dotted: chance.

weight decay.
Evaluation. We evaluate on random splits: 150

training models and 120 held-out models, 50 draws.
Unseen hyperparameters are 30 models sharing one
(depth, weight decay) setting fit on others; six of
the nine settings contain both NESTED and non-
NESTED models and can be scored. Figure 16
reports the mean and standard deviation over splits.

Results. In random splits both the ID
hierarchical-head rule and the five attention
statistics-based predictors reach AUROC 0.85 and
0.88, respectively. The hyperparameters alone do
better (0.95), as weight decay and depth strongly
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shape rule choice (Appx. E). If we hold out a hyper-
parameter setting, hyperparameters fall to chance
(0.54) while the ID head rule and attention statistics
retain predictive power at 0.73 and 0.75 AUROC,
respectively. The same two predictors transfer to
the question-formation population (n = 79; target:
the HIERARCHICAL region of Fig. 2b; all mod-
els share one configuration, so only random splits
apply; 5-fold cross-validation): the Main Auxiliary-
Detecting head reaches AUROC 0.76 and the same
five statistics, computed at the position preceding
the question, 0.72. Hierarchical heads are a read-
able and interpretable instance of ID internals as a
predictive signal of OOD generalization.

I Breakdown of Hierarchical Heads by
Layer and Weight Decay

Models with ID hierarchical heads consistently
have higher OOD accuracy across both 2- and 3-
layer models, indicating that model internals can
provide additional predictive power to hyperparam-
eters alone (Figure 17). Particularly for 3-layer
models, which have the greatest diversity in OOD
performance, the presence of ID hierarchical heads
in a model provides additional insight into predict-
ing hierarchical NESTED-like generalization.

Model internals continue to improve predictive
power even when fixing both depth and weight
decay simultaneously. Some hyperparameter com-
binations lead to one rule or the other relatively
consistently: for example, “1-layer, weight decay
> 0” is completely predictive of EQUAL-COUNT

(see Figure 10, Appendix E.3). However, in hy-
perparameter settings with diverse OOD behav-
ior, presence of hierarchical heads is predictive of
NESTED generalization behavior.

In Figure 18, consider any multilayer setting
producing a diverse range of OOD accuracy val-
ues, including values both above and below 50%
(in other words, any setting except the “2-layer,
0.01 weight decay” setting, where all models learn
NESTED). In every such setting, models without hi-
erarchical heads have a median OOD accuracy that
falls at or below the bottom quartile of the score
for models with such heads. For some settings, the
distributions barely overlap at all.

Thus, even if we consider the effect of hyper-
parameter settings, the presence of a hierarchical
(i.e., depth-tracking) head is highly informative. Of
course, some of these settings might lead to more
hierarchical runs because they enable the learning
of hierarchical mechanisms, meaning that the ef-

fect of hierarchical heads is far greater than any
one setting would suggest.

J Effects of Causal Intervention on
Attention

Our causal experiments involve uniform ablation
of the attention distribution in all attention heads
(Section 4.3). We ablate all attention in order to uni-
formly and symmetrically intervene on all models.
This is in contrast to ablating exclusively hierar-
chical heads, which would require us to compare
models on an “unequal footing,” in the sense that
some models would have 0 heads ablated, some
models 1 head ablated, and some models 2 or more.
Ablating all attention allows us to definitively elim-
inate all influence from hierarchical heads without
introducing asymmetric interventions.

We also examined the effects of ablating indi-
vidual heads one at a time. We found effects that
were generally very similar (if weaker), in compar-
ison with full attention ablation; in particular, in
models with 2 or more hierarchical heads, full atten-
tion ablation tended to affect OOD accuracy more
strongly than one-at-a-time attention ablation. Ulti-
mately, one-head-at-a-time ablation demonstrates
the same trend as full attention ablation: ablating
violation-detecting heads reduces NESTED behav-
ior, while ablating sign-matching heads increases
this behavior. See Figure 19. Mean ablation—
replacing every head’s attention pattern with its
dataset-mean pattern over the OOD test set, either
all heads at once or one head at a time—gives the
same result as its uniform counterpart. In particular,
across the 180 2- and 3-layer models, models with
OOD sign-matching heads become more hierarchi-
cal when those heads are ablated, while models
with violation-detecting heads become more linear.

K Change in OOD and ID Accuracy
After Ablating Heads

Ablating hierarchical heads has little to no effect
on ID accuracy (Figures 20 for ID hierarchical
heads and 21 for OOD hierarchical heads, left
panels). The maximum effect of ablating an ID
or OOD head type on the ID data is 77/1000,
both for violation-detecting heads, but the median
impact is around 10/1000 for all classified head
types. Across ID head types, ablation tends to de-
crease OOD accuracy, but for OOD head types, as
seen in Figure 5, ablating violation-detecting heads
decreases while ablating sign-matching heads in-
creases OOD accuracy (Figures 20 and 21, right
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Figure 17: Last OOD test accuracy of 2- and 3-layer models with and without ID hierarchical heads.
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Figure 18: OOD accuracy of 2- and 3-layer models with and without ID hierarchical heads, by number of layers and
weight decay value. Over the four populations, (1) 2- and 3-layer models with non-zero weight decay, (2) all 2-layer
models, (3) all 3-layer models, and (4) 3-layer models with 0.001 WD, a Mann–Whitney U test shows a significant
difference in OOD accuracy distributions.
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Figure 19: OOD accuracy before and after applying uniform attention ablation to one head in each model. For each
model, we plot the head whose ablation affects OOD accuracy most (in absolute value), colored by whether it is a
sign-matching or violation-detecting head (or neither). In comparison with full attention ablation (Figure 5), effects
on OOD accuracy are smaller. However, our analysis of differing effects of ablating different types of hierarchical
heads remains the same as in Section 4.3.2.

panels).

L Question Formation Setting

L.1 Task and Data

Our autoregressive setting is question formation in
English (McCoy et al., 2020a; Qin et al., 2025):
an autoregressive model reads a declarative sen-

tence followed by the special token marker quest
and produces the corresponding yes/no question.
The correct transformation requires identifying the
matrix (root) auxiliary and moving it to the front:

My dog does like the ravens that do
dance. quest Does my dog like the

22
405



0.4 0.0 0.4
Change in ID Accuracy After Ablation

Neither (181)

Both (7)

Violation-Detecting (8)

Sign-Matching (74)
ID

 H
ea

d 
Ty

pe

0.4 0.0 0.4
Change in OOD Accuracy After Ablation

Neither (181)

Both (7)

Violation-Detecting (8)

Sign-Matching (74)

ID
 H

ea
d 

Ty
pe

Figure 20: For heads classified by type based on their ID behavior, accuracy ID and OOD after ablation subtracted
by baseline. Ablation has little impact on ID accuracy, and tends to decrease OOD accuracy across ID sign-matching
and violation-detecting heads. The number of models in each category is included in parentheses after the label.
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Figure 21: For heads classified by type based on their OOD behavior, accuracy ID and OOD after ablation subtracted
by baseline. Ablation has little impact on ID accuracy, but ablating violation-detecting OOD heads decreases and
ablating sign-matching OOD heads increases OOD accuracy. The number of models in each category is included in
parentheses after the label.

ravens that do dance?

Two rules yield the same output on training and ID
validation:
• Linear rule: move the first auxiliary in the sen-

tence to the front.
• Hierarchical rule: move the matrix (root-clause)

auxiliary to the front.
ID examples are constructed so that the first auxil-
iary is the matrix auxiliary, so both rules predict the
same output token; OOD examples place an auxil-
iary inside a relative clause that precedes the matrix
auxiliary, making the two rules diverge. Table 3
contrasts the two settings of this paper.

OOD accuracy measures hierarchical generaliza-
tion: we report it as P (hier), the mean probability
the model assigns to the matrix (hierarchical) aux-
iliary at the fronting position. 100% means the
model consistently moves the matrix auxiliary; 0%
means it consistently moves the first auxiliary.

L.2 Models and Population

We analyze 79 distinct autoregressive Transformer
language models in this population, following the
training procedure of Qin et al. (2025). Each is a 6-
layer decoder-only (causal) Transformer with 8 at-
tention heads, model dimension 512, feed-forward
dimension 2048, dropout 0.1, and tied input/output
embeddings (vocabulary size 71, ≈ 19M param-
eters). The model reads the declarative followed
by the quest marker with causal self-attention and

predicts the fronted auxiliary as the next token.
All models are trained with Adam: learning rate
10−4, 10,000 warm-up steps, a two-phase learning-
rate schedule, no weight decay or label smoothing,
gradient-norm clipping at 1.0, and batch size 8.
All are evaluated at the 300K-step checkpoint and
reach perfect ID validation accuracy. Because the
models share architecture and objective and differ
essentially only in random seed (weight initializa-
tion and data ordering), we can compare their OOD
behavior directly. The heads we analyze are causal
self-attention heads; “first three layers” refers to
the first three of the six layers.

L.3 Main Auxiliary-Detecting ID Head

Pattern. A Main Auxiliary-Detecting head is
an attention head in the first three model layers
whose attention from the quest token—the final
input token, at which the model begins generat-
ing the question—lands on the matrix (root-clause)
auxiliary, i.e. the auxiliary that the hierarchical rule
fronts. For an ID sentence “My unicorn does move
the dogs that do wait.” the matrix auxiliary is does
(not the embedded do); for the OOD sentence “My
unicorn who doesn’t sing does move.” it is still
does (not the embedded doesn’t).

Detection details. For each (model, layer, head)
with the layer among the first three, we mark an
ID validation example as detected if the attention
weight a(quest → matrix_aux) > 0.2; a head
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Dyck-1 (classification) Question formation (autoregressive)

ID
Input ( ) ( ( ) )

( ( ( ) ( My dog does like the ravens that do dance.

Output ✓ TRUE
✗ FALSE

Does my dog like the ravens that do dance?

OOD
Input ( ) ) ( ( ) My dog who doesn’t sing does dance.

EQUAL-COUNT / linear ✓ TRUE Doesn’t my dog who sing does dance?

NESTED / hierarchical ✗ FALSE Does my dog who doesn’t sing dance?

Table 3: Two diagnostics for which rule a model has actually learned. ID examples are consistent with both candidate
rules; OOD examples force them apart. In Dyck-1, the linear (EQUAL-COUNT) and hierarchical (NESTED) rules
disagree about whether a non-nested-but-equal-count sequence is True. In question formation, they disagree about
which auxiliary moves: in this example, the embedded doesn’t (linear) or the matrix does (hierarchical).

qualifies as Main Auxiliary-Detecting if it is de-
tected on at least 80% of the ID validation set. A
model carries the head type if at least one head in
its first three layers qualifies. The two thresholds
are robust: sweeping the per-token attention cutoff
(from 0.025 to 0.40) and the persistence threshold
(from 0.5 to 1.0), the gap in mean OOD hierarchi-
cal accuracy between models that carry the head
and models that do not stays positive and generally
statistically significant. At the reported cutoff in
Figure 4 (> 0.2 on ≥ 80% of ID examples), 59 of
79 models (75%) carry at least one Main Auxiliary-
Detecting head (a one-sided Mann–Whitney U test
rejects equality at p = 6.9× 10−3).

L.4 Ablation Does Not Surface a Dyck-Style
Decoupling

Ablation mean ∆OOD median ∆OOD 95% CI ∆ID pWilc.

Mean +0.002 +0.000 [−0.004,+0.009] 0.000 0.74

Uniform attn. −0.007 −0.000 [−0.020,+0.004] 0.000 0.23

Table 4: Change in OOD hierarchical accuracy when ab-
lating Main Auxiliary-Detecting heads (all target heads
together), for the n = 59 models with at least one. Two
ablation types (mean, uniform-attention) and one-sided
Wilcoxon test. Both effects are within a percentage
point of zero, neither reaches p < 0.05, and ID vali-
dation accuracy is unchanged. One-at-a-time ablation
gives the same result.

We ablate Main Auxiliary-Detecting heads in
every model that carries at least one (n = 59) and
measure the change in OOD hierarchical accuracy.
To check the result is not an artifact of a specific
ablation type, we apply the same ablations we use
in the Dyck setting. We consider two ablation types
per model, each applied both to all target heads
together and to each target head one at a time:
• Mean ablation: replace the head’s attention pat-

tern with its dataset-mean pattern, computed on

the evaluation set.
• Uniform-attention ablation: replace the head’s

attention weights with uniform attention over al-
lowed (causally unmasked) positions.

Table 4 reports the per-type distribution of ∆ (OOD
hier. acc.) across the 59 ablated models. Both abla-
tion types yield a near-zero mean effect, whether
the target heads are ablated together or one at a time.
Crucially, ID validation accuracy is unchanged un-
der every intervention—all 59 models retain perfect
ID accuracy—so the heads are not load-bearing for
the in-distribution task either. The qualitative find-
ing is robust: the Main Auxiliary-Detecting head
correlates with hierarchical OOD behavior at ID
but does not load-bear under these interventions.
The surprising correlational/causal decoupling we
report in Dyck-1 (where sign-matching attention
predicts hierarchy yet ablating it increases hierar-
chy) is not a general result but a proof of existence.

M AI Statement
AI assistance was used for some analysis, word-
ing, and visualizations. All AI generated code was
manually verified.
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