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Abstract

The internal mechanisms by which transformer-
based language models encode and retrieve fac-
tual knowledge remain poorly understood, par-
ticularly for small language models (SLMs) op-
erating in the 2–3 billion parameter range. This
paper presents a systematic, multi-stage empir-
ical investigation into knowledge localization,
compression effects, and knowledge editabil-
ity across four SLMs—Gemma-2B, Llama-3.2-
3B-Instruct, Qwen-2.5-3B-Instruct, and Phi-
2—with Meta-Llama-3-8B serving as a large-
model baseline. Stage 1 employs causal tracing
with activation patching on the CounterFact
dataset (∼450–500 validated facts per model)
to identify the layer or layers most causally re-
sponsible for factual recall. Stage 2 compares
knowledge density, layer concentration, and re-
dundancy between the 2–3B models and the
8B baseline to quantify the structural effects
of model compression on knowledge storage.
Stage 3 applies the Rank-One Model Editing
(ROME) algorithm at the causally identified
layers to assess whether localized knowledge
can be reliably overwritten. Our results demon-
strate that (i) factual knowledge in SLMs con-
centrates in upper-to-final transformer layers,
with Llama-3B exhibiting extreme concentra-
tion in layer 28; (ii) compressed models store
knowledge more densely per parameter but
with substantially lower redundancy (Llama-
3B: 0.047 vs. Llama-8B: 0.468); and (iii) edit-
ing success correlates strongly with architec-
tural concentration rather than model size, with
Llama-3B achieving 85.7% editing success ver-
sus 33% for Gemma-2B. These findings carry
direct implications for interpretability, model
editing, and the design of future small language
model architectures.

1 Introduction

The past several years have witnessed the rapid pro-
liferation of large language models (LLMs) capable
of storing and retrieving vast quantities of world

knowledge as implicit factual associations encoded
in their parameters (Brown et al., 2020). As these
models are deployed in increasingly consequential
settings—question answering, technical reasoning,
decision support—the ability to understand where
and how factual knowledge is stored has become a
central concern of the mechanistic interpretability
research agenda (Olah et al., 2020).

However, the majority of mechanistic inter-
pretability work has focused on large models con-
taining tens of billions of parameters. The behav-
ior of small language models (SLMs)—those in
the 1–4B parameter range—has received compara-
tively less systematic attention, despite their grow-
ing practical importance. SLMs are frequently de-
ployed at the edge, in resource-constrained envi-
ronments, and as fine-tuning targets for domain-
specific applications. Whether knowledge is stored
in SLMs in qualitatively similar ways to large mod-
els, and whether it is equally amenable to surgical
modification, are questions with both theoretical
and practical significance.

Two central challenges motivate this research.
First, knowledge localization in transformer mod-
els is non-trivial: factual associations are not stored
in a single weight matrix but emerge from com-
plex, high-dimensional interactions among atten-
tion heads, MLP sublayers, and the residual stream
(Elhage et al., 2021a). Prior work has suggested
that MLP blocks in the middle-to-late layers may
function as “key-value stores” for factual associ-
ations (Meng et al., 2022), but the precise dis-
tribution of this storage—and how it scales with
model size—has not been systematically studied
across a diverse set of SLM architectures. Second,
knowledge editing—the ability to modify individ-
ual factual associations without broadly disrupting
model behavior—depends critically on knowledge
being spatially concentrated (Meng et al., 2023a).
If knowledge is distributed or redundant, local edits
may fail to propagate effectively.
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This paper addresses both challenges through
a three-stage experimental framework: (1) Stage
1 (Knowledge Localization): For each of four
SLMs, we apply causal tracing with activation
patching to identify the transformer layers causally
responsible for factual recall on the CounterFact
benchmark, further decomposing knowledge stor-
age by contrasting MLP and attention contributions,
and by separating entity-centric from relation-
centric facts. (2) Stage 2 (Compression Analysis):
We compare the knowledge storage structure of the
four 2–3B SLMs against a 7–8B baseline (Meta-
Llama-3-8B), quantifying knowledge density, layer
concentration, and redundancy to characterize how
compression reshapes the internal knowledge topol-
ogy. (3) Stage 3 (Knowledge Editing): Using the
dominant layers identified in Stage 1 as editing
targets, we apply ROME (Meng et al., 2023a) to
determine whether localized knowledge is editable,
and how editing success varies across architectures.

Our contributions are: a comprehensive cross-
architecture causal tracing study of four SLMs with
diverse design philosophies; a quantitative charac-
terization of compression effects on knowledge re-
dundancy and concentration; an empirical demon-
stration that architecture—not model size—is the
primary determinant of knowledge editability in the
2–8B parameter range; and a unifying framework
linking localization geometry to editing feasibility.

2 Related Work

2.1 Mechanistic Interpretability and Causal
Tracing

Mechanistic interpretability aims to reverse-
engineer the algorithms implemented by neural
networks (Olah et al., 2020; Elhage et al., 2021b).
Elhage et al. (Elhage et al., 2021b) introduced the
residual stream as a shared information bus and
showed that attention heads and MLP sublayers
perform distinct, composable computations. Sub-
sequent work identified induction heads (Conmy
et al., 2023), factual association circuits (Meng
et al., 2022), and copy suppression mechanisms
(McDougall et al., 2023).

Meng et al. (Meng et al., 2022) introduced causal
tracing for GPT-2/3, showing that MLP layers in
the middle-to-late portion of the network are most
causally implicated in storing specific factual asso-
ciations. Hernandez et al. (Hernandez et al., 2024)
extended this to characterize the geometry of fac-
tual associations in parameter space, while Geva

et al. (Geva et al., 2022) used vocabulary projec-
tions to show that MLP layers progressively refine
factual predictions across depth. Geva et al. (Geva
et al., 2021) earlier proposed that FFN layers func-
tion as key-value memories storing input patterns
and output distributions. Attention heads have also
been shown to retrieve factual information in some
settings (Wang et al., 2023), raising questions about
relative contributions that our ablation experiments
directly address.

2.2 Knowledge Editing and Compression

For knowledge editing, ROME (Meng et al., 2023a)
computes a targeted rank-one update to a single
MLP layer treating the MLP as a linear associative
memory; MEND (Mitchell et al., 2022) uses a hy-
pernetwork for efficient gradient transformations;
MEMIT (Meng et al., 2023b) extends ROME to
batch editing of thousands of facts. All methods de-
pend on accurate localization—if the wrong layer is
targeted, updates fail to propagate. Our Stage 3 di-
rectly exploits this dependency to evaluate whether
causal traces from Stage 1 are accurate enough to
guide editing.

On compression, Sun et al. (Sun et al., 2024)
demonstrated that structural pruning disproportion-
ately impacts factual recall relative to linguistic
competence, suggesting that factual knowledge
may be stored in specific, locatable subnetworks.
Xu et al. (Xu et al., 2024) showed that quantized
models exhibit characteristic patterns of factual
degradation correlated with layer-wise sensitivity.
Our Stage 2 extends this line of inquiry by char-
acterizing how the natural reduction in parameter
count from 8B to 2–3B reshapes knowledge den-
sity and redundancy, using the same causal tracing
methodology as Stage 1 to ensure comparability.

3 Methodology

3.1 Experimental Setup

Models. We evaluate Gemma-2-2B-IT (Team et al.,
2024a) (2B, 26 layers), Llama-3.2-3B-Instruct
(Dubey et al., 2024) (3B, 28 layers), Qwen2.5-
3B-Instruct (Team, 2024b) (3B, 36 layers), and
Phi-2 (Li et al., 2023) (2.7B, 32 layers), with Meta-
Llama-3-8B (Dubey et al., 2024) (8B, 32 layers)
as a large-model baseline for Stage 2. All models
are evaluated in inference mode with gradients en-
abled only for the ROME optimization in Stage 3.
Models are loaded in 16-bit floating point precision
with automatic device mapping to a single GPU.

166



Figure 1: Three-stage experimental pipeline: Stage 1
localizes factual knowledge via causal tracing with acti-
vation patching; Stage 2 analyses compression effects
across model sizes; Stage 3 applies ROME editing at
the identified layers and evaluates success.

Dataset and Filtering. We use the Counter-
Fact dataset (Meng et al., 2022) distributed via
Hugging Face. Facts are filtered to retain only
those where (i) the model produces the correct
answer under greedy decoding, and (ii) corrupt-
ing the subject causes a probability drop ∆p ≥
0.05. This two-step filter ensures experiments
localize knowledge that genuinely exists in the
model and is causally sensitive to the subject rep-
resentation. Each model retains ∼450–500 val-
idated facts (random seed fixed at 42). Answer
probabilities prepend a space before tokenization
(e.g., Paris) to ensure correct word-continuation
subword encoding. Hook targets are regis-
tered on model.model.layers[i].self_attn
and model.model.layers[i].mlp for all models.

3.2 Stage 1: Knowledge Localization
Causal Tracing — Sufficiency. For each fact:
(1) run a clean forward pass saving hidden states
h
(l)
subj at the subject’s final token for each layer

l = 1, . . . , L; (2) corrupt the subject span with
“Random Person” and record pcorrupt; (3) for each
layer l independently, patch the hidden state with
h
(l)
subj and measure restoration:

sl = ppatch(l) − pcorrupt (1)

The layer with the highest sl is the dominant layer
for that fact. Aggregating over all facts yields the
layer distribution and the global dominant layer l∗.

Necessity. We ablate the dominant layer by zero-
ing both attention and MLP sublayer contributions
while preserving the residual path, implementing
the identity function for each sublayer. The neces-
sity drop ∆nec = pclean − pablated is averaged over
all validated facts.

Concentration Index. C = K/L, where K is
the minimum number of layers whose combined
fact count exceeds 80% of all tested facts and L
is total layer count. Lower values indicate more
concentrated storage.

Attention vs. MLP Ablation. At the dominant
layer l∗, we independently ablate the attention sub-
layer and the MLP sublayer, measuring probability
drops ∆attn and ∆MLP for each fact. The MLP
dominance ratio is:

rMLP =
|∆MLP|

|∆attn|+ |∆MLP|+ ϵ
(2)

Values rMLP > 0.5 indicate MLP is the dominant
sublayer for factual recall.

Redundancy Score. We simultaneously ablate
the dominant layer and patch a candidate compen-
sating layer with clean activations. The maximum
recovery normalized by ∆nec gives:

R =
maxl ̸=l∗

(
pablated+patch(l) − pcorrupt

)

∆nec + ϵ
(3)

R = 0 means the dominant layer is irreplaceable;
R = 1 means another layer fully compensates.

Entity vs. Relation Facts. Facts are classified
by Wikidata relation into entity facts (country of
citizenship, native language, birth location; P27,
P103, P17, P19, P131, P20) and relation facts (cap-
ital of, official language, diplomatic relations; P36,
P30, P530, P37, P38), with dominant layer distri-
butions computed separately for each category.

3.3 Stage 2: Compression Analysis

Stage 2 repeats the full Stage 1 pipeline on Meta-
Llama-3-8B using an identical protocol to enable
controlled comparison with Llama-3.2-3B-Instruct.
Three composite metrics are derived: (i) knowl-
edge density (validated facts recalled per billion
parameters); (ii) layer concentration C = K/L;
and (iii) redundancy score R. Comparing Llama-
3B and Llama-8B isolates the effect of scale while
controlling for architecture family.

3.4 Stage 3: Knowledge Editing

ROME. We apply ROME using the per-fact dom-
inant layer l∗f = argmaxl sl rather than a global
fixed layer, ensuring each edit targets the layer most
causally responsible for that specific fact. Across
the 7 Llama-3.2-3B test facts, per-fact dominant
layers ranged from layer 4 to layer 24, with the
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Table 1: Knowledge Localization Summary — Stage 1

Model Layers Dom. l∗ Facts at l∗ (%) Conc. C

Gemma-2-2B 26 23 56/460 (12.2%) 0.538
Llama-3.2-3B 28 28 284/495 (57.4%) 0.214
Qwen-2.5-3B 36 35 105/460 (22.8%) 0.417
Phi-2 32 31 78/459 (17.0%) 0.344

Table 2: Necessity, MLP Dominance, and Redundancy
— Stage 1

Model Nec. Drop rMLP Redundancy

Gemma-2-2B 0.1274 0.120 (Attn) 0.525
Llama-3.2-3B 0.0411 0.269 (Attn) 0.047
Qwen-2.5-3B 0.0862 0.338 (Attn) 0.105
Phi-2 −0.0437 0.796 (MLP) 0.288

single edit failure at the unusually shallow layer 4—
consistent with shallow layers contributing less ro-
bustly to factual recall. ROME models the MLP
down-projection Wdown ∈ Rdmodel×dffn as a linear
associative memory and computes a rank-one up-
date:

W ′ = W +
∆v · k⊤
k⊤k

(4)

where k is the key vector at the subject’s last to-
ken and ∆v = v∗ − Wk is the residual between
the target value vector and the current association.
The target v∗ is optimized to minimize the logit
difference loss L = logit(ytrue) − logit(yfalse) via
SPSA (ϵ = 5×10−3, η = 5.0, 250 steps). Weights
are restored after each edit to prevent cross-fact
interference.

Filters and Success Criteria. Facts require
pfalse > 0.0005 to be editable; facts with zero ini-
tial false-answer probability yield degenerate gra-
dient signals for ROME. Each model is evaluated
on 15 test facts, and the subset satisfying the fil-
ter is carried forward. An edit succeeds if any of:
(L1) p(yfalse) > p(ytrue); (L2) ∆pfalse > 0.03 and
∆ptrue < −0.03; or (L3) pfalse,after > 3×pfalse,before
and pfalse,after > 0.005.

4 Results and Discussion

4.1 Stage 1: Knowledge Localization
Dominant Layer Distribution. Tables 1 and 2
summarize the dominant layer statistics for each
model.

Across all four models, the dominant layer is
consistently located in the upper portion of the
transformer (layer 23/26 for Gemma-2B, 28/28
for Llama-3.2-3B, 35/36 for Qwen-2.5-3B, 31/32
for Phi-2). This finding replicates and extends the

Figure 2: Sufficiency test for Llama-3.2-3B-Instruct.
Crimson bar marks dominant layer 28 (final layer), ac-
counting for 57.4% of all validated facts.

Figure 3: Sufficiency test for Gemma-2-2B-IT. Domi-
nant layer is layer 23 (out of 26), with knowledge dis-
tributed more broadly across upper layers.

upper-layer concentration reported by Meng et al.
(Meng et al., 2022) for GPT-family models, and
demonstrates that the phenomenon is architecture-
independent across modern SLM designs. Notably,
Llama-3.2-3B exhibits the most extreme form of
this pattern: the final layer (layer 28) dominates
factual recall for 57.4% of all validated facts—a
near-complete collapse of knowledge storage to
the network’s last decoder block, which we term
last-layer collapse.

In contrast, Qwen-2.5-3B distributes knowledge
slightly more broadly across the upper layers,
consistent with its higher layer count (36 layers)
and the grouped-query attention mechanism that
may enable more distributed computation. Phi-2’s
knowledge concentration at its penultimate layer is
notable given that Phi-2 was trained primarily on
code and textbooks, potentially inducing a different
internal factual encoding strategy.

Attention vs. MLP Analysis. The MLP dom-
inance ratio varies substantially across architec-
tures. Phi-2 exhibits the strongest MLP domi-
nance (rMLP = 0.796), consistent with its architec-
ture’s emphasis on efficient feedforward processing.
Llama-3.2-3B, despite its high overall knowledge
concentration, is attention-dominant at its dominant
layer (rMLP = 0.269; mean attention drop 0.0981,
mean MLP drop 0.0561). Gemma-2-2B has an
MLP ratio of 0.120—the lowest in the study—
making it the most strongly attention-dominant
model (88% of the total ablation effect comes from
attention). Qwen-2.5-3B similarly has an MLP ra-
tio of 0.338, also clearly attention-dominant (66%
from attention). This architectural divergence is
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Table 3: Compression Effects — SLMs vs. Large Base-
line

Model Params Dom. l∗ Facts (%) Conc. C rMLP Redundancy

Llama-3.2-3B 3B 28 (final) 57.4% 0.214 0.269 (Attn) 0.047
Phi-2 2.7B 31 17.0% 0.344 0.796 (MLP) 0.288
Gemma-2-2B 2B 23 12.2% 0.538 0.120 (Attn) 0.525
Qwen-2.5-3B 3B 35 22.8% 0.417 0.338 (Attn) 0.105

Meta-Llama-3-8B 8B 32 (final) 55.8% 0.312 0.473 (Attn) 0.468

significant: ROME and related editing methods ex-
clusively modify MLP weights. Models that store
a greater fraction of their factual knowledge in at-
tention heads may therefore be less amenable to
MLP-targeted editing—a hypothesis directly sup-
ported by our Stage 3 results.

Entity vs. Relation Facts. Entity facts (citi-
zenship, language, birthplace) and relation facts
(capitals, diplomatic links) both exhibit concentra-
tion in upper layers, but entity facts are numeri-
cally dominant across all models: Llama-3.2-3B
has 439 entity / 56 relation facts (88.7% entity);
Phi-2 has 387 entity / 72 relation facts (84.3% en-
tity); Meta-Llama-3-8B has 440 entity / 55 relation
facts (88.9% entity). This strong imbalance reflects
the composition of the CounterFact dataset rather
than a model-specific phenomenon. The layer dis-
tribution of dominant assignments does not differ
systematically between entity and relation facts,
suggesting that both fact types are processed by
the same late-layer mechanism rather than being
routed to distinct sublayers.

Redundancy. Redundancy scores vary substan-
tially across SLMs. Llama-3.2-3B achieves the
lowest score (0.047), meaning other layers recover
less than 5% of the ablation loss—the dominant
layer is nearly irreplaceable. Qwen-2.5-3B scores
0.105 (low redundancy) and Phi-2 0.288 (mod-
erate). Notably, Gemma-2-2B achieves a redun-
dancy score of 0.525—the highest of all models
tested, exceeding even the Meta-Llama-3-8B base-
line (0.468). This indicates that when Gemma’s
dominant layer (23) is ablated, other layers can
recover more than half the probability drop, reflect-
ing its more distributed knowledge storage across
upper layers. The compression-induced special-
ization hypothesis therefore holds for Llama-3B,
Qwen, and Phi-2, but Gemma-2B is an exception: a
2B SLM that nonetheless develops high inter-layer
redundancy.

4.2 Stage 2: Compression Analysis

The comparison between Llama-3.2-3B and Meta-
Llama-3-8B reveals a striking compression effect.

Figure 4: Stage 2 compression effects across all five
models. Top row: layer concentration index C; MLP
dominance ratio rMLP (dashed line at 0.5 = MLP-
dominant threshold); redundancy score. Bottom row:
necessity drop; last-layer concentration (%); redundancy
vs. model size scatter. Orange = Meta-Llama-3-8B base-
line; blue = SLMs.

Despite sharing the LLaMA architectural family
and vocabulary, the 8B model exhibits a redun-
dancy score of 0.468—roughly ten times that of its
3B counterpart (0.047). This means that when the
dominant layer of the 8B model is ablated, other
layers can recover nearly half the probability drop;
in the 3B model, they can recover less than 5%.

This finding is consistent with a compression-
induced specialization hypothesis: as parameter
count decreases, models cannot afford distributed
or redundant knowledge storage, and factual as-
sociations collapse into fewer, more critical lay-
ers. The 8B model, by contrast, distributes knowl-
edge across multiple layers with overlapping cov-
erage, providing natural robustness against single-
layer ablation. A corollary is that SLMs are, para-
doxically, more precisely localized—and therefore
more susceptible to both catastrophic forgetting
and surgical editing—than their larger counterparts.
The high density of knowledge per parameter in
SLMs reflects not efficient encoding but rather an
absence of the kind of distributed redundancy that
large models develop through their greater capac-
ity.

The knowledge density metric reinforces this
interpretation: all four SLMs recall substantially
more validated CounterFact facts per billion pa-
rameters than the 8B baseline (Llama-3B: ∼165/B;
Phi-2: ∼170/B; Gemma: ∼230/B; Qwen: ∼153/B
vs. Llama-8B: ∼62/B), confirming that SLMs en-
code a richer fact-per-parameter set despite—or
because of—their lower absolute capacity.
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Table 4: ROME Editing Results by Model

Model Editable Facts Successes Rate

Llama-3.2-3B 7 6 85.7%
Phi-2 8 5 62.5%
Qwen-2.5-3B 5 3 60.0%
Gemma-2B 6 2 33.3%

4.3 Stage 3: Knowledge Editing

The editing results reveal a clear ordering: Llama-
3.2-3B > Phi-2 > Qwen-2.5-3B > Gemma-2B.

Concentration drives editability. Llama-3.2-
3B achieves the highest editing success (85.7%),
consistent with its extreme concentration and low-
est redundancy score (0.047). Its extreme last-layer
concentration means that a single MLP weight up-
date propagates without interference—there are no
backup layers that can override the edit. The tight
coupling between the dominant layer’s MLP and
the output vocabulary projection (which directly
precedes the LM head in a final-layer architecture)
maximizes the impact of the rank-one update.

Low localization impedes editability. Gemma-
2B achieves the lowest editing success (33%) de-
spite having the highest concentration index among
SLMs (C = 0.538, versus 0.344 for Phi-2 and
0.214 for Llama-3.2-3B). C measures what fraction
of the total causal effect is carried by the dominant
layer; a high C does not guarantee reliable per-fact
localization. Critically, only 12.2% of Gemma’s
filtered facts exhibit meaningful causal signal at
any single layer—the lowest localization rate in
the study—meaning most facts passed on to the
editing stage lack a reliably identifiable target layer.
Furthermore, Gemma’s dominant layer (23/26) is
not at the absolute final position, leaving three ad-
ditional transformer blocks between the edit site
and the LM head, which may dilute the rank-one
update. Gemma-2B’s MLP ratio of 0.120 (strongly
attention-dominant: 88% of ablation effect from
attention) means ROME’s MLP-targeted rank-one
update has minimal direct leverage. And its redun-
dancy score of 0.525—the highest in the study—
means backup layers can partially recover the same
fact, further diluting any single-layer edit.

Architecture matters more than scale. Phi-2’s
62.5% editing success is explained by the favor-
able match between ROME’s update mechanism—
targeting down_proj—and Phi-2’s strong MLP
dominance (rMLP = 0.796): when MLP carries
the majority of factual recall at the dominant layer,

Figure 5: ROME editing outcomes for Llama-3.2-3B.
Green points indicate successful edits (false-answer
probability exceeds true-answer probability after the
rank-one weight update).

a rank-one MLP update has maximal leverage.
Qwen-2.5-3B’s 60% success rate is comparable,
though the slightly lower figure may reflect its
larger layer count and more distributed representa-
tion.

Probability geometry constrains editability.
The editability filter (requiring pfalse > 0.0005)
removes facts for which the false target is not
represented in the model’s probability distribu-
tion at all. ROME optimizes the logit difference
logit(ytrue) − logit(yfalse); when the false answer
has near-zero probability, the gradient signal is
degenerate and the SPSA optimizer cannot find
an effective value vector v∗. Future work should
explore alternative loss formulations that do not
require prior non-zero probability of the target.

Side Effect Analysis. A probe of 20 unrelated
facts drawn from the same dataset validates that the
model’s performance on facts outside the targeted
relation is not significantly degraded by the per-
fact edits. This is consistent with ROME’s design
guarantee that the rank-one update is constrained
in norm and does not broadly perturb the weight
matrix.

4.4 Cross-Stage Synthesis

Taken together, the three stages support a coher-
ent picture of factual knowledge storage in SLMs:
(1) Location: Factual knowledge is concentrated
in the upper-final transformer layers across all ar-
chitectures studied, with the precise layer and the

170



Figure 6: ROME editing outcomes for Gemma-2-2B.
The high failure rate (red points) is consistent with the
model’s low fact-localization rate (12.2%), attention
dominance (rMLP = 0.120), and dominant layer falling
short of the final position (layer 23/26).

relative contributions of attention and MLP varying
by architecture. (2) Structure: Small models store
knowledge more densely and with less redundancy
than large models, making individual layers more
causally critical and less replaceable. (3) Editabil-
ity: The concentration structure that makes SLMs
computationally efficient also makes them more
precisely editable—provided the dominant mecha-
nism is MLP-based and the edit is targeted to the
correct layer. These findings suggest that mecha-
nistic interpretability results obtained from large
models should not be assumed to transfer directly
to SLMs, and that the design of editing systems for
SLMs should account for their distinctive knowl-
edge topology.

5 Conclusion

This paper presented a three-stage experimental
investigation of knowledge localization, compres-
sion effects, and knowledge editability in small
language models.

Knowledge concentrates in upper layers.
Across Gemma-2B, Llama-3.2-3B, Qwen-2.5-3B,
and Phi-2, causal tracing consistently identifies the
dominant factual layer in the top 3–12% of model
depth (layer 23/26 for Gemma, 28/28 for Llama,
35/36 for Qwen, 31/32 for Phi-2), with Llama-
3.2-3B exhibiting complete collapse to its final
layer. This pattern is robust to architectural dif-
ferences and consistent across entity and relational

fact types.
Compression reduces redundancy. Comparing

Llama-3.2-3B (redundancy: 0.047) to Meta-Llama-
3-8B (redundancy: 0.468) reveals that larger mod-
els develop distributed backup capacity for factual
knowledge, whereas compressed models rely on
fewer, more critical layers. This quantitative char-
acterization of compression-induced specialization
provides a principled account of why SLMs may be
more vulnerable to layer-specific forgetting during
fine-tuning.

Architecture, not size, governs editability.
Editing success under ROME is primarily deter-
mined by the degree of knowledge concentration
and the dominant sublayer mechanism. Llama-
3B’s extreme last-layer concentration yields 85.7%
editing success even though its dominant layer is
attention-weighted (rMLP = 0.269), because the
final-layer position (28/28) places the MLP directly
adjacent to the LM head, amplifying the rank-one
update’s impact. Gemma-2B achieves only 33%
editing success despite having the highest concen-
tration index among SLMs (C = 0.538); the limit-
ing factors are its low fact-localization rate (12.2%),
its dominant layer falling short of the absolute fi-
nal position (23/26), its strong attention dominance
(rMLP = 0.120), and its high redundancy (0.525).
These results suggest that editing-friendly architec-
tures should explicitly promote late-layer, prefer-
ably final-layer, MLP-concentrated knowledge en-
coding.

For mechanistic interpretability, our results mo-
tivate architecture-specific analysis rather than
generic transfer assumptions. For model editing,
they motivate targeting strategies that utilize causal
tracing as a prerequisite rather than heuristic layer
selection. For architecture design, they suggest
that controlling the concentration and redundancy
of factual storage may be a tractable optimization
target, with predictable consequences for both ro-
bustness and editability.

6 Future Work

Several directions merit further investigation.
Larger and more diverse datasets: our experi-
ments use 450–500 validated facts per model from
CounterFact; a larger dataset including multilingual
facts, temporal facts, and compositional reasoning
chains would yield more statistically robust local-
ization maps. Finer-grained causal structures:
extending localization to specific attention heads

171



and MLP neurons (Conmy et al., 2023; Wang et al.,
2023) would sharpen the causal picture beyond
the layer level. Continuous scale analysis: test-
ing compression effects across 1B, 3B, 7B, 13B,
and 70B models would characterize how redun-
dancy scales with parameter count and whether
phase transitions in knowledge storage structure
exist. Controlled compression: applying struc-
tured pruning or distillation to a single model at
varying compression ratios would provide causal
rather than correlational evidence for the special-
ization hypothesis. Improved editing: ROME’s
dependence on non-zero initial false-answer prob-
ability limits applicability; future methods should
explore nearest-neighbor value-vector initialization
or LoRA-based updates at dominant layers for facts
with near-zero false-answer probability and to en-
able multi-hop compositional edits.
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