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Abstract
Language models (LMs) exhibit human-like
behavior across linguistic tasks, yet behavioral
similarity does not establish mechanistic cor-
respondence. Animacy — whether an entity
is alive and sentient — is a well-documented
semantic feature shaping linguistic behavior in
humans. Although LMs show animacy sensitiv-
ity behaviorally, the mechanistic basis remains
unexplored. In this study, we probe GPT-2
Small’s internal circuitry to test whether ani-
macy representations causally drive syntactic
structure choice. Activation patching confirms
causality: swapping animacy representations in
the model shifts its downstream output. Crit-
ically, bidirectional patching reveals that an-
imacy conditions differ in how strongly they
commit to a structure: some animacy config-
urations resist perturbation and exert strong
causal influence, while others remain flexible.
We identify 22 attention heads mediating these
effects, split between passive-promoting and
passive-suppressing populations, suggesting
GPT-2 Small’s structure choice likely emerges
from internal competition between opposing
heads. These findings provide mechanistic
grounding for animacy effects documented
in extensive psycholinguistics research and
demonstrate how interpretability methods can
enrich and test psycholinguistic theory.

1 Introduction

A growing body of research has found that lan-
guage models (LMs) exhibit human-like linguis-
tic behavior. In surprisal-based analyses, models
show sensitivity to syntactic structure that parallels
human judgments, including subject-verb agree-
ment across intervening material (Linzen et al.,
2016; Gulordava et al., 2018), filler-gap dependen-
cies (Wilcox et al., 2020), and island constraints
(Wilcox et al., 2023). Model surprisal reliably pre-
dicts human reading times, with transformer-based

*All code is available at https://github.com/
Yue00831/Animacy_LLMech_CoNLL2026.

models consistently outperforming n-gram base-
lines (Goodkind and Bicknell, 2018; Wilcox et al.,
2020; Huang et al., 2024; Oh and Schuler, 2023).
Direct prompting studies have found human-like
performance on reasoning tasks (Cong, 2024; Hu
and Levy, 2023; Fang et al., 2025a, 2026), semantic
judgments (Ettinger, 2020), and semantic-syntax
interface (Li et al., 2025; Hanna et al., 2023; Fang
et al., 2025b). Neural alignment studies report
that model representations correlate with brain ac-
tivity during language comprehension (Schrimpf
et al., 2021; Goldstein et al., 2022; Caucheteux
and King, 2022). Moreover, LM-derived surprisal
also indexes language development and recovery in
non-native speakers and clinical populations, track-
ing second-language proficiency in degree expres-
sions (Cong, 2025), detecting and subtyping apha-
sia from discourse (Cong et al., 2024), and track-
ing priming-induced syntactic recovery in aphasia
(Cong and Lee, 2025). These convergent findings
raise an intriguing possibility: LMs might serve
as computational testbeds for investigating cogni-
tive mechanisms found in humans. Yet behavioral
alignment does not establish causal equivalence.
Using mechanistic interpretability methods, we ask
whether the model arrives at human-like behavior
by relying on the same information humans use,
or whether the correspondence arises from shallow
heuristics that produce the correct outputs for the
wrong reasons (McCoy et al., 2019).

Animacy, whether an entity is alive and sen-
tient, is a semantic feature with well-documented
effects on syntactic processing in psycholinguis-
tics research. Specifically, object relative clauses
(ORCs) with two animate nouns were found to
be harder to process than those with mixed ani-
macy, an effect attributed to accessibility and in-
terference mechanisms (Gordon et al., 2001; Mak
et al., 2002; Traxler et al., 2002; Bock and War-
ren, 1985; Gennari et al., 2012). Recent work has
begun testing whether LMs show sensitivity to ani-
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macy like humans. Hanna et al. (2023) found that
LMs distinguish animate from inanimate entities
and adapt to contextually atypical animacy, though
not as flexibly as humans. The BLiMP bench-
mark includes animacy-based selectional restric-
tion tests on which models achieve high accuracy
(Warstadt et al., 2020). Li et al. (2025) found that
DistilGPT-2’s passive rates in ORCs vary system-
atically across animacy configurations in a pattern
that mirrors human production data.

These findings establish behavioral alignment,
but they leave open the mechanistic question: does
animacy causally drive model behavior, or does the
correlation arise through a different pathway?

The present study takes GPT-2 Small and asks
whether animacy causally drives the model’s struc-
ture choice, and if so, through what computational
architecture. We chose GPT-2 Small because Li
et al. (2025) already showed initial behavioral evi-
dence of animacy sensitivity. As an extension, we
investigate whether this alignment reflects shared
computational principles. Also, GPT-2 is one of
the most widely studied and validated models in
recent mechanistic interpretability studies (Wang
et al., 2023; Conmy et al., 2023; Vig et al., 2020).
Its moderate size allows us to perform controlled
interventions that might not be accessible or feasi-
ble in larger-scale, closed models such as GPT-5
(Mueller et al., 2025).

Building on this line of work, we focus on
structure choice in English ORCs, where speakers
choose between active (e.g., the journalist that the
newspaper contacted) and passive (e.g., the jour-
nalist that was contacted by the newspaper) in four
animacy configurations defined by the head noun
and agent noun animacy: AA (both animate), IA
(inanimate head, animate agent), AI (animate head,
inanimate agent), and II (both inanimate). Using
Li et al. (2025) controlled stimulus materials, we
probe the computational mechanisms underlying
this alignment through a series of studies: We first
ask whether GPT-2 encodes animacy as a gener-
alizable categorical feature (Study 1) and whether
within-sentence nouns’ similarity varies across ani-
macy configurations (Study 2). Then we use acti-
vation patching (Zhang and Nanda, 2024; Heimer-
sheim and Nanda, 2024) to test whether these repre-
sentations causally drive structure choice (Study 3)
and identify the specific attention heads mediating
this effect (Study 4). Our main contributions are:

1. Using activation patching, we provide causal

evidence that animacy drives ORC structure
choice in GPT-2, not just behavioral align-
ment.

2. Through similarity analysis and bidirectional
patching, we show that interference and ac-
cessibility operate jointly, and their combined
strength determines how strongly a given ani-
macy configuration commits to passive.

3. Via targeted ablation, we localize 22 atten-
tion heads with opposing passive-promoting
and passive-suppressing populations, reveal-
ing that GPT-2’s structure choice involves a
more complex internal process than a single
unified bias.

2 Related Work

2.1 Animacy effects on sentence structure
choice

Two mechanisms have been proposed in psycholin-
guistics research to explain how animacy influences
structure choice in ORCs. Gennari et al. (2012)
found that ORCs with two animate nouns (AA)
are more likely to be produced in passive voice
than those with an inanimate head noun (IA). To
explain this finding, they argue that two animate
nouns (both potential agents), trigger similarity-
based competition during processing, and that pas-
sive voice helps resolve this competition (interfer-
ence mechanism, Gordon et al. (2001, 2004)). An
alternative explanation is the accessibility mecha-
nism, according to which animate nouns are more
salient and thus more accessible to the subject po-
sition within the relative clause, promoting passive
use when the head noun is animate (Bock and War-
ren, 1985; Prat-Sala and Branigan, 2000; Rodrigo
et al., 2018).

Li et al. (2025) tested all four animacy configu-
rations in both humans and DistilGPT-2 and found
that AA and AI showed the highest passive rates,
IA the lowest, and II intermediate between these.
They interpreted this through joint activation of the
two mechanisms: AA activates both interference
and accessibility, IA activates neither, AI activates
accessibility only, and II activates interference only.
However, they were unable to explain why the ac-
cessibility mechanism seemed to have a stronger
effect than the interference mechanism, resulting in
higher passive rates for AI compared to II. Behav-
ioral methods alone are inadequate to resolve these
questions, because they observe the joint outcome
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and relative weightings of the mechanisms without
specifying how they are computationally integrated.
The present study aims to address this gap.

2.2 LMs as testbeds of human language
processing

The question of whether LMs can inform theories
of human cognition has generated substantial de-
bate. On the one hand, LMs achieve remarkable be-
havioral alignment with humans across diverse lin-
guistic phenomena, including syntactic dependen-
cies (Linzen et al., 2016; Gulordava et al., 2018),
filler-gap processing (Wilcox et al., 2018), read-
ing time prediction (Huang et al., 2024; Oh and
Schuler, 2023; Goodkind and Bicknell, 2018), and
good-enough processing (Cong and Rayz, 2025).
On the other hand, critics argue that behavioral
similarity does not establish mechanistic correspon-
dence: models may achieve human-like outputs
through entirely different internal processes (Bow-
ers et al., 2023; Guest and Martin, 2023). Ivanova
(2023) articulates this concern directly: behav-
ioral and neural alignment between LMs and hu-
mans may reflect superficial similarities rather than
shared underlying algorithms.

Recent studies have examined how animacy is
represented by LMs. Hanna et al. (2023) found
that models like GPT-2 and LLaMA distinguish
animate from inanimate entities and show human-
like behavior in adapting to atypical animacy. They
argue that despite limited signal, LMs acquire sen-
sitivity to relevant lexical semantic distinctions. Li
et al. (2025) found that GPT-2’s passive rates in
ORCs across the four animacy configurations mir-
ror human production data: both show the highest
passive rates for AA and AI, moderate rates for II,
and the lowest for IA, and this pattern cannot be
fully explained by biases in its training data (Li
et al., 2025). These findings suggest an emergent
animacy-sensitivity of LMs, but fail to pinpoint its
cause.

Does animacy actually drive structure choice in
LMs? If so, then manipulating animacy representa-
tions inside the model should change its behavior;
otherwise, manipulation should have little effect
(Heimersheim and Nanda, 2024). Answering this
question matters beyond model evaluation, because
a model that not only behaves like humans but pro-
cesses information in a similar way would offer a
far more productive testbed for investigating theo-
ries of human sentence processing.

2.3 Mechanistic interpretability and causal
methods

Mechanistic interpretability aims to reverse-
engineer neural networks into human-
understandable algorithms (Zhang and Nanda,
2024; Heimersheim and Nanda, 2024). A central
technique is activation patching, which isolates
the causal contribution of specific representations
by substituting activations from one forward
pass into another (Vig et al., 2020; Meng et al.,
2022). Heimersheim and Nanda (2024) provide
methodological guidance for this approach,
distinguishing between denoising and noising
interventions and discussing how different circuit
architectures manifest in patching results. Zhang
and Nanda (2024) offer best practices for metrics
and corruption methods.

Recent work has begun applying these methods
to linguistic phenomena. Finlayson et al. (2021)
examined causal effects of syntactic agreement rep-
resentations, and Lasri et al. (2022) introduced
usage-based probing with causal interventions to
test whether BERT actually relies on its encoding
of grammatical number. However, to our knowl-
edge, no prior work has used causal intervention
methods to investigate how semantic features like
animacy affect sentence structure. The present
study addresses this gap, using activation patch-
ing not merely to localize where information is
stored but to test competing theoretical accounts
of how multiple constraints are integrated during
structure selection.

3 Study 1: Probing animacy
representations

We first ask whether animacy is encoded in GPT-2
Small. Study 1 tests whether animacy informa-
tion generalizes across lexical items. If a classifier
learns a boundary between animate and inanimate
nouns from a subset of items and successfully ap-
plies it to held-out nouns, this indicates the repre-
sentational space is structured along an animacy-
relevant dimension.

Method We compiled 38 animate nouns (e.g.,
baby, farmer) and 57 inanimate nouns (e.g., trophy,
table) using Li et al. (2025)’s psycholinguistics-
driven stimulus set, split into training (70%) and
test (30%) sets stratified by animacy. For each
noun at each layer, we placed it in a minimal con-
text (“The noun is”) and extracted the hidden state
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Figure 1: Train and test accuracy for animacy classifica-
tion (5-fold stratified cross-validation). Left: High test
accuracy on held-out nouns. Right: Generalization gap
remains below the 10% threshold at all layers.

from the residual stream. We trained logistic regres-
sion classifiers to predict animacy, then evaluated
on held-out nouns. To address the potential con-
found that the probe exploits subword tokenization
rather than animacy itself (Belinkov, 2022), we ver-
ified that the animate and inanimate noun sets were
matched by subword tokenization, with comparable
mean token counts per noun and consistent with
the stable sentence-level OOV (out-of-vocabulary)
rates reported in Li et al. (2025).

Results Figure 1 shows classifier performance
across layers. We performed 5-fold stratified cross-
validation to assess generalization. Mean test accu-
racy across folds was 92.7% (±6.7%), and perfor-
mance was flat across depth, indicating that linear
separability of animacy is consistent throughout
the representational hierarchy and present from the
embedding layer.

Discussion GPT-2 organizes animate and inani-
mate nouns into distinct regions of representational
space, and this organization generalizes to unseen
nouns. But probe generalization does not establish
that GPT-2 uses animacy functionally (Belinkov,
2022). What Study 1 shows is that the representa-
tional prerequisites for animacy-based processing
are in place. Whether this information causally in-
fluences structure choice is the question we address
in Studies 3 and 4.

4 Study 2: Representational similarity
across animacy configurations

Motivation Study 1 established that animacy is
encoded in GPT-2. We next ask whether the joint
animacy configuration is reflected in how simi-
larly the model represents the two nouns within
a sentence. The interference account predicts that
representationally similar nouns should compete
more during processing and thus will promote pas-

Figure 2: Within-sentence cosine similarity between
head and agent noun representations, averaged across
active and passive constructions (active and passive pro-
duced virtually identical patterns, r=.994).

sive use more (Gordon et al., 2001; Gennari et al.,
2012).

Method With Li et al. (2025)’s stimuli set, we
have 96 items per animacy condition (AA, AI, IA,
II). We extracted hidden states for both noun posi-
tions at each layer and computed the cosine simi-
larity between head noun and agent noun represen-
tations within each sentence.

Results Within-sentence similarity varied sys-
tematically by animacy configuration (Figure 2;
all ANOVAs p < .001 across layer ranges). AA
showed the highest similarity (M = 0.763), sig-
nificantly exceeding all other conditions (all p <
10−63, Cohen’s d = 0.73–0.97) (e.g., rabbit/fox:
0.817, girl/man: 0.811). IA showed the lowest sim-
ilarity (M = 0.681) (e.g., vase/gardener: 0.577,
box/woman: 0.635), significantly below AI and
II (p < .001), though with small effect sizes
(d ≈ 0.18–0.19). Interestingly, AI (M = 0.698)
and II (M = 0.700) were statistically indistinguish-
able (p = .73, d = −0.01). All conditions showed
a U-shaped trajectory across layers, with between-
condition differences largest in mid-layers.

We additionally verified that the similarity pat-
tern is not affected by the presence of the explicit
relativizer that. The AA > AI ≈ II > IA ordering
held with virtually identical effect sizes for both
full relative clauses (e.g., the baby that the father
holds) and reduced relative clauses (the baby the
father holds), with no relativizer main effect or
interaction (details reported in Appendix D).

Discussion Results align with predictions of the
interference account at the extremes (Gordon et al.,
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2001; Gennari et al., 2012): AA shows the high-
est similarity, as two animate nouns both possess
agentive properties that form competition, while IA
shows the lowest, as the inanimate head noun cre-
ates no competition for agenthood with the animate
agent (thematic role is clear). II shows substan-
tially lower similarity than AA despite both being
matched-animacy conditions, suggesting that an-
imacy congruency alone does not guarantee high
representational overlap. Animate nouns (AA)
showed a coherent cluster of properties (agenthood,
volition, sentience) that produce tight representa-
tional clustering. In contrast, II pairs range from
functionally related objects with strong similarity
(bus/car) to unrelated artifacts with much lower
overlap (vase/shelf ), showing the greater hetero-
geneity. Although Study 1 confirmed the animate–
inanimate categories are distinct for GPT-2, inan-
imate nouns seem to show more diversity within
their category.

The results of Study 2 point to an interesting
interaction: when the agent is animate, changing
the head noun from animate to inanimate produces
a large similarity difference but when the agent
is inanimate, the same change has virtually no ef-
fect. This suggests that head noun and agent noun
animacy contribute to the representational similar-
ity interactively. In Studies 3–4, we will clarify
whether and how these representational patterns
channel into causal influence on structure choice.

5 Study 3: Causal effects of animacy on
structure choice

Motivation Studies 1 and 2 established that GPT-
2 encodes animacy and that representations reflect
joint animacy configuration. However, probe ac-
curacy cannot establish whether animacy causally
affects sentence structure (Belinkov, 2022). Study
3 addresses this using activation patching.

Method We patched the residual stream activa-
tions at the noun token positions, in order to tease
apart and isolate the causal contribution of head
noun animacy and agent noun animacy separately.
Each transition holds one noun’s animacy constant
while flipping the other:

• Transitions AA↔IA and AI↔II hold agent
animacy constant and vary head animacy, iso-
lating the causal effect of head animacy.

• Transitions AA↔AI and IA↔II hold head

animacy constant and vary agent animacy, iso-
lating the causal effect of agent animacy.

Specifically, for each layer l, we ran the source
sentence (condition A) through the model, ex-
tracted its post-block residual stream vectors at
the two noun token positions, and substituted them
into the corresponding positions during a forward
pass of the target sentence (condition B) (Heimer-
sheim and Nanda, 2024; Zhang and Nanda, 2024).
Crucially, this intervention does not replace the in-
put tokens, rather, it replaces the model’s internal
encoding at noun positions, making the model pro-
cess the target sentence as if its nouns carried the
animacy properties of the source sentence. Struc-
ture preference was measured as the difference in
length-normalized log-probabilities between pas-
sive (ℓp) and active (ℓa) variants:

∆ = ℓp − ℓa (1)

ℓx =
1

nx

nx∑

i=1

logP (txi | tx<i) (2)

where probabilities are computed autoregres-
sively over all BPE tokens in each sentence. Length
normalization accounts for the different token
counts between active and passive. GPT-2’s BPE
tokenizer handles leading whitespace internally, so
no additional whitespace correction was applied.

We tested four forward transitions (AA→AI,
AA→IA, AI→II, IA→II) and their reverses to as-
sess bidirectional asymmetry. Two null controls
validated the procedure: self-patching (patching
sentences to themselves, expected effect: exactly
zero) to confirm that the operation itself introduces
no artifacts; within-animacy patching (swapping
sentences sharing the same animacy configuration)
established a lexical variation noise floor. Experi-
mental effects were later corrected by subtracting
within-animacy noise floor. All analyses applied
FDR correction.

Results Null control validations Self-patching
yielded effects of exactly 0.000 (M = 0.000,
SD = 0.000), as expected, so patching itself in-
troduces no artifacts. Within-animacy patching
produced small effects (M = 0.033, Cohen’s d =
0.16). Experimental patching’s effect (M = 0.177)
was 5.3× larger than noise floor, indicating predom-
inant animacy-driven causation (Figure 3).

Causal effects After subtracting within-animacy
baselines (noise floor), all four forward transitions
showed substantial corrected effects: AA→IA
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Figure 3: (Left) Self-patching yields exactly zero effect. (Middle) Within-animacy patching produces small effects
(M = 0.033). (Right) Experimental cross-animacy effects are 5.3× larger than the within-animacy control.

Figure 4: Study 3 bidirectional patching with null cor-
rection. Positive values indicate increased passive pref-
erence; negative values indicate increased active prefer-
ence. Solid bars: raw effects; hatched bars: corrected
effects (subtracting target condition’s within-animacy
null baseline).

(+0.132), IA→II (+0.129), AI→II (+0.127), and
AA→AI (+0.104), all with 95% CIs excluding
zero (Appendix Table 2). Bidirectional patching
revealed consistent asymmetry: AA→IA promoted
passive by +0.132, while IA→AA promoted ac-
tives only by 0.027. II representations exerted
particularly weak causal influence on others after
correction (II→AI +0.012; II→IA +0.046), which
were minimal compared to AA’s strong effects
(AA→AI: +0.104; AA→IA: +0.132) (Figure 4).
Seven of eight transitions showed effects direction-
ally consistent with behavioral results in Li et al.
(2025), but IA→II presented an anomaly: despite
IA having the lowest behavioral passive rate (63%)
compared to II (82%), patching IA into II unex-
pectedly increased passive likelihood. We report
layer-wise results in Appendix Figure 6.

Discussion Manipulating animacy representa-
tions causally affected structure choice, indicating
that the animacy sensitivity observed behaviorally
in prior work (Hanna et al., 2023; Warstadt et al.,
2020; Li et al., 2025) is mechanistically grounded.
A caveat is that residual stream patching swaps en-
tire representations, which is a known interpretive
challenge for activation patching (Heimersheim
and Nanda, 2024). Our within-animacy null control
addresses this: swapping representations between
sentences that share the same animacy configura-
tion but differ in lexical content produced effects
5.3× smaller than cross-animacy patching. While
this control cannot eliminate every possible con-
found, it demonstrates that most of the observed
effect is attributable to the animacy differences be-
tween conditions rather than to incidental lexical
properties.

The bidirectional asymmetry shows that AA rep-
resentations seem to be more committed to passives
and exert strong causal influence on other condi-
tions. In contrast, II representations are causally
weak despite involving matched-animacy nouns
like AA. This AA–II divergence cannot be ex-
plained by similarity alone. We return to this con-
trast in the General Discussion.

The IA→II anomaly points to a limitation of
residual stream patching that requires further anal-
ysis. We suggest feature-level patching as the next
step. Specifically, by isolating animacy within
a low-dimensional subspace of the model’s rep-
resentations and intervening only along that sub-
space, we could potentially determine whether this
anomaly reflects genuine animacy dynamics or con-
tributions from co-varying features. Relevant tech-
niques include nullspace projection on representa-
tions (Ravfogel et al., 2020) and distributed align-
ment search for locating interpretable causal vari-
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ables in distributed representations (Geiger et al.,
2024), though subspace interventions themselves
require careful validation to avoid interpretability
illusions (Makelov et al., 2024). We leave this for
future work, but flag it as the natural next step for
this line of inquiry.

6 Study 4: Identifying critical attention
heads

Building upon Study 3’s finding, Study 4 now ad-
dresses which specific components of GPT-2 medi-
ate the animacy effect.

Method We applied a three-stage filter to GPT-
2’s 144 attention heads: 1) structural criterion:
we retained heads where the verb token allocated
≥10% attention to both noun positions in ≥50%
of sentences; 2) sensitivity criterion: we tested
whether attention patterns differed across animacy
conditions using Kruskal-Wallis tests with FDR
correction; 3) causal necessity criterion: ablating
each head by zeroing its per-head output vector at
hook_z, removing the head’s contribution to the
residual stream, and measured resulting changes
in structure preference (Conmy et al., 2023; Wang
et al., 2023).

To verify that ablation was targeted rather than
destructive, we also measured the change in mean
sentence log-likelihood under ablation. Zero-
ablation can in principle disrupt model perfor-
mance beyond the removal of the targeted com-
ponent’s function (Li and Janson, 2024; Heimer-
sheim and Nanda, 2024). This diagnostic examines
whether any observed effects on structure prefer-
ence reflect targeted intervention rather than collat-
eral damage.

Results The filtering procedure found 22 criti-
cal heads (Table 1, Figure 5). These heads split
into two functionally distinct types: 12 passive-
promoting heads (ablating them decreased pas-
sives) and 10 passive-suppressing heads (ablating
them increased passives). L0H9 emerged as the
dominant passive-suppressing head, with an abla-
tion effect (+0.338) approximately 4× larger than
the next strongest head. The strongest passive-
promoting heads were L11H0 (−0.069) and L0H7
(−0.045). Ablation changed mean sentence log-
likelihood by only 0.65%, confirming minimal col-
lateral disruption.

Discussion The split between passive-promoting
and passive-suppressing heads suggests structure

Head Type η2 Ablation pFDR

L0H9 passive-suppressing 0.191 +0.338 ***
L11H0 passive-promoting 0.052 −0.069 ***
L11H8 passive-suppressing 0.037 +0.050 ***
L0H7 passive-promoting 0.033 −0.045 ***
L1H1 passive-suppressing 0.135 +0.023 ***
L8H5 passive-suppressing 0.058 +0.022 ***
L6H7 passive-promoting 0.095 −0.021 ***
L3H7 passive-promoting 0.235 −0.018 ***

... (14 additional heads omitted for space)

Table 1: Top 8 critical attention heads by ablation ef-
fect magnitude. All p-values are FDR-corrected and
significant at p < .001 (***). Full results in Appendix
Table 3.

Figure 5: Critical attention heads and their causal ef-
fects. Left: Filtering funnel (144 → 74 → 27 → 22).
Center: Layer distribution of critical heads. Right: Abla-
tion effects showing passive-suppressing (positive) and
passive-promoting (negative) heads.

choice emerges from competition between oppos-
ing populations. One possibility is that the differ-
ences observed in Study 3 reflect how decisively
one population dominates the other: configurations
like AA may strongly activate passive-promoting
heads, while open configurations like IA may pro-
duce more balanced activation across the two popu-
lations. However, the present single-head ablation
approach cannot directly test this hypothesis. Char-
acterizing how the balance between these popula-
tions shifts across animacy conditions is an impor-
tant direction for future circuit-level analysis.

In the current study, we focused on attention
heads because the animacy–structure computation
requires integrating information across noun posi-
tions; prior circuit-level work on natural language
tasks in GPT-2 has likewise localized compara-
ble computations at this level (Wang et al., 2023).
Head-level localization is a necessary first step to-
ward a fuller mechanistic account, which would
require decomposing each head’s query–key and
output–value circuits. Complementary analyses at
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finer-grained levels such as activation subspaces
(Geiger et al., 2024) or individual neurons remain
for future discussion.

7 General Discussion

7.1 Animacy causally drives structure choice

While prior causal interpretability work has fo-
cused on morphosyntactic phenomena (Finlayson
et al., 2021; Vig et al., 2020), our findings extend
this to the syntax-semantics interface, showing that
animacy causally drives syntactic structure selec-
tion. By manipulating animacy representations and
observing downstream structure choice shift, we
found that the animacy sensitivity is causal, not just
behavioral alignment (Hanna et al., 2023; Warstadt
et al., 2020; Li et al., 2025). GPT-2 not only or-
ganizes animate and inanimate nouns into distinct
representational regions that generalize to unseen
items, but also encodes the joint animacy config-
uration of noun pairs at different similarity levels,
as found in psycholinguistics work (Gordon et al.,
2001; Gennari et al., 2012).

Critically, patching these representations be-
tween animacy conditions shifted structure choice
with effects 5.3× larger than the within-animacy
noise floor, and this influence was mediated by
a localized circuit of 22 attention heads whose
passive-promoting and passive-suppressing popu-
lations suggest that structure choice likely emerges
from competition between opposing forces. To-
gether, these findings move beyond the question
of whether LMs are sensitive to animacy to how
animacy information is encoded, propagated, and
used to determine structural preferences.

7.2 Interference and accessibility mechanism
jointly create a structural commitment
gradient

Psycholinguistic accounts propose two mecha-
nisms: interference, where representationally sim-
ilar nouns compete during processing (Gennari
et al., 2012), and accessibility, where animate head
nouns favor subject position (Bock and Warren,
1985). Li et al. (2025) interpreted behavioral pat-
terns through these mechanisms but did not reveal
how they operate together.

Our mechanistic evidence suggests the four ani-
macy conditions fall along a structural commitment
gradient: a continuum reflecting how strongly an
animacy configuration commits to passives and
how resistant that commitment is to perturbation.

AA–Committed: highest noun similarity, con-
sistent with strong competition between two an-
imate nouns for the subject role (Gennari et al.,
2012). With both mechanisms strongly activated,
the model commits decisively to passives, resist-
ing perturbation while exerting strong influence to
other configurations.

AI–Leaning: prior work attributed AI’s high pas-
sive rate to accessibility alone (Rodrigo et al., 2018;
Li et al., 2025). However, Study 2 revealed moder-
ate similarity in AI—some inanimate agents (e.g.,
car, drone) possess quasi-agentive properties, sug-
gesting AI activates both mechanisms, though less
strongly than AA. Study 3 confirmed this: AI ex-
erted causal influence on II (pushing it toward pas-
sive) but shifted toward active when patched onto
AA.

II–Uncommitted: Under the interference ac-
count, II should activate competition due to
matched animacy (Gennari et al., 2012). How-
ever, II similarity is lower than AA, and masks sub-
stantial heterogeneity: some pairs like bus/car ap-
proach AA levels, while other pairs like vase/shelf
fall well below. Behaviorally, II shows moderate
passive rates (Li et al., 2025), consistent with this
intermediate similarity. Study 3 further showed
that II representations exerted almost no causal in-
fluence on other conditions. Unlike AA, where two
animate nouns both possess agentive properties,
two inanimate nouns may create some competition
but not strong enough to commit to passives as AA.

IA–Open: IA shows the lowest similarity and the
lowest behavioral passive rate in LMs and humans
(Li et al., 2025; Gennari et al., 2012). The inani-
mate head noun does not compete for the subject
role, and low similarity produces low interference.
Compared to the other three, for IA, active is more
acceptable because no constraint pushes against
it. Study 3 confirmed this malleability: patching
other configurations onto IA increased passive pref-
erence.

Therefore, we propose that interference and
accessibility operate jointly and their combined
strength determines how decisively a configuration
commits to passive. This extends constraint-based
models of sentence production (MacDonald, 2013;
Bock and Warren, 1985) by providing mechanistic
evidence with GPT-2.
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7.3 LMs as mechanistic testbeds for
psycholinguistic theory

This work also showcases how mechanistic inter-
pretability can help us understand psycholinguistic
theories in ways that behavioral methods alone can-
not. Human experiments have established animacy-
driven structure choice (MacDonald, 2013; Gen-
nari et al., 2012; Bock and Warren, 1985; Gor-
don et al., 2001) but cannot manipulate internal
representations. Neuroimaging provides correla-
tional windows but lacks precision to isolate spe-
cific computations (Poeppel and Embick, 2005).
ERP (event-related potential) studies have identi-
fied neural signatures such as N400 modulations for
animacy violations (Nieuwland and Van Berkum,
2006), but these signals reflect aggregate neural
responses rather than isolable computational steps.
LMs offer a complementary approach: we inter-
vene on representations and identify components
responsible for behavioral effects (Heimersheim
and Nanda, 2024).

The activation patching methodology exempli-
fies this (Vig et al., 2020; Meng et al., 2022). By
swapping animacy representations between condi-
tions and measuring downstream effects, we es-
tablished causality. Crucially, within-animacy null
controls allowed us to approximate the animacy-
specific contribution despite animacy being inher-
ently confounded with lexical identity, a method-
ological control we encourage future computational
psycholinguistics work to consider (Heimersheim
and Nanda, 2024; Zhang and Nanda, 2024).

A natural follow-up question is whether our find-
ings generalize beyond GPT-2 Small, such as the
more modern open-weights models Pythia and
Llama-3-8B. Mechanistically, recent work indi-
cates that circuits identified in small models of-
ten replicate at larger scales: Tigges et al. (2024)
showed that circuits found in models with dif-
ferent scales of parameters, have the same algo-
rithms implemented, even when specific attention
heads differ. For next step, exploring whether
the structural commitment gradient and passive-
promoting/passive-suppressing head split we iden-
tify here replicate across model scale and architec-
ture properties can be a productive direction for
follow-up work.

We do not claim GPT-2’s mechanisms are iden-
tical to human sentence production. The model
lacks embodiment, communicative intent, and de-
velopmental trajectory (Bender and Koller, 2020),

and behavioral similarity alone does not establish
mechanistic correspondence (Bowers et al., 2023).
However, the parallels between model and human
behavior suggest some computational principles
may be shared. At minimum, this study attempted
to examine the glass box to see how behavioral
patterns can emerge from a model’s internal repre-
sentations.

8 Conclusion

This study demonstrates that animacy representa-
tions in GPT-2 causally drive syntactic structure
choice, moving beyond behavioral alignment. Stud-
ies 1–2 established that animacy is encoded cate-
gorically and that joint animacy configurations pro-
duce different representational similarities. Studies
3–4 showed these representations causally influ-
ence structure preference through a circuit of 22
attention heads with opposing passive-promoting
and passive-suppressing populations. Activation
patching revealed a structural commitment gradi-
ent: AA commits decisively to passive and resists
perturbation, AI leans toward passive but remains
relatively flexible, II shows weak commitment de-
spite matched animacy, and IA remains open to
either structure. Our evidence suggests interfer-
ence and accessibility jointly function and their
combined strength determines how strongly a con-
figuration commits to passive. These findings pro-
vide mechanistic grounding for animacy effects on
syntactic choice and demonstrate how interpretabil-
ity methods can enrich and test the predictions of
psycholinguistic theories.

9 Limitations

We acknowledge several limitations. First, our
stimuli used restricted sentence frames based
on psycholinguistics-driven experiment (Li et al.,
2025) to control for confounds, however, this ap-
proach might limit generalization to naturalistic
production. Study 1’s probing analysis used a rela-
tively small noun set, and the held-out test nouns,
while disjoint from the probe’s training set, are in-
deed common English nouns that GPT-2 has in its
pretraining data. Our generalization test therefore
might not establish true out-of-distribution gener-
alization to novel or rare nouns. Stronger tests of
representational generalization would extend the
probe to low-frequency items, nonce words, or con-
textually atypical animacy. Second, we chose GPT-
2 Small for the extensive prior interpretability work
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on it (Conmy et al., 2023; Wang et al., 2023; Vig
et al., 2020), but it is a relatively small model by
current standards. Replicating these findings in
more modern open-weight models such as Pythia
(Biderman et al., 2023) or Llama-3 (Grattafiori
et al., 2024) would establish whether the struc-
tural commitment patterns we observe generalize
across architectures and scales, or are particular
to GPT-2. Third, our activation patching operates
on entire residual stream representations. While
within-animacy null corrections control for item-
level lexical variation, they cannot fully rule out
category-level properties that might covary with an-
imacy (e.g., concreteness). Future work should em-
ploy feature-level patching (Ravfogel et al., 2020;
Geiger et al., 2024) along probe-defined animacy
directions to isolate the animacy-specific causal
contribution with greater precision. Fourth, our
circuit analysis focused exclusively on attention
heads; MLP layers may also contribute to animacy-
driven structure selection. Moreover, while we
identified 22 critical heads, the specific computa-
tions they perform, whether analogous to retrieval
interference, accessibility checking, or constraint
integration, remain to be characterized through de-
tailed circuit analysis.

Future directions should also consider extending
this approach to other animacy-sensitive alterna-
tions (e.g., dative, genitive) and integrating with
human neuroimaging data to test whether the layer-
wise dynamics observed here correspond to tempo-
ral dynamics in human sentence production.

Code and Data Availability

All code is available at https://github.com/
Yue00831/Animacy_LLMech_CoNLL2026.
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A Appendix

A.1 Appendix A: Layerwise patching results

Figure 6 shows the layer-wise activation patch-
ing effects for all eight bidirectional transitions
in Study 3.

A.2 Appendix B: Full statistical reporting of
study 3, bidirectional patching

Table 2 reports the full statistical details for all eight
bidirectional transitions in Study 3. Raw effects
reflect the mean change in structure preference (∆)
from activation patching. The null column shows
the condition-matched within-animacy baseline for
each target condition. Corrected effects subtract
this baseline to isolate animacy-specific causation.
Confidence intervals are computed on the corrected
effects.

A.3 Appendix C: Full Study 4 critical heads

Table 3 lists all 22 attention heads meeting the
structural, sensitivity, and causal criteria described
in Study 4.

A.4 Appendix D: Relativizer absence

To verify that the within-sentence similarity pattern
is not an artifact of the explicit relativizer that, we
recomputed all analyses separately for stimuli con-
taining that (full relative clauses; n = 192) and for
reduced relative clauses without it (n = 192).

• Active The baby (that) the father holds is cry-
ing.

• Passive The baby (that is) held by the father
is crying.

Overall means by condition were nearly identical
across relativizer conditions (Table 4). All pairwise
contrasts that were significant in the pooled analy-
sis remained significant in both subsets, with effect
sizes within 0.03 of each other (Table 4). A two-
way ANOVA (animacy × relativizer) on within-
sentence similarity confirmed a robust main effect
of animacy (F (3, 4600) = 174.78, p < 10−100),
no main effect of relativizer (F (1, 4600) = 0.08,
p = .77), and no interaction (F (3, 4600) = 0.03,
p = .99). The animacy-driven similarity pattern is
therefore not an artifact of the relativizer cue.

Figure 6: Study 3 activation patching: layer-wise results
for all eight transitions. Forward (blue) and reverse
(yellow) directions shown for each transition pair.
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Transition Direction Raw Effect Null Baseline Corrected Effect 95% CI n

AA→AI Forward +0.180 0.076 +0.104 [+0.099, +0.110] 3,840
AA→IA Forward +0.124 −0.008 +0.132 [+0.127, +0.138] 4,080
AI→II Forward +0.204 0.077 +0.127 [+0.120, +0.133] 3,648
IA→II Forward +0.206 0.077 +0.129 [+0.121, +0.136] 3,876

AI→AA Reverse −0.074 −0.002 −0.072 [−0.079, −0.064] 3,840
IA→AA Reverse −0.029 −0.002 −0.027 [−0.033, −0.021] 4,080
II→AI Reverse +0.088 0.076 +0.012 [+0.003, +0.022] 3,648
II→IA Reverse +0.038 −0.008 +0.046 [+0.038, +0.054] 3,876

Table 2: Study 3: Raw effects, condition-matched null baselines, null-corrected effects, and 95% confidence
intervals for all eight bidirectional transitions. n = number of patching observations per transition (items × layers).

Head Type η2 Ablation Effect pFDR (ablation)

L0H9 passive-suppressing 0.191 +0.338 <10−57

L11H0 passive-promoting 0.052 −0.069 <10−75

L11H8 passive-suppressing 0.037 +0.050 <10−87

L0H7 passive-promoting 0.033 −0.045 <10−4

L1H1 passive-suppressing 0.135 +0.023 <10−14

L8H5 passive-suppressing 0.058 +0.022 <10−37

L6H7 passive-promoting 0.095 −0.021 <10−20

L3H7 passive-promoting 0.235 −0.018 <10−15

L5H10 passive-promoting 0.243 −0.017 <10−11

L0H6 passive-suppressing 0.065 +0.017 <10−4

L4H3 passive-promoting 0.175 −0.014 <10−4

L6H8 passive-promoting 0.043 −0.014 <10−19

L4H6 passive-suppressing 0.034 +0.013 <10−11

L5H7 passive-promoting 0.129 −0.012 <10−9

L9H0 passive-suppressing 0.069 +0.009 <10−9

L1H2 passive-promoting 0.054 −0.009 <10−10

L11H3 passive-suppressing 0.056 +0.009 <10−12

L2H7 passive-suppressing 0.135 +0.008 <10−11

L3H6 passive-promoting 0.245 −0.006 0.009
L4H1 passive-promoting 0.035 −0.005 0.004
L10H9 passive-suppressing 0.087 +0.003 0.008
L11H11 passive-promoting 0.207 −0.003 0.013

Table 3: All 22 critical attention heads meeting structural, sensitivity, and causal criteria, sorted by ablation effect
magnitude. η2: effect size from Kruskal-Wallis test of animacy sensitivity. Ablation effect: change in passive
preference (∆) when the head is zeroed. Positive = passive-suppressing; negative = passive-promoting.

(a) Overall means (b) Pairwise comparisons

Condition With that Reduced Pooled Comparison With that Reduced

d p d p

AA 0.762 0.764 0.763 AA vs AI 0.73 < 10−32 0.76 < 10−34

II 0.699 0.700 0.700 AA vs IA 0.96 < 10−53 0.98 < 10−55

AI 0.698 0.698 0.698 AA vs II 0.71 < 10−31 0.74 < 10−33

IA 0.680 0.682 0.681 AI vs IA 0.18 .002 0.17 .004
AI vs II −0.01 .84 (n.s.) −0.02 .77 (n.s.)
IA vs II −0.20 < .001 −0.19 .001

Table 4: Robustness of the within-sentence similarity pattern to relativizer presence. (a) Within-sentence cosine
similarity by animacy condition, separately for each relativizer condition and pooled across both (n = 576
layer×item observations per cell in each split; n = 1,152 pooled). (b) Pairwise condition comparisons by relativizer
condition. Effect sizes (Cohen’s d) and p-values from independent-samples t-tests. The same significant comparisons
emerge in both relativizer conditions, with effect sizes differing by at most 0.03.
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