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Abstract

Causal interventions in language model rep-
resentations have largely targeted discrete fea-
tures, like grammatical number. However, lan-
guage models must also make use of features
that are graded. We introduce a method for
causal intervention on continuous variables:
given activation vectors paired with a graded
target variable, we localize a low-dimensional
direction for that variable and use this direc-
tion to edit vectors toward counterfactual target
values. We apply this method to a continuous
feature that is well-studied in psycholinguistics,
namely verb bias (which reflects which syntac-
tic structures tend to follow a given verb). We
show that verb bias is causally represented in
steering vectors extracted from large language
models: counterfactual edits to verb bias sys-
tematically shift downstream structural pref-
erences. Verb bias has also previously been
linked to in-context learning; in further analy-
ses, we find that steering vectors in our experi-
ments encode error signals that could drive the
error-driven update behavior seen in in-context
learning but that these aspects of the steering
vectors are not causally used in downstream
production. Overall, these results show causal
interventions can be applied to continuous vari-
ables, though connecting continuous variables
to in-context learning remains a challenge.1

1 Introduction
Causal interpretability methods have emerged as
a promising method for identifying internal rep-
resentations and processing mechanisms in neu-
ral networks (Geiger et al., 2021; Mueller et al.,
2024). Such work proceeds by localizing fea-
tures in the representations of large language mod-
els (LLMs) and verifying their role in processing
through causal intervention. Previous studies have
focused on discrete properties. For instance, in

1Our code is available at: https://github.com/
herbert-zhou/contVar_intervention_ICL.git

work that focuses on the domain of language, fea-
tures studied in this way include relative clause
boundaries (Ravfogel et al., 2021), subject num-
ber (Hao and Linzen, 2023), nominal case (Ozaki
et al., 2025), the presence of a filler-gap depen-
dency (Boguraev et al., 2025), and others.

In this study, we extend the methods of causal
intervention to continuous properties. Many as-
pects of human language processing and concep-
tual knowledge are inherently graded. Expand-
ing in this direction is thus important for enabling
causal interventions to handle a broader range of
features that might influence LLMs. Specifically,
given a set of activation vectors paired with a con-
tinuous target variable, our method aims to iden-
tify a low-dimensional direction corresponding to
that variable and performs minimal edits to each
vector toward specified counterfactual target val-
ues. Prior work has performed causal interventions
with continuously varying strength, for example by
scaling feature activations or directional shifts as-
sociated with a discrete variable (e.g., Stoehr et al.,
2024; Bhalla et al., 2024; Chang et al., 2026). Our
setting differs in that continuity in our case belongs
to the target variable itself: its value has an inter-
pretation as the position along the scale that the
variable defined. This allows us to intervene to-
ward meaningful counterfactual values rather than
merely controlling the magnitude of a representa-
tional edit.

We present a case study based on verb bias,
a term which refers to the graded preference for
a verb to occur with one syntactic structure com-
pared to another that is semantically equivalent
(e.g., I gave her a book vs. I gave a book to her).
To operationalize the causal effect of verb bias,
we leverage the psycholinguistic phenomenon of
structural priming, the tendency for speakers to re-
produce recently encountered syntactic structures;
the sentence whose structure gets reproduced is
called the prime sentence (see Section 2.1 for a re-
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view). Structural priming is robustly found in both
humans (e.g., Pickering and Branigan, 1998) and
LLMs (e.g., Sinclair et al., 2022). Because lexical
properties of the verb present in a prime sentence
impact the size of the priming effect, we can use
changes in the amount of priming as an indicator
of successful causal manipulation of verb bias.

A second motivation for studying verb bias in
structural priming is its broader connection to in-
context learning (ICL), the ability for LLMs to
adapt to novel tasks in context without weight up-
dates. Zhou et al. (2025) propose that structural
priming should be conceptualized as a type of
ICL: both involve an adaptationmechanism that de-
pends on error-driven updates. To simulate prim-
ing in LLMs, we use additive steering vectors, a
compact way to capture ICL task representations
(see Section 2.3). We first show that steering vec-
tors extracted from prime sentences induce stan-
dard structural priming. We then use continuous
variable intervention on steering vectors to show
that a verb bias encoding that we identify causally
determines priming magnitude, as counterfactual
editing of verb bias causes predictable changes in
downstream preferences for syntactic structures.

Additionally, we use the same intervention
framework to ask what steering vectors capture
about ICL. Prior work suggests that structural prim-
ing in humans and in LLMs involves an error-
driven update: more surprising combinations of a
verb and a syntactic structure produce larger prim-
ing effects. By causally editing an error-signal-
like variable in steering vectors, we show that in-
formation about divergence from expectations is
present and displays gradient update behavior un-
der explicit intervention. However, we also find
that steering-vectors alone do not reproduce the
error-driven priming behavior. This suggests that
the technique of additive steering captures an im-
portant component of ICL, but does not reproduce
the full dynamic update that ICL accomplishes.

This work makes several contributions relating
to interpretability, ICL, and psycholinguistics:

(1) We present a method for performing causal
interventions on continuous variables.

(2) We manipulate the continuous verb bias in
steering vectors and demonstrate its causal
role in modulating models’ downstream
structural preference in priming.

(3) We show that steering vectors simulate

some aspects of structural priming as a
form of ICL but do not fully capture the
error-driven update process in ICL.

(4) We propose a map between aspects of ICL
and mechanisms in structural priming.

2 Background
2.1 Verb Bias and Structural Priming
Verb bias refers to the preference for a verb to
occur with one semantically equivalent structure
rather than another. We focus on the dative alter-
nation, the phenomenon in which ditransitive verbs
can be associated with either of two structures: the
double object (DO) as in give [NP the child] [NP the
ball] and the prepositional dative (PD) as in give
[NP the ball] [PP to the child]. The strength of the
preference depends on the identity of the verb and
varies continuously across verbs (Hawkins et al.,
2020). As a result, the representation of verb bias
must encode a continuous range of values.

In psycholinguistics, the dative alternation is a
well-studied domain for structural priming, the
tendency for speakers or comprehenders to reuse
a recently encountered syntactic structure (Bock,
1986). For instance, if a speaker hears a prime sen-
tence in PD, this increases her likelihood to pro-
duce a subsequent target sentence in PD as op-
posed to DO. Individual verbs exhibit a distinctive
bias, a continuously variable relative preference
for the two dative structures, and this determines
the baseline to which the priming condition can be
compared. An important aspect of structural prim-
ing is the inverse frequency effect (IFE): less pre-
ferred prime structures tend to produce stronger
priming effects than more preferred ones (Jaeger
and Snider, 2008; Bernolet and Hartsuiker, 2010;
Kaschak et al., 2011). This means that verb bias
has a continuous effect on the priming magnitude:
a PD prime containing a strongly DO-biased verb,
or a DO prime containing a strongly PD-biased
verb, should induce a larger priming effect than a
prime that matches the verb’s baseline bias. In this
study, we use structural priming to study causal in-
tervention on verb bias representations in LLMs.

2.2 Priming as In-Context Learning
While structural priming is usually viewed as a
form of linguistic adaptation in humans (Jaeger
and Snider, 2013), an analogous phenomenon in
LLMs is often discussed under the name of in-
context learning (ICL): a model’s ability to adapt
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Figure 1: An illustration of the procedure of extracting steering vectors in-context, applying continuous counterfac-
tual editing, and injecting the counterfactually edited steering vectors into the zero-shot target sentences.

its behavior based on a small number of demon-
strations without parameter updates (Brown et al.,
2020). A central question in the study of ICL is
what mechanism supports this in-context adapta-
tion. Previous work has proposed that ICL may
implicitly perform Bayesian updates (Xie et al.,
2021) or gradient descent (VonOswald et al., 2023;
Dai et al., 2023). These accounts differ in their
mechanistic assumptions but share the idea that the
model’s behavior on subsequent inputs is continu-
ously adapted by the context in systematic ways.

Along this line of reasoning, Zhou et al. (2025)
use evidence from structural priming to argue that
ICL involves an implicit error-driven update pro-
cess. The logic of this argument is parallel to error-
based accounts of human structural priming: if a
model updates more strongly in the presence of
a larger error signal, then a larger priming effect
should arise when there is a larger mismatch be-
tween the priming structure and the verb’s base-
line expectation as determined by its bias. On this
view, structural priming is a form of ICL, where
the “task” is defined as “repeat the structure from
the context” (Chen et al., 2024). Thus, a prime sen-
tence can be viewed as an in-context example: it
provides evidence about a syntactic construction,
and the model’s later structural preference should
shift continuously in an error-driven way.

2.3 Steering Vectors Capture Aspects of ICL
One way to study the internal basis of ICL is
through steering vectors (also known as task vec-
tors or function vectors), compact representations
extracted from in-context demonstrations of tasks
that are added to the model’s hidden states in
a new inference run to induce corresponding

task-dependent changes in downstream behaviors
(e.g., Hendel et al., 2023; Todd et al., 2024). Prior
work has shown that steering vectors capture rel-
evant task information for a wide range of tasks
such as factual knowledge retrieval (e.g., country-
capital mapping) and morphological inflections
(e.g., past-present conversion).

These results suggest that at least some aspects
of the mechanism underlying ICL are captured by
such steering vectors. However, the fact that steer-
ing vectors can induce task-aligned behaviors does
not imply that they capture the full mechanism by
which ICL operates, leaving it unclear whether the
addition of such steering vectors is fully equivalent
to the original in-context computation.

In this study, we apply the steering vector ap-
proach to the phenomenon of structural priming.
We first test whether steering vectors encode the
verb bias information that is crucial for induc-
ing priming behaviors. We then apply contin-
uous variable editing to investigate to what ex-
tent the verb bias encodings that we have iden-
tified are causally involved in determining down-
stream structural preferences. Next, to investi-
gate whether steering vectors also capture the im-
plicit error-driven update processes hypothesized
for ICL,we further test whether an error-signal-like
variable combining verb bias with observed prime
structure is present in the same vectors andwhether
it is naturally deployed by additive steering.

3 Experiment 1: Steering Vectors from
ICL Induce Structural Priming

We first ask whether steering vectors extracted
from priming contexts can induce structural prim-
ing effects. To preview our results, we find that



they can, suggesting that they encode the continu-
ous verb biases that are at the heart of structural
priming; this finding lays the foundation for the
experiments that follow, which involve analyzing
how steering vectors encode continuous verb bias
and then causally intervening on these encodings.

3.1 Priming with Steering Vectors
We use the dataset from Zhou et al. (2025), which
is adapted from theCoreDative PRIME-LMCorpus
from Sinclair et al. (2022). The dataset contains
22 ditransitive verbs and 23,100 synthetically gen-
erated DO and PD sentences. Following Hendel
et al. (2023), we define an ICL sequence as a con-
catenation of demonstrations (in our case, prime
sentences) followed by a query (target sentence).
As shown in Figure 1, for a verb-structure combi-
nation ⟨v, s⟩, we sample n+1 sentences with verb
v and structure s without lexical repetition for con-
tent words (except for the verb v) and with coun-
terbalanced function words. The first n sentences
are concatenated and serve as the prime sentence
context, and they are followed by the single remain-
ing sentence that serves as the target sentence. For
every layer l, we extract the hidden state θl at the
target verb position, the point at which the model
chooses between the PD and DO structural options.
We average the θl obtained from 10 ICL sequences
with the same ⟨v, s⟩ pair to obtain a set of steer-
ing vectors θ̄l⟨v,s⟩. We hypothesize that a steering
vector obtained in this way encodes abstract infor-
mation about the “implicitly defined task”, namely,
producing the next sentence with structure s influ-
enced by verb v. To simulate in-context priming
effects, given a target sentence t, we inject steer-
ing vector θ̄l⟨v,s⟩ to layer l at the verb position of
a target sentence presented without any priming
context, by adding the steering vector to the cor-
responding original hidden state of t.

3.2 Measuring Priming Effects
We quantify the priming effect by measuring the
direction and magnitude of shifts in the language
model’s structural preference. Following Zhou
et al. (2025), for each pair of target sentences tPD
and tDO, which differ only in their dative structure,
we define the raw PD preference as:

RawPref(t) =
p(tPD)

p(tPD) + p(tDO)
(1)

where p(tPD) is the probability of sentence tPD as-
signed by the model. A ratio closer to 1 means
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Figure 2: The raw and primed preference ratios for the
22 target verbs, with steering vectors extracted from
layer 10 (top) and 20 (bottom).

favoring the PD structure, and a ratio closer to 0
means favoring the DO structure. We then define
the primed PD preference by measuring the same
quantity with the steering vector injected:

PrimedPref(t|θ⟨v,s⟩) =
p(tPD|θ⟨v,s⟩)

p(tPD|θ⟨v,s⟩) + p(tDO|θ⟨v,s⟩)
(2)

We say that steering vectors succeed in sim-
ulating the priming effect if they shift the
target sentence’s structural preference towards
the prime structure direction: for all verbs
v, PrimedPref(t|θ⟨v,PD⟩) > RawPref(t) and
PrimedPref(t|θ⟨v,DO⟩) < RawPref(t).

3.3 Results
For all experiments, we examined models from the
Llama family (Touvron et al., 2023): Llama-2-13B,
3-1B, 3-8B. We show results for Llama-2-13B (40
layers in total, 5120 hidden dimensions) in the rest
of the paper since we found no qualitative differ-
ence across the models. We tested steering vectors
extracted from layers {5, 10, 15, 20, 30, 35}, as
high computational costs prevented us from study-
ing all layers. Following the procedure in Sec-
tion 3.1, we extracted 50 steering vectors for all
⟨v, s⟩ prime combinations and injected them into
a fixed set of 250 target pairs for each target verb.2

We find that steering vectors induce structural
priming effects in mid-to-late layers, but not early

2To avoid measuring trivial lexical repetition effects, we
exclude cases where the prime verb and target verb are iden-
tical, which could trigger a larger priming effect, also known
as the lexical boost effect (Pickering and Branigan, 1998).
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layers. As shown in Figure 2 (top), steering vec-
tors extracted from layer 10 do not reliably pro-
duce structure-congruent priming: for most tar-
get verbs, both DO-based and PD-based steering
vectors can shift the model in the same direction.
In contrast, from layer 15 onward, steering vec-
tor injection shows the expected priming effect:
for all verbs, vectors extracted from PD primes in-
crease the model’s PD preference, while vectors
from DO primes decrease it, as shown for layer
20 in Figure 2 (bottom). We report the full results
across layers and number of context sentences in
Appendix C.1. This establishes that steering vec-
tors have a causal effect on a model’s downstream
structural preferences, a result that establishes the
behavioral foundation for the rest of this paper.

4 Experiment 2: Verb Bias Causally
Modulates Structural Preference

Results from Experiment 1 indicate that steering
vectors encode abstract, structural information that
impacts a model’s syntactic choices. We now ask
how this effect is modulated in a continuous way.

4.1 Methodology
We present a procedure for localizing and causally
intervening on continuous variables in vector rep-
resentations. Given a set of vectors hi ∈ Rd from
the model, each paired with a continuous scalar la-
bel yi, our goal is not only to test whether y is pre-
dictable from h, but also to construct a counterfac-
tual vector h′i such that the model’s predicted value
of the target variable is changed to a specified value
y∗i with minimal change in the original vector hi.

Localizing Continuous Variables We first map
the vectors into a lower-dimensional space (Fig-
ure 3, left and middle). For each vector hi, we
apply PCA to obtain zi = PCA(hi) ∈ Rk with
k ≪ d. We then normalize each PCA dimension

to have zero mean and unit variance: z̃ij =
zij−µj

σj
.

On these normalized coordinates, we fit a regres-
sion model that predicts the continuous target vari-
able. For a variable with range in R, we use ŷi =
β0 + β⊤z̃i. For bounded variables in the range
(0, 1), we use a generalized linearmodel with an ap-
propriate link function g, such that η̂i = g(ŷi) =
β0 + β⊤z̃i. The experiments below use beta re-
gression for the bounded verb bias variable and or-
dinary least squares (OLS) for signed continuous
variables. In both cases, the fitted regression de-
fines a direction vector β in normalized PCA space
along which the predicted target value changes.

Counterfactual Editing Given a vector z̃i, the
continuous variable’s value predicted by our fitted
model is η̂i = β0 + β⊤z̃i. For a desired counter-
factual target value y∗i , we compute the correspond-
ing target on the model’s prediction scale, which
is η∗i = y∗i for OLS regression and η∗i = g(y∗i )
for beta regression. To solve for a small update
∆z̃i on the normalized vector such that η∗i = β0 +
β⊤(z̃i +∆z̃i), we apply the minimal L2-norm up-
date specified by the regression direction, given by
∆z̃i =

η∗i −ηi
∥βS∥2βS , where S denotes the set of di-

mensions selected to be edited, and βS is the coef-
ficient vector restricted to those dimensions, illus-
trated in the right panel of Figure 3. Coordinates
outside S are left unchanged. In practice, S is se-
lected based on the magnitude of regression coeffi-
cients: principal components (PCs) with higher co-
efficients are considered the most influential in per-
turbing the variable.3 The edited vector in normal-
ized PCA space is therefore z̃′i = z̃i+α∆z̃i, where
α is a hyperparameter that controls the amount of
editing. When α = 1, the edit moves the vec-
tor to the target value predicted by the fitted read-
out; smaller or larger values of α allow weaker

3We also applied Lasso regression over β0 and β as a reg-
ularization method to filter out noise-like, uninfluential PCs.



0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Verb bias of prime verbs

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7
Pr

im
ed

 P
D 

pr
ef

er
en

ce
 ra

tio PD prime

 
 
 
 

Unchanged (s=0.28) 
Flip (s=-0.27)
DO (s=0.01)
PD (s=-0.03)

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Verb bias of prime verbs

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Pr
im

ed
 P

D 
pr

ef
er

en
ce

 ra
tio DO prime  

 
 
 

Unchanged (s=0.16) 
Flip (s=-0.23)
DO (s=0.01)
PD (s=-0.07)

Figure 4: Interventions on verb bias in steering vectors with PD primes (left) and DO primes (right). Each point
shows the primed PD preference ratio for a prime verb, with fitted regression lines and 95% confidence intervals.

or stronger interventions. Finally, we invert the
normalization and PCA transformation to map the
edited vector back to the original representation
space: h′i = PCA−1(σz̃′i + µ). The edited vector
can then be used in place of the original vector in
the language model’s forward pass to observe the
downstream effect of our intervention.

Our method is related to linear concept erasure
approaches such as INLP (Ravfogel et al., 2020)
and LEACE (Belrose et al., 2023) in the use of a
learned linear readout to identify a manipulable di-
rection in representation space, but differs in aim-
ing to set a continuous variable to counterfactual
values rather than remove it. We additionally use
PCA and normalization as regularization: normal-
ization makes dimensions comparable when com-
puting the minimal edit, while PCA restricts the
readout and intervention to major directions of
naturally occurring variation, reducing the risk of
fitting idiosyncratic, noisy directions in the high-
dimensional activation space. See Appendix A for
further discussion.

4.2 Counterfactual Bias Editing
For each prime verb v, we computed its raw verb
bias bv ∈ (0, 1) by averaging the RawPref values
over all sentence pairs with verb v in the entire
dataset. To test whether verb bias is represented
in steering vectors, we fit a beta regression model
from normalized PCA coordinates of 2200 steering
vectors (keeping 50 principal components).

The beta regression identifies a 1-dimensional
subspace in normalized PCA space that encodes
verb bias information. To investigate whether this
verb bias subspace is causally implicated in LLM
processing, we create counterfactual function vec-
tors by scaling the verb bias values within the iden-
tified subspace using the method in Section 4.1.
Given the continuous nature of verb bias, we con-

sider the following conditions: (1) Unchanged:
the control condition keeping the original verb bias
information, thus representing the original prim-
ing effects of the steering vectors; (2) Flip: given
a verb with bias bv, modify it to 1 − bv, thereby
asking whether the graded relation between verb
bias and priming effects can be reversed; (3) Fully
Biased: for all verbs, modify their biases to 1
(fully PD-biased) or 0 (fully DO-biased), elim-
inating the difference in bias across verbs.4 If verb
bias is causally involved in the steering vector’s
downstream effect, then we predict that the prim-
ing magnitudes of Flip and Unchanged will be
inversely correlated, while there should be no dif-
ference across verbs with respect to priming mag-
nitudes in the two Fully Biased conditions.

4.3 Results
Quantifying Intervention Effects Since the
priming magnitude is modulated by the prime
verb’s bias, we quantify the priming effect induced
by prime verbs. For each prime verb v and struc-
ture s, we compute the mean PrimedPref(t|θ⟨v,s⟩)
across all target sentences t with all target verbs
except for v. For each of the 4 intervention con-
ditions, we then fit a line of priming effect of each
prime verb against its raw verb bias to show the cor-
relation between verb bias and priming magnitude.

Counterfactual Editing Results Figure 4 shows
representative intervention results at layer 20 with
1 context sentence for steering vector extraction;
see Appendix C.2 for results across the tested lay-
ers and context lengths. The positive slope for
the Unchanged condition and negative slope for

4We set the editing strength parameter α = 1 to ensure
exact edits to the target verb bias values. We report results
with S = 5, i.e., the most influential 5 PCs. In practice, we
found no significant difference in intervention effect when the
selected dimensions are {top 1 PC, top 5 PCs, and all PCs}.



the Flip condition suggest that the correlation be-
tween verb bias and priming magnitude is effec-
tively inverted through our manipulation of the
counterfactual function vectors encoding verb bias.
The two essentially flat slopes observed for the
two Fully Biased (DO and PD) conditions sug-
gest that when the relevant subspace of the coun-
terfactual steering vectors is saturated, existing dif-
ferences in verb biases are eliminated across indi-
vidual prime verbs. PD primes (the left panel of
Figure 4) and DO primes (the right panel) share
the same slope pattern, while the intercept of PD
primes is significantly higher than that of DO
primes, indicating that the standard priming effect
from Experiment 1 continues to be observed.

Layerwise Dynamics The effect of verb bias in-
tervention is visible even in early layers (starting
at layer 5; see Appendix C.2), before steering vec-
tors reliably produce priming. This contrasts with
the layerwise pattern in Experiment 1, where ex-
pected priming emerges only in mid-to-late layers.
The dissociation suggests that verb bias is available
as an early lexical variable, while the integration of
this bias with the actually observed prime structure
emerges later; this integration process is a central
focus in Experiment 3.

Interpretation The positive slope in the
Unchanged condition also clarifies the role of
verb bias on the priming effect induced by steering
vectors. They behave as an additive structural
preference state: a highly PD-biased verb causes
a larger shift to downstream PD preference than
a less PD-biased verb. In sum, continuous causal
manipulation in the identified verb bias subspace
shows the predicted downstream effect on priming
magnitude. It provides a central demonstration
of our method: a continuous psycholinguistic
variable can be localized in activation-derived
vectors, counterfactually edited, and shown to
have a predictable causal effect on model behavior.
It remains a separate question whether verb bias
should be treated as an atomic variable. Indeed,
multiple factors have been found to impact dative
preference: properties such as argument animacy,
givenness, definiteness, and pronominality ex-
plain substantial variation (Misra and Kim, 2024).
However, verb-specific effects remain necessary
to capture lexical idiosyncrasy (Bresnan et al.,
2007). Consistent with this multifactorial view,
the leave-one-verb-out diagnostic in Appendix B
shows that the learned direction generalizes to

unseen verbs’ biases rather than merely memo-
rizing verb identity. Future work could further
decompose this representation into lower-level
features that correlate with verb bias.

5 Experiment 3: Error Signal Editing
Reveals a Limit of Steering Vectors

Experiment 2 shows that verb bias is causally ed-
itable in steering vectors. However, verb bias alone
does not capture the full adaptation process hy-
pothesized in an error-driven learning account of
priming (see Section 2.1 and Appendix E). Under
such accounts, priming magnitude is modulated by
the gradient mismatch between the observed prime
structure and the expectation from the verb bias
of the verb in the prime sentence. One key signa-
ture of this gradient mismatch is the inverse fre-
quency effect (IFE) mentioned above: prime sen-
tences involving less expected combinations of a
verb and a syntactic structure have a larger gradi-
ent mismatch and thus produce stronger priming.
Zhou et al. (2025) showed that for in-context prim-
ing, LLMs show the IFE. Since the IFE is a signa-
ture of error-driven learning, this finding provided
evidence that language model priming (and per-
haps ICL more broadly) can be viewed as implic-
itly involving error-driven learning. In the current
setup, the IFE predicts negative slopes instead of
positive ones in the Unchanged condition in Fig-
ure 4. Thus, despite showing standard priming ef-
fects, steering vectors extracted under the current
setup do not produce the IFE, thereby failing to cap-
ture the crucial error-driven nature of ICL.

To better understand this limitation, we ask
whether steering vectors contain an error-signal-
like variable, a crucial ingredient of error-driven
updates, that combines the prime verb’s bias with
the actually observed prime structure. For a prime
verb with PD bias bv we define signed error as
e = bv − s ∈ (−1, 1), where s = 1 for a PD
prime and s = 0 for a DO prime. Under this con-
vention, positive values correspond to an update to-
ward DO, and negative values correspond to an up-
date toward PD. This variable is not intended to be
a definitive estimate of the model’s internal predic-
tion error; rather, it provides a theory-driven con-
tinuous target for testing whether the ingredients
of error-driven adaptation are present and causally
accessible in the steering-vector space.
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Figure 5: The slopes (top) and ranges (bottom) of the
∆Pref metric for the three causal intervention condi-
tions relative to the Unchanged baseline.

5.1 Causal Editing of Error Signals
Following Experiment 2, we construct counterfac-
tual steering vectors by editing the error signal
value in the same 4 conditions: Unchanged (pre-
serving the original steering vectors); Flip (revers-
ing the sign of the error signal, asking whether a
vector associated with an update in one direction
can be transformed into one favoring the opposite
direction); and the two Fully Biased conditions
(setting e′ = −1 for PD and e′ = 1 for DO).

Since the Unchanged slopes already reflect the
original priming effect of the steering vectors, to
study the effects of counterfactual editing, we an-
alyze error signal edits relative to this baseline.
For each prime verb, we compute ∆Prefedited =
PrimedPrefedited − PrimedPrefunchanged for the 3
editing conditions. This delta measure isolates the
additional effect of the error signal edit beyond
the original steering vectors. We then ask whether
∆Pref varies systematically with the error signal
variable in an error-driven way: do larger error
signals cause larger updates on the downstream
structural preference in the primed direction? Un-
der this setup, we predict that slope(∆Prefflip) >
slope(∆PrefPD) > slope(∆PrefDO) > 0 and
intercept(∆PrefPD) > intercept(∆Prefflip) ≈ 0 >
intercept(∆PrefDO) (see Appendix D for details).

5.2 Results
As shown in Figure 5, error signal editing produces
systematic, graded shifts in downstream struc-
tural preference, confirming the predictions de-
rived from an error-driven updating process. Flip-
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Figure 6: Counterfactual intervention on error signals
for layer 10 (top) and 15 (bottom). Our counterfactual
editing has no significant downstream effects on error
signals in earlier layers (for example, layer 10) but be-
comes effective starting at layer 15.

ping the error signals produces a counter-bias shift
whosemagnitude varies with the prime verb’s base-
line structural preference, relative to the DO and PD
editing that eliminate differences across verbs.

However, this causal effect emerges only from
layer 15 onward. Figure 6 illustrates this transition:
at layer 10, the four intervention conditions largely
overlap, indicating that editing the signed error sig-
nal does not yet systematically affect downstream
structural preference, whereas at layer 15 the con-
ditions separate in the predicted directions. No-
tably, prime structure is already linearly decodable
in these earlier layers (Appendix B). This effect
is consistent with results in Experiment 1, where
steering vectors only induce structure-congruent
priming starting at layer 15. The distinction be-
tween Experiments 2 and 3 suggests that, although
early layers contain separable ingredients of error-
driven adaptation (verb bias and prime structure),
further processing is required for them to be inte-
grated into an error signal that can be manipulated
to demonstrate gradient-like updating behaviors.

In sum, we have showed that although the steer-
ing vectors do not produce the IFE that is the ev-



idence for an error-driven updating process occur-
ring in ICL, the error signal information is present
in the vectors and can bemanipulated to display the
gradient error-driven updates. This result reveals a
limitation of additive steering vectors: they capture
some aspects of in-context priming, but not the full
dynamic update implemented by ICL.

6 Discussion and Conclusion
In contrast to prior work focused on discrete fea-
tures, our results show that cognitively-relevant
continuous variables can be localized and edited in
activation space: verb bias is linearly predictable
from steering vectors, and counterfactual edits pro-
duce systematic changes in downstream structural
preference. This suggests that continuous variable
intervention can serve not only as a diagnostic tool
for asking whether a feature is encoded, but also
as a causal tool for testing how graded representa-
tional information is used by models.

This approach complements recent work argu-
ing that ICL involves learning or organizing con-
cept subspaces (Tang et al., 2026). In our set-
ting, PCA and regression provide a simple way to
identify behaviorally meaningful directions within
the vector space, while counterfactual editing tests
whether movement along these directions has the
predicted behavioral consequences.

Strengths and limitations of steering vectors
Our results give a mixed picture of steering vec-
tors as encodings of in-context adaptation. On the
one hand, steering vectors extracted from prime
sentences induce standard structural priming: PD-
prime vectors increase target PD preference, while
DO-prime vectors decrease it. Verb bias is recov-
erable from these vectors, and editing this vari-
able causally changes the direction and magnitude
of the structural preference. These findings sup-
port the view that steering vectors are an impor-
tant part of the representational state induced by
in-context priming. Yet the steering vectors we de-
rived do not capture the full error-driven charac-
ter of in-context learning: unedited steering-vector
injection produces standard priming but not the
IFE. This suggests that the extracted vectors con-
tain information about structural preference, but do
not implement the update rule that determines how
strongly a model should adapt as a function of pre-
diction error. Our error signal analysis sharpens
this point: error signal is present in the vectors and
can be causally manipulated, but error-driven be-
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Figure 7: A mapping between human psycholinguistic
theories of structural priming and ingredients of ICL.

havior does not naturally result from simple vec-
tor injection. This distinction between information
present in a model’s representation and causally
used (Lepori et al., 2026) connects to recent work
on the limitations of steering vectors in ICL (Dong
et al., 2025).

Connecting psycholinguistics and ICL In hu-
man sentence processing, two families of mecha-
nisms have been used to explain structural prim-
ing. Transient activation (Pickering and Brani-
gan, 1998) treats priming as the residual activation
of recently used structures, while implicit learn-
ing (Chang et al., 2006) treats priming as an error-
driven update that is stronger when the prime is
less expected. Our steering-vector intervention re-
sembles the former: adding a vector extracted from
the prime shifts themodel’s structural expectations.
However, the absence of the IFE under simple vec-
tor injection suggests that this operation does not
capture the full implicit learning mechanism.

This distinction aligns with recent theoretical ac-
counts of ICL where the effect of context is de-
composed into steering-vector-like changes in ac-
tivation states and implicit low-rank updates in
MLP (Dherin et al., 2025). From this perspective,
steering vectorsmay approximate the transient acti-
vation component of structural priming, while the
error-driven component may require changes that
are better characterized as updates to the computa-
tion rather than a single additive vector. Illustrated
in Figure 7, the present results therefore suggest a
mechanistic level mapping between psycholinguis-
tic mechanisms and mechanistic hypotheses about
ICL: activation steering captures context-induced
representational states, but error-driven adaptation
may require a richer mechanism like low-rank up-
dates. This mapping highlights how linguistic phe-
nomena such as structural priming can shed light
on parallel mechanisms in LLMs.



Limitations
Scope of the steering-vector result Our result
on the absence of error-driven adaptation effects
applies only to the steering vectors extracted with
our current procedure. We do not claim that all
steering-vector-based methods, or activation steer-
ing more generally, are necessarily incapable of
capturing error-driven components of ICL. Dif-
ferent extraction procedures, different target posi-
tions, or multi-vector interventions may recover as-
pects of the computation that are not captured here.

Position specificity of current steering vectors
We extract steering vectors only from the target
verb position. This choice is well motivated for
studying static verb bias and the interaction be-
tween verb identity and prime structure at the verb
position, but the relevant error-driven signal may
emerge later in the sentence. Future work should
compare vectors extracted from multiple positions,
including the token position after the first object
NP (i.e., the position that distinguishes the pres-
ence or absence of a preposition, which definitively
determines the sentence structure) or the end of the
prime sentence, to better localize where different
components of priming are represented.

Linear assumptions about the representation of
continuous variables Our intervention method
relies on linear readouts in a low-dimensional sub-
space. This makes the method interpretable and
tractable, but it may miss variables encoded non-
linearly or distributed across dimensions that are
not well captured by the selected principal com-
ponents. Relatedly, PCA is used here as a practi-
cal regularization step, not as a theoretically nec-
essary component of continuous-variable interven-
tion. Future work should more systematically com-
pare PCA-based editing with closed-form concept-
erasure and editing methods such as LEACE, and
clarify when dimensionality reduction is helpful or
harmful.

Interpretation of the error signal results The
error signal intervention results should be inter-
preted cautiously. The diagnostics suggest that
signed-error-like information is present in the
steering-vector space, and the intervention results
show that manipulating this dimension produces
systematic downstream effects. However, this does
not amount to a full mechanistic account of error-
driven learning. In particular, the signed error sig-
nal variable is partly dominated by prime-structure

information, and its downstream effects require a
more complex interpretation than the verb bias in-
tervention.
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A Relation to Linear Concept Erasure
Methods

Erasure and Editing The continuous variable
intervention method we present in Section 4.1 is
related to linear concept erasure methods such as
iterative nullspace projection (INLP, for discrete
concept erasure Ravfogel et al., 2020) and LEAst-
squares Concept Erasure (LEACE, Belrose et al.,
2023), but differs in objectives. Concept erasure
asks how to transform a representation so that a tar-
get variable is no longer linearly recoverable. That
is, given a hidden state h with target variable value
y, erasure computes a transformed representation
h′ such that Cov(h′, y) = 0, such that no linear

classifier or regressor can recover the target infor-
mation from h′. Our goal is not to remove infor-
mation about a variable, but to set that variable
to arbitrary counterfactual values. This makes the
intervention closer to targeted representation edit-
ing than to concept erasure. Erasure methods are
useful for testing whether a variable is necessary;
our method tests whether moving a representation
along the direction associated with a continuous
variable produces predictable causal effects. In
this sense, the two approaches are complementary.

Shared Ideas Our procedure shares with
LEACE the idea that a fitted linear readout pro-
vides a local coordinate system for manipulating
information in representation space. That is,
both methods rely on regression to localize the
direction that correlates with the target variable.
We also use a normalization step analogous to the
whitening step in LEACE: by standardizing the
regression coordinates, the edit is computed in a
space where dimensions are isotropic and more
comparable, so that the minimal-norm update is
not dominated by raw variance differences across
dimensions.

Design Choices for PCA Unlike LEACE, how-
ever, we additionally perform dimensionality re-
duction with PCA before fitting the readout. This
step is not conceptually required for targeted edit-
ing, as one could fit a linear readout directly in the
original activation space and edit along the result-
ing coefficient vector. But it is useful in our setting
for the following reasons:

1. In many representation intervention settings,
the dimensionality of the activation space is
large while the number of distinct label values
is comparatively small. In our case, we have
2200 steering vectors but only 22 distinct verb
bias values. Direct regression in the full ac-
tivation space can therefore identify unstable
directions that fit idiosyncratic variation in the
sample. By restricting the readout and edit to
high-variance PCA dimensions, we bias the
intervention toward directions that reflect nat-
ural variation in the vector set.

2. PCA serves as a regularizer, restricting the
readout and intervention to high-variance di-
rections of natural variation in the vector set.
This is helpful when the vectors are con-
structed so that salient experimental factors
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produce systematic variation, so that top PCA
dimensions may capture major axes of this
variation. Editing in PCA space therefore con-
strains the intervention to a low-dimensional
manifold of naturally occurring representa-
tions, rather than allowing arbitrary dense per-
turbations in the full activation space. We do
not assume that all relevant information must
lie in the top PCs, but this restriction makes
the intervention more conservative and easier
to analyze.

3. The set of editable dimensions S can be cho-
sen in different ways. One can edit only the
single most predictive PC, the top k ranked
PCs, PCs selected by Lasso regularization, or
all PCA dimensions. Importantly, selecting
multiple PCs does not mean that each individ-
ual edit moves the representation in many in-
dependent directions. For a fixed target value,
the actual update is still a single vector,∆z̃i ∝
βS , lying inside the selected subspace. In-
creasing the number of editable PCs changes
the subspace in which this one-dimensional
update direction is allowed to lie. Thus, the
choice of S controls the representational ba-
sis available to the intervention, while the
counterfactual edit for each vector remains a
directed movement toward the chosen target
value.
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Figure 8: The frequency of each of the 50 principal com-
ponents to be among the top 5 selected editable PCs
across all experiments on verb bias intervention. Most
selected PCs are concentrated in the top 10 PCs that ex-
plain the most variance in the steering vectors.

In this paper, we reported results for editing the
top 5 PCs sorted by the absolute values of their re-
gression coefficients. We report the frequency of
each of the 50 PCs that are selected to be edited
across experiments (i.e., the frequency of a PC to
be among the top 5 PCs) in Figure 8. It shows
that most of the edited PCs are among the first 10
PCs that explain the most variance. This empirical

observation confirms the design choices we made,
such that in the steering vectors we constructed, the
verb bias information is indeed captured by major
axes of variance. We leave it to future studies on
the effect of PCA for other variables, as well as the
effect of different editable dimensions.

B Diagnostic Probes for Verb Bias,
Prime Structure, and Error Signal in
Steering Vectors

Motivation A potential concern in our interven-
tion experiments is that the regression model may
exploit idiosyncratic information about the prime
verb rather than recover a generalizable representa-
tional dimension corresponding to the target vari-
able. This concern is especially important in our
setting because each target value is defined at the
verb level: all steering vectors extracted from the
same prime verb share the same verb bias label
value for regression, and all steering vectors ex-
tracted from the same verb–structure combination
share the same signed-error value. We therefore
conduct leave-one-verb-out diagnostic analyses to
test whether the relevant variables generalize to
held-out verbs rather than merely separating re-
peated samples of the same verb.
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Figure 9: Leave-one-verb-out diagnostic for PD verb
bias. We report Spearman correlation between true and
predicted held-out verb bias across layers.

Procedure For each layer, we first collect steer-
ing vectors from all prime verbs and both prime
structures. We then fit a diagnostic model on vec-
tors from 21 verbs and evaluate on the held-out
verb, repeating this procedure for all verbs. For
continuous variables such as PD bias and error sig-
nal, we compute the mean predicted value and the
true value for each held-out verb, and report the
Spearman correlation across held-out verbs. This
evaluates whether the probe recovers the correct
ordering of verbs, rather than only minimizing
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Figure 10: Leave-one-verb-out diagnostic for prime
structure. We report held-out accuracy for classifying
whether a steering vector was extracted from a DO-
prime or PD-prime context.
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Figure 11: Leave-one-verb-out diagnostic for signed er-
ror signal. We report Spearman correlation between
true and predicted held-out error signal values across
layers.

sample-level error. For the binary prime structure
variable, we fit a binary classifier to distinguish
DO-prime from PD-prime steering vectors and re-
port held-out classification accuracy.

Results Figure 9 shows the diagnostic result for
PD verb bias. The correlation is weak in early lay-
ers (layer 0 through 7) but rises substantially to 0.8
around layer 10 and becomes stable in middle and
later layers (after layer 23), indicating that the static
verb bias information is not merely memorized at
the sample level but is recoverable in a way that
generalizes across verbs. This supports the inter-
pretation of Experiment 2: the intervention direc-
tion targets a graded lexical-bias dimension that is
present in the steering vector space.

Figure 10 shows the diagnostic result for prime
structure. Prime structure is decoded with near-
ceiling accuracy from relatively early layers on-
ward (starting at layer 5). This indicates that the
vectors reliably encode whether the prime context
contains a DO or PD structure. Importantly, this
does not by itself imply that prime-structure infor-
mation is already integrated with verb bias infor-

mation in a way that causally supports downstream
adaptation. As discussed in Section 5, error signal
intervention becomes effective only in middle-to-
later layers.

Figure 11 shows the diagnostic result for error
signal. We define signed error as the difference be-
tween the observed prime structure and the verb’s
static PD bias, so that positive values correspond
to a DO-directed update and negative values cor-
respond to a PD-directed update. Among several
theory-motivated variants that we tested, includ-
ing absolute error, squared error, surprisal, and
signed surprisal, this signed error target produced
the strongest overall diagnostic performance. The
correlation gradually rises in early layers and peaks
at 0.91 in middle layers (layer 17 through 23).

C Layerwise Dynamics

C.1 Full Results for Experiment 1
We computed the layerwise results and statistics
for Experiment 1, presented in Table 1. For both
n = 1 and n = 7 (number of context sentences for
steering vector extraction), and for each layer, we
computed priming effect PE(t) = PrimedPref(t)−
RawPref(t) (see Section 3.2 for their definitions),
averaged across all target verbs. Showing the stan-
dard priming effect means seeing positive PE for
PD primes (i.e., increasing PD preference) and neg-
ative PE for DO primes (i.e., decreasing PD pref-
erence). We also included 95% confidence inter-
vals, where 0 excluded from the interval means
showing significant priming effects. We also re-
ported the proportion of target verbs that show the
intended priming effects for PD and DO primes,
respectively.

C.2 Full Results and Additional Plots for
Experiment 2

We report the full results across layers and number
of context sentences for Experiment 2 in Table 2.
To illustrate the observed patterns, Figure 13 pro-
vides additional layerwise results for the verb bias
intervention. The same qualitative pattern emerges
already at layer 5: editing the steering vector to-
ward the PD-bias value increases the target sen-
tence’s PD preference, editing toward the DO-bias
value decreases it, and the flipped condition falls
between these two endpoints. This suggests that
the static verb bias component of the steering vec-
tor is already causally accessible in relatively early
layers. However, the separation between edit con-



n Layer PD-primed PE PD correct verbs DO-primed PE DO correct verbs

1

5 -0.084 [-0.098, -0.071] 9.1% -0.098 [-0.111, -0.085] 90.9%
10 -0.081 [-0.094, -0.069] 9.1% -0.114 [-0.126, -0.101] 95.5%
15 -0.044 [-0.055, -0.033] 27.3% -0.152 [-0.165, -0.140] 100.0%
20 -0.002 [-0.012, 0.009] 54.5% -0.176 [-0.188, -0.164] 100.0%
30 -0.005 [-0.013, 0.004] 50.0% -0.175 [-0.185, -0.165] 100.0%
35 0.000 [-0.008, 0.009] 54.5% -0.161 [-0.170, -0.151] 100.0%

7

5 -0.068 [-0.081, -0.056] 22.7% -0.095 [-0.108, -0.083] 95.5%
10 -0.027 [-0.038, -0.016] 31.8% -0.105 [-0.116, -0.093] 100.0%
15 0.143 [ 0.135, 0.151] 100.0% -0.172 [-0.184, -0.161] 100.0%
20 0.192 [ 0.184, 0.200] 100.0% -0.248 [-0.261, -0.234] 100.0%
30 0.231 [ 0.223, 0.239] 100.0% -0.257 [-0.270, -0.245] 100.0%
35 0.238 [ 0.231, 0.246] 100.0% -0.263 [-0.276, -0.250] 100.0%

Table 1: Full results for Experiment 1: structural priming effects induced by steering vectors across layers and
numbers of context sentences used for steering vector extraction.

(a) n=1, PD primes
Layer Unchanged slope Unchanged intercept Flipped slope Flipped intercept DO-edit slope DO-edit intercept PD-edit slope PD-edit intercept

5 0.272 [0.181, 0.396] 0.170 [0.130, 0.211] -0.126 [-0.194, -0.033] 0.369 [0.333, 0.399] -0.005 [-0.027, 0.014] 0.071 [0.062, 0.082] 0.059 [-0.086, 0.176] 0.423 [0.381, 0.460]
10 0.282 [0.213, 0.382] 0.170 [0.141, 0.200] -0.199 [-0.278, -0.098] 0.407 [0.366, 0.440] -0.007 [-0.024, 0.011] 0.074 [0.066, 0.082] -0.030 [-0.171, 0.080] 0.529 [0.494, 0.564]
15 0.275 [0.201, 0.357] 0.210 [0.182, 0.242] -0.201 [-0.255, -0.123] 0.440 [0.409, 0.464] -0.009 [-0.028, 0.012] 0.095 [0.087, 0.104] -0.010 [-0.115, 0.067] 0.461 [0.435, 0.489]
20 0.278 [0.194, 0.377] 0.251 [0.220, 0.288] -0.273 [-0.344, -0.177] 0.522 [0.484, 0.553] 0.010 [-0.023, 0.055] 0.139 [0.125, 0.151] -0.028 [-0.128, 0.046] 0.608 [0.584, 0.637]
30 0.260 [0.182, 0.343] 0.254 [0.229, 0.284] -0.514 [-0.624, -0.406] 0.640 [0.590, 0.683] -0.031 [-0.046, -0.008] 0.090 [0.081, 0.096] -0.041 [-0.082, -0.004] 0.878 [0.866, 0.890]
35 0.237 [0.147, 0.316] 0.267 [0.242, 0.298] -0.465 [-0.578, -0.358] 0.617 [0.568, 0.659] -0.032 [-0.048, -0.009] 0.101 [0.092, 0.108] -0.041 [-0.086, -0.002] 0.877 [0.864, 0.890]

(b) n=1, DO primes
Layer Unchanged slope Unchanged intercept Flipped slope Flipped intercept DO-edit slope DO-edit intercept PD-edit slope PD-edit intercept

5 0.263 [0.178, 0.382] 0.160 [0.122, 0.198] -0.130 [-0.201, -0.036] 0.356 [0.321, 0.385] -0.004 [-0.024, 0.013] 0.066 [0.058, 0.076] 0.060 [-0.088, 0.183] 0.411 [0.368, 0.449]
10 0.245 [0.184, 0.336] 0.150 [0.124, 0.177] -0.201 [-0.272, -0.110] 0.371 [0.333, 0.401] -0.004 [-0.019, 0.012] 0.064 [0.058, 0.071] -0.037 [-0.173, 0.070] 0.494 [0.459, 0.528]
15 0.210 [0.148, 0.274] 0.123 [0.103, 0.148] -0.178 [-0.223, -0.121] 0.311 [0.287, 0.331] 0.003 [-0.012, 0.017] 0.059 [0.053, 0.067] -0.010 [-0.112, 0.067] 0.361 [0.337, 0.388]
20 0.160 [0.101, 0.226] 0.117 [0.095, 0.142] -0.233 [-0.304, -0.161] 0.313 [0.279, 0.341] 0.010 [-0.015, 0.043] 0.073 [0.062, 0.084] -0.065 [-0.181, 0.018] 0.453 [0.424, 0.487]
30 0.103 [0.043, 0.163] 0.137 [0.117, 0.161] -0.470 [-0.623, -0.340] 0.429 [0.365, 0.484] -0.017 [-0.032, 0.001] 0.052 [0.046, 0.058] -0.116 [-0.199, -0.047] 0.803 [0.779, 0.827]
35 0.096 [0.033, 0.155] 0.154 [0.134, 0.179] -0.432 [-0.562, -0.317] 0.423 [0.366, 0.471] -0.020 [-0.034, -0.001] 0.061 [0.054, 0.068] -0.119 [-0.201, -0.047] 0.801 [0.776, 0.826]

(c) n=7, PD primes
Layer Unchanged slope Unchanged intercept Flipped slope Flipped intercept DO-edit slope DO-edit intercept PD-edit slope PD-edit intercept

5 0.257 [0.167, 0.379] 0.192 [0.150, 0.233] -0.108 [-0.178, -0.012] 0.375 [0.338, 0.405] -0.001 [-0.026, 0.024] 0.083 [0.073, 0.096] 0.065 [-0.077, 0.179] 0.422 [0.379, 0.460]
10 0.243 [0.174, 0.339] 0.238 [0.205, 0.270] -0.099 [-0.161, -0.016] 0.405 [0.375, 0.430] 0.009 [-0.021, 0.039] 0.119 [0.106, 0.134] 0.022 [-0.076, 0.094] 0.443 [0.418, 0.467]
15 0.163 [0.105, 0.237] 0.435 [0.408, 0.463] -0.199 [-0.248, -0.132] 0.612 [0.587, 0.631] -0.040 [-0.074, -0.001] 0.207 [0.192, 0.222] -0.048 [-0.117, 0.003] 0.627 [0.610, 0.645]
20 0.142 [0.086, 0.214] 0.491 [0.464, 0.519] -0.191 [-0.236, -0.129] 0.656 [0.632, 0.677] -0.028 [-0.079, 0.026] 0.311 [0.288, 0.335] -0.037 [-0.080, -0.003] 0.714 [0.701, 0.727]
30 0.153 [0.108, 0.206] 0.526 [0.504, 0.549] -0.208 [-0.264, -0.147] 0.705 [0.675, 0.731] -0.030 [-0.069, 0.014] 0.352 [0.332, 0.372] -0.015 [-0.046, 0.018] 0.843 [0.829, 0.856]
35 0.143 [0.095, 0.191] 0.537 [0.516, 0.560] -0.245 [-0.311, -0.179] 0.729 [0.697, 0.757] -0.052 [-0.088, -0.014] 0.352 [0.334, 0.369] -0.028 [-0.059, 0.001] 0.881 [0.867, 0.893]

(d) n=7, DO primes
Layer Unchanged slope Unchanged intercept Flipped slope Flipped intercept DO-edit slope DO-edit intercept PD-edit slope PD-edit intercept

5 0.237 [0.148, 0.359] 0.172 [0.130, 0.211] -0.119 [-0.193, -0.021] 0.350 [0.313, 0.379] -0.001 [-0.023, 0.021] 0.073 [0.064, 0.084] 0.059 [-0.087, 0.174] 0.398 [0.355, 0.437]
10 0.193 [0.135, 0.272] 0.177 [0.151, 0.203] -0.107 [-0.155, -0.045] 0.324 [0.301, 0.341] 0.010 [-0.012, 0.031] 0.087 [0.078, 0.098] 0.010 [-0.061, 0.058] 0.362 [0.343, 0.378]
15 0.092 [0.060, 0.133] 0.144 [0.130, 0.161] -0.198 [-0.231, -0.163] 0.289 [0.272, 0.302] -0.003 [-0.013, 0.005] 0.057 [0.053, 0.061] -0.076 [-0.130, -0.042] 0.364 [0.352, 0.379]
20 0.033 [0.016, 0.058] 0.089 [0.082, 0.097] -0.149 [-0.189, -0.117] 0.183 [0.167, 0.198] -0.005 [-0.014, 0.004] 0.047 [0.043, 0.051] -0.109 [-0.137, -0.083] 0.331 [0.318, 0.343]
30 -0.010 [-0.021, 0.005] 0.094 [0.089, 0.098] -0.128 [-0.169, -0.094] 0.154 [0.138, 0.169] -0.021 [-0.030, -0.011] 0.060 [0.056, 0.064] -0.162 [-0.201, -0.118] 0.328 [0.310, 0.341]
35 -0.017 [-0.028, -0.003] 0.091 [0.087, 0.095] -0.133 [-0.176, -0.099] 0.151 [0.134, 0.166] -0.026 [-0.033, -0.019] 0.057 [0.054, 0.059] -0.181 [-0.221, -0.135] 0.328 [0.308, 0.343]

Table 2: Full results for Experiment 2: each cell reports the fitted coefficients (slope and intercept) for all four causal
intervention conditions, with 95% confidence interval over prime verbs.

ditions becomes more systematic in later layers, as
shown by the layer-30 plots, where the PD and DO
edit conditions form clearer andmore stable offsets
from the unchanged condition.

Comparing n = 1 and n = 7 (number of con-
text sentences, or primes, in an ICL sequence from
which the steering vectors are extracted) further
suggests that longer priming contexts amplify the
structural component of the steering vector: with
more prepended context sentences, the intercept
differences between PD-prime and DO-prime con-
ditions become larger, indicating a stronger over-
all pull toward the prime structure. Importantly,
this does not eliminate the effect of static verb bias:
within each prime condition, the fitted lines con-
tinue to vary with the prime verb’s bias. Thus, the

static-bias intervention effect is robust across lay-
ers and context lengths, while the relative contribu-
tion of prime-structure information becomes more
dominant when the priming context is stronger.

C.3 Elaborating on layerwise dynamics for
Experiment 3

We further examined whether the causal effect
of error signal editing is already present in ear-
lier layers. Figure 6 compares the raw, non-delta
intervention plots for the DO-prime condition at
layers 10 and 15. At layer 10, all four editing
conditions largely overlap: the Unchanged, Flip,
DO-biased, and PD-biased steering vectors pro-
duce very similar fitted slopes and intercepts, in-
dicating that changing the signed-error value in



the vector does not yet systematically affect down-
stream target preferences. By contrast, at layer 15,
the intervention conditions separate clearly. Edit-
ing toward the PD signed-error value increases the
primed PD preference most strongly, the flipped
condition also increases the slope relative to un-
changed, and the DO-edited condition remains
closest to or below unchanged. This contrast sup-
ports the claim that signed-error information is not
causally organized in the steering vectors from the
earliest layers, even though diagnostic probes can
already decode prime-structure information earlier.
Rather, the causal effect of signed-error editing
emerges only after the layer range where prime
structure and verb-bias information appear to be
integrated into a direction that can influence down-
stream structural preference.

D An Elaboration on the Error Signal
Counterfactual Editing

0

1

-1

Verb bias & 
Unchanged error signal

Fully DO-biased signal

Fully PD-biased signal

Flipped signal

Prime Verbs

Error Signals

Figure 12: A demonstration of counterfactual editing
on the signed error signal variable.

We elaborate on the logic of the predictions on
the slopes and intercepts of∆Prefedited for the three
counterfactual editing conditions in Experiment 3.
For a given prime verb v, let bv ∈ (0, 1) denote its
PD bias, where larger values indicate stronger base-
line preference for the PD construction. In the er-
ror signal analysis, the relevant quantity is the mis-
match between the structure observed in the prime
and the structure expected from the verb’s static
bias. Intuitively, a DO prime with a highly PD-
biased verb is more surprising than a DO prime
with a DO-biased verb, and a PD prime with a
highly DO-biased verb is more surprising than a
PD prime with a PD-biased verb. Thus, unlike the
static verb bias intervention, the signed-error inter-
vention is predicted to produce effects that depend
jointly on prime structure and verb bias.

In Experiment 3, we measure the effect of
each edit relative to the unchanged steering vec-

tor. For each prime verb v and prime structure
s, we define ∆Prefedited(v, s) = Prefedited(v, s) −
Prefunchanged(v, s), where Pref is the model’s PD
preference ratio (Equation 2) on the target sen-
tences after steering vector injection. This subtrac-
tion removes the baseline priming effect already
carried by the unedited steering vector. Therefore,
the delta metric asks: after holding fixed the effect
of original steering vectors, how much does chang-
ing the error signal direction additionally move the
model’s downstream target preference? A positive
slope with the delta metric means that the edit has
a larger PD-increasing effect for more PD-biased
prime verbs; a negative slope means that the edit
has a larger PD-increasing effect for more DO-
biased prime verbs. The left edge of each fitted
line can be interpreted as the approximate effect
for strongly DO-biased verbs, while the right edge
reflects the effect for strongly PD-biased verbs.

Consider the DO-prime condition. A positive
error signal means updating towards the DO direc-
tion. As is illustrated by the blue slope in Fig-
ure 12, the signed error is small for DO-biased
verbs since the observed structure is consistent
with the verb’s baseline preference, while it is large
for PD-biased verbs, because a DO prime is un-
expected given the verb’s strong PD bias. There-
fore, if the signed-error direction is causally used
as a counter-bias update signal, increasing the PD-
oriented signed-error component should have a
larger PD-increasing effect for PD-biased prime
verbs than for DO-biased prime verbs. This pre-
dicts a positive slope for edits that increase the PD-
oriented signed-error component.

The three edit conditions differ in how they
change this component: (1) The PD edit (illus-
trated by the red slope in Figure 12) sets the vec-
tor toward a uniformly PD-oriented error state.
This should increase PD preference across the full
range of prime verbs, yielding a positive intercept
and a positive slope: slope(∆PrefPD) > 0 and
intercept(∆PrefPD) > 0. (2) The flip edit (illus-
trated by the orange slope in Figure 12) reverses
the signed-error value associated with each prime
verb. Under DO primes, this has little effect for
very DO-biased verbs, whose original signed er-
ror is already near the DO-consistent end of the
scale, but it has a large effect for highly PD-biased
verbs, whose original signed error is strongly pos-
itive and is therefore strongly altered by the flip.
Thus, the flipped condition is predicted to start
near zero but increase sharply with static PD bias:



intercept(∆Prefflip) ≈ 0 and slope(∆Prefflip) > 0.
(3) The DO edit pushes the vector toward a DO-ori-
ented state. Under DO primes, this is largely con-
gruent with the observed structure and therefore
should not produce a strong counter-bias update.
Moreover, because the model’s PD preference is
already low in many DO-prime cases, the possi-
ble downward movement is limited by a floor ef-
fect. We therefore expect the DO edit to have a
small effect, with an intercept below zero and a
weak positive slope: intercept(∆PrefDO) < 0 and
slope(∆PrefDO) > 0 but small.

Because the flipped edit preserves the verb-
specific ordering of error signal magnitudes
while reversing their orientation, it is expected
to produce the strongest dependence on verb
bias. This leads to the following predic-
tion: slope(∆Prefflip) > slope(∆PrefPD) >
slope(∆PrefDO). Putting these together,
the qualitative prediction for DO primes
is: slope(∆Prefflip) > slope(∆PrefPD) >
slope(∆PrefDO) > 0 and intercept(∆PrefPD) >
intercept(∆Prefflip) ≈ 0 > intercept(∆PrefDO).
The same reasoning can be applied to PD primes.

E An Elaboration on Psycholinguistic
Theories of Structural Priming

Structural priming has traditionally been explained
by two broad classes of theories. Under the tran-
sient activation account (Pickering and Branigan,
1998), processing a prime sentence temporarily
activates the corresponding structural representa-
tion, making the same structure easier to retrieve
or reuse in a subsequent target sentence. This ac-
count explains why a recently encountered struc-
ture can increase the probability of producing or
comprehending the same structure again through
an activation perspective. However, in its standard
form, transient activation does not predict the in-
verse frequency effect (IFE): the residual activa-
tion of a structure is not expected to depend on how
surprising the prime structure was given the lexical
bias of the prime verb.

By contrast, the implicit learning account
(Chang et al., 2006) treats structural priming as
a consequence of experience-driven updates to
the learner’s probabilistic expectations about gram-
matical structures, including verb-specific biases.
On this view, language users continuously use
prior experience to predict upcoming linguistic in-
put, and update their expectations when those pre-

dictions are violated. Crucially, because the up-
date is error-driven, a less expected prime structure
should induce a larger update than a more expected
one. In the case of dative alternation, a PD prime
with a strongly DO-biased verb, or a DO prime
with a strongly PD-biased verb, should therefore
produce a stronger priming effect. This prediction
is the inverse frequency effect.

The two accounts are not mutually exclusive: un-
der a dual-mechanism view (Tooley and Traxler,
2010), structural priming may reflect both short-
lived activation of recently processed structures
and longer-term error-driven adaptation.

F Computational Resource, Package,
and AI Usage

All experiments reported in this paper were con-
ducted on the computing cluster of the Yale Cen-
ter for Research Computing, using NVIDIA H200
Tensor Core GPUs (141GB). Causal interventions
and behavioral evaluations took approximately 150
GPU hours. All regression experiments, PCA di-
mensionality reduction, and normalization were
conducted with the scikit-learn v1.7.1 pack-
age. We used ChatGPT 5.5 and Copilot for coding
and aiding plotting.
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Figure 13: Additional results for Experiment 2: downstream structural preference changes as a result of counterfac-
tual intervention on verb bias in steering vectors extracted from layers 5 and 30, with 1 or 7 context sentences.
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