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Abstract
Interpretability research on large language models has pro-
duced accounts of factual recall in feed-forward layers and of
token relationships in self-attention, but little work offers a
unified way to compare the causal contribution of different
architecture components to a model’s output. We introduce
MechaTerp (the Mechanistic Interpretability suite) -TRACE
(subset for Teacher-forced Registry of Ablated Component
Effects), an architecture and study that measures how much
each registered component of a language model supports the
production of a named entity. TRACE ablates one component
at a time and measures the resulting change in the output distri-
bution at a fixed answer token, so component types from whole
transformer blocks down to individual neurons and output
logits can be compared on a common scale. We apply it to
thirteen instruction-tuned dense decoder models spanning five
families and one to thirty billion parameters, ablating 49,656
components across 48 medical and 42 general-knowledge
prompts. We find that the components carrying the most effect
are the same few, positionally fixed components in every model,
regardless of which entity a prompt asks about, and that once
these are removed the remaining support is close to evenly
spread in eleven of the thirteen models. Apparent localisa-
tion of entity knowledge is therefore largely attributable to
generic generation machinery, which has direct consequences
for methods that assume entity knowledge sits in a findable
place, including targeted knowledge editing.

Introduction
Large Language Models (LLMs) are increasingly being de-
ployed in high-stakes domains, where their outputs can directly
influence consequential decisions. Despite their growing ca-
pabilities, these models remain largely “black-box” whose
internal mechanisms are only partially understood, motivating
a growing focus on mechanistic interpretability to understand
how they operate (Zhao et al. 2024; O’Berry and Kanewala
2026). As reliance on LLMs in these settings grows, low-
quality or incorrect outputs carry increasingly detrimental
consequences (Gallagher et al. 2024). However, these models
remain prone to hallucinations, producing factually incorrect
or fabricated answers, which highlights the need to look inside
the model itself to understand why it arrives at a given answer
(Huang et al. 2025). Answering this requires knowing where
knowledge is localized within the model.

∗Corresponding author.

Background
Prior mechanistic interpretability research has largely relied
on intervention methods such as activation patching to lo-
calize the internal components involved in specific model
behaviors, specifically factual recall (Meng et al. 2022; Geva
et al. 2023; Rai et al. 2024). These approaches identify activa-
tions at localized components whose restoration is sufficient
to recover a target prediction, providing insight into where
information relevant to factual recall is represented within a
model. However, this insight is limited to the specific compo-
nents tested in this method and does not generate a measure
of a component’s contribution that could be compared against
different component types. Separately, Templeton et al. used
sparse autoencoders (SAEs) to learn feature representations
from residual stream activations, demonstrating that it is
possible to identify specific places in the architecture with
correlative relationships to specific model behaviour (Tem-
pleton et al. 2024). This approach provides insight into how
output behaviour may be attributed to specific blocks, but
requires the training of another model, which is not scal-
able, and does not allow for analysis at different levels of
granularity. Work on circuit discovery identifies the mini-
mum graph of model components required for a specific
computation. This method effectively attributes a specific
process to a set of components (Conmy et al. 2023). Circuit
discovery is often done over computational processes that
can be formally defined, such as addition. This allows for
automatic evaluation of outputs, but little work has been
done on less rigid domains. Automatic circuit discovery is
also an intractable problem and is impractical for the size
of contemporary models. Other related studies have used
model editing to investigate how different transformer compo-
nents contribute to factual knowledge editing. PMET (Precise
Model Editing in a Transformer) optimizes hidden-state rep-
resentations in both the MHSA (Multi-Head Self-Attention)
and FFN (Feed Forward Network) sublayers when editing a
fact, while restricting permanent weight updates to the FFN.
Ablation experiments suggest that MHSA primarily encodes
general knowledge extraction patterns while also storing a
small amount of factual knowledge, while the FFN remains
the primary component for modifying factual associations (Li
et al. 2024). However, these methods are often applied to fixed
layers and could benefit from a comprehensive understanding
of the contribution of each layer or component in a specific



domain.

Methods
Research Questions Through the conduct of the ablative
study, MechaTerp-TRACE, realised through the MechaTerp
architecture, we aim to determine to what extent is knowl-
edge in a Language Model about a defined named entity
localized to a discrete part of a model’s internal architec-
ture?
Contributions
• A scalable framework (MechaTerp-TRACE) that deter-

mines entity-knowledge localization across any dense
model family.

• A behavioural experimentation apparatus, including a
curated dataset of paired medical and general-knowledge
question-answering prompts, used to elicit and observe
model behaviour for the study.

• A large-scale ablative experiment and its results, providing
the first broad evidence for whether entity knowledge is
localized or spread throughout a model.

MechaTerp-TRACE Design
Behaviouralistic Design
Three major sub-components are present within the be-
havioural side of the MechaTerp-TRACE study, including
the desired generation effect, the domain of the prompts
used for named-entity elicitation, and the language model
prompting methodology. We design the behavioural study
around prompting the model to generate a single string of
tokens that correspond directly to a named entity. For this
reason, we focus only on dense language models and do
not extend this study to “reasoning” or “thinking” models,
as their “reasoning” trace may correspond to components
within the language model that are not that of the named
entity. To achieve our goal of eliciting a single named entity
from a model, we develop a dataset of Question-Answer
(QA) prompts wherein the answer to the provided prompt
is a singular named entity. We center the prompts designed
for the MechaTerp-TRACE study on two disparate domains
to further measure the effect of commonly required genera-
tion components and domain-specific generation components.
We define commonly required generation components to be
components of the model that support answer production
across every prompt domain under study, and domain-
specific generation components to be components of the
model that support answer production within one prompt
domain and not the others. We select the medical and
general knowledge domains to further study component im-
portance across a specialised body of knowledge and a broad
body of knowledge. Within the medical domain, we narrow
to the drug subdomain and select eight drug entities including
Metformin, Acetaminophen, Semaglutide, Amoxicillin, Lev-
odopa, Methylphenidate, Rosuvastatin and Furosemide, and
for each entity we write one prompt under each of six clue cat-
egories including History, Chemical Formula, Generic Name,
First-Line Treatment, Drug-Drug Interaction and Other. for
a total of 48 medical prompts. For the general knowledge

domain, we draw on the TREC-8 1 question answering set,
which contains 200 questions. We reword each question so
that its answer is a single named entity, matching the elici-
tation format used for the medical prompts. We then retain
only those prompts for which the models under study produce
the correct named entity, working to a target of at least 30
retained prompts per domain so that both domains support
comparison at a similar scale. This left a final general corpus
of 42 prompts. We retained a question only when a majority of
the models tested produced the correct named entity, so that
any single model under study would answer at least 30 of the
retained set correctly. Only 42 of the 200 TREC-8 questions
met that condition. The last design detail for the behavioral
side of the MechaTerp-TRACE architecture is the prompting
methodology used. For the full ablative MechaTerp-TRACE
study, we adopt a continuation-style prompting regime. We
define continuation-style as the placement of the prompt
inside the model’s own assistant turn, so that the model
treats the prompt as text it has already begun producing
and continues it, rather than as a question it has been
asked to answer. Across all model families tested, we render
the chat template with the task instruction in the system turn,
leave the user turn empty, open the assistant turn, and place the
continuation stem immediately after the assistant header. The
sequence is not closed with an end-of-turn marker, so from
the model’s perspective its own reply is already underway,
and the natural next action is to continue the sentence. We
adopt this prompting strategy so that the named entity always
appears at a known position.

Mechanistic Design
We work on one model and one lane at a time. We define a
lane as a group of components within a single model that can
sensibly be compared with each other, and every calculation
in this section happens inside a single lane. Let U be the
set of components measured in a lane and B denote the
number of components per lane. Prompts are indexed as r,
and components by s and j. Normalisation is lane-internal,
so each lane carries its own denominator.

Component Definition We define a component as a site
within the model that can be removed from the forward pass
on its own, leaving the rest of the computational process intact
and still able to produce a logit vector at the answer anchor.
Subsequently, the measured degradation of the answer-anchor
logit vector under single-component ablation is the quantity
we use to determine component importance for the generation
of a specified named entity. We subcategorize model com-
ponents into three families, including coarse structural sites,
extended sites, and architecture-specific sites. We define each
of these families as follows. Coarse structural sites are the
components that make up the residual skeleton of the network
and are therefore present in every dense decoder we test.
These include the transformer block itself, the attention and
MLP branches that write into the residual stream, the residual
carrier those branches write to, and the individual attention
heads. Extended sites are the parameters and dimensions that

1https://pages.nist.gov/trec-browser/trec8/qa/data/



sit inside coarse site components and determine what that
site computes. Extended sites include the query, key, value,
and output projections of attention, the gate, up and down
projections of the MLP, normalisation scale and shift param-
eters, layer biases, positional patches, and rows, channels,
and logits of the output head. Architecture-specific sites are
components that exist only where a model family provides
the mechanism, such as expert routing in mixture-of-experts
layers, sliding-window and hybrid attention surfaces, fused
query-key-value projections, and recurrent or state-space
memory.

Component Ablation Component ablation is dependent
upon component type and unique to each component ablated.
MechaTerp-TRACE supports considerably more ablation
operations than can be listed here, and the complete operator
table is published with the implementation source code at
https://github.com/Brandonio-c/ClinIQLink-MechaTerp. The
goal at every level of component ablation is to remove the
contribution of the target component as completely as we can
while reducing residual effects to surrounding components, so
that the change measured at the answer anchor is attributable
to that component and not to collateral disruption of the
surrounding computation. At the coarsest level of ablation, a
transformer block can be bypassed outright, since the block
returns a hidden state of the same shape it received, so
substituting the input for the output removes the block’s entire
net update. Components that write into a residual carrier
cannot be handled the same way, and as such, the ablation
method for components such as attention and MLP branches
contributes additively, so the correct removal is to zero the
branch contribution before it is written back, leaving the
carrier itself intact. Every component ablation measurement
is taken at a single token position, which we call the answer
anchor. The anchor is the position at which the model is about
to produce the first token that carries the named entity. We fix
the anchor by teacher forcing, meaning we supply the correct
answer tokens as context rather than letting the model generate
them. We render the continuation-style prompt, append the
correct answer text, resolve the first informative answer token,
and truncate the tokenisation immediately before it, so a single
forward pass yields the logits at the position where the entity
would be predicted. Continuation-style prompting constrains
the entity to the next generated position and teacher forcing
pins that position to a fixed index taken from the prompt
package.

The Ablation-Effect Metric Let z(0)r be the intact logit
vector at the answer anchor and z

(−s)
r the same vector after

ablating site s. Our primary effect metric is the cosine distance
between them:

∆r,s = 1− cos
(
z(0)r , z(−s)

r

)
∈ [0, 2]. (1)

Every ablated vector is compared back to the same intact
vector, which keeps all components on a common reference
scale. Equation (1) measures rotation of the logit vector, and
the softmax is invariant to z 7→ z + c1, which (1) is not, and
(1) is invariant to z 7→ αz for α > 0, which the softmax is
not.

Effect Weights and Lane Shares Since ∆r,s ≥ 0,
each component contributes a nonnegative weight wr,s =
max(0,∆r,s). Normalising by the lane total gives shares that
sum to one, so profiles can be compared across prompts of
differing total effect,

Wr,ℓ =
∑

j∈Um,ℓ

wr,j , pr,s|ℓ =
wr,s

Wr,ℓ
, Wr,ℓ > 0.

(2)
where wr,s is the effect weight of component s under

prompt r, Wr,ℓ is the total effect measured across lane ℓ, and
pr,s|ℓ is the share of that total carried by component s.

Knowledge Localization
For a single prompt, ablating each component in turn yields
one nonnegative effect per component within a fixed lane
universe. We call this vector of effects the prompt’s profile,
and we summarise each profile by measuring how much of
the total effect is concentrated over the ablated components.
A small set of components carrying most of the effect indi-
cates concentrated support, while an even spread indicates
distributed support.

Concentration, Localisation, and Effective Support To
measure the component importance concentration profile,
we adopt a modified version of the Herfindahl-Hirschman
Index (Hirschman 1964), computed over lane shares. For
Wr,ℓ > 0,

HHIr,ℓ =
∑

s∈Um,ℓ

p 2
r,s|ℓ ∈

[
1

Bm,ℓ
, 1

]
, (3)

and for Bm,ℓ > 1,

LLIr,ℓ =
Bm,ℓ HHIr,ℓ −1

Bm,ℓ − 1
, Neff, r,ℓ =

1

HHIr,ℓ
. (4)

where HHIr,ℓ is the concentration of effect for prompt r
in lane ℓ, pr,s|ℓ is the share of that lane’s effect carried by
component s, and Bm,ℓ is the number of components in
the lane universe Um,ℓ. Squaring the shares rewards large
shares disproportionately, so the score is 1/Bm,ℓ when all
components contribute equally and reaches 1 when a single
component carries all the effect of the generation process.
LLIr,ℓ (Lane Localisation Index) rescales HHIr,ℓ to run
between zero and one regardless of lane size, and Neff, r,ℓ

(number of effective components) inverts HHIr,ℓ to give
the number of equally contributing components that would
produce the observed concentration.

Cross-Prompt Profile Overlap LLIr,ℓ measures the con-
centration of component importance within a single prompt.
To measure the recurrence of component importance across
prompts targeting a specified named entity, we compare pro-
files pairwise using a weighted Jaccard overlap. For two
prompts sharing an aligned lane universe, both with positive
effect mass, we compute:

Jℓ(r, r
′) =

∑
s min

(
pr,s|ℓ, pr′,s|ℓ

)∑
s max

(
pr,s|ℓ, pr′,s|ℓ

) . (5)



where r and r′ are two prompts measured over the same
lane ℓ, and pr,s|ℓ and pr′,s|ℓ are the shares of lane effect that
component s carries in each. Jℓ is measured from zero when
no component is used by both prompts to one when the two
profiles are identical.

Generation Floor
We define the generation floor as the set of components whose
ablation effect, measured across a broad and content-diverse
sample of prompts, is (a) consistently high in magnitude and
(b) consistently low in variance. Generation floor components
always share a high concentration of component importance
to the generation process regardless of the prompt used by the
model. We measure the generation floor utilising the general
knowledge QA dataset, as the named entity for each prompt is
different for each prompt and, as such, a component that stays
important throughout is unlikely to be important because of
any particular entity.

Domain-Common Components Let RM and RG be the
medical and general prompt sets, with absent prompt-site
pairs contributing zero,

p̄M
s|ℓ =

1

|RM |
∑

r∈RM

pr,s|ℓ, (6)

and p̄G
s|ℓ defined analogously over RG. Let qMs|ℓ and qGs|ℓ be

the fraction of prompts in each family with pr,s|ℓ ≥ τp.
Commonness is harmonic, so it is high only when both
domain means are high,

hs|ℓ =
2 p̄M

s|ℓ p̄
G
s|ℓ

p̄M
s|ℓ + p̄G

s|ℓ + ε
, h̃s|ℓ =

hs|ℓ

maxj∈Um,ℓ
hj|ℓ + ε

,

(7)
A component site is found to be domain-common when:

Ccom
s|ℓ = 1

{
qMs|ℓ ≥ qmin ∧ qGs|ℓ ≥ qmin

∧ p̄M
s|ℓ ≥ τshare,ℓ ∧ p̄G

s|ℓ ≥ τshare,ℓ

}
,

(8)

with τshare,ℓ the lane’s 75th percentile of the mean of the two
domain means.

The Generation Floor Correction Let µs|ℓ and occs|ℓ be
the mean share and occurrence frequency of site s over RG,
computed as in (6), with quartiles taken across the same
prompts. Stability is the coefficient of quartile variation,

CQVs|ℓ =
Q3,s|ℓ −Q1,s|ℓ

Q3,s|ℓ +Q1,s|ℓ + ε
. (9)

A component site is found to be a generation floor candidate
when

Cflr
s|ℓ = 1

{
occs|ℓ ≥ ωmin ∧ µs|ℓ ≥ τµ,ℓ

∧ CQVs|ℓ ≤ τstab,ℓ

}
,

(10)

with τµ,ℓ the lane’s 75th percentile of mean shares and
τstab,ℓ its 25th percentile of CQV. Candidates are scored
by combining magnitude with stability, so that a component
scores highly only when the effect is both large and consistent
across the general prompts,

fs|ℓ = µs|ℓ

(
1− CQVs|ℓ

)
, f̃s|ℓ =

fs|ℓ

maxj:Cflr
j|ℓ=1 fj|ℓ + ε

,

(11)
where fs|ℓ is the raw floor score for component s and f̃s|ℓ

rescales it against the strongest flagged candidate in the lane,
so scores from lanes of differing size remain comparable.

Results
We ran sixteen models through the MechaTerp-TRACE archi-
tecture, though we report results for thirteen as the Gemma-3
family of models was not able to effectively produce results.
Across the thirteen reported models the registry materialised
49,656 components in total, ranging from 950 for Qwen3.5-
2B to 7,362 for Granite-4.1-30B, and every one of these was
ablated individually against all 90 prompts. These compo-
nents span fourteen lanes covering the whole architecture,
namely the transformer block, its attention, MLP and residual
children and their combination, individual attention heads,
query groups, attention scores and positional encodings, MLP
projections, internals and individual neurons, normalisation
parameters, and the output head with its rows, channels and
logits. The cohort was chosen to give reasonable coverage
of current open-weight decoder-only models, spanning five
families and a range of parameter counts from 1B to 30B, so
that the MechaTerp-TRACE method could be shown to work
across architectures and across scales. Every model tested is
instruction tuned, which is preferable for the continuation-
style prompting regime, since the prompt is placed inside
an opened assistant turn. From the Granite family we tested
Granite-4.1-3B, Granite-4.1-8B and Granite-4.1-30B. From
the Llama family we tested Llama-3.2-1B, Llama-3.2-3B
and Llama-3.1-8B-Instruct. From Mistral we tested Mistral-
7B-Instruct-v0.2 and Ministral-3B. From the Phi family we
tested Phi-4-mini and a fine-tuned model, MediPhi-Clinical,
included because it is domain specialised for clinical text
and offers a useful contrast against general-purpose models
on the medical prompts. From the Qwen family we tested
Qwen3-1.7B, Qwen3.5-2B and Qwen3.5-9B. The remaining
three models were Gemma-3 at 1B, 4B and 12B, accounting
for a further 7,836 components. Gemma-3 did not follow the
short-answer instruction at any size, and it could not reliably
produce the correct named entity for the prompt packages
in either domain. Because MechaTerp-TRACE measures the
effect of ablation at the position where the answer token
should appear, a model that never reaches that answer under
any condition yields profiles we cannot interpret.

Figure 1 reports median LLI for each model and lane
before generation floor removal. Values span 0.00 to 0.62
across the cohort. The highest single value is Ministral-3B at
the block_child_attention lane on general prompts
(0.62). That lane also holds the largest value for Granite-4.1-
3B, Granite-4.1-8B, Granite-4.1-30B, Llama-3.1-8B-Instruct,



Table 1: MechaTerp-TRACE per-model results (13 models; Gemma excluded from this cohort), combining localisation (Eq. 4/5, hard-floor-
removed – see notes), cross-prompt reuse (Eq. 6), and domain-common/generation-floor components with their soft LLI correction (Eq. 9,
11, 12), transposed with models as columns. Short labels (family-Params): Gr-3B=Granite-4.1-3B, Gr-8B=Granite-4.1-8B, Gr-30B=Granite-
4.1-30B, L-1B=Llama-3.2-1B, L-3B=Llama-3.2-3B, L-8B=Llama-3.1-8B-Instruct, Mi-7B=Mistral-7B-Instruct-v0.2, Mn-3B=Ministral-3B,
MP=MediPhi-Clinical, Ph=Phi-4-mini, Q-1.7B=Qwen3-1.7B, Q3.5-9B=Qwen3.5-9B, Q3.5-2B=Qwen3.5-2B.

Granite Llama Mistral Phi Qwen

Metric Gr-3B Gr-8B Gr-30B L-1B L-3B L-8B Mi-7B Mn-3B† MP Ph Q-1.7B Q3.5-9B Q3.5-2B
Identity
Params 3B 8B 30B 1B 3B 8B 7B 3B 3.8B 3.8B 1.7B 9B 2B
B (block-lane size) 40 40 64 16 28 32 32 14 32 32 28 32 24
Correctness
Correct (of 90) 63 75 77 46 71 68 72 0 71 64 35 57 55
Med. correct (of 48) 29 36 38 14 35 28 33 0 37 28 12 24 31
Gen. correct (of 42) 34 39 39 32 36 40 39 0 34 36 23 33 24
Localisation (block lane, floor-removed)
B′ (floor-removed) 33 33 57 13 26 27 28 12 30 26 26 30 23
LLI blk med (median) 0.017 0.030 0.035 0.020 0.018 0.018 0.024 0.022 0.354 0.019 0.170 0.021 0.033
LLI blk gen (median) 0.019 0.043 0.058 0.017 0.021 0.017 0.050 0.035 0.169 0.019 0.173 0.017 0.027
Neff med 21.5 16.7 19.2 10.5 18.0 18.4 16.9 9.7 2.7 17.8 5.0 18.6 13.3
Neff gen 20.4 13.8 13.5 10.8 17.0 18.7 11.9 8.7 5.1 17.7 4.9 20.1 14.4
Neff/B

′ 0.63 0.46 0.29 0.82 0.67 0.69 0.51 0.76 0.13 0.68 0.19 0.64 0.60
LLI correct 0.019 0.038 0.043 0.015 0.019 0.019 0.036 – 0.207 0.018 0.176 0.022 0.031
LLI incorrect 0.015 0.030 0.036 0.021 0.019 0.017 0.021 0.026 0.393 0.019 0.165 0.017 0.029
Cross-prompt reuse (block lane)
Jac within (median) 0.785 0.803 0.749 0.796 0.777 0.758 0.761 0.906 0.512 0.756 0.868 0.785 0.762
Jac across (median) 0.730 0.741 0.670 0.723 0.696 0.732 0.704 0.865 0.385 0.710 0.875 0.721 0.698
∆Jac 0.055 0.062 0.079 0.072 0.081 0.026 0.056 0.040 0.127 0.046 −0.007R 0.064 0.065
p (Mann-Whitney U ) <.001 <.001 <.001 <.001 <.001 <.001 <.001 <.001 <.001 <.001 0.983R <.001 <.001
Generation floor (block lane)
Ncom 10 10 15 3 5 6 7 3 7 5 7 6 4
Nflr 7 7 7 3 2 5 4 2 2 6 2 2 1
∆LLI −0.044 −0.044 −0.052 −0.009 −0.020 −0.050 −0.031 −0.071 0.013 −0.045 0.012 −0.016 −0.012
K50 3.0 3.0 3.0 5.0 5.0 3.0 4.0 2.0 2.0 2.0 3.0 7.0 5.0
K80 9.0 9.0 14.0 10.0 15.0 10.0 12.5 6.0 8.0 3.0 10.0 17.0 13.0
Ncom∩flr 7 6 7 3 2 5 4 2 2 5 2 2 1
Overlap frac. 0.700 0.545 0.467 1.000 0.400 0.833 0.571 0.667 0.286 0.833 0.286 0.333 0.250
Format compliance (general domain, of 42)
Compliant rate 1.000 1.000 1.000 1.000 1.000 1.000 0.881 0.190 1.000 1.000 1.000 0.810 0.976
No answer 0 0 0 0 0 0 0 0 0 0 0 8 0
Verbose 0 0 0 0 0 0 5 34 0 0 0 0 1

Metrics per Eqs. 5, 6, 9, 11, 12; medians over prompts (block lane). Neff/B and K50/K80 pool domains.
† Mn-3B: correctness-conditioned rows reflect format non-engagement, not knowledge (it rephrases/repeats rather than answering). All other rows are correctness-independent. {–}: no

correct prompts, so LLIcorrect undefined.
R Q-1.7B: ∆Jac reversed and non-significant (p ≥ .05); all others ∆Jac> 0, p < .001 (p < .001 shown as <.001).
∆LLI < 0: removing always-on components lowers apparent localisation. Format compliance (general domain): compliant = non-empty, ≤6 words, not repetitive; no answer = empty;

verbose =>6 words (repetition category omitted, zero for all).
Head-lane LLI omitted: near-zero (∼0.0004–0.06) across the cohort.

Ministral-3B and Qwen3-1.7B in at least one domain, reach-
ing 0.45 for Granite-4.1-30B and 0.41 for Qwen3-1.7B on
general prompts. MediPhi-Clinical and Phi-4-mini instead
take their largest values at the block, block_child_mlp
and mlp_projection lanes, at 0.30, 0.31 and 0.31 for
MediPhi-Clinical on medical prompts and 0.31, 0.43 and 0.43

for Phi-4-mini.

Figure 2 reports block-lane effective support (Neff/B
′)

after hard removal of generation-floor components, ranked
from lowest to highest. Values span roughly 0.07 to 0.85.
MediPhi-Clinical is lowest at approximately 0.07 on medical
prompts and 0.16 on general prompts, followed by Qwen3-



Granite-4.1-3B

Granite-4.1-8B

Granite-4.1-30B

Llama-3.2-1B

Llama-3.2-3B

Llama-3.1-8B-Instruct

MediPhi-Clinical

Mistral-7B-Instruct-v0.2

Ministral-3B

Phi-4-mini

Qwen3-1.7B

Qwen3.5-9B

Qwen3.5-2B

0.11 0.02 0.28 0.10 0.00 0.02 0.13 0.15 0.02 0.03 0.00 0.07 0.11 0.06

0.11 0.02 0.26 0.09 0.00 0.00 0.01 0.05 0.02 0.03 0.00 0.07 0.07 0.04

0.10 0.01 0.30 0.10 0.00 0.00 0.00 0.02 0.01 0.03 0.03 0.07

0.02 0.01 0.06 0.02 0.01 0.00 0.03 0.08 0.01 0.01 0.00 0.01 0.00 0.08

0.04 0.02 0.10 0.06 0.00 0.00 0.03 0.06 0.01 0.02 0.00 0.02 0.00 0.08

0.10 0.02 0.31 0.10 0.00 0.00 0.10 0.09 0.03 0.03 0.00 0.03 0.01 0.06

0.30 0.06 0.11 0.31 0.05 0.00 0.01 0.05 0.01 0.31 0.00 0.11 0.04 0.04

0.06 0.02 0.10 0.07 0.01 0.00 0.03 0.11 0.01 0.02 0.00 0.03 0.06 0.23

0.15 0.03 0.44 0.17 0.01 0.00 0.09 0.16 0.03 0.05 0.00 0.13 0.17 0.02

0.31 0.06 0.25 0.43 0.05 0.01 0.25 0.09 0.24 0.43 0.00 0.37 0.02 0.04

0.12 0.02 0.40 0.09 0.00 0.00 0.01 0.44 0.03 0.03 0.00 0.04 0.05 0.06

0.04 0.02 0.05 0.02 0.00 0.05 0.04 0.15 0.01 0.01 0.00 0.02 0.07

0.04 0.02 0.05 0.02 0.00 0.00 0.06 0.21 0.03 0.01 0.00 0.03 0.28

(a) Medical domain

blo
ck

blo
ck

_c
hil

d_
all

blo
ck

_c
hil

d_
at

te
nt

ion
blo

ck
_c

hil
d_

mlp
blo

ck
_c

hil
d_

re
sid

ua
l

at
te

nt
ion

_h
ea

d
at

te
nt

ion
_g

ro
up

at
te

nt
ion

_s
co

re
at

te
nt

ion
_ro

pe
mlp_

pr
oje

cti
on

mlp_
ne

ur
on

mlp_
int

er
na

l

no
rm

ou
tp

ut
Granite-4.1-3B

Granite-4.1-8B

Granite-4.1-30B

Llama-3.2-1B

Llama-3.2-3B

Llama-3.1-8B-Instruct

MediPhi-Clinical

Mistral-7B-Instruct-v0.2

Ministral-3B

Phi-4-mini

Qwen3-1.7B

Qwen3.5-9B

Qwen3.5-2B

0.13 0.02 0.30 0.12 0.00 0.03 0.16 0.21 0.02 0.04 0.00 0.08 0.12 0.07

0.11 0.02 0.29 0.09 0.00 0.00 0.01 0.04 0.03 0.03 0.00 0.08 0.07 0.05

0.14 0.01 0.45 0.20 0.00 0.00 0.00 0.05 0.01 0.07 0.04 0.12

0.04 0.02 0.11 0.06 0.01 0.00 0.07 0.12 0.03 0.02 0.00 0.02 0.01 0.09

0.05 0.02 0.10 0.06 0.00 0.00 0.02 0.06 0.01 0.02 0.00 0.03 0.00 0.06

0.14 0.02 0.35 0.13 0.00 0.00 0.19 0.10 0.07 0.04 0.00 0.04 0.01 0.05

0.14 0.05 0.06 0.14 0.04 0.00 0.01 0.05 0.01 0.14 0.00 0.09 0.04 0.02

0.09 0.02 0.10 0.10 0.01 0.00 0.03 0.15 0.01 0.03 0.00 0.04 0.07 0.18

0.15 0.04 0.62 0.18 0.01 0.00 0.08 0.14 0.01 0.06 0.00 0.14 0.20 0.02

0.28 0.05 0.22 0.39 0.04 0.01 0.18 0.08 0.14 0.39 0.00 0.40 0.02 0.06

0.12 0.02 0.41 0.09 0.00 0.00 0.01 0.44 0.03 0.03 0.00 0.04 0.05 0.06

0.04 0.02 0.04 0.02 0.00 0.05 0.04 0.15 0.01 0.01 0.00 0.01 0.03

0.04 0.02 0.04 0.01 0.00 0.00 0.04 0.21 0.03 0.00 0.00 0.03 0.40

(b) General domain
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Median LLI by model x lane, RAW (not floor-removed)
cross-lane diagnostic -- floor-removal validated only at the block lane, not extended here

Figure 1: Median block/lane LLI (Eq. 4) by model and
component lane, before floor removal (raw), split by domain.
Shown as a cross-lane diagnostic: floor removal is validated
and applied only at the block lane (Fig. 2 and Table 1),
so the raw values here illustrate where effect concentrates
architecturally prior to correction and should not be read as
the corrected localization result. Blank cells denote lanes
absent from that model’s architecture. Sub-figure A shows
results for medical prompt subset and sub-figure B shows
results for general-knowledge prompt subset.

1.7B at approximately 0.17. Granite-4.1-30B, Granite-4.1-8B
and Mistral-7B-Instruct-v0.2 occupy the middle of the range,
at approximately 0.22 to 0.33, 0.41 to 0.50 and 0.42 to
0.61 respectively. The remaining eight models fall between
approximately 0.58 and 0.85. Table 1 reports per-model
results across the thirteen-model cohort. Block-lane size
B (the number of transformer blocks) ranges from 14 for
Ministral-3B to 64 for Granite-4.1-30B. Correct answers out
of 90 prompts range from 35 for Qwen3-1.7B to 77 for Granite-
4.1-30B, , with Ministral-3B returning none. The Median
floor-removed block-lane LLI sits between 0.017 and 0.035
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Granite-4.1-30B

Granite-4.1-8B
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Phi-4-mini

Llama-3.1-8B-Instruct

Ministral-3B

Llama-3.2-1B

fully localized
(one component)

fully distributed
(all B ′ components equal)

Block-lane effective support, ranked)

Medical (filled) General (open)

Figure 2: Block-lane effective support (Neff/B
′, Eq. 4) after

hard removal of generation-floor components (Eq. 10), ranked
across the 13-model cohort. Lower values indicate more
localized entity support (few components carry the effect);
higher values indicate distributed support. Once structurally-
fixed always-on components are removed, all models but
MediPhi-Clinical and Qwen3-1.7B fall toward the distributed
pole, indicating that raw concentration is largely attributable
to generic generation machinery rather than entity-specific
processing. Filled markers: medical prompts; open markers:
general prompts.

on medical prompts for eleven of the thirteen models. The
two exceptions are MediPhi-Clinical, at 0.354 medical and
0.169 general, and Qwen3-1.7B, at 0.170 and 0.173. Effective
support Neff spans 2.7 to 21.5 on medical prompts and 4.9
to 20.1 on general prompts, and the pooled ratio Neff/B

′

spans 0.13 for MediPhi-Clinical to 0.82 for Llama-3.2-1B.
Splitting by baseline correctness, LLI is higher on incorrect
prompts than on correct prompts for MediPhi-Clinical (0.393
against 0.207) and Llama-3.2-1B (0.021 against 0.015), and
lower or equal for the remaining models. Median within-entity
weighted Jaccard ranges from 0.512 for MediPhi-Clinical
to 0.906 for Ministral-3B, and median across-entity overlap
from 0.385 to 0.875. Between three and fifteen components
are flagged domain-common per model and between one and
seven as generation-floor candidates, with the intersection
accounting for between 0.250 and 1.000 of the domain-
common set. Removing floor components lowers median LLI
for eleven models, by between 0.009 and 0.071, and raises it
for MediPhi-Clinical (0.013) and Qwen3-1.7B (0.012). K50



ranges from 2.0 to 7.0 components and K80 from 3.0 to
17.0. Format compliance on the general domain is 1.000 for
nine models, 0.976 for Qwen3.5-2B, 0.881 for Mistral-7B-
Instruct-v0.2, 0.810 for Qwen3.5-9B, and 0.190 for Ministral-
3B, whose 34 non-compliant responses were all verbose.
Qwen3.5-9B accounts for the only empty responses in the
cohort, at eight.

Discussion
Composition of the Generation Floor and
Component Importance Concentration Before
Generation-Floor Removal
Prior to generation floor correction, we observed a substantial
generation floor pattern emerge across the full suite of models
tested within the cohort, showing a high level of component
importance generally centred on the first two and last two
transformer blocks of each model. This pattern held regardless
of which entity the prompt asked about, with the identity
of the dominant component fixed across 68 to 100 % of
prompts in every model. Eleven of the thirteen models place
their largest share of effect on the first transformer block, and
the two Phi-family models place it on the last. Raw block-
lane concentration reaches 0.62 across the cohort (Fig. 1).
We hypothesise that this reflects where those blocks sit in
the residual stream rather than what they contribute to any
particular entity. The first block operates on representations
that are still close to the raw token embeddings and its output
feeds every block that follows, so its removal compounds
through the whole network before reaching the answer anchor.
The last block makes one of the final writes into the residual
stream before the unembedding projection, so its removal
arrives at the anchor with nothing downstream to absorb it.
In both cases the size of the effect follows from position,
and would be expected for any prompt the model is asked to
complete.

Component Importance Concentration After
Generation-Floor Removal
Once the generation floor is removed, we find no effective
evidence that support for a named entity concentrates in a
small set of components in any general-purpose model we
tested. Removing the floor set strips out the components that
carry effect for any short answer, so what remains is the
residual attributable to prompt content, and that residual is
close to evenly spread. Median floor-removed block-lane LLI
sits between 0.017 and 0.035 on medical prompts for eleven
of the thirteen models, placing Neff/B

′ between 0.46 and
0.82 (Table 1, Fig. 2). We observe two outlier models that do
not however follow this trend. First, MediPhi-Clinical which
reaches 0.354 with an effective support of 2.7 components
while Phi-4-mini, which shares its architecture and block
count, sits at 0.019, so the difference is the clinical fine-tune.
Second, Qwen3-1.7B reaches 0.170, and although its low
correctness of 35 of 90 is the natural explanation, the table
does not support it, since Llama-3.2-1B answered 46 and is
the most distributed model in the cohort. What distinguishes
Qwen3-1.7B is that its profiles do not change when the entity
does, at −0.007 with p = 0.983.

Component Reuse Across Prompts
Profile overlap is high everywhere and barely responds to
which entity a prompt asks about, so the components carrying
effect are largely the same set regardless of content. Because
shares are normalised within a lane, two prompts recruiting
genuinely different components would produce disjoint mass
and a low overlap, and that is not what we observe. Median
within-entity overlap runs from 0.512 to 0.906 and across-
entity overlap from 0.385 to 0.875, leaving differences of
only 0.026 to 0.127 (Table 1). Twelve of the thirteen models
reach p < .001 on that difference, but the effect sizes are
small enough that statistical significance is the weaker of the
two readings, and pairwise comparisons drawn from a shared
prompt set are not independent. Two models sit apart from
the rest for opposite reasons. MediPhi-Clinical has the lowest
within-entity overlap at 0.512 and the largest separation at
0.127, which is the closest any model comes to profiles that
track the entity, while Ministral-3B has the highest overlap
in the cohort at 0.906 and 0.865 despite answering none
of the 90 prompts correctly, so its near-identical profiles
reflect a repeated non-answer rather than shared support.
For the question of whether entity knowledge is localised,
high overlap that does not move with the entity means that
even where effect is concentrated, the concentration is not
entity-specific.

Conclusion
We did not observe entity-specific localisation in any instruct-
tuned model we tested. The concentration visible before
correction belongs to a small set of positionally fixed com-
ponents that carry effect for any short answer, and once
those effects are removed the support that remains is close
to evenly spread throughout the model, with profiles that
barely change when the named entity does. This holds across
every registered lane, from whole blocks down to attention
and MLP branches, heads, query groups, positional encod-
ings, attention scores, projections, individual neurons and
channels, and output logits. The finding is bounded by what
the method measures, namely single-component necessity
under one ablation operator read at a single teacher-forced
position, and by a general corpus retained on the basis of
model correctness. The practical implication is that methods
assuming entity knowledge sits in a findable place, including
targeted knowledge editing, should first establish that the
concentration they observe is not the generation floor.
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