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Abstract

Transformer circuits are often evaluated by ab-
lating certain circuits or components and mea-
suring the resulting performance drop. These
interventions test circuit necessity only under a
fixed model configuration, and it is unclear if
the residual network can recover performance
through alternative, parameter-efficient adapta-
tions. Using BERT as a frozen encoder and a
linear part-of-speech (POS) readout as a task
classifier, we first use gate masking to learn
a sparse core subnetwork sufficient for POS
classification. Ablating this core produced
a damaged model and a sharp drop in accu-
racy (95.0% — 16.8%). We then evaluated
recovery from damage under four retraining
pathways: readout-only, mask-only, joint read-
out+mask, and encoder-only with the ablation
held fixed. Readout-only, mask-only, joint
mask-and-readout, and encoder-only retraining
arrived at 80.0%, 69.7%, 85.9%, and 92.3% ac-
curacy, respectively. Some recovery pathways
partially restored core-like geometry, but others
recovered high performance without restoring
the original encoder geometry. These results
show that in a joint encoder—readout context, a
sparse subnetwork can be sufficient and neces-
sary for performance in the original fixed con-
figuration, but need not remain necessary after
recovery, and that recovered performance does
not rely on recovering the original geometry.

1 Introduction

Transformer models are increasingly studied in
NeuroAl (Sadeh and Clopath, 2025) and cogni-
tive science because their internal representations
can predict human representational structure and
brain activity. Model geometry has been related to
human judgments and behavioral measures (e.g.,
Schrimpf et al., 2018; Bhatia and Richie, 2024),
and contextual embeddings have been aligned with
brain responses during natural language, including
shared geometric structure and predictive process-
ing (Goldstein et al., 2024, 2022). Furthermore,

recent work uses attribution mapping to show that
the information most relevant to minimizing the
model’s loss is relevant to predicting brain activity
(Rahimi et al., 2025). Taken together, these studies
suggest that at least at the representational level
there are partial similarities in functional organi-
zation (while recognizing that human and model
objectives differ).

Inspired by studies of in silico lesioning in vision
systems (e.g., Tuladhar et al., 2021; Moore et al.,
2022, 2023), we use a lesion-and-recovery analogy
to study how pretrained language Transformers re-
gain task performance after targeted structural dam-
age. We first identify a sparse network that is suffi-
cient for high performance on a POS categorization
task. We then ablate this subnetwork to produce a
large drop in performance. Our main question is
whether recovery after ablating this sparse subnet-
work can be achieved by (1) reselecting surviving
projection-specific gates or (2) remapping a learned
readout, or both. We identify the core subnetwork
by jointly training projection-specific input-feature
hard-concrete gates and a linear POS readout head
on a frozen BERT encoder (Louizos et al., 2018;
Cao et al., 2021). We then permanently clamp the
encoder’s high-activity gated components, defined
as selected Q/K/V head-sized mask groups, as well
as additionally selected dense projection masks.
From this common damaged state, we compare
several retraining options (Figure 1); full procedu-
ral details are given in Methods.

Our contributions are as follows:

* We develop a lesion-recovery framework for
pretrained Transformers. We first identify a
sparse subnetwork sufficient for POS classi-
fication, ablate its components, and then test
multiple recovery paths: mask rerouting, read-
out retraining, joint adaptation, and encoder
retraining.

* We introduce mask rerouting, which is a re-
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Figure 1: Masking, lesioning, and recovery. A sparse POS-sufficient core is learned by training gates and a task
head while keeping BERT weights fixed. Ablating the core reduces held-out accuracy from 95% to 17%. Recovery
is then tested by retraining the readout only (80%), the surviving gates only (70%), or both jointly (86%). Circles
denote units, half-arcs indicate gate state (green=open, red=closed), and x marks lesioned units. Changes in gate
color after retraining indicate that surviving units have been opened or closed, producing a new routing configuration.
Percentages in the head boxes report held-out POS accuracy.

covery mechanism that operates by changing
which surviving gated components are active,
but without modifying the pretrained encoder
weights. This allows us to differentiate re-
covery by route selection from recovery by
weight relearning.

* We show that both mask rerouting and read-
out remapping recover performance after le-
sioning, and that combining them produces
stronger recovery than either mechanism
alone.

We show that recovery of performance does
not require recovery of the original represen-
tation. Different retraining routes produce dif-
ferent hidden-state and readout geometries,
even when their behavioral performance is
similar.

2 Related Work

Redundancy and sparse subnetworks. Prior
studies found that attention heads are often spe-
cialized for different linguistic functions and that
a substantial fraction can be removed with limited
performance loss. Voita et al. (2019) report head-
level specialization and successful pruning of less
useful heads; Michel et al. (2019) find that drop-
ping 20-40% of heads can still support accuracy on
several tasks. In parallel, pretrained Transformers
contain sparse subnetworks that can match dense-
network performance on sentence-level bench-

marks (e.g., Chen et al., 2020). Whitaker (2024)
formalizes this view under the concept of Subnet-
work Ensembles, showing that multiple sparse sub-
networks sampled from a trained parent model can
match or exceed full-retraining performance at a
fraction of the compute cost. Based on these stud-
ies, we expect that a subset of the pretrained BERT
encoder can sustain POS classification.

Gate-based importance estimation and head le-
sioning. Louizos et al. (2018) introduce multi-
plicative gates with learnable scores that, when
trained alongside a task readout, produce task-
sufficient masks and an importance score. Cao
et al. (2021) apply this approach to LLMs to induce
task-specific sparsity and show that different Trans-
former components support specific linguistic tasks.
We adopt this framework as follows: we learn
projection-specific input-feature gates, summarize
Q/K/V gate sparsity within head-sized groups, and
apply a structured projection-mask lesion to the
Q/K/V groups and dense projection masks that ex-
hibit non-sparse gate patterns.

Pruning and circuit discovery. Circuit-
discovery methods in Transformers identify
computational subgraphs that preserve a target
behavior, using methods such as activation patch-
ing, attribution patching, or learned edge-pruning
objectives. In the typical prompt-based settings,
the behavior is quantified using the model’s
native output distribution, for example with a
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next-token probability or logit-difference metric,
and the identified subgraph is treated as a circuit
supporting that behavior (e.g., Hanna et al., 2024;
Yu et al., 2025; Bhaskar et al., 2024; Syed et al.,
2024; Conmy et al., 2023).

In contrast, we study a supervised, non-native
task in which POS behavior is obtained by learning
a new task readout that is attached to a pretrained
Transformer encoder. The resulting behavior is
therefore a joint function of the encoder represen-
tation and the readout applied to it. This makes
circuit identification more underdetermined than in
a fixed native-output setting, as similar task behav-
ior can be achieved by different combinations of
hidden-state and readout geometries.

The direction of our intervention also differs.
Circuit-discovery methods prune or mask compo-
nents that are scored as less important with respect
to the target behavior. The aim is to retain a sparse
subgraph that performs similarly (is faithful) to the
original model. We proceed in the opposite direc-
tion by first identifying a task-sufficient sparse core
in order to ablate the high-importance components
it uses.

Our damaged condition is related to circuit-
completeness tests. These evaluate the behavior
of the complement after an identified circuit is re-
moved (e.g., Conmy et al., 2023; Syed et al., 2024;
Bhaskar et al., 2024). Standard completeness tests
evaluate the complement in a fixed state. Our recov-
ery experiments allow the complement to adapt and
in this way ask whether initially low complement
performance persists after retraining.

3 Methods

Figure 1 summarizes the analyses used in the study:
learning a sparse, task-sufficient core network, tar-
geted lesion of the network, recovery under multi-
ple constraints, and behavioral and representational
evaluation.

3.1 Task and model

Dataset and POS objective. We evaluated all
conditions on universal part-of-speech tagging us-
ing the training and development splits of the Uni-
versal Dependencies English Web Treebank (UD
English-EWT). The prediction targets were the
17 POS categories: ADJ, ADP, ADV, AUX, CCONJ,
DET, INTJ, NOUN, NUM, PART, PRON, PROPN, PUNCT,
SCONJ, SYM, VERB, and X. Sentences were tokenized
using bert-base-uncased. For each UD word,

we considered the final-layer hidden state associ-
ated with its last WordPiece token as the word rep-
resentation. The linear POS classifier was applied
by token. We trained the classifier on the official
training split. We evaluated performance on the
official development split, which we used here as
a held-out evaluation set. Metrics were computed
over syntactic UD word tokens, including tokens
labeled PUNCT, but excluded BERT special tokens,
multiword-token range entries, and empty nodes.

3.2 Learning and lesioning a sparse
POS-sufficient core

Following Cao et al. (2021), we trained a task-
sufficient subnetwork by optimizing hard-concrete
mask gates jointly with a linear POS readout. The
pretrained BERT encoder weights remained fixed
during training. The joint loss combined POS cross-
entropy with an expected- L sparsity penalty on the
mask gates. The sparsity coefficient was linearly
scheduled during training. For the baseline core
model, masks and the POS readout were trained
for 20 epochs with Adam.

If W is BERT’s pretrained weight matrix, then
the masked weight matrix is written as W =
Z ® W, where Z is a stochastic hard-concrete gate
matrix parameterized by learnable gate scores 6.
Only the gate parameters ¢ and the linear POS
readout Wpqg are trained.

We used a cross-entropy objective with an ¢-
style gate penalty:

L(0, Wpos) = n(0)),yn)

E(fros(h

Mz

1
N
n=1
+20(0).
ey

The end result is a sparse set of gates that is
sufficient for POS classification when paired with
the jointly trained POS readout, while leaving the
underlying BERT weights unchanged.

We then applied a projection-mask lesion to the
learned core. The learned masks were projection-
specific input-feature gates. Each gate controlled a
single input dimension for a particular linear pro-
jection. For the query, key, and value projections,
masks were grouped into 64-dimensional head-
sized groups. We computed group-level sparsity
by averaging the fraction of inactive gates across
the corresponding query, key, and value groups.
Groups with sparsity below 7 = 0.5 (i.e., ones
with high gate activity) were lesioned. This value
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Updated parameters

Condition BERT Gates Readout Gate objective Functional test

Core baseline - v v Sparse Learn a sparse POS-sufficient subnetwork

Damaged - - - - Evaluate the fixed residual network without adaptation

Mask only - v - None Unconstrained rerouting through surviving gates

Mask only (sparse) - v - Sparse Rerouting constrained to use fewer gates

Mask only (dense) - v - Dense Rerouting constrained to use more gates

Encoder only v - - - Relearn the surviving encoder weights under fixed routing
and readout

Readout only - - v - Relearn POS classes given the fixed damaged representation

Readout + mask - v v Sparse Combine rerouting with readout remapping

Table 1: Training and recovery conditions. All rows except the core baseline are evaluated after the same fixed
lesion. Check marks indicate parameters updated during the corresponding training stage; dashes indicate frozen
parameters. The gate objective refers to the coefficient A in Eq. (1). For the mask-only variants, Agna1 = 0, +1, and
—1 indicate the unregularized, sparsity-constraining, and density-constraining optimization.

was set a priori and was not selected through a
hyperparameter sweep.

The lesion also included attention-output, FFN-
intermediate, and FFN-output projection masks
whose produced-mask sparsity was below the same
threshold. The mask scores of lesioned components
were then clamped to —12.0, producing gates of ex-
actly zero, and frozen to prevent them from further
updating during recovery. Note that not all closed
gates were lesioned, so closed gates that survived
the ablation could be reopened during mask retrain-
ing. Lesioned gates were clamped and could not
be reactivated. All recovery conditions operated
under this same fixed structured projection-mask le-
sion. The full hard-concrete formulation and lesion-
selection details are provided in Appendix A.

3.3 Recovery conditions

Table 1 summarizes the recovery conditions.
Readout-only tests whether the damaged repre-
sentation contains decodable POS information.
The three mask-only conditions evaluate rerout-
ing through surviving gates under neutral, sparse,
and dense regularization, without changing encoder
weights (see Eq 1 and Appendix B). Joint recov-
ery (Readout + mask) allows both rerouting and
readout remapping. Encoder-only retraining can
be considered as an upper-capacity comparison, as
it allows updating BERT weights that survived the
lesion.

To evaluate reproducibility, recovery was evalu-
ated using four additional mask-initialization seeds,
where each corresponded to learning a new sparse
core and subsequent lesioning. These additional
runs were used only for analyzing behavioral per-

formance. All other analyses were based on first-
seed run.

3.4 Performance and representational
evaluation

We report token-level POS accuracy on the held-out
data. All representational analyses use the same
ordered development tokens across the different
experimental conditions (trained model states).

Global hidden-state similarity. For each model
state s, let X, € RVX768 denote the matrix of
final-layer hidden states. We computed linear CKA
between X and both the pre-lesion core represen-
tation X o and the immediately damaged repre-
sentation X qamage-

POS activation-centroid geometry. At the en-
coder level, we described each POS class by con-
structing a centroid in activation space. For a model
state s and POS tag ¢, we averaged the final-layer
hidden states of all tokens assigned to ¢ to produce
a centroid fus s € R768, Using these centroids, we
constructed a POS-centroid representational dis-
similarity matrix (RDM) from the cosine distances
between centroids:

Rgct (t, t/) =1- COS(MS,t? M&tl) : (2)

The resulting RDM describes the geometry of the
POS centroids. We quantified recovery of the pre-
lesion activation geometry by comparing it with
the matching activation-centroid RDM of the core
model:

ppos(s) = Spearman [ut (R?Ct) ,ut (Rf}gﬁe)] ,
3)

411



where ut(-) vectorizes the off-diagonal entries of
the upper triangle.

POS readout-weight geometry. We also de-
scribed the POS classes using the geometry of the
linear readout. The linear POS readout is param-
eterized by Wpos € R7X768 and a bias vector.
For this reason, each of the 17 POS classes is
associated with a 768-dimensional weight vector
ws . Each vector defines a direction in hidden-
state space along which the logit for a given class
increases.

These class-specific directions can be treated as
prototypes in readout-weight space, complemen-
tary to the empirical POS centroids in activation
space. We constructed the readout-prototype RDM
as

R};ead(t,t’) =1- Cos(w57t,w57t/) . ()]

This RDM captures the relative organization of
the POS-class directions learned by the classifier.
We compare it with the corresponding readout-
weight RDM of the pre-lesion core.

Activation scale and effective dimensionality.
Activation energy is the mean squared ¢ norm
of the final-layer hidden states. Effective dimen-
sionality is the entropy effective rank of their
centered covariance matrix, defined for covari-
ance eigenvalues {\y} as pr = Ax/ ) ; A; and

Degr = eXp(— D kipy>0 Pk logpk>.
4 Results

4.1 Lesion and recovery performance

The learned core network consisted mainly of early-
to-middle-layer components. Its accuracy was
94.5%. Removing it completely (by removing the
74 QKYV head groups and 18 dense projection mask
tensors) reduced accuracy to 17% (Damaged con-
figuration). Appendix Figure A1 shows the config-
uration of the Baseline network, and the result of
applying the ablation.

To evaluate the importance of the QKV com-
ponents identified as part of the core network, we
tested whether they were more essential than an
arbitrary set of size-matched QKV components
(note that here the dense projections were not re-
moved). We compared the impact of a targeted
QKV-only lesion with a distribution of 100 glob-
ally sampled random lesions, each removing 74
QKYV groups. The targeted lesion reduced accu-
racy to 84.84%. The random lesions produced

a distribution with a mean accuracy of 88.02%
(range: 86.03%—-89.78%). Thus, no random lesion
matched or exceeded the impairment produced by
the targeted lesion. The learned QKV set there-
fore contributed more to task accuracy than would
be expected from chance under size-matched abla-
tion. Note that this is a specific Q/K/V-only control,
which does not include the dense projections.

Results for the different recovery regimes in the
primary seeded run are shown in Figure 2. It can be
seen that all recovery conditions produced marked
improvement over the damaged baseline. This
includes the three mask-only retraining regimes
and the readout-only retraining condition, which
arrived at 80% accuracy. In all cases, solutions
involved keeping between 20% and 40% of the
gates in the damaged network. We also reran the
full behavioral recovery analysis using four inde-
pendent seeds. This reproduced the rank order of
the conditions, with the regularized mask condi-
tions showing relatively weaker consistency (see
Appendix Table Al).

Figure 3 shows the accuracy profiles per POS
class under the different retraining regimes and ref-
erence conditions. Ablation of the core network
resulted in a skewed failure profile, with the dam-
aged network showing preserved accuracy mainly
for nouns. This pattern was quite consistent when
analyzing the results of the four additional seeds,
where noun accuracy was 60%, 99%, 100% and
in a single exception, 7%. This shows that after
damage, the existing readout is biased towards the
frequent noun class.

The recovery conditions based on mask retrain-
ing were associated with partial performance re-
covery for frequent and mid-frequency classes,
with the dense mask condition being the best-
performing among the mask-only regimes. Train-
ing the readout adapter alone also produced re-
covery across multiple classes, indicating that the
overall performance improvement seen in Figure 2
was not based on relearning only the most frequent
classes. Indeed, the difference between this condi-
tion and the damaged condition is evident across
nearly all classes. Finally, readout+mask retraining
was associated with an even more uniform improve-
ment across the different tag classes.

4.2 Representational recovery in the
retraining conditions

Representational analysis showed that behavioral
recovery was not necessarily accompanied by
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Figure 2: Classification performance and sparsity in the tested conditions. A. Classification performance across
retraining regimes. Baseline indicates performance of core network alone. Damaged indicates performance after
ablation of core network. Readout conditions are those where the POS classification is trained as well. B. Sparsity
of retraining solutions and length of training. Sparsity is quantified by percentage of active gates retained after

retraining.

restoration of the original hidden-state geometry.
Figure 4A shows, for each condition that impacted
the representational geometry of the encoder, the
similarity of the representation to that of the dam-
aged network (the departure point of training) and
the similarity of the representation to that of the
core baseline network.

The figure shows that the initial ablation that pro-
duced the damaged configuration also produced a
substantial representational shift, seen in that linear
CKA between the damaged model and the pre-
lesion core was only 0.43. Furthermore, as shown
in Figure 4B, the organization of class separation
also shifted strongly, so that an RDM constructed
from centroids of each POS category was quite dif-
ferent from the matching RDM computed from the
core network (POS-centroid RDM similarity to the
core was 0.33).

The performance of the readout-only retrain-
ing condition offers the strongest demonstration
that recovered accuracy does not require relearning
the original representation. This condition, which
by construction does not alter the encoder repre-
sentation, recovered POS accuracy to 80.0%. At
the same time, the readout retraining shifted the
readout-weight representation so that the similarity
of the class-weight-vector geometry to that of the
original geometry (POS-head to core; panel C) was
only 0.54. This shows that a new readout solution

was effective, without recovering the original en-
coder geometry. The improvement for readout-only
retraining does not necessarily mean that the dam-
aged encoder contains POS-information obtained
during pretraining. In fact, Cao et al. (2021) re-
port 69% POS accuracy for an MLP probe trained
on a random-weight BERT model, which is likely
driven by a systematic mapping between single lex-
ical items and their POS tag, which would persist
even under random weights. We reproduce their re-
sult (72.14 £ 0.51% over five seeds) but note that it
is still lower than the performance in our retrained
condition, which uses the pretrained BERT weights
(78.58 £+ 1.32% over five seeds). The damaged net-
work therefore contained task-relevant structure
beyond what is available from a random encoder.

In contrast, the mask-only recovery conditions
changed the hidden-state representation of the
damaged model. The strongest mask-only con-
dition, inverse-regularized (Mask dense) rerouting,
reached 69.7% accuracy and showed the largest
movement toward the pre-lesion core among mask-
only models (CKA-to-core = 0.60; POS-RDM-to-
core = 0.64).

Interestingly, the joint readout+mask recovery
condition arrived at higher behavioral accuracy
(85.9%), but remained farther from the original
core geometry of the encoder (CKA-to-core = 0.51;
POS-RDM-to-core = 0.53). This condition also
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Figure 3: Per-tag POS accuracy after core ablation
and recovery. Rows: recovery and reference conditions;
columns: POS tags. Heatmap values indicate accuracy
as a percentage of the corresponding pre-lesion baseline
accuracy for each tag.

maintained a hidden-state representation of the en-
coder that was still quite similar to that of the dam-
aged network (CKA-to-damage = 0.87). In con-
trast, the POS class-separation structure quantified
by the weight-vector RDM was quite similar to that
of the core network (POS head-to-core = 0.69).

The dissociation between the readout-only con-
dition and the conditions involving mask retraining
suggests that the former requires a new represen-
tational geometry to adapt to the changed encoder
geometry. In contrast, allowing both the encoder
and decoder to adapt results in a stronger recovery
of the class-weight-vector representation structure
in the head itself (see Figure 4C).

Finally, allowing a full retraining of the remain-
ing network, while keeping the core POS-head
fixed, produced a strong recovery of the original
representational geometry (CKA-to-core = 0.79)
and accuracy approaching the core performance
(0.923 vs. 0.95), suggesting substantial capacity
for reorganization in the damaged network.

Recovery also altered activation scale and covari-
ance dimensionality. The mask-based recovery con-
ditions shifted both measures towards those found
for the core configuration (Appendix Figure A2).

5 Discussion

Multiple recovery routes after lesioning. Le-
sioning produced a strong drop in performance, but
the damaged state still contained residual informa-
tion that could be expressed through recovery pro-

tocols related to different mechanisms. This means
that post-lesion accuracy describes the competence
of the fixed residual configuration, but is not in-
dicative of its potential to regain capacity after re-
covery. Furthermore, different recovery constraints
produce different representational geometries.

Readout remapping recovers performance with-
out changing encoder geometry. The simplest
way of recovering function was by readout-only
retraining, which left the damaged encoder and the
gate configuration unchanged. This shows that the
damaged configuration contained task-relevant in-
formation that was poorly aligned with the original
readout. The hidden-state geometry of the dam-
aged encoder was substantially different from the
core representation. In parallel, the retrained clas-
sifier was also only moderately similar to the one
learned by the core subnetwork.

Gate relearning recovers performance without
changing pretrained weights. As opposed to
conventional fine-tuning, the gate-based recov-
ery condition only changed which surviving post-
lesion units and projections were active. The pre-
trained parameters and POS readout remained fixed.
This also differs from adapter tuning, which intro-
duces new transformations, typically on top of a
pretrained model. Instead, recovery based on gate
optimization selects or combines existing transfor-
mations already present in the surviving network.
We found that the mask-only conditions (regular-
ized and non-regularized) partly shifted the hidden-
state geometry and the POS-activation-prototype
geometry towards the representations of the pre-
lesion core, but they did not completely restore
performance or representation.

Joint gate and readout adaptation produces a
new encoder-readout solution. As opposed to
gate-based recovery, allowing the readout classi-
fier to adapt together with the gates produced a
stronger recovery than gate-only or readout-only
retraining. This suggests that the two mechanisms
are complementary. Still, this was not accompa-
nied by a return towards the pre-lesion encoder
geometry. In fact, relative to the mask-dense recov-
ery, it remained closer to the damaged hidden-state
geometry while achieving better task performance.
This suggests that recovery was achieved through
a new alignment between the rerouted encoder rep-
resentation and the adapted readout.

It is useful to compare this condition to encoder-
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Figure 4: Representational changes after post-lesion
recovery. A. Final hidden-state geometry, shown as
linear CKA to the pre-lesion core and to the damaged
model. B. POS-class geometry, measured as Spearman
similarity between each condition’s POS-centroid acti-
vation RDM and the corresponding core RDM. C. Read-
out geometry, measured from POS-classifier weight-
vector RDMs and the core readout RDM. Points in panel
B are horizontally jittered for visibility.

only retraining, which allowed the surviving pre-
trained weights to change (keeping the lesion, gates
and original readout fixed). This condition was
associated with the highest performance. It also
showed a strong return toward the core in global
hidden-state geometry, as measured by CKA. How-
ever, it did not recover the core’s POS activation-
centroid geometry to the same extent, with lower
values than the other recovery conditions on this
measure. This condition suggests that the residual
damaged model can manifest substantial represen-
tational capacity when weight relearning is allowed,
but it may regain performance without recovering
the original POS class-separation structure.

Implications for circuit necessity and complete-
ness. As reviewed in the Introduction, there is
a substantial body of circuit-discovery work that
studies Transformer behavior, as defined through
the model’s native output distribution for different
tasks. In such cases, low performance of the fixed
complement is then often taken as evidence that

the identified circuit captures the target behavior.
In these settings, behavior is read directly from the
model’s native output mechanism, and there is no
independently trained task readout whose geometry
can change separately from the encoder.

Because of this difference in setup, these types
of investigations are intended for identifying, ab-
lating, patching, or retraining internal components,
but cannot distinguish recovery through internal
adaptation from recovery through remapping of a
separate task readout. Furthermore, to our knowl-
edge, the prior related work has not retrained the
residual complement after circuit removal to test
whether the target behavior can be regained. Our
findings therefore show that circuit necessity can
be established with respect to a single, original
fixed configuration, but might not hold under re-
training, even when it consists of rerouting within
the original network. More generally, our study
demonstrates that completeness is conditional on
whether and how a complement is allowed to adapt.

Conclusions. We show that after producing a
crippling lesion, performance can recover without
relearning the underlying transformations. The ex-
tent to which the original geometry is recovered
depends on the degrees of freedom of the recovery
protocol, and mask-based recovery in particular
appears to shift the network back toward the orig-
inal geometry. More generally, circuit necessity
is conditional on the permitted rerouting strategy.
A component may be necessary under the original
fixed routing and readout, but cease to be so when
the readout can be retrained or surviving transfor-
mations can be reselected.

Limitations. Our evaluations were based on a
single task (POS classification) and a single back-
bone model. It is unclear whether the results gener-
alize to more difficult tasks or to other model fam-
ilies. In addition, we defined lesions at the level
of attention heads and dense projections. Lesion-
ing finer-grained components could afford greater
flexibility and produce better recovery. The bio-
logical relevance of these findings remains unclear,
as we examined only the recovery of model per-
formance and representations, without direct com-
parison with cortical damage or mechanisms of
neuroplasticity. Finally, we did not identify causal
circuits using the Transformer’s native outputs. A
natural next step would be to apply the same recov-
ery framework presented here after ablating circuits
identified using causal circuit-discovery methods.
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A Masking and lesioning

A.1 Differentiable hard—concrete gates

For each learnable mask score 0;;, we sample
u;; from a uniform distribution. The value is
transformed using a sigmoid, which produces a
stochastic gate s;;. The gate is stretched (7, () =
(—0.1,1.1) and then clipped to [0, 1]. This pro-
duces the final gate, Z;;.

ui;j ~ Uniform(0, 1),

Sij —a< o8t Og(ﬁ uij) U),

Zij = min{max{gij, 0}, 1}.

A.2  Selection and permanent lesioning of core
components

Based on the sparsity pattern learned by the hard—
concrete gates we subsequently select components
for lesioning. For attention projections, we index
mask scores and gates as
Gl(t) . and Zl(;z,j,
where | € {1,...,L} indexes Transformer
layers, h € {1,..., H} indexes attention heads,
t € {Q, K, V} indexes the query, key, or value pro-
jection, and j € {1,...,d} indexes features within
a head, with d = dp0q01/H.

Quantifying attention-head sparsity. For each
attention head, we define sparsity as the fraction of
its Q, K, and V gates that are zero:

d
Sparsity (I, h) = 3—; Z ZH[Zl(,tiz,j = O} ,

te{QK,V}j=1
where [[-] is the indicator function.

Selecting attention heads for damage. Given
a sparsity threshold 7 € [0, 1], the set of heads
selected for lesioning is

Hdamaged = { (I, h) : Sparsity(l,h) < 7} .

Permanent gate clamping. For each selected
head (I, h), we permanently disable its Q, K, and

Baseline Damaged
o oo 100
1 R & &
2 R & &
3 R & R 75
4 R £ 3 ;\3
_ - <
] 5 53 & 3 >
b 2 o [ 50 g
7 3 R &3 g
8 £3 63 3 v
9 &3 oK 3 25
10 &3 K K
11 & 3
0
} 0123 g 0123
Vgﬁ@ Unused ‘7<<<<$®'° Unused
< (>50%) < (>50%)
Module Module

Figure Al: Sparsity of masks before and after the
structured lesion. Rows show Transformer layers from
shallow to deep; columns show the projections ana-
lyzed. Cell values indicate the percentage of learned
(Lo) gates that are inactive in a projection. Baseline:
learned sparse-core model. Damaged: same model after
clamping projections with sparsity below the lesion-
selection threshold (7 = 0.5). Side bars indicate the
number of dense projections that exceed 50% sparsity.

V gates by setting their associated mask scores to
—12.0.

=L
) Hl’h’j’

(l7 h) € Hdamageda
otherwise.

The large negative value makes the corresponding
hard—concrete gates effectively zero.

Gradient blocking. The clamped scores are sub-
sequently frozen during retraining:

o,

(l, h) c Hdamaged-
g,
9 7]

Consequently, units belonging to lesioned heads
cannot be restored by later mask retraining.
A.3 Sparsity before and after lesioning

Figure A1 shows the sparsity of dense projection
masks and attention heads before and after lesion-
ing the core network.

B Recovery conditions

B.1 Trainable components

Across the various retraining conditions, we selec-
tively retrain two components:
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* the mask parameters {6;; }, which control the
sparsity of projection-specific input features,

¢ the linear POS-tagging classifier head Wpog.

B.2 Gate-training schedule

Following the exact procedure described in Cao
et al. (2021), we train the gates for 20 epochs under
a scheduled sparsity regularization regime. The
regularization coefficient A increases linearly from
Ainit 10 Afinal: it is zero for the first 25% of updates,
ramps up linearly over the next 50%, and remains
constant for the final 25%. This is intended to allow
the model to first identify task-relevant structures
before pruning redundant neurons.

B.3 Recovery conditions

Readout-only retraining. Only the output clas-
sifier head Wp(g is retrained, while all internal
parameters and masks remain frozen. The classi-
fier consists of a single fully connected linear layer
that maps the final hidden representation of each
token, h; € R7%8, to the part-of-speech vocabulary,
producing logits via an affine transformation.

Mask-only retraining. We study three variants
reflecting different sparsity pressures:

* Afinal = 0: No explicit sparsity regularization,
allowing unconstrained rerouting.

* Agnal = +1: Standard sparsity regularization,
encouraging minimal subnetworks.

* Afnal = —1: Inverse sparsity regularization,
promoting dense subnetworks to test whether
broader neuron participation aids recovery.

Encoder-only retraining (fixed masks and read-
out). Only the pretrained BERT encoder weights
are updated, while mask scores and classifier re-
main fixed. This tests whether the surviving struc-
ture of the encoder retains enough capacity to re-
learn the POS task without changing its active units
or readout.

Joint readout-and-mask retraining. Both mask
scores (with active regularization) and classifier pa-
rameters are retrained jointly. This condition tests
whether concurrent internal rerouting and readout
adaptation yield stronger recovery than either mech-
anism alone.

C Additional results

Condition Mean SD
Core baseline 95.03 0.05
Encoder only 92.21 0.23
Readout + mask 85.85 0.12
Readout only 78.58 1.32
Mask only (sparse) 51.63 7.66
Mask only (noreg.) 56.74 5.06
Mask only (dense) 69.27 3.37

five mask-
Mean held-out POS accuracy

Table Al: Performance across
initialization seeds.
+.5D across five seeds.
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Figure A2: Impact of retraining on activation scale
and effective dimensionality of final hidden states.
Activation energy was computed as the mean squared
norm of the final hidden-state vectors. Effective dimen-
sionality was computed from the normalized spectrum
of the centered covariance matrix. The damaged model
showed the lowest activation energy and highest effec-
tive dimensionality, indicating a flatter covariance spec-
trum. Retraining restored values in the direction of the
pre-lesion core.
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