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Abstract

Large language models encode social biases
that instruction fine-tuning aims to suppress. In-
struction fine-tuning applies its weight changes
through the alignment task vector AW, yet
prior work treats it as a monolithic object, leav-
ing its internal layer structure opaque: which
layers carry bias suppression, which carry gen-
eral capability, and whether these are separable,
remains unknown. We map this structure by
injecting each layer’s AW, independently into
the base model across 11 LLMs from Qwen2.5,
Gemma-2/3, and Llama-3 families (0.5B-14B).
Testing via per-layer sufficiency sweeps, block
removal, and a BBQ-MMLU dissociation, we
find three results. First, BBQ-measured bias
suppression localizes to the mid-third of trans-
former layers in 9 of 11 models, with mid-
third removal raising bias across all 11 while
first- and last-third removals produce smaller
L-BBQ increases in all nine structured-signal
models. Second, mid- and first-third removals
dissociate BBQ and MMLU: mid-third removal
is BBQ-critical across all tested models while
first-third removal can sharply reduce MMLU
in Gemma architectures, supporting functional
separation of bias suppression and capability in
weight space. Third, mid-third removal raises
bias above the unaligned base in 3 of 11 cases:
partial AW transfer without the mid-third can
make a model more biased than the unaligned
base model. These findings provide an empir-
ical roadmap for targeted debiasing and safe
task vector composition.'

1 Introduction

Weight merging has emerged as an increasingly
adopted paradigm for adapting large language mod-
els without retraining. Task arithmetic (Ilharco
et al., 2023) formalizes this via the alignment task
vector AW = Winstruet — Whase: add it to a base
model and the encoded behavioral changes transfer
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with it. Subsequent methods extend this to inter-
ference resolution (Yadav et al., 2023) and spar-
sification (Yu et al., 2024), all treating AW as a
monolithic object without examining its internal
layer structure.

This monolithic view leaves a mechanistic ques-
tion unanswered. Alignment fine-tuning encodes
multiple behavioral changes simultaneously in
AW (improved instruction-following, bias suppres-
sion, and refined refusal), but the internal layer
structure of these encodings is entirely opaque.
Critically, the growing literature on task vector
composition (Yadav et al., 2023; Yu et al., 2024)
focuses on capability-level transfers and interfer-
ence resolution. None of these works has exam-
ined which layer ranges of AW carry bias sup-
pression versus general capability, or whether these
are separable. Prior work identifies behaviorally
relevant directions in activation space, including
representation engineering (Zou et al., 2023) and
refusal-mediating directions (Arditi et al., 2024);
the layer-wise organization of the paired alignment
update AW itself has not been systematically stud-
ied. Without knowing this structure, task vector
composition risks deploying models that are more
biased than the unaligned base model.

We address this with a layer-wise interventional
analysis of AW across 11 instruction-tuned LLMs
(0.5B-14B; Qwen2.5, Gemma 2/3, Llama 3.x). We
inject each layer’s AW, independently into the
base model, measure bias on BBQ (Parrish et al.,
2022) and capability on MMLU (Hendrycks et al.,
2021), and run five experimental designs spanning
sufficiency (per-layer sweep, cumulative injection),
necessity (block removal), directional specificity
(sign-flip, norm-matched controls).

Our findings are consistent across model fami-
lies. (1) Layer-wise localization. All 9 structured-
signal models (§3) exhibit a mid-third minimum in
the per-layer BBQ profile (p ~ 5.1 x 107, exact
binomial); mid-third block removal reverses debi-
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Family Model N
0.5B 24
1.5B 28

2.5

Quen2.5  p 36
14B 48
Gemma-2-2B 26

Gemma Gemma-2-9B 42
Gemma-3-12BT 48
Llama-3.2-1B 16
Llama-3.2-3B 28

Llama

Llama-3-8B 32
Llama-3.1-8B" 32

Table 1: All 11 model pairs (Yang et al., 2024; Gemma
Team, 2024, 2025; Meta Al, 2024a,b). TDirection-
specificity: zero-injection baseline only.

asing in all 11 tested models (AL-BBQ +0.007 to
+0.215; 10 of 11 most critical, p ~ 1.3 x 10™%),
while first- and last-third removals produce smaller
L-BBQ increases in all nine structured-signal mod-
els. (2) Functional separation. In Gemma-2 mod-
els, removing the first third reduces MMLU by
up to 35.0 pp with |AL-BBQ| < 0.006; mid-third
removal causes larger BBQ changes but smaller
MMLU losses. To our knowledge this is the
first layer-wise interventional decomposition of an
alignment task vector that separates stereotype sup-
pression from general capability in weight space,
across 11 base—instruction-tuned model pairs. Prior
work established functional layer specialization
within single models (Zhao et al., 2024), but not for
the paired update. (3) Active suppression. By ac-
tive suppression we mean that removing mid-third
AW produces a model more biased than the un-
aligned base, indicating that mid-third layers do not
merely deposit bias-neutral information but coun-
teract a bias-amplifying contribution from the outer
thirds, contrary to a passive-deposit view. This oc-
curs in 3 of 11 models (up to +46% above base),
so partial AW transfer that omits the mid-third
makes a model more biased than the unaligned
base model.

2 Related Work

Task vectors and model merging. Ilharco et al.
(2023) introduced task vectors, showing AW en-
codes task-specific capabilities as an additive object
in weight space; subsequent work extends this to
interference resolution (Yadav et al., 2023; Yu et al.,
2024). All treat AW as a monolithic object; none

examines which layer ranges carry which behav-
ioral components.

Mechanistic interpretability and layer special-
ization. ROME (Meng et al., 2022) and its batch
extension MEMIT (Meng et al., 2023) localize fac-
tual associations to mid-layer MLP weights via
causal tracing; Dai et al. (2022) similarly iden-
tify knowledge neurons in specific FFN positions
via gradient attribution. Transformer FFN layers
act as key-value memories (Geva et al., 2021) that
promote concepts in the vocabulary space (Geva
et al., 2022). Sharma et al. (2024) show that reduc-
ing the rank of weight matrices at selected layers
can improve reasoning performance, establishing
that layer-selective weight modification changes
behavior; it does not decompose a paired align-
ment update or separate distinct alignment-induced
functions. Todd et al. (2024) show via causal me-
diation that function vectors—compact representa-
tions averaged over in-context demonstrations—are
transported by a small set of mid-layer attention
heads, establishing activation-level functional spe-
cialization. Zhao et al. (2024) identify three func-
tional sections in instruction-tuned Llama-2 using
representational comparison (MOSSA and CKA)
between pretrained and instruction-tuned models,
finding early/mid/late specialization. Concurrent
work (Li et al., 2025) identifies contiguous “‘safety
layers” in the middle portion of aligned LLMs,
combining input-vector analysis with parameter-
scaling experiments and fixing those layers’ gradi-
ents during fine-tuning. Critically, representation-
level analyses measure correlation between repre-
sentations and labels rather than causal transmis-
sion (Belinkov, 2022). These approaches differ in
what they analyze—some the activations of a single
model, others the layer organization or parameter
sensitivity of an aligned model—but none decom-
poses the paired difference AW between a base
and its instruction-tuned counterpart. The layer
encoding a stereotype in the base model need not
coincide with the layer whose AW; encodes the
alignment modification.

Bias measurement and weight-level interven-
tion. Social bias in NLP is systematic and per-
vasive across models and tasks (Blodgett et al.,
2020; Zhao et al., 2018); LLM-specific measure-
ments use BBQ (Parrish et al., 2022), CrowS-
Pairs (Nangia et al., 2020), and StereoSet (Nadeem
et al., 2021). Targeted debiasing methods re-
move protected-attribute information directly, for
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example by subspace nullification (Ravfogel et al.,
2020; Liang et al., 2021). Instruction fine-tuning
(Ouyang et al., 2022) and preference optimization
(Rafailov et al., 2023) are broader alignment proce-
dures that shift model behavior without targeting
social bias specifically, and improvements on a
bias metric need not indicate that the underlying
structure has been removed (Gonen and Goldberg,
2019). Where in the alignment update such sup-
pression is stored has not been established. Vig
et al. (2020) apply causal mediation analysis to
attention heads, and Zou et al. (2023) propose rep-
resentation engineering (RepE), steering behaviors
via activation-space interventions on a fixed aligned
model. These approaches operate at the activa-
tion level on an already-aligned model. We ask
instead which layers of AW interventionally trans-
mit alignment-induced bias suppression by measur-
ing the weight-level structure of the alignment mod-
ification itself, not the hidden-state representations
it produces. Prior work thus studies task-vector
merging, activation- or parameter-level localiza-
tion within individual models, and generic layer
importance largely as separate problems. LEVEE
instead treats the paired alignment update itself as a
layer-structured object, and intervenes on it directly
rather than reading structure off a single model’s
activations or weights.

3 Method

3.1 Task Vector Construction

For each model pair, the task vector is:
AI/VZ = I/Vinstruct,i - Wbase,i (1)

for i € {0,...,N — 1}, covering shared ten-
sors within each transformer block (attention pro-
jections q/k/v/o, MLP weights, and block layer
norms; 1-D bias tensors excluded); token embed-
dings, the output head, and the final model norm
remain at their base values, including in the con-
dition labeled full. Injection substitutes selected
AW, tensors into the base model before evaluation
(Im-evaluation-harness); non-selected layers retain
base weights. Weight-space statistics (Frobenius
norm, sign coherence, participation ratio (Wegner,
1980)) require fully-decomposed AW tensors and
are therefore computed on 9 of the 11 model pairs;
Gemma-3-12B and Llama-3.1-8B are included in
the per-layer sweep and block-removal experiments
only (Table 1).

3.2 Bias Score

Our primary behavioral measure is a BBQ-derived
ambiguous-context score, which we denote L-BBQ
to distinguish it from the official BBQ bias score of
Parrish et al. (2022). For each ambiguous-context
response we assign a score

+1 response classified as biased,
bi=< -1
0 UNKNOWN response,

response classified as anti-biased,

and define
| X
SteeQ = (1 — Accamb) - N Z bi, (2
i—1

where N is the number of ambiguous-context re-
sponses that receive one of these three labels, and
Accamp is accuracy on ambiguous items. The first
factor scales the signed stereotyping direction by
how often the model commits to a non-neutral
choice.

How responses are classified. A response
is labelled biased or anti-biased by match-
ing the selected answer’s group against the
stereotyped_groups metadata of the item;
responses that the matching rule does not resolve
to one of the three labels are excluded from N.
Unlike the official BBQ scorer, L-BBQ does not re-
verse the biased/anti-biased assignment according
to question polarity, and it normalizes the signed
response score over all labelled responses, includ-
ing UNKNOWN predictions. L-BBQ and the official
BBQ bias score are therefore not the same metric;
Appendix Q re-scores the three models shown in
Figure 1 under the official metadata- and polarity-
aware definition.

Answer selection uses log-probability multiple-
choice scoring (Im-evaluation-harness v0.4.x;
greedy decoding). The score is computed jointly
over all 11 BBQ social-group categories (Ap-
pendix B); lower (toward zero) indicates less bias.
Figures and tables report L-BBQ unless explicitly
marked as “Official”’; “BBQ category” refers to the
benchmark’s social-group categories.

3.3 Layer Group Definitions

For a model with N layers, we partition lay-
ers into three equal contiguous blocks—first
(Lo—L|Ny3)—1), mid (L ny3)—L|2n/3) 1), and last
(L|2n/3)=Ln—-1). These thirds serve as aggrega-
tion units for thirds-level summary statistics and
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as block-level conditions in the block-removal ex-
periment. Per-layer best-layer attributions are com-
puted from the layer sweep independently of this
grouping, so the third boundaries do not influence
which layer is reported as best.

We classify a model as having a structured sig-
nal if the per-layer BBQ range exceeds 15% of
the base-model L-BBQ score. This threshold falls
within a natural gap in our data: Qwen2.5-0.5B
(range/base = 10%) and Qwen2.5-1.5B (2.6%)
cluster well below it, while the remaining 9 models
all exceed 23%—a >10 pp gap that makes the clas-
sification insensitive to the exact threshold value.
We refer to the first and last thirds jointly as the
outer thirds.

3.4 Experimental Designs

Five experimental designs address the three ques-
tions in §1. The per-layer sweep and block removal
both cover all 11 models, spanning all three archi-
tecture families.

Experiment 1: Per-layer Sufficiency Sweep.
For each layer 7, we construct WZ = Whase + AW,
leaving all other layers at base weights. If a single
mid-third layer produces a lower bias score than
any other layer, that third is sufficient to carry the
bias signal.

Experiment 2: Block Removal. We apply the
full task vector but omit one contiguous third, W=
Whase + 2 igplock AWi. Conditions: full, —first,
—mid, —last, and mid-only (mid-third alone). We
operationally define a block as most critical if its
removal produces the largest positive BBQ delta
among the three thirds; we report the degree of
disruption rather than claiming binary necessity, as
the extent of reversal varies across models (range
and per-model values in §4.3). The mid-only con-
dition additionally tests whether mid-third alone
reproduces the full alignment effect. Each condi-
tion is also evaluated on MMLU to address the
functional-separation question (§1).

Experiment 3: Cumulative Injection. Lay-
ers are injected cumulatively Wi = Wiae +
Zf:o AW;, tracing bias formation with depth; re-
sults in §4.5 (Figure 2; full per-model curves in
Appendix F).

Experiments 4-5: Direction-Specificity. Sign-
flip (—AW; injection) and norm-matched controls
(random Gaussian, same ||AW;|| r; shuffled AW;)

jointly test whether the mid-third effect is direction-
ally encoded rather than OOD-driven; full results
in Appendix G.

3.5 Benchmarks

BBQ (Parrish et al., 2022) is our primary bias
benchmark, using the score defined in §3. We ad-
ditionally evaluate on CrowS-Pairs (Nangia et al.,
2020) (stereotyped-pair preference fraction) and
StereoSet (Nadeem et al., 2021) (iCAT score) to
assess whether the mid-third tendency general-
izes across benchmark formats of varying sensi-
tivity (§4.2). For capability, we use MMLU 5-shot
(Hendrycks et al., 2021) on a 14-subject domain-
stratified subset (4 STEM, 3 Humanities, 4 Social
Sciences, 3 Professional; Appendix A) that we se-
lected prior to finalizing the protocol, without ref-
erence to injection results. As in prior intervention
work (Li et al., 2024; Kolbeinsson et al., 2025),
MMLU serves here as a general-utility control. We
report AMMLU (pp relative to base) as the capa-
bility cost of each block-removal condition.

4 Results

4.1 Per-layer Sufficiency Sweep

Figure 1 shows the per-layer L-BBQ score under
single-layer AW injection for three representative
models; Table 2 summarizes the sweep across all
11 instruction-tuned models, of which 9 show a
structured per-layer signal with a clear mid-third
minimum. In every model with a structured signal,
the minimum bias score is achieved by a mid-third
layer.

Qwen2.5-0.5B and Qwen2.5-1.5B exhibit a dif-
fuse bias profile rather than clear localization: per-
layer bias scores vary minimally across layers
(intra-third range <0.025), with no layer achiev-
ing substantial bias reduction. All other 9 models,
including Llama-3.2-1B at 1B, show clear mid-
third concentration, indicating a soft, architecture-
modulated capacity threshold rather than a univer-
sal parameter-count effect. Under the null hypoth-
esis that the globally best layer is equally likely
to fall in any of the three equal thirds (py = 1/3),
observing all 9 structured-signal models with a
mid-third best layer occurs with probability p ~
5.1 x 10~° (exact binomial test), ruling out chance
localization.?

2Gemma-2-2B is classified as structured by the BBQ-range
criterion (range/base > 15%) despite its norm-mediated sup-

pression profile (§4.5); excluding it gives 8/8, p = (1/3)® =
1.5 x 10™*, preserving significance.
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Figure 1: Per-layer L-BBQ score under single-layer AW, injection (three representative models, one per architecture
family). Gray dashed = base; black dotted = full AW red dashed = best layer (single-layer min bias); shaded
regions = layer thirds (light blue = first, orange = mid, light purple = last). In all three, the minimum falls within the
mid-third. Same pattern holds for all 9 structured-signal models (Appendix C; heatmap in Appendix D).

Model Best layer Third L-BBQ
Qwen2.5-0.5B L10 mid 0.236%
Qwen2.5-1.5B L23 last 0.268%
Qwen2.5-3B L18 mid 0.028
Qwen2.5-14B L21 mid 0.004
Gemma-2-2B L11 mid 0.125
Gemma-2-9B L20 mid 0.085
Gemma-3-12Bf L18 mid  0.076
Llama-3.2-1B L9 mid 0.201
Llama-3.2-3B L10 mid 0.093
Llama-3-8B L16 mid 0.038
Llama-3.1-8B' L11 mid 0.076

Table 2: Per-layer sufficiency sweep (L-BBQ); lower =
less biased). Flat profile (intra-third range <0.025);
third not bolded; block-removal third dominance may
differ (§4.3). 79 non-dagger models; base BBQ:
Gemma-3-12B 0.095, Llama-3.1-8B 0.118.

Direction specificity. Norm-matched and shuf-
fled controls (Experiment 5) confirm direction-
specificity: 4 of 5 evaluated models show Best/NM
ratios of 0.54-0.83 x (Table 11); Qwen2.5-0.5B’s
near-unity ratio (0.944x) and Gemma-2-2B’s
Amia = —0.002 both cluster with diffuse models,
consistent with their respective profiles (§4.5).

Category-level robustness. Mid-third domi-
nance holds across 10 of 11 BBQ categories (11/11
near-unanimous for Age, Disability, Physical ap-
pearance; 7/11 simple majority for Race/ethnicity
and Sexual orientation). The sole exception is SES
(first-third dominance in 7 of 11 models); we do
not attribute this to a specific mechanism and leave
it for further investigation (Appendix H). All sub-
sequent analyses average across all 11 categories.

4.2 Mid-third Tendency Across Bias
Benchmarks

The three-benchmark design tests whether the mid-
third finding extends beyond BBQ (Table 3). BBQ
shows the strongest localization (10/11 at both
thirds-level and global-min); StereoSet shows a
moderate mid-third plurality (6/11 global min; 6/9
structured-signal models at thirds level); CrowS-
Pairs shows the weakest signal (3/11 thirds-level),
with per-layer absolute differences below 0.5 bias-
score points—too flat for reliable attribution.

BBQ CrowS StereoSet

Thirds-level mid-dominant 10/11
Global min, mid-third 10/11
Spearman () vs. BBQ —

3/11 6/11
1/11 6/11
+0.40ns +0.36ns

Table 3: Mid-third tendency across benchmarks. Thirds-
level = fraction of models whose mid-third average is
the lowest among three thirds. Global min = fraction
with mid-third global best layer. Spearman r vs. BBQ
best-layer ranks; ns = p > 0.05. CrowS-Pairs per-layer
absolute differences < 0.5 points; global-min attribu-
tion unreliable.

Best-layer ranks correlate positively with BBQ
across both secondary benchmarks (r = +0.40
and +0.36; non-significant at n = 11; Table 3),
consistent with a shared localization tendency of
varying detectability. We hypothesize that CrowS-
Pairs’ flat profile reflects its stereotyped-pair for-
mat; intrinsic metrics of this kind are known to
track downstream behavior unreliably (Goldfarb-
Tarrant et al., 2021), but we do not test the format
account directly. These results defend against a
BBQ-only interpretation: the mid-third tendency
scales with benchmark sensitivity across format-
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diverse benchmarks.

4.3 Block Removal: Necessity and Sufficiency

Table 4 reports block removal results for all 11
models (per-model bar charts in Figure 12, Ap-
pendix K). In all eleven models, removing the
mid-third raises BBQ bias (A +0.007 to +0.215);
the effect is largest in the three active-suppression
models (4+0.115—+0.215). Across all 11 mod-
els, A_pq is the largest among the three thirds
in 10 of 11; the sole exception is Qwen2.5-0.5B,
whose diffuse profile yields first-third dominance
(A_first=+0.119 vs. A_ig=-+0.078), consistent
with its diffuse per-layer sweep (§4). Under the
null that any third is equally critical (py = 1/3),
p ~ 1.3 x 10~* (exact binomial; Llama-3.1-8B
borderline, Table 4), establishing mid-third AW as
necessary for bias suppression.

Active suppression. In 3 of 11 models, post-
removal bias exceeds the unaligned base by +42%,
+46%, and +15% respectively (Llama-3.2-3B,
Llama-3-8B, Gemma-2-2B; computed from Ta-
ble 5). This empirically satisfies the definition of
active suppression (§1): outer-only injection yields
higher BBQ than the unaligned base (Table 5), es-
tablishing that mid-third AW counteracts a latent
bias-amplifying contribution from the outer thirds.
As aresult, transferring only the outer thirds yields
a model more biased than the unaligned base, a
risk that monolithic AW transfer conceals entirely
because the outer thirds’ amplifying contribution is
masked whenever the mid-third suppressor is also
present. Active suppression is not a floor effect:
Llama-3.2-1B (base = 0.251) passes the audit de-
spite its high base bias level (Table 5), confirming
that the phenomenon is architecture- and alignment-
recipe-specific rather than driven by measurement-
ceiling constraints.

Mid-third alone is sufficient. Mid-third-only in-
jection (four of the five models evaluated for this
comparison, shown in Table 6; Llama-3-8B ex-
cluded due to its anomalous MMLU profile, §4.4)
achieves BBQ = 0.001-0.020 (89-99% reduction
from base) with MMLU +1.7 to +6.2 pp, match-
ing the full task vector from a single third of AW
The —mid condition uses twice as many layers
as mid-only yet produces the worst bias outcome:
what matters is the presence of mid-third AW, not
the degree of partiality.

Model base —mid —first —last
Qwen2.5-0.5BY 0252 40.078 +0.119 —0.003
Qwen2.5-1.5BY 0273  +0.118 +0.045 +0.004
Qwen2.5-3B 0.050 +40.019 <0.001 <0.001
Qwen2.5-14B 0.013  +0.007 <0.001 <0.001
Gemma-2-2B 0.160 +0.169* —0.006 <0.001
Gemma-2-9B 0.116  +0.057 +0.001 <0.001
Gemma-3-12B  0.095 +0.069 +0.020 <0.001
Llama-3.2-1B 0.251  +0.111 40.014 +0.013
Llama-3.2-3B 0.176 +0.215* —-0.011 —0.002
Llama-3-8B 0.125 +0.115* —-0.011 —-0.005
Llama-3.1-8B 0.118 +0.030% +0.028 —0.001

Table 4: Block removal results, all 11 models. base:
un-injected BBQ; —mid/—first/—last: AL-BBQ from
full AW (positive = more biased after removing that
third). *post-removal BBQ exceeds base. *diffuse-
signal. 8borderline; robust without it (p ~ 3.6 x 1074,
9/10).

Layer-selective audit. The layer-selective audit-
ing protocol evaluates (a) full AW, (b) outer-only
(—mid), and (c) mid-only injection; condition (b)
bias above the unaligned base flags a latent amplify-
ing component concealed by monolithic evaluation
(Table 5).

4.4 BBQ-MMLU Dissociation

Block removal shows that mid-third AW is neces-
sary for bias suppression; we next examine whether
this comes at a capability cost. Table 6 (scatter in
Appendix I) confirms that bias and capability oc-
cupy functionally distinct layer ranges within AW
The BBQ-side dissociation holds across all four
models: AL-BBQ from —mid is large and positive
(4+0.019-+0.215), whereas AL-BBQ from —first
is near-zero or negative (|A| < 0.011). MMLU-
side separation (first-third removal incurring larger
MMLU cost than mid-third) holds in Gemma mod-
els (Gemma-2-9B: 8.97x; Gemma-2-2B: 1.85x)
but not in Llama-3.2-3B or Qwen2.5-3B (first-to-
mid ratios 0.21 x/0.36 x). Last-third removal has
negligible effect on both axes, showing that the last
third of AW carries neither bias-suppression nor
capability-critical information.

Bidirectional replication. The dissociation
holds in the injection direction: mid-third-only
injection achieves the BBQ reduction in §4.3
with minimal MMLU cost; first-third-only leaves
bias unchanged while recovering up to +31.8 pp
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Model base Full AW Outer-only Audit
Qwen2.5-0.5B 0.252 0.093 0.171  Pass
Qwen2.5-1.5B  0.273 0.134 0.252  Pass
Qwen2.5-3B 0.050 <0.001 0.019  Pass
Qwen2.5-14B  0.013 <0.001 0.007  Pass
Gemma-2-2B  0.160 0.016 0.184  Fail
Gemma-2-9B  0.116 <0.001 0.058  Pass
Gemma-3-12B  0.095 0.003 0.072  Pass
Llama-3.2-1B  0.251 0.093 0.204  Pass
Llama-3.2-3B  0.176 0.035 0.249  Fail
Llama-3-8B 0.125 0.067 0.182  Fail
Llama-3.1-8B  0.118 0.037 0.068  Pass

Table 5: Layer-selective audit, all 11 models. base:
un-injected BBQ. Full AW all-layer injection. Outer-
only: first+last thirds (—mid). Audit: Fail if outer-only
BBQ > base (latent amplifier present); Pass otherwise.
3 of 11 fail.

Model Cond. AL-BBQ AMMLU
Qwen2.53 Mid 00197 —0.008
—first -+0.000 +0.003
Gemma-2-2B —mid  +0.169 11 —0.067
—first —0.006 —0.124
Gemma2-og ~—mid  +0.0571  —0.039
—first +0.001 —0.350
Llama3.2-3g ~mid  +0.2157T  —0.048
—fist  —0.011  —0.010

Table 6: BBQ-MMLU dissociation (LLlama-3-8B ex-
cluded; §4.4). AL-BBQ/AMMLU: change from full
AW. 111 AL-BBQ +0.01-0.10/> +0.10. —mid is
bias-critical across all four; —first is capability-critical
in Gemma.

MMLU (Gemma-2-9B: —35.0 pp lost under —first,
+31.8 pp recovered under first-only; within 3.2 pp
of full recovery), replicating the separation.

Llama-3-8B anomaly. Llama-3-8B’s full AW
injection reduces MMLU by —35.8 pp (vs. < 5pp
for all others) and removing its first-third recovers
MMLU (+45.0 pp), the inverse of every other model.
We attribute this to an unusually large capability
gap between the Llama-3-8B base and instruct vari-
ants: the first-third AW encodes a net-negative
MMLU transfer for this pair, likely reflecting id-
iosyncrasies in its instruction-tuning data mix, not
a departure from the general pattern. Its BBQ block
removal (Table 4) follows the same mid-third pat-
tern, confirming the anomaly is MMLU-specific; a
parallel anomaly appears in its sign-flip response

(§4.5).

4.5 Convergent Evidence and Scale Analysis

Scale and architecture jointly determine structured
localization (Figure 11, Appendix J): among the 9
structured-signal models, the best layer achieves
0.7-3.0x lower bias than the next-best third’s aver-
age. The two exceptions—Qwen2.5-0.5B (range:
0.025) and Qwen2.5-1.5B (range: 0.007)—show
minimal per-layer variation with no mid-third min-
imum. Llama-3.2-1B (1B) exhibits clear mid-
third signal (range: 0.058; best layer 15.6% be-
low mean). We observe, in our data, a soft and
architecture-dependent scale threshold for local-
ization: Llama localizes below 1B, while Qwen
requires between 1.5B and 3B. This is reminiscent
of scale-dependent behavior reported more broadly
(Wei et al., 2022), though apparent thresholds can
also arise from the choice of metric (Schaeffer et al.,
2023). Gemma-2-2B (2B) achieves positional mid-
third localization yet remains direction-ambiguous
in the specificity control (ratio 0.779x; Table 11),
suggesting the threshold governs directional encod-
ing specifically (see §5).

Convergent evidence: cumulative injection. As
an independent check, we inject layers cumula-
tively (Lo — Li) and measure BBQ bias at
each prefix (Figure 2). The Spearman correla-
tion between each layer’s marginal gain and its
per-layer sweep score is negative in all 8 models
with available data (Gemma-3-12B, Llama-3.1-8B,
and Llama-3.2-1B excluded: cumulative sweep in-
complete at submission); 6 of 8 show moderate-to-
strong correlations (p < —0.40, all 6 significant at
p < 0.05; Table 10, Appendix F); the all-negative
sign pattern has probability (1/2)® ~ 0.004 (one-
sided sign test), providing independent method-
ological triangulation of the localization result. The
dominant marginal-gain third is mid in 5 of 6
structured-signal models, consistent with a local-
ized suppression hub. The exception (Gemma-2-
9B, first-dominant) reflects its early amplification
phase before mid-third suppression takes effect
(Figure 6); its sufficiency and necessity profiles
both still identify the mid-third as primary.

Weight-Space Dissociation. We ask whether
static weight-space statistics predict the mid-third
behavioral minimum. Across nine models (exclud-
ing Gemma-3-12B and Llama-3.1-8B which lack
fully-decomposed AW tensors), three statistics
(Frobenius norm || AW;|| 7, sign coherence (Yadav
et al., 2023), and participation ratio) all predict
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Figure 2: Cumulative AW injection (Wk = Whase + Z’;:O AW;) for three models. Shaded: blue = first third,
orange = mid, purple = last; annotation = peak bias layer. Early layers raise bias above the base before mid-third
suppresses it; Qwen2.5-14B shows suppression without the amplification phase.

last-third dominance: norm and PR peak in the
last third, sign coherence is uniformly near-zero
(median ~ 0.0001).

The mid-third behavioral minimum is therefore
not explainable by any static weight statistic, con-
firming that behavioral localization requires inter-
ventional analysis. One exception: Gemma-2-2B’s
Frobenius norm correlates negatively with behav-
ioral suppression (p = —0.54, p < 0.01); consis-
tent with its norm-mediated (direction-ambiguous)
profile; larger norms incidentally reduce bias with-
out direction-specific encoding (see §5).

Sign-flip: Directional Encoding Confirmed.
Across five models in the paired-bar comparison
(Figure 13, Appendix L; Llama-3-8B excluded
due to its sign-flip anomaly, consistent with its
MMLU anomaly in §4.4), injecting +AW; sup-
presses bias below baseline in all five; —AW;
raises bias above baseline in four of five (Llama-
3.2-1B: near-neutral, A = —0.007). The direc-
tion predominantly determines the behavioral sign,
confirming the mid-third effect is directionally en-
coded, not an OOD-disruption artifact. Per-layer
reversal rates, computed across all eight evaluated
models (the five above plus Qwen2.5-14B, Gemma-
2-9B, and Llama-3-8B for which per-layer data
are available), range from 38% (Gemma-2-2B) to
100% (Qwen2.5), with the mid-third as the most
symmetric region in 5 of 8 models (Table 9, Ap-
pendix E).

Convergent summary. Five designs support
mid-third localization (10 of 11 models); block
removal also reveals functional separation across
thirds and active suppression in 3 of 11 models.

5 Discussion

5.1 Mid-third Layers as the Primary
Interventional Locus

Convergent evidence in §4 establishes that AW is
spatially organized along a functional axis: mid-
third layers are the primary interventional locus of
bias suppression, first-third layers carry capability-
critical structure in Gemma, and the outer thirds are
potentially bias-amplifying when the mid-third sup-
pressor is absent (§4.3)—an organization invisible
to static weight statistics.

Anomalous models as boundary probes. The
two diffuse-signal models (Qwen2.5-0.5B,
Qwen2.5-1.5B) probe capacity limits rather than
contradicting mid-third localization: diffuse
per-layer profiles signal insufficient AW ca-
pacity for structured alignment encoding (§4.5).
Gemma-2-2B is a structured-signal model whose
behavioral minimum is norm-mediated rather than
direction-specific (§4.5): positional localization
can emerge at 2B, but directional encoding
cannot—suggesting the capacity threshold marks
the onset of directional encoding specifically,
not positional localization alone. Together these
three models demarcate the capacity-and-geometry
boundary within which mid-third localization
holds. Sufficiency and necessity converge on the
mid-third in all 9 structured-signal models; diver-
gence in diffuse-signal models reflects noise-level
variation in the absence of a localized signal, not
a dissociation between the two measures.

Why the mid-third? Our data establish where
bias suppression is encoded but not why. Mid-
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third layers may occupy a representational inflec-
tion point (Tenney et al., 2019): transformer FFN
layers in this range act as key-value memories that
promote semantic associations (Geva et al., 2021),
and causal editing work localizes factual knowl-
edge to the same depth range (Meng et al., 2022).
A plausible hypothesis is that alignment fine-tuning
modifies this mid-layer semantic substrate to sup-
press stereotyped associations; circuit-level valida-
tion (Elhage et al., 2021) remains open.

5.2 Implications of Active Suppression

The active-suppression result (§4.3) carries a direct
deployment risk: outer-only AW transfer can yield
a model more biased than the unaligned base. As
Table 5 shows, 3 of 11 models formally fail the
layer-selective audit, confirming that the mid-third
suppressor is the only component preventing bias
from exceeding the unaligned base. This risk is
invisible under monolithic AW evaluation but can
surface in model merging when two AW's interfere
in the mid-third range.

5.3 Broader Implications

Beyond auditing—which cannot be substituted by
full-AW evaluation alone—these results carry im-
plications for layer-selection methods more broadly.
Structured pruning methods score layer importance
by a single generic criterion; ShortGPT, for in-
stance, ranks layers by Block Influence, computed
as one minus the average cosine similarity be-
tween a block’s input and output representations
(Men et al., 2025). Our BBQ-MMLU dissocia-
tion shows an orthogonal axis invisible to such
criteria. Across the four models with full disso-
ciation data (Table 6), first-third removal yields
|AL-BBQ| < 0.011 while causing an MMLU loss
of up to 35.0 pp (Gemma-2-9B); mid-third removal
reverses debiasing with at most 6.7 pp of MMLU
loss. A generic capability- or redundancy-oriented
score would protect the first-third for capability
but silently amplify bias by discarding the mid-
third. Conversely, mid-third-only injection enables
targeted debiasing without modifying capability-
critical layers. More broadly, methods for task
vector composition resolve parameter interference
(Yadav et al., 2023); our results indicate that doing
so does not by itself preserve alignment-induced
behavior, so behavior-aware layer auditing is ad-
ditionally needed for safe composition: the au-
diting protocol (§5.2) extends naturally to other
alignment-induced components such as refusal sup-

pression (Arditi et al., 2024), safety steering, or
factual calibration.

6 Conclusion

We have shown that AW’s behavioral components
are spatially organized: the mid-third of trans-
former layers is the consistent interventional hub of
BBQ-measured bias suppression (block removal:
10 of 11 models), functionally separable from the
first-third, which carries capability-critical struc-
ture. Weight-space statistics predict last-third dom-
inance, so behavioral geometry is invisible without
interventional analysis. Our auditing protocol flags
3 of 11 models as bias-amplifying: in these, mid-
third layers actively counteract a bias-amplifying
outer-third contribution, so partial AW transfer
can yield a model more biased than the unaligned
base—a deployment risk invisible to monolithic
evaluation. These findings provide an empirical
roadmap for layer-selective AW editing and safe
task vector composition.

Limitations

Generalization scope. The main controlled re-
sults are restricted to 0.5B—14B models from the
Qwen, Gemma, and Llama families. Appendix M
reports a separate extension to four additional same-
release pairs, including Mistral and 24-32B mod-
els; these were not part of the primary 11-model
controlled set, and generalization to other families
remains limited. Whether analogous localization
holds for other alignment-induced behaviors (re-
fusal, toxicity, factual calibration) remains untested.
Scale boundary. Our scaling analysis (§4.5) iden-
tifies a capacity threshold below which structured
localization fails (Qwen2.5 <1.5B), but does not
characterize an upper boundary. At frontier scale
(>70B), two competing predictions are consistent
with our data: (i) further sharpening of mid-third
localization, or (ii) a shift toward distributed or
norm-mediated encoding analogous to the Gemma-
2-2B profile (§4.5). Our capacity-threshold fram-
ing predicts that the directional-encoding regime
may itself have an upper scale boundary, but this is
not empirically tested. Benchmark scope. BBQ
is a QA-format benchmark; the mid-third tendency
extends to StereoSet (6/11) and weakly to CrowS-
Pairs (3/11 thirds-level, flat signal), but general-
ization to alternative bias metrics (toxicity scores,
factual error rates) or formats beyond stereotyp-
ing benchmarks remains untested. Interventional
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scope. Single-layer injection assumes cross-layer
interactions are small. The Qwen sign-flip sym-
metry result partially supports this; cumulative
injection (§4.5) partially captures multi-layer ef-
fects. Compute. All experiments were conducted
on NVIDIA A100 GPUs; runtime scales with
model size (0.5B-14B) and is detailed in the ac-
companying repository. Scoring. The main 11-
model analysis uses L-BBQ (§3.2) with the orig-
inal string-based response mapper, which left a
condition-dependent subset of predictions unas-
signed and excluded from the score normaliza-
tion. Metadata-aware, polarity-aware rescoring
preserved the block-level necessity and sufficiency
conclusions for three representative model families,
although the absolute score magnitudes changed.
This robustness check was limited to block-level
conditions and does not establish preservation of
the complete per-layer profiles across all 11 models
(Appendix Q). Mechanistic scope. Our protocol
identifies the interventional locus of bias-encoding
AW but does not constitute a circuit-level mecha-
nistic account (Elhage et al., 2021). Probing geom-
etry (Belinkov, 2022) of AW across training check-
points remains unexplored, and the speculative
“Why the mid-third?”” account in §5 is untested.

Ethical Considerations

This study uses only publicly available models and
benchmarks; no new datasets were collected and
no human subjects were involved. We acknowl-
edge a dual-use risk: the same layer-wise injection
protocol could in principle be used to remove bias-
suppressing components rather than preserve them;
our intent is strictly defensive: to identify where
alignment’s bias-suppression effect resides so it can
be monitored and preserved under model editing
or merging.
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A  MMLU 14-Subject Evaluation Subset

Table 7 lists the 14 subjects used in all MMLU capability evaluations. The subset was fixed before
observing any injection results and was selected to achieve domain-stratified coverage. Prior intervention
work likewise uses MMLU as a general-utility control (Li et al., 2024; Kolbeinsson et al., 2025), though

with different subject selections.

Domain Subject

Abstract Algebra

High School Mathematics
STEM (4) High School Physics

High School Computer Science

Humanities (3)

Philosophy
High School World History
Moral Scenarios

Social Sciences (4)

Sociology

High School Psychology

High School Government and Politics
High School Statistics

Professional (3)

Professional Law
Medical Genetics
Global Facts

Table 7: The 14 MMLU subjects used for capability evaluation in all block-removal and block-only injection

experiments.

B BBQ Social-Group Categories

BBQ (Parrish et al., 2022) covers 11 social-group categories. All bias scores in this paper are computed
jointly over all 11 categories unless noted otherwise; category-level results are discussed in §4.

Category

—_ = 000N W~ | T

—_ O

Age

Disability status
Gender identity
Nationality
Physical appearance
Race/ethnicity
Race x SES

Race x gender
Religion
Socioeconomic Status (SES)
Sexual orientation

Table 8: The 11 social-group categories in BBQ (Parrish et al., 2022). Mid-third localization holds across 10 of 11
categories; SES (category 10) shows first-third dominance in 7 of 11 models.
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C Per-Model Sufficiency Curves

Per-layer L-BBQ score under single-layer AW injection for all nine structured-signal models; comple-

ments the three-model summary in Figure 1.
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Figure 3: Per-layer L-BBQ score under single-layer AW; injection for all nine structured-signal models. Each panel
shows the bias score as layer index varies; mid-third is shaded (orange). Dashed gray = base-model bias; dotted
black = full-AW instruct model; dashed purple vertical line = best layer (minimum bias). Family color: Qwen
(blue), Gemma (green), Llama (orange).
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D Per-Layer Relative Bias Change Heatmap
Heatmap view of per-layer bias scores across all 11 models; rows = models, columns = layers.
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Figure 4: Relative bias change (biasy/biasy,se — 1) across all 11 models, binned into ten normalized-depth intervals.
Blue = debiasing; red = amplification; dashed lines = mid-third boundaries (0.33, 0.67). (*) diffuse-signal models
(Qwen2.5-0.5B, Qwen2.5-1.5B).
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E Sign-flip Symmetry

Model Mid rev. Most-sym.

Qwen2.5-3B 12/12 (100%) mid
Qwen2.5-14B  16/16 (100%) mid

Gemma-2-9B  12/14 (86%) mid

Gemma-2-2B 3/8 (38%) first
Llama-3.2-3B  7/9 (78%) mid
Llama-3.1-8B  8/11 (73%) mid
Llama-3-8B 6/10 (60%) last
Llama-3.2-1B 2/5 (40%) last

Table 9: Sign-flip symmetry across 8 of 11 models with sufficient per-layer signal. Mid rev.: fraction of mid-third
layers where —AW; raises bias above baseline when +AW; suppresses it (i.e., most symmetric sign-flip response).
Most-sym.: third with the highest reversal rate. Bold = 100%. Higher rates indicate stronger directional encoding
of bias suppression.

Per-layer profiles are shown below.
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Figure 5: Per-layer sign-flip symmetry score across eight representative models. Lower = more symmetric (-++AW;
and — AW, produce mirror-image effects). Mid-third layers (shaded) show lowest symmetry scores in Qwen models,
confirming directional encoding. Dashed line = per-model mean.
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F Cumulative Injection Curves

Statistical analysis and Figure 2 are discussed in the main text (§4.5). Figure 6 shows the full cumulative
injection curves for all eight models with valid data. Table 10 reports the per-model Spearman correlations.
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Figure 6: Cumulative AW injection curves for all eight evaluated models (Wk = Whase + Zf:o AW;). Orange
dashed vertical line = peak bias layer (maximum across prefix lengths). Shaded regions: blue = first third, orange
= mid-third, purple = last third. The three large-scale models shown in the main text Figure 2 (Gemma-2-9B,
Llama-3-8B, Qwen2.5-14B) are included here for completeness.

Model P p p < 0.05 Dom. third
Qwen2.5-0.5B —0.304 0.158 first
Qwen2.5-1.5B —-0.412 0.033 v mid
Qwen2.5-3B —0.664 <0.001 v mid
Qwen2.5-14B  —0.399 0.006 v mid
Gemma-2-2B  —-0.634 <0.001 v mid
Gemma-2-9B —-0.502 <0.001 v first
Llama-3.2-3B  —0.513 0.006 v mid
Llama-3-8B —0.096 0.609 mid

Table 10: Spearman p between per-layer marginal cumulative gain and per-layer sweep score (L-BBQ) for each
model. Bold: p < —0.40, p < 0.05 (moderate-to-strong structured signal; 6 of 8). Gemma-3-12B, Llama-3.1-8B,
and Llama-3.2-1B lacked sufficient cumulative data and are excluded.
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G Direction-Specificity Control Results

Full results for Experiment 5 (norm-matched and shuffled controls); summarized in §4.5.

Model Best NM  Shuffled Ratio

Qwen2.5-0.5B  0.236  0.250 0.252  0.944 x
Qwen2.5-3B 0.028 0.051 0.051  0.548x

Gemma-2-2B  0.125 0.161 0.161  0.779x

Llama-3.2-1B 0.201 0.244 0.239  0.827x
Llama-3.2-3B  0.093 0.174 0.176  0.535x

Table 11: Direction-specificity controls. NM = norm-matched Gaussian (30 seeds); Ratio = Best/NM (< 1 =
direction-specific). Bold: ratio < 0.55x%.

H Category-Level Localization Heatmap

Mid-third dominance across all 11 BBQ social-group categories; referenced in §4.1.
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Figure 7: BBQ category-level localization heatmap. Each cell shows which third (first/mid/last) achieves the lowest
bias score for a given model—category pair. Mid-third dominance (red) holds across 10 of 11 BBQ categories in 9 of
11 models; Socioeconomic Status (SES) is the exception, showing first-third dominance (7 of 11 models). We report
SES as a documented exception without attributing it to a specific mechanism (§4).
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I BBQ-MMLU Dissociation: Visualizations
Three complementary visualizations of the BBQ-MMLU dissociation result (§4.4).
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Figure 8: Bias-capability dissociation arrow plot. Each arrow originates from the full-vector baseline (0, 0) and
ends at the (AL-BBQ, AMMLU) coordinate of the ablation condition. Mid-third removal arrows (rightward,
—>) shift primarily along the bias axis with negligible MMLU cost; first-third removal arrows (downward, — | >)
show the largest MMLU losses in the Gemma-2 models with near-zero bias change; this capability-side pattern
is not universal across the displayed models. Two hero trajectories anchor the dissociation: Llama-3.2-3B —mid
(AL-BBQ = +0.215, AMMLU = —0.048) and Gemma-2-9B —first (AMMLU = —0.350, AL-BBQ = 0).
Last-third removal (faded) is negligible in both dimensions. fLlama-3-8B included; MMLU anomaly noted in §4.4.
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Figure 9: BBQ-MMLU double dissociation shown as line curves across block conditions. (a) Block Removal:
red lines (left axis) = L-BBQ score; blue lines (right axis) = MMLU accuracy. Red shading marks —Mid (BBQ
spikes across all models); blue shading marks —First (largest MMLU losses in the Gemma-2 models; not universal
across the displayed models). (b) Block-Only Injection: red shading marks Mid-only (lowest BBQ); blue shading
marks First-only (highest MMLU recovery). The two shaded regions fall on different conditions in both panels,
confirming functional separation of bias-suppression and capability-encoding layer ranges.
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(a) Block Removal (necessity) (b) Block-Only Injection (sufficiency)
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Figure 10: BBQ-MMLU double dissociation (scatter). Each point is a block-removal or block-only condition.
Mid-third removal moves right (more bias) with minimal MMLU cost; first-third removal causes the largest MMLU
losses in the Gemma-2 models with minimal BBQ change.
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J Scale Effect on Best-Layer Localization

Per-layer L-BBQ heatmap for the Qwen model family, illustrating the capacity-threshold analysis in §4.5.
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Figure 11: Per-layer L-BBQ z-score heatmap for the four Qwen model sizes. Each row is one model; columns are
ten equal-width bins of normalized layer depth. Color encodes the z-scored per-layer bias under AW; injection (blue
= below-average bias, debiasing; red = above-average bias, amplifying). Diffuse-signal models (Qwen2.5-0.5B,
Qwen2.5-1.5B; top) show no consistent mid-third localization; structured-signal models (Qwen2.5-3B, Qwen2.5-
14B; bottom) show a clear debiasing band in the mid-third (0.33-0.67), consistent with a soft, architecture-modulated
capacity threshold between 1.5B and 3B (§4.5).
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K Necessity Analysis: Block Removal

Per-model block removal results (BBQ and MMLU) for five representative models with full BBQ+MMLU
data; full 11-model BBQ results in Table 4.
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Figure 12: Block removal necessity experiment across five representative models. Top: L-BBQ score after omitting
each third’s AW contribution (base weights retained, W = Whase + Zigblock AW;; §3). Removing the mid-third
consistently produces the largest increase in bias score, confirming that mid-third layers are necessary for bias
suppression. Bottom: Corresponding MMLU accuracy under the same removal conditions. General-knowledge
performance degrades modestly under mid-third removal but remains well above chance, indicating that the mid-
third bias role is not merely a proxy for overall model capability.
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L Sign-flip Symmetry: Paired Bar Comparison

Paired bar view of + AW, vs. —AW; injection across five models (LLlama-3-8B excluded; its sign-flip
result inverts unexpectedly, consistent with the MMLU anomaly in §4.4); complements the per-layer
scatter in Appendix E.
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Figure 13: Sign-flip symmetry: paired bars across five models evaluated at each model’s best injection layer
(L-BBQ score averaged across all 11 social-group categories). Gray = Baseline (base model); Blue = + AW
(alignment direction, suppresses bias); Orange = —AW (sign-flip). +AW reduces bias below baseline in all five
models. —AW raises bias above baseline in four of five; Llama-3.2-1B shows a near-neutral sign-flip response
(A = —0.007). Llama-3-8B excluded: its sign-flip anomaly (sign-flip < alignment < base) is consistent with its
MMLU-anomaly profile (§4.4).
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Removal Injection

Model full —first —mid —last only-first only-mid only-last
Mistral-7B 0.0869 0.0426 0.1779 0.0848  0.1688 0.0385 0.0714
Mistral-Small-24B  0.0054 0.0508 0.0569 0.0055 0.0549 0.0533 0.1264
Qwen2.5-32B 0.0000 0.0001 0.0033 0.0001  0.0085 0.0001 0.0040

Gemma-4-31B 0.0006 0.0079 0.0944 0.0002 0.0824 0.0008  0.0800

Table 12: L-BBQ score (lower is less biased) for the four additional models, full 58,492-item BBQ. Bold marks the
largest-bias removal (necessity) and the lowest-bias single-third injection (sufficiency) within each row.

Model full —first —mid —last
Mistral-7B 0.499 0.542 0.523 0.498
Mistral-Small-24B  0.773 0.762 0.766 0.773
Qwen2.5-32B 0.822 0.823 0.824 0.821

Gemma-4-31B 0.679 0.725 0.664 0.685

Table 13: MMLU accuracy for the four additional models with MMLU data (Im-eval-harness fixed evaluation set).
The BBQ-MMLU dissociation is one-directional here: mid-third removal, which is BBQ-critical (Table 12), moves
MMLU by at most 2.4 pp in any of the four, and where it lowers MMLU at all the loss is at most 1.5 pp.

M Generalization to New Families and Larger Scales

Status of this appendix. The main text reports the primary controlled set: 11 same-release base—
instruction pairs, so that AW isolates the alignment step. The four models introduced here are also
same-release pairs, but were added after the primary set was finalized; they test whether the mid-third
result reproduces outside that set, on a family the main text never touches (Mistral) and at a scale it does
not reach (24-32B). We therefore report them as a separate extension and do not merge them into any
main-text table. Appendix N uses the same four models and raises the resolution from block level to
per-layer analysis rather than adding coverage.

Setup. Four additional models: Mistral-7B (Jiang et al., 2023), Mistral-Small-24B (Mistral Al, 2025),
Qwen2.5-32B (Yang et al., 2024), and Gemma-4-31B (Gemma Team, 2026). Each is a same-release base—
instruct pair: Mistral-7B-v0.1 / Mistral-7B-Instruct-v0.1, Mistral-Small-24B-Base-2501 / -Instruct-2501,
Qwen2.5-32B / -Instruct, and gemma-4-31B / -it. Protocol is identical to the main text (§3): unscaled
AW injection, bf16, no quantization, and the full BBQ set of 58,492 items — no subsampling — for
every model and every condition. Layer thirds use the same ¢, = |n/3], ta = [2n/3] split.

Result. Necessity replicates in all four models, including the new Mistral family and both >31B models.
Sufficiency replicates in all four as well. The two large models behave as expected but with different
magnitudes: Gemma-4-31B shows a large necessity effect (0.0006 — 0.0944), whereas Qwen2.5-32B is
directional only — its base model is already close to unbiased on BBQ (0.00005), so all its effects are
small in absolute terms even though their ordering is correct. Mistral-Small-24B likewise orders correctly
with a narrow margin (0.0533 only-mid vs. 0.0549 only-first). We state these calibration caveats rather
than reporting only the ordering.
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Model Layers Thirds (first/mid/last) Bestlayer Best L-BBQ Third means (first/mid/last) Lowest

Mistral-7B 32 0-9/10-20/21-31  L18 (mid) 0.0364 0.0766 /0.0533 / 0.0622 mid
Mistral-Small-24B 40 0-12/13-25/26-39 L15 (mid) 0.1072 0.1279/0.1254 / 0.1305 mid
Qwen2.5-32B 64 0-20/21-41/42-63  L37 (mid) 0.0045 0.0089/0.0067 / 0.0085 mid
Gemma-4-31B 60 0-19/20-39/40-59  L57 (last) 0.0231 0.0458 /0.0377 / 0.0523 mid

Table 14: Per-layer single-layer injection sweeps for the four additional models (L-BBQ, full 58,492-item BBQ;
lower is less biased). Bold marks the lowest third mean. The mid-third has the lowest mean L-BBQ in all four
models. The best single layer is mid-third in three of four; in Gemma-4-31B the global minimum is L57 (last third,
0.0231), numerically near-tied with the best mid-third layers (L26 at 0.0233, L27 at 0.0235), while the last-third
mean is inflated by the final two layers (L58 0.106, L59 0.132).

Model mid — first mid — last

Mistral-7B —0.0234 [—0.0252, —0.0215] —0.0089 [—0.0106, —0.0072]
Mistral-Small-24B  —0.0024 [—0.0051, +0.0002] —0.0050 [—0.0077, —0.0023]
Qwen2.5-32B —0.0021 [—0.0024, —0.0018] —0.0017 [—0.0020, —0.0014]
Gemma-4-31B —0.0081 [—0.0093, —0.0069] —0.0146 [—0.0158, —0.0132]

Table 15: Bootstrap 95% Cls for the per-layer third-mean contrasts (L-BBQ), B = 10,000, stratified by category.
Bold = interval excludes zero. Negative values mean the mid-third mean is lower (less biased).

N Per-layer Resolution for the Additional Models

Appendix M establishes the block-level result for the four additional models. Here we raise the resolution
to individual layers: for each model we inject each layer’s AW; alone and score the full 58,492-item
BBQ set under L-BBQ (Eq. 2), exactly as in the main-text sufficiency sweep (§3); protocol is otherwise
unchanged (unscaled AW injection, bf16, no subsampling). This is 32 4+ 40 + 64 + 60 = 196 single-layer
conditions. Table 14 summarizes the sweeps and Figure 14 shows the full curves.

Confidence intervals. Table 15 reports 95% bootstrap Cls for the two third-mean contrasts, mid—first
and mid—last, using the same stratified multinomial bootstrap as Appendix P (B = 10,000, stratified
by BBQ category; independent draws across layers, hence conservative). All eight point estimates are
negative, and seven of the eight confidence intervals exclude zero. The single exception is the mid—first
contrast of Mistral-Small-24B ([—0.0051, +0.0002]), the same model already flagged in Appendix M for
its narrow block-level margin; its mid—last contrast does exclude zero.

These sweeps provide higher-resolution evidence consistent with the block-level result. These four
same-release pairs were added after the primary 11-model set was finalized and are therefore reported as a
separate extension (Appendix M).
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Figure 14: Per-layer L-BBQ under single-layer AW; injection for the four additional models. Shading marks the
mid-third; the dotted line is the full-AW score; the dashed line marks the best (lowest) single layer. Qwen2.5-32B
shows the mid-third minimum observed in the main-text sweeps; Gemma-4-31B shows a contiguous mid-third low
region (L23-1.29) with a near-tied isolated minimum at L57 and a sharp rise over the final two layers.
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Model Family full —first —mid —last

Qwen2.5-0.5B Qwen 437 +2.3 +1.1 404
Qwen2.5-1.5B Qwen 560 —-0.0 +0.5 +04

Qwen2.5-3B Qwen 638 +0.3 —-0.8 +40.3
Qwen2.5-14B Qwen 789 —-04 -1.0 -0.2
Gemma-2-2B Gemma 49.6 —-124 —-6.7 +0.9
Gemma-2-9B Gemma 63.6 —35.0 —-3.9 -0.5
Gemma-3-12B Gemma 570 -75 —-6.8 —-04
Llama-3.2-1B Llama 39.6 +2.6 —13.5 +42.7
Llama-3.2-3B Llama 564 —-1.0 —4.8 -—-0.2
Llama-3.1-8B Llama 645 -15 —-0.5 +40.1
Llama-3-8B Llama 252 +5.0 +2.0 -0.1
Mistral-7B Mistral 499 +4.3 424 —0.1
Mistral-Small-24B  Mistral 77.3 —-1.2 —-0.7 -0.1
Qwen2.5-32B Qwen 822 +40.1 +0.2 -0.1

Gemma-4-31B Gemma 679 +4.6 —1.5 +40.6

Table 16: MMLU under block removal across 15 models. full is absolute accuracy (%); the removal columns are
differences from full in percentage points. The large first-third capability cost is confined to Gemma-2/3. Mid-third
removal is not uniformly cheap either — Llama-3.2-1B loses 13.5 pp — so the dissociation is a claim about the four
models of Table 6, where both benchmarks were measured under matched conditions, and not a claim about all 15.

O Family Dependence of the First-Third MMLU Effect

The main text reports that removing the first-third can collapse MMLU while leaving BBQ nearly
unchanged. Table 16 shows that this is not a property of the first-third in general but of specific
architectures. Within the controlled set the separation is complete: the three Gemma models are ranks
1-3 of MMLU loss (—35.0, —12.4, —7.5 pp; mean —18.3), while the eight non-Gemma models average
+0.9 pp — that is, first-third removal slightly improves MMLU outside Gemma. No non-Gemma model
in the controlled set loses more than 1.5 pp.

Scale is a confound at 31B. Gemma-4-31B does not show the effect (+4.6 pp), but it is also far larger
than the Gemma models in the controlled set (2-9B), so this single point cannot separate a scale effect
from an architecture effect. The Mistral lineage provides evidence consistent with scale-associated
weakening: the mid-minus-first localization gap drops by an order of magnitude from Mistral-7B to
Mistral-Small-24B while its direction is preserved, although model and checkpoint differences between
the two releases prevent attributing this to scale alone. We therefore do not read the Gemma-4-31B null
result as evidence against the dissociation itself, which is stated only for the version-matched controlled
set (Table 6) and does not depend on why the effect is absent at 31B. We accordingly scope the claim
to the architectures and scales in which it is observed and do not present first-third removal as a general
capability lesion. This is also why the abstract and introduction state the MMLU collapse conditionally.
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Model

necessity (—mid — full)

sufficiency (only-mid — base)

vs. base (—mid — base)

Qwen2.5-0.5B  4-0.0783 [4-0.0678, +0.0891] —0.0466 [-0.0612, —0.0319] —0.0814 [—0.0945, —0.0678]
Qwen2.5-1.5B  40.1179 [4-0.1051, +0.1306] —0.0865 [—-0.1002, —0.0730] —0.0199 [—0.0354, —0.0047]
Qwen2.5-3B +0.0188 [4-0.0165, +0.0212] —0.0510 [-0.0557, —0.0465] —0.0327 [-0.0379, —0.0276]
Qwen2.5-14B  4-0.0066 [4-0.0054, +0.0077] —0.0121 [-0.0141, —0.0100] —0.0055 [—0.0078, —0.0032]
Gemma-2-2B  4-0.1687 [4-0.1582, +0.1791] —0.1479 [-0.1584, —0.1374] +0.0238 [4-0.0095, 4+-0.0383]
Gemma-2-9B  4-0.0574 [4-0.0538, +0.0613] —0.1160 [-0.1235, —0.1085] —0.0595 [—0.0680, —0.0510]
Gemma-3-12B  4-0.0687 [4-0.0633, +0.0741] —0.0746 [-0.0830, —0.0663] —0.0236 [—0.0330, —0.0143]
Llama-3.2-1B  40.1114 [+0.0995, +0.1232] —0.1708 [-0.1829, —0.1588] —0.0468 [—0.0613, —0.0324]
Llama-3.2-3B  4-0.2146 [+0.2036, +0.2253] —0.1559 [—0.1644, —0.1473] 4-0.0732 [4-0.0598, +0.0866]
Llama-3.1-8B  +0.0301 [+0.0249, 4+-0.0354] —0.0546 [—0.0637, —0.0457] —0.0505 [—0.0597, —0.0412]
Llama-3-8B +0.1149 [4-0.1033, +0.1267] —0.0622 [-0.0720, —0.0527] +0.0576 [+-0.0464, +-0.0692]

Table 17: Bootstrap 95% Cls on the L-BBQ score, B = 10,000, stratified by category. Bold = interval excludes
zero. Necessity is significant and positive in 11 of 11; sufficiency is significant and negative in 11 of 11. The third
column is the active-suppression test: all 11 intervals exclude zero, but the sign is what matters — it is positive in
exactly 3 (Gemma-2-2B, Llama-3.2-3B, Llama-3-8B), the three models reported in the main text, and negative in
the other 8, which remain less biased than base even without the mid-third. Contrast intervals use independent draws
rather than paired ones; since the paired correlation is positive, this widens the intervals and is conservative. TThe
base condition here is the zero-injection control (an apply/unapply round trip), not the base model read directly; this
control runs 0.001-0.002 higher, so the active-suppression test is if anything understated. Every contrast marked
significant also survives Bonferroni correction for 11 models.

P Bootstrap Confidence Intervals

Table 17 gives 95% bootstrap confidence intervals for the three central contrasts on the 11-model controlled
set. Resampling is stratified by BBQ category over the 29,246 ambiguous items with B = 10,000
replicates.
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Block removal Block-only
Model Scorer —first/ —mid / —last first / mid / last

Qwen2.5-3B L-BBQ 0.000/0.019/0.000 0.034/0.001/0.029
Official 0.037/0.125/0.037 0.156/0.042/0.139

Gemma-2-9B L-BBQ 0.001/0.057/0.000 0.040/0.001/0.124
Official 0.031/0.157/0.024 0.148/0.031/0.121

Llama-3-8B  L-BBQ 0.056/0.182/0.062 0.175/0.063/0.134
Official 0.071/0.101/0.068 0.097 / 0.068 / 0.136

Table 18: Ambiguous-context bias under L-BBQ and the official polarity-aware BBQ scorer, computed from
identical predictions for three models. Bold marks the largest block-removal score (necessity) and the lowest
block-only score (sufficiency). Results are limited to the shown models and block-level conditions.

Q Robustness to the Official BBQ Scorer

L-BBQ assigns its biased/anti-biased labels without regard to question polarity (§3.2), whereas the
official BBQ scorer of Parrish et al. (2022) reverses the two roles for non-negative questions. To test
whether the paper’s block-level conclusions depend on this choice, we re-scored the same per-example
predictions under an independent reimplementation of the official metadata- and polarity-aware scorer. The
reimplementation was validated exhaustively against the pinned reference implementation (Im-evaluation-
harness v0.4.11, BBQ task utilities): across all 58,492 x 3 = 175,476 (example, candidate) cases it agrees
with the reference on every case, with zero mismatches in every category, polarity, and context condition.

The three models of the main-text panel (Figure 1) — Qwen2.5-3B, Gemma-2-9B, and Llama-3-8B —
were re-scored on the block-level conditions: the three block removals and the three single-third injections,
on the full 58,492-item BBQ set with per-example predictions saved. The check covers necessity (which
third, when removed, raises bias most) and sufficiency (which third, injected alone, gives the lowest bias)
for all three evaluated models, and, for Llama-3-8B specifically — the one model among the three whose
outer-only removal raises bias above the unaligned base (§5.2) — whether the active-suppression verdict
itself is preserved (below). We report official-score robustness only for these block-level conditions and
do not extend the claim to the exact per-layer profiles. Table 18 reports the necessity and sufficiency
scores computed from identical predictions.

Response-mapping exception. The original implementation assigned L-BBQ labels by matching the
selected answer’s group description against the stereot yped_groups metadata. Due to surface-form
discrepancies between some answer descriptions and metadata labels, a condition-dependent subset of
non-UNKNOWN predictions did not receive a biased or anti-biased label and was consequently excluded
from V. This behaviour was an implementation-level exception rather than part of the intended L-BBQ
definition. Across the 33 robustness conditions for the three evaluated models, the unassigned rate ranged
from 0.69% to 20.05%, with a prediction-weighted mean of 8.22%.

To assess the sensitivity of our conclusions to this exception and to the scoring definition, we rescored the
same predictions using a metadata-aware, polarity-aware implementation verified against Im-evaluation-
harness v0.4.11. The block-level necessity and sufficiency conclusions were preserved for all three evalu-
ated models — Qwen2.5-3B, Gemma-2-9B, and Llama-3-8B — although the absolute score magnitudes
differed. The active-suppression verdict is a separate matter and is not preserved for Llama-3-8B under
this rescoring; we report that divergence explicitly below rather than extending the necessity/sufficiency
robustness claim to it. This analysis serves as a targeted robustness check and does not replace the
exhaustive L-BBQ per-layer sweeps across all 11 models.

Active suppression is scorer-sensitive for Llama-3-8B. The audit definition (§5.2) is Fail if outer-
only bias exceeds the unaligned base; we compare the two quantities under both scorers, from the
same predictions. Under L-BBQ, outer-only bias (0.182) exceeds the unaligned base (0.125) by +46%,
matching the audit failure already reported for this model (Table 5). Under the official scorer, the same
predictions give outer-only = 0.101 against base = 0.132 — the verdict flips to Pass. The reversal
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reflects scorer-dependent shifts in both quantities: the unaligned base rises slightly (0.125 — 0.132),
whereas outer-only decreases substantially (0.182 — 0.101), reversing the sign of their margin. Necessity
and sufficiency remain scorer-consistent for all three evaluated models. For Llama-3-8B, the active-
suppression audit is scorer-sensitive: the outer-only model exceeds the unaligned base under L-BBQ
but not under the official scorer. We therefore restrict the official-score robustness claim to block-level
necessity and sufficiency and do not claim scorer robustness for the active-suppression audit.
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