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Abstract

Parameter-efficient fine-tuning with Low-Rank Adaptation (LoRA) often improves a large language model’s in-domain
performance at the cost of cross-domain generalization. We investigate the mechanistic basis for this trade-off,
asking whether LoRA creates new discriminative directions in representation space (emergence) or merely reshapes
pre-existing ones. Using a Word Sense Disambiguation testbed, we couple controlled behavioral evaluation with
causal localization and geometric diagnostics. We find LoRA learns new, spatially localized discriminative directions
in the middle layers of the network, focused at token positions critical for the task. This "subspace extension"
account explains why LoRA-tuned models excel on in-domain data but struggle to transfer. As a proof of concept, we
introduce a mechanistically informed LoRA configuration that concentrates capacity in the identified layers, promotes
rank diversity, and applies light answer-token calibration. Without increasing training budget, it yields consistent
improvements in both in- and cross-domain settings, demonstrating that mechanistic insight can guide more efficient
adaptation.

Keywords: LoRA, Mechanistic interpretability, Domain adaptation, Domain generalization, Word sense dis-

ambiguation

1. Introduction

Low-Rank Adaptation (LoRA) (Hu et al., 2022) has
become a standard technique for adapting large
language models (LLMs) to specialized domains,
offering an efficient alternative to full fine-tuning
(Huang, 2025; Wang et al., 2025a; Christophe et al.,
2024). While effective at boosting in-domain perfor-
mance, LoRA-tuned models often fail to generalize
across domains (Afzal et al., 2025; Xu et al., 2025).
This trade-off between specialization and transfer-
ability presents a critical barrier to deploying models
in real-world, multifaceted environments.

To understand and mitigate this poor transfer,
we must first uncover the mechanisms of LoRA-
based adaptation. However, existing mechanistic
analyses offer limited insight. Most studies focus on
scenarios where base models already perform well
(Radford et al., 2019) or are fine-tuned on general
data (Prakash et al., 2024; Wang et al., 2025b),
which may not reflect the challenges of true domain
specialization where models initially struggle.

To close this gap, we investigate the representa-
tional geometry of LoRA-based domain adaptation,
centered on a key question: Does fine-tuning cre-
ate new discriminative directions in represen-
tation space (emergence), or does it primarily
amplify and reshape existing ones (reshaping)?
The answer carries significant practical weight. Re-
shaping favors light interventions (elicitation, cali-
bration), whereas emergence calls for targeted ca-

pacity where it is used (rank/module/layer choices
or small DAPT), with large-scale pretraining or archi-
tectural changes reserved for cases where targeted
steps no longer help. While weight-space analyses
show LoRA can introduce new high-ranking singu-
lar vectors (Shuttleworth et al., 2024), these find-
ings do not explain where the computation changes
or whether those changes are causally necessary
for improved performance. Our work bridges this
explanatory gap.

We investigate LoRA-based domain adapta-
tion using Word Sense Disambiguation (WSD), a
task that provides an ideal lens for connecting
behavioral outcomes to geometric mechanisms.
First, base LLMs exhibit significant headroom on
domain-specific senses, creating a clear and con-
trollable learning problem. Crucially, WSD is token-
localized—decisions are grounded in specific lem-
mas and their context—which permits the precise,
position-targeted causal interventions necessary
for our analysis. This causal tractability is matched
by a geometric one: discrete sense inventories
align naturally with the compact, interpretable sub-
spaces required for our diagnostics, enabling us to
rigorously distinguish whether LoRA creates new
discriminative directions or remaps existing ones.

Our analysis connects behavior to mechanism in
three stages: (i) Controlled behavioral evaluation:
a 2x2 transfer matrix separates in-domain gains
from true cross-domain generalization and isolates
domain effects from task mechanics (Suresh et al.,
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2023); (ii) causal localization via windowed activa-
tion patching to identify the necessary changes in
specific layers and token positions; and (iii) geo-
metric characterization using convergent diagnos-
tic tests to determine if LORA introduces new sub-
spaces or reshapes existing ones. Our experiments
are conducted on Llama-3.2-1B, with replications
on a 3B model to test for scale dependence.

Our findings provide strong evidence for emer-
gence. We show that LoRA learns new, spatially
localized discriminative directions for WSD. These
changes are concentrated in the middle layers of
the model and are localized to the specific token po-
sitions crucial for the task. Post-adaptation, the new
discriminative axes show minimal alignment with
pre-existing directions, supporting a subspace ex-
tension account: LoRA adds new, task-specific di-
mensions rather than globally reorganizing the rep-
resentation space. We translate these findings into
a mechanistically informed training strategy that
restricts LORA to causally critical layers. This ap-
proach improves both efficiency and performance
on in-domain and cross-domain tasks, demonstrat-
ing the practical value of our analysis.

Contributions. Our main contributions are:
(1) A principled, three-stage framework connect-
ing behavioral, causal, and geometric analyses
to distinguish between emergence and reshaping
in domain adaptation. (2) A carefully designed
WSD testbed that enables precise, token-level
causal analysis. (3) Strong empirical evidence that
LoRA adaptation operates via emergence, creat-
ing new, localized subspaces that explain its poor
cross-domain transfer. (4) A proof-of-concept for
mechanistically-informed fine-tuning, showing that
our analytical insights can be used to improve both
the efficiency and accuracy of LoRA.

2. Related Work

The Limits of Behavioral Analysis in Domain
Adaptation. Domain adaptation is crucial for spe-
cializing large language models, with Parameter-
Efficient Fine-Tuning (PEFT) methods like LoRA
(Hu et al., 2022) now standard practice for en-
hancing in-domain performance (Huang, 2025;
Wang et al., 2025a; Christophe et al., 2024). How-
ever, behavioral studies reveal a complex trade-
off: fine-tuning often improves in-domain accu-
racy at the cost of out-of-domain generalization
(Chronopoulou et al., 2019). The degree of this
specialization depends on factors like task, domain
similarity, and model scale (Mosbach et al., 2020).
While recent work has benchmarked PEFT meth-
ods to measure transferability (Afzal et al., 2025)
and catastrophic forgetting (Biderman et al., 2024),
these analyses remain focused on what happens
to performance metrics, not why the model’s in-

ternal mechanisms fail to generalize. Moreover,
many experimental designs conflate domain shifts
with task shifts (Suresh et al., 2023), making it diffi-
cult to isolate the effects of domain overfitting from
inadequate task learning.

Mechanistic Interpretability of LORA Fine-Tun-
ing. To understand how LoRA fine-tuning oper-
ates, researchers have turned to mechanistic inter-
pretability (MI) (Elhage et al., 2021), which aims
to explain model behavior by localizing computa-
tions to specific components, such as layers or
attention heads. Circuit analysis suggests fine-
tuning primarily enhances pre-existing capabilities
(Prakash et al., 2024). Complementing this, Wang
et al. (2025b) find that the most significant changes
occur not in the components themselves (nodes)
but in the connections between them (edges), char-
acterizing fine-tuning as a circuit "rewiring" process.
Other studies successfully identify sparse, task-
relevant pathways, pinpointing mid-layer MLPs and
select attention heads as critical (Lee, 2025; Ni-
jasure et al., 2025). While insightful, this line of
work has largely targeted general-domain tasks
rather than domain specialization and has not sys-
tematically connected its findings to the behavioral
patterns observed during domain adaptation. Cru-
cially, the relationship between geometric changes
in the model’s representational space and domain
specialization remains unexplored.

Our work bridges this gap by converging these
two lines of inquiry. We introduce a unified method-
ology that combines: (i) a controlled, same-task
cross-domain evaluation to isolate domain-specific
effects; (ii) windowed activation patching to iden-
tify functional loci with fine-grained positional gran-
ularity; and (iii) geometric analysis to distinguish
whether LoRA reshapes existing representations
or creates new ones. This approach allows us to
make causal claims about how LoRA encodes spe-
cialized knowledge, paving the way for more robust
and efficient domain adaptation strategies.

3. EXPERIMENTAL SETUP AND
ANALYSIS PIPELINE

We investigate where and how LoRA fine-tuning
encodes domain-specific knowledge through word
sense disambiguation (WSD). Our analysis follows
a three-stage pipeline: (i) establish baseline perfor-
mance and measure specialization-generalization
trade-offs (§3.2), (ii) localize functional changes via
drift analysis and causal intervention (§3.3), and (iii)
characterize the geometric nature of learned rep-
resentations (§3.4). This progression moves from
behavioral observation to mechanistic understand-
ing, culminating in practical insights for improved
fine-tuning strategies.
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3.1.

Model. We analyze Llama-3.2-1B, a 16-layer
decoder-only Transformer. Key findings are repli-
cated on Llama-3.2-3B to ensure scalability.

Task, Datasets, and Base Model

Task and Data. We use two datasets with an iden-
tical binary WSD structure: WiC (general-domain
English) and BioWiC (biomedical text). This same-
task, cross-domain setup allows us to isolate the
effects of domain shift. See Table 1 for dataset

statistics.
Dataset Train Dev Test
WiC 5,428 638 1,400
BiowiC 17,156 1,000 2,000

Table 1: Statistics of datasets used for fine-tuning
and evaluation.

3.2. Stage 1: Specialization versus
Cross-Domain Generalization

To understand how fine-tuning works, we first
measure what it achieves. We assess whether
LoRA promotes general task learning that transfers
across domains or creates domain-specific solu-
tions by evaluating three conditions:

1. Baseline: Base model performance on
BioWiC and WiC in zero-shot and few-shot
(4 in-context examples: 2 positive, 2 negative)
settings.

2. BioWiC-tuned: LoRA fine-tuned on BioWiC,
evaluated on both BioWiC (in-domain) and
WIiC (cross-domain).

3. WiC-tuned: LoRA fine-tuned on WiC, eval-
uated on both WiC (in-domain) and BioWiC
(cross-domain).

This bidirectional evaluation controls for dataset-
specific artifacts; symmetric transfer failures would
indicate that domain specialization is the primary
bottleneck.

Prompting and Evaluation. We use instruction-
style prompts with a constrained "Yes"/"No" output
space to minimize decoding confounds:

* BioWiC: "Do ’‘{term1} in Sentence 1 and
‘{term2}’ in Sentence 2 have the same or simi-

lar meaning? Answer with "Yes’ or 'No’.

» WiC: "Do '{the target word}’ in Sentence 1 and
{the target word}’ in Sentence 2 have the same

or similar meaning? Answer with 'Yes’ or 'No’.

At inference, we compare the conditional prob-
abilities of the "Yes" and "No" tokens and report
Accuracy and Macro-F1.

Fine-Tuning Configuration. We apply LoRA to
Llama-3.2-1B with rank » = 32, o = 64, dropout
0.05, targeting all attention (g, k, v, 0) and MLP pro-
jections. We train for 3 epochs using a cosine
learning rate schedule (1 x 10~*) and report the
final results as the mean of three runs with different
random seeds.

3.3. Stage 2: Localizing Functional
Changes

Having observed the model’s behavior, we next
ask where in the network specialization occurs. Lo-
calization reveals whether adaptation is diffuse or
concentrated in specific computational stages and
identifies which components to target for regular-
ization or intervention. We adopt an observe-then-
intervene workflow (Nanda and Bloom, 2022) to
identify the key computational loci.

Step 2.1: Activation Drift Heatmap. LoRA per-
turbs internal computation via low-rank updates. To
rapidly triage where changes occur, we compute
per-head activation drift across the whole model
(L layers, H heads; here L = 16, H = 32) as a
label-free screen. Activations are taken at the pre-
o_proj concatenation of head outputs to avoid
confounds from the o_pro3j matrix and thus iso-
late changes arising from Q/K/V computation and
attention routing (Elhage et al., 2021). Because
WSD relies on the target lemma and its local con-
text, we define alemma window W (x) consisting of
all tokens within =R (here, R = 2) positions of any
lemma in either sentence, and average activations
within this window (Belrose et al., 2023). Drift is
the cosine distance between base and fine-tuned
vectors, averaged over the dataset. The resulting
heatmap provides a correlation-only overview and
prioritizes loci for subsequent causal tests.

3.4. Stage 3: Geometric Analysis of
Sense Subspaces

Localization tells us where changes happen; geo-
metric analysis tells us how. To distinguish emer-
gence from reshaping, we combine three methods:
cross-readout probing, geometric alignment, and
causal ablation—to triangulate the answer. These
three methods provide complementary perspec-
tives: cross-readout tests functional preservation,
alignment measures geometric similarity, and abla-
tion establishes causal necessity.

Step 3.1: Cross-Readout Probing. We train L2-
regularized logistic-regression probe (scikit-learn,
solver=Ibfgs, class_weight=balanced) on raw hid-
den states taken from the residual stream af-
ter the MLP sublayer. Probes are fit separately
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on pre- and post-fine-tuning activations for each
layer/position pair. The regularization strength
C € {0.3,1.0,3.0,10.0} is selected on the dev
set; we then refit on train+dev with the chosen C
(max_iter=2000) and evaluate once on the test set.
We assess feature interchangeability by evaluat-
ing probes crosswise (pre—post and post—pre)
(Bansal et al., 2021). If probes transfer bidirec-
tionally with minimal performance loss, the un-
derlying discriminative geometry is preserved (re-
shaping). Asymmetric transfer, particularly if post-
trained probes fail on pre-trained features, suggests
the fine-tuned space contains new dimensions ab-
sent from the base model.

Step 3.2: Geometric Alignment. We quantify
alignment via cosine similarity between probe
weight vectors. Since a linear probe’s weight de-
fines the discriminative direction for the target con-
cept (Geva et al., 2021a), cos ~ 1 indicates reuse
of the same axis, while low cosine implies rotation
or novelty.

Step 3.3: Causal Projection Ablation. We
test causal necessity by removing components of
the hidden state along task-relevant linear direc-
tions and measuring the resulting performance
drop. This projection ablation follows the INLP
and amnesic-probing paradigm, which use lin-
ear subspace removal to make causal claims
about whether a concept/direction is functionally
required—offering an intervention-based comple-
ment to purely correlational analyses (Ravfogel
et al., 2020). To determine whether low alignment
signals new, functionally important directions, we
ablate along candidate axes and quantify degrada-
tion as a function of ablation strength. Selective
vulnerability—sharp degradation for POST but not
PRE—confirms functionally important new post-
only directions; comparable drops suggest reshap-
ing of shared structure.

4. Experimental Results

We present our findings following the three-stage
analysis pipeline. We begin by characterizing the
model’s behavior through cross-domain transfer
experiments (§4.1). Next, we localize the source
of these behaviors using causal analysis (§4.2).
We then analyze the underlying geometric transfor-
mations to distinguish representational reshaping
from emergence (§4.3). A replication on a larger
model confirms these mechanisms and reveals
scale-dependent shifts (§4.4). Finally, we demon-
strate how these mechanistic insights can inform
more effective fine-tuning strategies (§4.5).

4.1. LoRA Specializes to Domains, Not
General Tasks

Our cross-domain evaluation reveals a clear pattern
of domain specialization. As shown in Table 2,
models fine-tuned with LoRA achieve strong in-
domain performance but fail to generalize to the
same task in a different domain.

For instance, Llama-3.2-1B tuned on BioWiC
achieves 76.8% accuracy on its in-domain test set
but plummets to 57.1% on WiC—barely outperform-
ing the few-shot baseline. The reverse holds true
for a model tuned on WiC, which performs reason-
ably in-domain (62.1%) but falls to near-chance lev-
els on BioWiC (51.0%). Because this transfer fail-
ure is symmetric, we can rule out dataset-specific
artifacts. The results confirm that LoRA is learn-
ing domain-specific features rather than a general,
domain-agnostic strategy for word sense disam-
biguation.

Notably, fine-tuning on BioWiC is more stable
(76.80% = 0.30 accuracy) than on WiC (62.14% +
9.85 accuracy). This suggests that the specialized
terminology in biomedical text provides a stronger,
more concentrated learning signal than the diffuse
patterns in general-domain text.

4.2. Specialization Localizes to
Middle-Layer MLPs

Having established domain specialization, we now
identify where in the network this specialization
occurs.

Drift Analysis ldentifies Middle Layers as the
Locus of Change. To map the effects of fine-
tuning, we first measured activation drift across all
layers. The resulting heatmap (Figure 1) shows that
fine-tuning predominantly alters representations in
the middle layers (7-9), while early and late layers
remain relatively stable. This finding provides an
initial, correlational signpost, suggesting that these
middle layers are the primary site of task-specific
processing, a conclusion that aligns with prior work
(Nijasure et al., 2025).

Causal Patching Confirms MLPs Drive Behavior.
To verify that these observed changes are causal,
we used activation patching to measure each mod-
ule’s contribution to the model’s performance on
the task. The results confirm that the MLP modules
in layers 8-10 are the primary drivers of the learned
behavior, with prediction rescue rates exceeding
80%, as shown in Figure 2. While attention mod-
ules have a smaller direct impact, Layer 7 attention
is a notable exception, achieving a 57.3% rescue
rate.

This suggests a functional division of labor: the
attention module in Layer 7 acts as a critical in-
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Method Train Domain Test Domain Shots Accuracy Macro-F1
Base Llama - BioWiC zero-shot 50.05% 34.00%
Base Llama - BioWiC few-shot 50.90% 38.50
Base Llama - WiC zero-shot 50.00% 33.00%
Base Llama - WiC few-shot 50.50% 39.00%
LoRA (BioWiC) BioWiC BioWiC zero-shot 76.80% 76.74%
LoRA (BioWiC) BioWiC WiC zero-shot 57.07% 55.30%
LoRA (WiC) WiC WiC zero-shot 62.14% 57.01%
LoRA (WiC) WiC BioWiC zero-shot 51.00% 36.26%

Table 2: Cross-domain transfer evaluation with Llama-3.2-1B. All results report mean results over three

random seeds.
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Figure 1: Per-head activation drift measured at pre-
0_proj position within lemma window (+R tokens
from target terms). Warm colors indicate larger
representational changes. Drift concentrates in
middle layers (L7-L9), while early and late layers
remain stable.

formation router, identifying relevant context and
channeling it to the subsequent MLP layers (8-10)
for domain-specific processing. The dominance
of MLPs is consistent with their established role in
storing factual and task-specific knowledge (Geva
et al., 2021b).
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Figure 2: Layer-wise rescue rates for attention and
MLP modules when patching all tokens.

Effects are Functionally and Positionally Lo-
calized. Further analysis using window-specific
patching reveals that these changes are highly lo-
calized to specific token positions. For instance,
Layer 7 attention is most impactful when patch-
ing the ANSWER window, supporting its role as a
router that directs information toward the final classi-
fication position (Figure 3). This positional asymme-
try supports a targeted-rewriting hypothesis: under
the residual-stream view, attention aggregates con-
text and the readout classifies at the decision point
(Elhage et al., 2021); our causal tests indicate that
LoRA primarily modifies these decision-point com-
putations. In contrast, the causally critical MLPs
(Layers 8-10) show more distributed effects, with
the highest rescue rates achieved when patching
all tokens, indicating that while their function is spe-
cialized, their computation still leverages the full
sequence.
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Figure 3: Rescue rates across different token win-
dows for key layers.

Finally, we find that the effectiveness of these
mechanisms depends on local context. As shown
in Figure 4, expanding the context window around
the target lemma from 0O to 4 tokens substantially
improves rescue rates for the MLPs. This radius-
dependence confirms that the model has learned
a core principle of WSD: leveraging surrounding
words to resolve ambiguity (Zhong and Ng, 2010).

4.3. Geometric Analysis Reveals
Emergent Discriminative Axes

Our localization analysis identified where adapta-
tion occurs; we now investigate how this adaptation
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Figure 4: Effect of context radius (R) on rescue
rates for LEMMA window.

transforms the model’s internal geometry. To distin-
guish between reshaping and emergence, we em-
ploy a series of three convergent diagnostic tests.

Diagnostic 1: Low Alignment Suggests New
Discriminative Directions. We first assessed
the geometric alignment between the pre- and post-
fine-tuning spaces. After confirming that linear
probes could effectively capture sense distinctions
in both, we treated their learned weight vectors
as descriptors of the primary "discriminative direc-
tions" for the task.

Figure 5 shows the cosine similarity between
these directions. The result is striking: at the cru-
cial answer positions, the pre- and post-fine-tuning
directions are nearly orthogonal (cosine similar-
ity of 0.22—0.26 across layers 8—10). In contrast,
lemma positions retain moderate-to-high alignment.
This provides the first signature of emergence: the
model isn’t changing how it thinks about a word like
"bank" in general; it’s creating a new, specialized
mechanism at the end of the sentence to decide
which meaning of "bank" is correct for this specific
task.

1.0

0.5 threshold 19
L8 L10

© o© o
> o [

cos(w_pre, w_post)
o
N

©
o

Answer Lemma 1 Lemma 2

Token Position

Figure 5: Geometric alignment between pre and
post probe weights. Cosine similarity between
probe weight vectors across layers and positions.

Diagnostic 2: Asymmetric Transfer Confirms a
Dimensional Extension. Cross-readout analysis
provides the second, independent line of evidence

for emergence. We tested whether probes trained
on one representation space could generalize to
the other. The results reveal a critical asymmetry
(Figure 6):

* Pre—Post transfer: Pre-trained probes main-
tain 72-74% accuracy on post-fine-tuned fea-
tures.

» Post—Pre transfer: Post-trained probes col-
lapse to 55-56% on pre-fine-tuned features.

I Pre-Post
Post»Pre = |

Chance
Post—Post (baseline)

o
©

Accuracy
©o o
o)] ~

o
&)

o
»

Layer

Figure 6: Cross-readout probe transfer at answer
position Transfer accuracy of probes trained on pre-
fine-tuning (PRE) versus post-fine-tuning (POST)
representations at L9-L10 answer positions.

This asymmetry is diagnostic. If fine-tuning were
simple reshaping, transfer would succeed in both
directions. The failure of the post-trained probe
on pre-trained features demonstrates that it relies
on new, task-critical information that is simply not
linearly accessible in the base model’s representa-
tions—the definitive signature of emergence.

Selective Ablation Establishes Causal Primacy
of New Directions. Finally, a causal ablation ex-
periment confirms that the model’s behavior de-
pends on these new directions. We selectively
removed vector components along the pre-trained
and post-trained discriminative directions and mea-
sured the impact on model accuracy. As shown in
Figure 7, the results are unambiguous:

» POST direction ablation: 76% to 50% at o =
1, reaching chance by o = 2 for L9 and L10.

* PRE direction ablation: 76%to 74% at o = 4
for L9 and to 72% for L10.

This dramatic selectivity demonstrates that the
fine-tuned model’s predictions are causally depen-
dent on the newly learned geometric axes, not on
a refinement of the original ones.

The convergence of three independent analyses
provides strong evidence for emergence: LoRA
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Figure 7: Causal projection ablation results. Accu-
racy degradation when ablating components along
POST-trained versus PRE-trained directions at L9-
L10.

creates emergent discriminative subspaces that
extend rather than reshape the base model’s repre-
sentation space. This "subspace extension" mech-
anism differs from both pure feature amplification
(which would preserve alignment) and complete
rotation (which would destroy transfer in both direc-
tions). The finding that pre-trained probes partially
succeed on post-features while post-trained probes
fail on pre-features indicates that fine-tuning adds
information dimensions absent from the original
representation space.

Importantly, this provides a mechanistic contrast
to llharco et al. (2023), who characterize macro-
scopic weight-space “task vectors” arising from full
fine-tuning and study their compositional proper-
ties across diverse tasks. In our setting, parameter-
efficient domain adaptation via LoRA manifests as
highly localized geometric change: the emergent
discriminative subspace is concentrated in critical
middle layers and decision token positions, and is
largely orthogonal to pre-adaptation probe direc-
tions. This geometry also complements accounts
of in-context learning (ICL): whereas ICL can yield
transient task alignment during the forward pass
(Hendel et al., 2023), LoRA induces persistent spe-
cialization by instantiating new discriminative direc-
tions in the model’s internal representations.

4.4. Replication on Llama-3.2-3B

To assess the robustness of our findings, we repli-
cated the entire analysis on a larger Llama-3.2-3B
model. The results confirm that the core mech-
anism of emergence is conserved across model
scales, while also exposing intriguing shifts in how
the computation is implemented.

Core Behavioral and Geometric Patterns are
Conserved. The 3B model recapitulates the fun-
damental patterns observed in the 1B model. Be-
haviorally, the trade-off between specialization and
generalization persists: fine-tuning on BioWiC
yields strong in-domain accuracy (78.2%) but lim-
ited transfer to the general WiC domain (60.5%).

Mechanistically, the locus of change remains con-
centrated in the middle layers and is most pro-
nounced at the decision-critical answer position.
The three primary diagnostics for emergence
hold true in the 3B model, providing strong evidence
that this mechanism is not an artifact of scale:

+ Geometric Misalighment at the Decision
Token: Pre- and post-fine-tuning probe di-
rections show low cosine similarity at the an-
swer position (~ 0.22) but remain moderately
aligned at lemma positions (=~ 0.68), consis-
tent with new, localized discriminative axes
emerging post-adaptation.

« Asymmetric Cross-Readout Transfer:
Transfer is successful in the pre-to-post
direction (71-75% accuracy) but fails in
the post-to-pre direction (53-54% accu-
racy), confirming that fine-tuning adds new,
indispensable information.

Causal Ablation: The model’s performance
is causally dependent on the new, post-fine-
tuning directions. Ablating along these axes
collapses accuracy to chance levels, while ab-
lating along pre-existing directions has a negli-
gible effect.

Scale-Dependent Shift: From MLP Dominance
to Attention Co-dominance. While the overall
mechanism is conserved, its implementation shifts
with scale. In the 1B model, MLPs were the domi-
nant causal drivers of the new behavior. In the 3B
model, however, attention modules in the critical
layers achieve comparable or even superior res-
cue rates (e.g., L12 attention at 94.8%, surpassing
MLPs at 80-86%).

This finding suggests that as model capacity in-
creases, the computational workload for sense dis-
ambiguation becomes more distributed between
attention and MLP sublayers. Larger models may
leverage their increased capacity to implement
more sophisticated attention-based routing mecha-
nisms, whereas smaller models rely more heavily
on MLPs for feature transformation.

4.5. Can Mechanistic Insights Improve
LoRA? A Proof-of-Concept

Having localized the causal mechanisms of do-
main specialization, we now test whether these
insights can yield practical benefits. We propose a
simple, mechanism-informed LoRA configuration,
MI-LoRA, as a proof-of-concept to demonstrate
that placing adaptive capacity precisely where it is
causally required can improve performance. This
is intended as an illustration of our findings, not a
novel algorithmic contribution; the training budget
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Algorithm 1 MI-LoRA: Mechanism-Informed LoRA
Adaptation

Require: pretrained model M; scale s€{1B, 3B};
causal scores Z; geometry G; critical rank r¢t

1: Phase 1: Critical-Layer Selection

2: if s = 1B then

3 Lo < {9,10}
model

4: else

5: Lot + {11,12,13,14}
region in 3B model

6: end if

7: Phase 2: Scale-Aware Module Configura-
tion

8 forall /e {1,...,L} do

9: if £ € Lt then

> Causal hotspots in 1B

> Broader causal

10: if s = 1B then

11: Modules; + {g_proj,k_proj} »
Target attention for routing

12: if CoLLaPseRIsk(G) then

13: ENABLER-
ANKDRoOPOUT(B-matrix, 0.10)

14: end if

15: else

16: Modules; + {gate,up,down} >
Target MLPs for 3B

17: end if

18: Ty < Terit

19: end if

20: end for

21: Phase 3: Position-Aware Calibration
22: A « EsTIMATEVERBALIZEROFFSETS(Dgey,
answer token)
23: APPLYCALIBRATION(A) at the answer token dur-
ing evaluation
24: return updated model M*

and parameter count are kept comparable to, or
smaller than, a standard LoRA baseline.

Mechanism-guided recipe. Our MI-LoRA con-
figuration is built on three principles derived directly
from our analysis: (i) concentrate capacity in the
middle third where causal rescue and drift peak; (ii)
promote rank diversity when geometry indicates
narrow post-only subspaces; (iii) apply answer-
token calibration at inference to remove small do-
main priors on the “Yes/No” verbalizers. The pro-
cedure is summarized in Algorithm 1.

Even this simple, targeted adaptation strategy
yields consistent performance gains across both
model scales. On Llama-3.2-1B, it improves in-
domain (BioWiC) accuracy from 76.80% to 78.35%
and cross-domain (WiC) accuracy from 57.07% to
58.93%. On the 3B model, similar gains are ob-
served for both in-domain (78.2% — 79.0%) and
cross-domain (60.5% — 61.0%) tasks. While mod-

est, these improvements validate the central thesis
of our work: a precise mechanistic understanding
can guide a more principled and effective approach
to model adaptation.

5. Conclusion

This paper presented a unified, causally-validated
framework for analyzing LoRA-based domain adap-
tation, successfully linking model behavior, com-
putational localization, and geometric transforma-
tion. Our findings consistently demonstrate that for
Word Sense Disambiguation, LoRA operates via
emergence: it achieves strong in-domain perfor-
mance by creating new, specialized mechanisms,
which explains its limited cross-domain transfer.
We causally localized these functional changes to
the model’s middle layers, with a pronounced speci-
ficity to computations occurring at the final answer
token. Convergent geometric analyses confirmed
that this adaptation creates new, nearly orthogonal
discriminative directions rather than simply reshap-
ing pre-existing ones.

To demonstrate the practical value of these in-
sights, we designed a lightweight, mechanism-
informed LoRA variant. By concentrating adaptive
capacity in causally-critical layers, regularizing the
emergent subspace, and calibrating the decision
token, this approach delivered modest but consis-
tent improvements to both in-domain and out-of-
domain performance. This confirms that a precise
mechanistic understanding can directly inform more
principled and effective fine-tuning strategies. Fu-
ture work should extend this analytical pipeline to a
broader range of tasks and model scales, compare
the mechanisms of alternative PEFT methods, and
develop more advanced interventions to capture
richer, multi-token circuit dynamics.

6. Limitations

Our analysis, while detailed, is subject to several
limitations that define important avenues for future
research.

Scope of Generalization. Our findings are cur-
rently grounded in the task of Word Sense Dis-
ambiguation (WSD), using the domain pairing of
biomedical and general text, and evaluated on
two models from the Llama-3.2 family (1B and
3B). While WSD provides an ideal, token-localized
testbed for isolating causal mechanisms, further
investigation is required to determine whether the
“emergence” mechanism we identified is a univer-
sal principle of domain adaptation or specific to this
task and architecture.
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Methodological Granularity. Our study employs
two key abstractions. First, we use linear probes to
analyze representation geometry. While their high
accuracy (72-77%) suggests that sense distinctions
are largely linearly separable in this case, they can-
not capture more complex, non-linear geometric
transformations. Second, our causal analysis oper-
ates at the layer level, providing a coarse-grained
localization. Finer-grained interventions, such as
those at the head or neuron level, would be neces-
sary to reverse-engineer the precise micro-circuits
responsible for the emergent behavior.

Adaptation Methods and Prompt Sensitivity.
Our analysis focuses exclusively on Low-Rank
Adaptation (LoRA). A question remains whether
the observed subspace extension is a specific arti-
fact of LoRA’s low-rank updates or a general prop-
erty shared across other Parameter-Efficient Fine-
Tuning (PEFT) methods, such as prompt tuning,
prefix tuning, or standard adapters. Furthermore,
our behavioral and geometric evaluations rely on
a fixed set of instruction-style prompts. Because
large language models often exhibit sensitivity to
prompt formatting, future work should rigorously
test the robustness of these emergent discrimi-
native subspaces against prompt variations and
adversarial phrasing to ensure the stability of the
identified geometric structures.
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