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Abstract

Language models exhibit positional bias on
multiple-choice benchmarks, scoring the same
question differently depending on which posi-
tion holds the correct answer. Existing work
measures the bias at the output and corrects
it by shuffling option orders, but does not ex-
plain where in the network it originates. Us-
ing causal activation patching with a formal-
ized Average Indirect Effect (AIE) metric, we
trace the layer-by-layer formation of positional
commitment across three model families and
benchmarks. Positive causal mass concentrates
in early-to-mid layers (normalized depth be-
low 0.60) for the higher-capacity models tested,
with Pearson correlations above 0.89 across
nine model-dataset conditions and three out-
put metrics, and the localization is stable under
multi-layer windowed patching. A controlled
factorization that permutes option labels and
option order independently shows this profile
tracks the label-identity component of the bias
rather than generic order sensitivity. Sublayer
decomposition reveals MLP-dominated early
layers (about 59%) and attention-dominated
mid-layers (about 76%), consistent with label
information being integrated through attention
after semantic content is encoded by MLPs.
Negative controls show no detectable early-
layer separation between robustly correct and
bias-manifesting questions, supporting a shared
answer-commitment pathway rather than a ded-
icated bias circuit and explaining why output-
level shuffling stabilizes scores without altering
internal preference.

1 Introduction

When a language model is given a multiple-choice
question, the answer it produces should depend
on the content of the options, not on whether the
correct option happens to be labeled A or D. In
practice, this is not what happens. The same model
on the same question can answer correctly when the
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options are presented in one order and incorrectly
when they are cyclically rotated. This phenomenon,
known as positional bias, has been documented
across MMLU, ARC-Challenge, HellaSwag, and
other standard benchmarks (Zheng et al., 2024;
Pezeshkpour and Hruschka, 2024; Wei et al., 2024),
and it raises a basic concern about whether bench-
mark scores measure the abilities they are designed
to measure.

The standard response in the evaluation litera-
ture is to apply corrections at the output, shuffling
options across runs, averaging predictions over
cyclic permutations, or calibrating output proba-
bilities (Zhao et al., 2021; Xue et al., 2024; Choi
et al., 2025; Yoon et al., 2025). Whether such cor-
rection is principled depends on where the bias
forms. If positional bias is a shallow distortion
arising at the final softmax, output-level calibration
addresses it at its source; if the bias is integrated
into intermediate representations long before the
output, calibration masks an internal property of the
computation, and a different kind of intervention is
needed. Distinguishing these possibilities requires
identifying where, within the residual stream, the
commitment to a positional preference is formed.
We address this question using causal activation
patching with the Average Indirect Effect (AIE) as
the primary metric (Vig et al., 2020; Meng et al.,
2022), which assigns a quantitative causal score to
each layer’s contribution to the model’s prediction.

Our contributions are fourfold: (i) a permutation-
invariant AIE formulation whose conclusions hold
across three output metrics (Pearson r > 0.89) and
under multi-layer windowed patching; (ii) large-
scale all-pairs validation (up to N = 1,142 bias-
manifesting questions) showing that early-layer
causal dominance is not an artifact of question or
pair selection; (iii) a controlled factorization identi-
fying the label-identity component as the primary
carrier of the early-to-mid profile, together with a
staged MLP-to-attention attribution pattern consis-
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tent across the three tested decoder-only families;
and (iv) negative controls establishing that posi-
tional bias travels through the general commitment
pathway shared with correct prediction, which re-
frames debiasing as a head-level problem within
the mid-layer attention zone, for which a per-head
screening supplies initial candidate heads.

2 Related Work

Positional bias in multiple-choice evaluation is well
documented (Zheng et al., 2024; Pezeshkpour and
Hruschka, 2024; Wei et al., 2024). Mitigation
has largely operated at the output, through cali-
bration (Zhao et al., 2021), strengthened symbol
binding (Xue et al., 2024), auxiliary options (Choi
et al., 2025), and order-invariant encodings (Yoon
et al., 2025), with a smaller line intervening on in-
ternal representations (Yu et al., 2025; Wang et al.,
2025b); these approaches quantify or reduce the
bias but leave open where in the network it forms.

Closest to our setting, Wiegreffe et al. (2025)
attributed answer-symbol prediction in formatted
multiple-choice answering to a few middle layers
and their self-attention mechanisms. That analy-
sis characterizes answer selection in general; the
present work conditions on bias manifestation, con-
trasting bias-manifesting questions with robustly
correct and robustly wrong controls to ask why the
selected answer depends on option order, a distinc-
tion between shared and dedicated circuitry that an
unconditioned analysis of answer selection cannot
draw. Our methodology follows the causal medi-
ation and activation-patching tradition (Vig et al.,
2020; Meng et al., 2022; Zhang and Nanda, 2024;
Heimersheim and Nanda, 2024), and the staged
organization we observe connects to accounts of
feed-forward layers as key-value memories (Geva
et al., 2021, 2022), to head-level circuit analyses
such as induction heads (Elhage et al., 2021), and
to the causal localization of factual recall in mid-
layer MLPs (Meng et al., 2022); Appendix A gives
a fuller survey.

3 Background and Formal Setup

The experimental logic can be stated before the
formalism. For a question the model answers cor-
rectly under one cyclic rotation of its options and
incorrectly under another, we replace activations
of the incorrect run with those of the correct run,
one layer at a time; the depth at which restora-
tion succeeds reveals where the decisive commit-

ment forms, the attention/MLP decomposition re-
veals which component carries it, and comparisons
against robustly correct and robustly wrong ques-
tions reveal whether that commitment is specific to
the bias. The remainder of this section formalizes
these quantities.

3.1 Multiple-Choice Evaluation and
Positional Bias

Let Q denote a set of multiple-choice questions.
Each question q ∈ Q consists of a prompt pq and
four answer options {o1, o2, o3, o4}, exactly one of
which is correct. The standard evaluation protocol
presents these options in a fixed order and queries
the language model for the probability of each op-
tion token (Robinson and Wingate, 2023), selecting
the highest-probability option as the model’s an-
swer.

Definition 1 (Positional Preference). A modelM
exhibits positional preference on question q if there
exists a permutation σ ∈ S4 of the option ordering
such that M answers correctly under the origi-
nal ordering but incorrectly under σ, where the
incorrect answer corresponds to the same absolute
position that was correct in the original ordering.

We operationalize this through cyclic rota-
tions. For a question with options (o1, o2, o3, o4),
the k-th cyclic rotation produces the ordering
(o1+k, o2+k, o3+k, o4+k) with indices taken mod-
ulo 4. A question is bias-manifesting if the model
answers correctly under at least one rotation and
incorrectly under at least one other rotation. A
cyclic rotation jointly permutes the option labels,
their relative order, and their surface positions; Sec-
tion 5.4 separates these factors experimentally and
shows that the causal profile measured under cyclic
rotation tracks the label-identity component.

Let Π(q) = {r0, r1, r2, r3} denote the set of four
cyclic rotations of question q. DefineQbias ⊆ Q as
the set of bias-manifesting questions.

3.2 Residual Stream Decomposition

A transformer (Vaswani et al., 2017) with L layers
processes input tokens through a residual stream.
At each layer l ∈ {0, 1, . . . , L − 1}, the hidden
state is updated by two sublayer operations.

Definition 2 (Residual Stream Update). Let hl ∈
Rd denote the residual stream state at the final
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sequence position after layer l. The update rule is:

hattn
l = hl−1 + Attnl(hl−1) (1)

hl = hattn
l + MLPl(h

attn
l ) (2)

where Attnl denotes the self-attention sublayer and
MLPl denotes the feedforward sublayer at depth l.

This decomposition is the foundation of the
sublayer attribution analysis. By patching either
the full residual stream hl, the attention output
Attnl(hl−1), or the MLP output MLPl(h

attn
l ), we

can measure the causal effect transmitted through
each sublayer type at each depth (Elhage et al.,
2021).

The final prediction is obtained by applying the
unembedding matrix WU ∈ R|V|×d to hL−1:

logitv = WU [v, :] · hL−1 (3)

where v indexes vocabulary tokens.

3.3 Output Metrics over Answer Options

For the correct answer token t∗ of a question q,
we use three output metrics: the restricted soft-
max over the four option tokens (M1), the full-
vocabulary softmax (M2), and the raw logit (M3),

PM1(t
∗ | q) = exp(logitt∗)∑4

j=1 exp(logittj )
, (4)

PM2(t
∗ | q) = exp(logitt∗)∑

v∈V exp(logitv)
, (5)

and SM3(t
∗ | q) = logitt∗ , where {t1, . . . , t4} are

the option tokens of the current rotation. M3 is
a score rather than a probability; the label is kept
for uniform notation. If M1 inflated early-layer
estimates through restricted normalization, the con-
clusions would be metric-dependent; Section 5.1
addresses this concern. We write fM when a deriva-
tion applies uniformly across the three metrics.

3.4 Causal Activation Patching and the AIE

Causal activation patching is the operation of re-
placing an intermediate activation in one forward
pass (the corrupted run) with the corresponding
activation from a different forward pass (the clean
run), then measuring the resulting change in out-
put (Zhang and Nanda, 2024; Heimersheim and
Nanda, 2024). Because the residual stream is cumu-
lative, restoring an activation at layer l also changes
the input to every subsequent layer; the resulting
effect is therefore the total causal effect of that

activation through the model’s downstream compu-
tation, rather than a measure of information locally
encoded at layer l. Section 5.3 shows that the result-
ing localization is robust to patching granularity.

Definition 3 (Patching Operation). Let hclean
l and

hcorr
l denote the residual stream states at layer l

under the clean and corrupted forward passes re-
spectively. The patched probability at layer l is:

Ppatch(t
∗ | q, l) =

PM1(t
∗ | hl ← hclean

l , corrupted context) (6)

where the arrow denotes substitution of the activa-
tion at layer l while all other activations follow the
corrupted forward pass.

Definition 4 (Average Indirect Effect at Layer l).
For a bias-manifesting question q with clean rota-
tion rc (a rotation where the model is correct) and
corrupted rotation rd (a rotation where the model
is wrong):

AIEl(q) = Ppatch(t
∗ | q, l)− PM1(t

∗ | rd) (7)

The Average Indirect Effect at layer l across Qbias

is:
AIEl =

1

|Qbias|
∑

q∈Qbias

AIEl(q) (8)

A positive AIEl indicates that patching layer l’s
residual stream with clean activations causally re-
stores the correct prediction. A negative value in-
dicates that patching suppresses the correct predic-
tion. The suppression phenomenon is analyzed in
Section 6.1.

3.5 Early Fraction and H1
Definition 5 (Early Fraction). Let l̂ = 0.6L denote
the early-layer threshold at 60% of total depth. The
Early Fraction is:

EarlyFrac =

∑⌊l̂⌋
l=0max(AIEl, 0)∑L−1
l=0 max(AIEl, 0)

(9)

This metric measures the fraction of total positive
causal mass that resides in the first 60% of the
network. The denominator sums only positive con-
tributions, so EarlyFrac ∈ [0, 1].

The threshold is expressed in normalized depth
so that models with different layer counts are di-
rectly comparable, and 0.6L separates the early-
to-mid region, where answer commitment could
plausibly form, from the final third of the network,
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where output construction dominates; Appendix D
verifies that the conclusions are stable across a
neighborhood of this choice.
Definition 6 (Hypothesis H1). H1 states that
EarlyFrac ≥ τ where τ = 0.30 is the primary
threshold. To guard against degenerate cases
where all positive mass is near zero, we addition-
ally require

∑L−1
l=0 max(AIEl, 0) ≥ 0.01 (the To-

talPosAIE guard).
Definition 7 (Total Positive AIE).

TotalPosAIE =
L−1∑

l=0

max(AIEl, 0) (10)

A value of TotalPosAIE < 0.01 flags cases where
the AIE signal is so small that the EarlyFrac esti-
mate is not meaningful.

3.6 Sublayer Attribution
To decompose causal mass between attention and
MLP components, we define the fractional attribu-
tion at each layer.
Definition 8 (Attention Attribution Fraction).

AttnFracl =
|AIEattn

l |
|AIEattn

l |+ |AIEmlp
l |

(11)

where AIEattn
l is computed by patching only the

attention sublayer output and AIEmlp
l by patching

only the MLP sublayer output. The denominator
uses absolute values to measure relative magnitude
of contribution regardless of sign.

We aggregate this measure over three depth
zones. Let ZE = [0, 0.33L), ZM =
[0.33L, 0.66L), and ZL = [0.66L,L) denote the
early, mid, and late zones respectively. The zone-
level attribution is:

AttnFracZ =
1

|Z|
∑

l∈Z
AttnFracl (12)

3.7 Representational Incompatibility
The negative AIE values observed in late layers
require a separate mechanistic account. We hypoth-
esize (H-suppress) that late-layer representations
are too context-specific to transfer across permu-
tation contexts, creating interference rather than
restoration.
Definition 9 (Cosine Distance between Clean and
Corrupted Streams).

CosDist(l, q) = 1− hclean
l (q) · hcorr

l (q)

∥hclean
l (q)∥ · ∥hcorr

l (q)∥
(13)

The H-suppress hypothesis predicts that
CosDist(l, q) is larger in late layers than in early
layers, and that this increased cosine distance is
associated with more negative AIEl.

Definition 10 (Cosine Distance Ratio).

CDRatio =
CosDistZL

CosDistZE

(14)

where CosDistZ is the mean cosine distance over
all questions and all layers in zone Z. H-suppress
predicts CDRatio > 2 when late-layer negative
AIE is observed.

4 Experimental Setup

4.1 Models

We evaluate three transformer-based instruction-
tuned language models representing distinct archi-
tectural families. Llama-3.2-3B-Instruct is a 28-
layer grouped-query attention (GQA) model from
Meta with d = 3072. SmolLM3-3B is a 36-layer
model from HuggingFace with d = 3072. Qwen3-
1.7B is a 28-layer GQA model from Alibaba with
d = 2048.

These families differ in attention grouping ratio,
MLP activation function, and positional-encoding
parameterization, enabling cross-architecture com-
parison. Qwen3-4B additionally enters the
patching-granularity, label-factorization, suppres-
sion, and negative-control analyses (Sections 5.3,
5.4, 6.1, and 6.2); Qwen3-8B and the base variants
of Qwen3-4B and Qwen3-8B enter the scale and
post-training analysis in Appendix B. The attention-
versus-MLP decomposition uses Qwen3-1.7B,
Llama-3.2-3B-Instruct, and SmolLM3-3B; includ-
ing Qwen3-1.7B, which rejects H1 on MMLU and
ARC-Challenge, tests whether the sublayer organi-
zation holds independently of where positive causal
mass accumulates.

4.2 Datasets

We evaluate on three benchmarks. MMLU
(Hendrycks et al., 2021) spans 57 academic sub-
jects with four-choice questions; we use a 2,500-
question subsample of the full test set for large-
scale analysis. ARC-Challenge (Clark et al., 2018)
consists of grade-school science questions; we use
the complete test partition of 1,172 questions. Hel-
laSwag (HSwag) (Zellers et al., 2019) evaluates
commonsense reasoning with four-choice sentence
completion; we use 200-question samples from the
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validation set. This selection covers factual recall,
scientific reasoning, and commonsense inference
across a range of difficulty levels.

4.3 Pair Selection and All-Pairs Averaging
A methodological concern with causal patch-
ing for positional bias is the choice of which
clean/corrupted pair to use per question. For a
bias-manifesting question with k correct rotations
and 4− k incorrect rotations, there are k× (4− k)
valid pairs. Taking only the first pair introduces an
arbitrary dependency on iteration order.

We address this by averaging AIE profiles over
all valid pairs per question:

AIEl(q) =
1

|P(q)|
∑

(c,d)∈P(q)

AIEl(q, c, d) (15)

where P(q) is the set of all valid (clean rota-
tion, corrupted rotation) pairs for question q. This
eliminates selection bias and provides a more sta-
ble estimate. The final mean profile is AIEl =
|Qbias|−1

∑
q AIEl(q).

4.4 Bootstrap Confidence Intervals
We compute 95% bootstrap confidence intervals
(CIs) for EarlyFrac by resampling questions with
replacement B = 2,000 times and recomputing
EarlyFrac for each bootstrap sample. Statistical sig-
nificance for H1 is declared when the lower bound
of the 95% CI exceeds τ = 0.30.

4.5 Implementation Details
All experiments use PyTorch with the HuggingFace
Transformers library in float16 precision. Patch-
ing intercepts and replaces the relevant activation
during the forward pass; full-residual patching re-
places the block output, and attention-only and
MLP-only patching replace the respective sublayer
output before the residual addition (Equations 1
and 2). Multi-seed runs are reported as mean ±
standard deviation, and full implementation details
appear in Appendix L.

5 Results

5.1 Metric Robustness
Because the restricted softmax metric M1 could in
principle inflate early-fraction estimates through
normalization effects, we compute AIE profiles
under all three metrics from a single patched for-
ward pass per layer, so the profiles are evaluated on
identical patched states.

Model Dataset EFM1 EFM2 EFM3 H1 Agreement

Qwen3-1.7B MMLU 0.194 0.193 0.145 No Agree
Qwen3-1.7B ARC-C 0.178 0.176 0.047 No Agree
Qwen3-1.7B HSwag 0.500 0.532 0.506 Yes Agree
SmolLM3-3B MMLU 0.719 0.716 0.755 Yes Agree
SmolLM3-3B ARC-C 0.671 0.666 0.672 Yes Agree
SmolLM3-3B HSwag 0.785 0.803 0.836 Yes Agree
Llama-3.2 MMLU 1.000 1.000 1.000 Yes Agree
Llama-3.2 ARC-C 1.000 1.000 1.000 Yes Agree
Llama-3.2 HSwag 1.000 1.000 1.000 Yes Agree

Table 1: EarlyFrac under three output metrics (M1 re-
stricted softmax, M2 full-vocabulary softmax, M3 raw
logit) for all nine model-dataset combinations. EF val-
ues are means over three seeds.

Figure 1 overlays the three metric profiles for
each model, averaged across datasets and seeds;
the curves are nearly coincident in all nine model-
dataset combinations, so the shape of the AIE pro-
file is consistent across the three metric variants.

Table 1 reports the EarlyFrac values under
each metric. All nine model-dataset combinations
show three-way agreement on whether H1 is sup-
ported. Llama-3.2-3B-Instruct returns EarlyFrac =
1.000 across all three metrics. SmolLM3-3B and
Qwen3-1.7B (HellaSwag) support H1 under all
three metrics, while Qwen3-1.7B on MMLU and
ARC-Challenge rejects H1 under all three. The
agreement indicates that any rejection is metric-
independent rather than a normalization artifact.
Pairwise profile correlations confirm agreement at
the layer-location level: r(M1,M2) > 0.998 in
every condition and r(M1,M3) ranges from 0.899
to 0.996. Detailed correlation values are reported
in Appendix C.

5.2 Large-Scale Validation of Early-Layer
Causal Dominance

To establish that early-layer causal dominance
holds at scale and under the all-pairs averaging
protocol, we evaluate Llama-3.2-3B-Instruct and
SmolLM3-3B on 2,500 MMLU questions and the
full 1,172-question ARC-Challenge test set, av-
eraging AIE over all valid pair combinations per
question as in Equation 15.

The depth-decile AIE profiles (Figure 4, Ap-
pendix E) are nearly identical under the two meth-
ods, indicating that the first valid-pair approach did
not systematically favor the proposed hypothesis;
across both models and both datasets, the profiles
show near-zero AIE in deciles D1 to D4, a sharp
positive peak at D5 or D6, and strongly negative
values thereafter.

Table 2 reports the key metrics. EarlyFrac re-
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Figure 1: Normalized AIE profiles for Qwen3-1.7B, SmolLM3-3B, and Llama-3.2-3B-Instruct under three metric
variants (M1: restricted softmax, M2: full-vocabulary softmax, M3: raw logit), averaged across MMLU, ARC-
Challenge, and HellaSwag and normalized to unit maximum absolute value. The dashed vertical line marks the
l = 0.6L threshold.

Model Dataset Nbias EF 95% CI TPA H1

Llama-3.2 MMLU 1142 1.000 [1.00, 1.00] 0.118 Yes
Llama-3.2 ARC-C 351 1.000 [1.00, 1.00] 0.163 Yes
SmolLM3-3B MMLU 1031 0.685 [0.673, 0.699] 0.373 Yes
SmolLM3-3B ARC-C 296 0.681 [0.661, 0.699] 0.613 Yes

Table 2: Large-scale all-pairs averaged results for
Llama-3.2-3B-Instruct and SmolLM3-3B. EF is Ear-
lyFrac, TPA is TotalPosAIE.

mains at or above the H1 threshold in every con-
dition, with Nbias up to 1,142 and tight bootstrap
intervals, and Gini coefficients of 0.82 to 0.90 indi-
cate that causal mass concentrates in a small num-
ber of layers.

Stratifying bias-manifesting questions by pre-
ferred answer position does not reveal significant
variation in EarlyFrac with which absolute posi-
tion the model prefers; full chi-squared results are
reported in Appendix G.

5.3 Robustness to Patching Granularity

If the early-to-mid localization reflected down-
stream consumption of an arbitrary early pertur-
bation rather than the depth at which commitment
forms, jointly patching wider contiguous windows
of layers should shift or dilute the profile. Table 3
reports patching of contiguous two- and three-layer
blocks on Qwen3-4B (100 questions per dataset).
The windowed profiles remain highly correlated
with the single-layer profile (r ≥ 0.848), and the
early-to-mid concentration strengthens as the win-
dow widens (EarlyFrac 0.727→ 0.837 on MMLU,
0.673→ 0.885 on HellaSwag), so the localization
is not an artifact of patching granularity.

Dataset Window EF 95% CI Peak r w/ single

MMLU single 0.727 [0.445, 0.870] 0.639 1.000
MMLU 2 layers 0.794 [0.553, 0.904] 0.611 0.883
MMLU 3 layers 0.837 [0.651, 0.921] 0.583 0.848
HSwag single 0.673 [0.413, 0.809] 0.583 1.000
HSwag 2 layers 0.806 [0.641, 0.927] 0.556 0.939
HSwag 3 layers 0.885 [0.773, 0.956] 0.528 0.897

Table 3: Patching-granularity control on Qwen3-4B. EF
is EarlyFrac (M1); Peak is the normalized depth of the
positive AIE peak; r is the correlation with the single-
layer profile.

5.4 Disentangling Label Preference from
Order Sensitivity

Cyclic rotation jointly permutes option labels, rel-
ative order, and surface positions. Two controlled
conditions on Qwen3-4B separate these factors: a
label-only condition fixes option content and or-
der while permuting the label assignment, and a
position-only condition fixes the labels while per-
muting the surface order of the options. Table 4
shows that the label-only profile closely tracks the
standard cyclic profile (r = 0.918 on MMLU,
0.894 on HellaSwag), whereas the position-only
condition produces a qualitatively different late-
peaking profile that is strongly anti-correlated with
it (r = −0.955 and −0.936). The early-to-mid
concentration measured under cyclic rotation is
therefore primarily aligned with the label-identity
component of the bias, so the phenomenon local-
ized here is best described as a label-associated
preference expressed under order permutation.
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Dataset Cyclic Label Position r(lab) r(pos)

MMLU 0.727 0.622 0.048 0.918 −0.955
HSwag 0.673 0.633 0.114 0.894 −0.936

Table 4: Label/order factorization on Qwen3-4B: Ear-
lyFrac under the cyclic, label-only, and position-only
conditions, and layerwise correlations of the latter two
with the cyclic profile.

5.5 Staged MLP-to-Attention Attribution
Pattern

Decomposing AIE into attention sublayer and MLP
sublayer contributions reveals the staged organi-
zation of processing across model families (Geva
et al., 2021, 2022). Table 5 reports zone-level at-
tribution averaged over datasets and seeds for the
three model families used in the decomposition
experiment: Qwen3-1.7B, Llama-3.2-3B-Instruct,
and SmolLM3-3B.

Figure 2 shows the stacked attribution bars
across all model families. The pattern is consis-
tent. Early layers are MLP-dominated, with an av-
erage early-zone attention fraction of 0.413 across
the three architectures, so MLP accounts for ap-
proximately 59% of early-layer causal attribution.
Mid-layers shift to attention-dominated process-
ing, with an average mid-zone attention fraction
of 0.759 across the nine model-dataset conditions,
so attention accounts for approximately 76% of
mid-layer attribution. This 35-percentage-point
shift from MLP to attention between the early and
mid zones holds at the family-averaged level for
all three model families, including Qwen3-1.7B.
Among the nine individual conditions, Qwen3-
1.7B on HellaSwag is the one departure, with near-
balanced mid-zone attribution (attention fraction
0.499); the remaining eight conditions show clear
mid-zone attention dominance.

Qwen3-1.7B rejects H1 on MMLU and ARC-
Challenge, yet its decomposition follows the same
MLP-early, attention-mid organization: the staged
sublayer pattern appears even where positive causal
mass peaks later than the EarlyFrac threshold, so
H1 status and sublayer organization vary indepen-
dently.

In all nine model-dataset combinations, the
attention-only peak layer precedes the MLP-only
peak layer (0.518L versus 0.929L for Llama-3.2-
3B-Instruct, 0.528L versus 0.713L for SmolLM3-
3B, and 0.607L versus 0.768L for Qwen3-1.7B on
MMLU). This ordering is consistent with attention,

Model Zone AttnFrac MLPFrac Dom.

Qwen3-1.7B†
Early 0.408 0.592 MLP
Mid 0.697 0.303 Attn
Late 0.420 0.580 MLP

Llama-3.2
Early 0.420 0.580 MLP
Mid 0.814 0.186 Attn
Late 0.353 0.647 MLP

SmolLM3-3B
Early 0.410 0.590 MLP
Mid 0.772 0.228 Attn
Late 0.525 0.475 Attn

Cross-arch. early avg. 0.413 0.587 MLP
Cross-arch. mid avg. 0.759 0.241 Attn

Table 5: Zone-level attention versus MLP attribu-
tion fractions for three model families, averaged over
MMLU, ARC-Challenge, and HellaSwag. †Qwen3-
1.7B rejects H1 on MMLU and ARC-Challenge (Ear-
lyFrac below 0.30). Cross-arch. early/mid avg. denote
cross-architecture averages computed across all nine
model-dataset conditions.

the sublayer through which positional structure en-
ters the residual stream (Su et al., 2024; Voita et al.,
2019), integrating option-label information at mid-
depths, after which MLP layers process the inte-
grated representation.

The Pearson correlation between per-layer
attention-AIE and MLP-AIE profiles is near zero
in all conditions (ranging from −0.244 to +0.179;
see Appendix J), indicating that the two sublayer
types do not act as linearly redundant copies of
the same signal. Sensitivity of H1 to the threshold
parameters τ and c is examined in Appendix D;
H1 holds across the default neighborhood for
SmolLM3-3B and Llama-3.2-3B-Instruct.

6 Analysis

6.1 Late-Layer Representational
Incompatibility

Late-layer patching produces strongly negative
AIE values across all models, a pattern con-
sistent with late-layer representations being too
context-specific to transplant across permutation
contexts (Liu et al., 2024; Hsieh et al., 2024). Late
and early layers separate cleanly in the AIE–cosine-
distance plane, with late layers combining high
clean–corrupted cosine distance with negative AIE
and early layers showing the opposite pattern (Fig-
ure 5, Appendix H).

Table 6 reports cosine distance ratios (late zone
divided by early zone) for each model and dataset.
The ratios range from 1.84× to 12.45× across the
six tested conditions. Five of the six conditions ex-
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Figure 2: Stacked bar charts showing attention (red) and MLP (blue) fractional attribution of positional bias AIE by
normalized layer depth bin, for Llama-3.2-3B-Instruct, Qwen3-1.7B, and SmolLM3-3B averaged across all three
datasets. The dashed vertical line marks l = 0.6L.

Model Data dearly dlate Ratio AIElate

Llama-3.2 MMLU 7.1× 10−3 3.8× 10−2 5.39 −0.081
Llama-3.2 HSwag 1.7× 10−2 5.0× 10−2 2.94 −0.097
Qwen3-4B MMLU 1.9× 10−3 2.4× 10−2 12.45 −0.079
Qwen3-4B HSwag 6.1× 10−3 2.3× 10−2 3.72 −0.064
SmolLM3-3B MMLU 6.9× 10−3 5.4× 10−2 7.81 −0.074
SmolLM3-3B HSwag 2.3× 10−2 4.3× 10−2 1.84 −0.039

Table 6: Cosine distance between clean and corrupted
residual streams in early and late zones, with the late-to-
early ratio and mean late-zone AIE.

ceed the H-suppress threshold of CDRatio > 2; the
sixth (SmolLM3-3B on HellaSwag, ratio 1.84×)
shows negative late-zone mean AIE of −0.039, in-
dicating that suppression is also observed at a ratio
below 2. Qwen3-4B on MMLU shows the largest
observed ratio at 12.45×, corresponding to a late-
zone mean AIE of −0.079. Llama-3.2-3B-Instruct
shows a ratio of 5.39× on MMLU with late-zone
mean AIE of −0.081.

When a clean late-layer representation is injected
into a corrupted context forward pass, the represen-
tation is optimized for a different option ordering
than the one currently being processed. Rather than
restoring the model’s attention to the correct op-
tion, it redirects probability mass to wrong options.
The redistribution is selective rather than uniform:
across the six tested conditions, patching at late
layers produces negative ∆P (correct) paired with
positive ∆P (wrong) rather than a simultaneous
drop in all option probabilities. Detailed redistribu-
tion values are reported in Appendix H.

6.2 Negative Controls and the Shared
Semantic Commitment Pathway

Whether the early causal mass is specific to posi-
tional bias determines its interpretation. A signal
present only for bias-manifesting questions would
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Figure 3: Early AIE fraction per question group for
Qwen3-4B and SmolLM3-3B on ARC-Challenge and
MMLU. G1a/G1b/G1c are bias-manifesting groups (1/4,
2/4, 3/4 rotations correct), G2 is robustly correct (4/4),
and G3 is robustly wrong (0/4). The red dashed line
marks the H1 threshold of 0.30. Error bars show stan-
dard deviation across seeds.

indicate a dedicated early bias circuit, whereas a
signal shared with robustly correct questions would
indicate general semantic commitment, of which
positional bias is one manifestation.

Figure 3 shows EarlyFrac per group. Table 7 re-
ports the quantitative values. Bonferroni-corrected
permutation tests do not detect a significant dif-
ference at early layers between bias-manifesting
questions (G1, mean EarlyFrac ≈ 0.63 to 0.77 for
SmolLM3-3B) and robustly correct questions (G2,
mean EarlyFrac ≈ 0.67 to 1.00), with p = 1.000
at l/L ≤ 0.40. Only robustly wrong questions (G3,
mean EarlyFrac = 0.007 to 0.035) show near-zero
early AIE, and both G1 and G2 differ strongly from
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Model Data G1 EF G2 EF G3 EF

SmolLM3-3B MMLU 0.674± 0.019 0.667± 0.471 0.035± 0.006
SmolLM3-3B ARC-C 0.651± 0.000 1.000± 0.000 0.024± 0.002
Qwen3-4B MMLU 0.190± 0.075 1.000± 0.000 0.007± 0.007
Qwen3-4B ARC-C 0.204± 0.010 0.964± 0.050 0.015± 0.000

Table 7: EarlyFrac (mean ± std across seeds) for bias-
manifesting (G1), robustly correct (G2), and robustly
wrong (G3) question groups.

G3 at mid and late layers; full p-value tables are
reported in Appendix I.

The early-layer AIE signal does not track po-
sitional preference specifically; it tracks whether
the model has a content-based answer to commit
to. Questions the model cannot resolve at all (G3)
show no early AIE because there is no content-
based answer being committed to. Questions the
model resolves correctly regardless of option or-
der (G2) show high early AIE for the same reason
as bias-manifesting questions, since both involve
content commitment. Positional bias arises when
this shared early commitment incorporates a label-
associated prior (Section 5.4), not from a separate
early-layer mechanism dedicated to positional pref-
erence.

The decomposition analysis identifies normal-
ized depth 0.33 to 0.66 as the zone where atten-
tion mechanisms dominate and where positional
integration occurs. Three consequences follow for
intervention design. First, output-level shuffling
and averaging reduce the visible effect of the bias
on benchmark scores but do not change the model,
since the positional preference is formed on every
forward pass and the averaging only cancels its
effect across runs. Output-level corrections are suf-
ficient when the goal is reliable benchmark scores
but insufficient when the goal is a model that does
not encode positional preference internally (Wang
et al., 2024c,b, 2025a). Second, because the mid-
layer attention zone is shared with the semantic
commitment pathway for correctly answered ques-
tions, suppressing this zone wholesale would trade
correctness for unbiasedness. Third, these results
motivate analysis at the level of individual attention
heads within this zone (Wang et al., 2023; Conmy
et al., 2023), targeting the attention patterns that en-
code option labels rather than option content, with
sensitivity to option permutation versus option con-
tent as the discriminating evidence.

A per-head screening comparing AIE on bias-
manifesting (G1) versus robustly correct (G2) ques-
tions for Qwen3-4B and Qwen3-8B takes the first

step in this direction, surfacing candidate heads
near normalized depth 0.61 whose effects appear
for G1 but not G2 and thereby narrowing the
intervention target to concrete components (Ap-
pendix K). Beyond the main model range, the early-
to-mid concentration extends to Qwen3-4B on all
three datasets and to Qwen3-8B on HellaSwag, and
base variants commit more shallowly than their
post-trained counterparts (Appendix B).

7 Conclusion

Causal activation patching with a permutation-
invariant AIE metric localizes the formation of po-
sitional bias in multiple-choice evaluation to the
early-to-mid residual stream (normalized depth be-
low 0.60) for the higher-capacity models tested;
the conclusion holds across three output metrics
(r > 0.89), under multi-layer windowed patching,
and at scale. Attribution within this range is MLP-
dominated early (≈ 59%) and attention-dominated
at mid-depth (≈ 76%) across the three tested fami-
lies.

A factorization that permutes option labels and
option order independently shows that the causal
profile tracks the label-identity component of the
bias rather than generic order sensitivity. Negative
controls detect no early-layer separation between
bias-manifesting and robustly correct questions,
while robustly wrong questions carry no early sig-
nal, indicating that the early causal mass reflects
the model’s commitment to a content-based an-
swer, into which a label-associated prior is inte-
grated, rather than a dedicated bias circuit. This
shared pathway explains why output-level shuf-
fling stabilizes benchmark scores without altering
the model’s internal preference, and why late-layer
patching suppresses rather than restores correct pre-
dictions.

Because the bias-carrying commitment shares
its pathway with correct prediction, suppressing
the mid-layer attention zone wholesale would trade
accuracy for unbiasedness; the results instead mo-
tivate head-level analysis within the zone at nor-
malized depth 0.33 to 0.66, where the per-head
screening already identifies candidate heads. Es-
tablishing targeted interventions on these heads,
and extending the scale and base-model checks re-
ported here toward frontier models, are the natural
next steps.
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Limitations

The main analysis covers instruction-tuned mod-
els in the 1.7B–4B parameter range across three
architecture families, with preliminary checks on
Qwen3-8B and on base variants of Qwen3-4B
and Qwen3-8B; the 8B evidence is clear on Hel-
laSwag, weak on MMLU, and inconclusive on
ARC-Challenge, where only ten bias-manifesting
questions were available, and frontier-scale models
remain unexamined. The decomposition is reported
at the sublayer level, and the head-level screening
identifies candidate heads without demonstrating
an intervention. The 1.7B versus 4B comparison
documents a scale-dependent shift in commitment
depth; a capacity reading of this shift is consis-
tent with the data but is confounded with training-
data, tokenizer, and architectural differences be-
tween the compared models. Because the residual
stream is cumulative, patching effects are total ef-
fects through downstream computation, and finer
attribution to circuits within layers requires addi-
tional analysis. The label/order factorization in-
dicates that the cyclic-rotation profile is primarily
aligned with label identity, but it does not exhaust
all interactions between option semantics, labels,
and prompt formatting.
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A Extended Related Work

A.1 Positional Bias in Multiple-Choice
Evaluation

The phenomenon studied here has been docu-
mented under several closely related names. Zheng
et al. (2024) showed that large language models
exhibit a systematic preference for particular op-
tion positions on multiple-choice benchmarks, and
Pezeshkpour and Hruschka (2024) reported sub-
stantial accuracy variation under permutation of
option ordering on MMLU and other datasets. Wei
et al. (2024) examined the phenomenon as a com-
bination of order-related and token-related sensitiv-
ities.

A separate axis of this literature concerns how
the answer probability is read off from the model.
Robinson and Wingate (2023) compared first-
token symbol-probability scoring against cloze-
style probability of the option text and reported
that the two procedures can yield different rank-
ings. Wang et al. (2024c) found that, for instruction-
tuned models, the first-token probability over op-
tion labels can disagree with the model’s free-form
text answer; Wang et al. (2024b) reported that
text-answer-based evaluation can give a different
and in some cases more stable picture of multiple-
choice performance than first-token scoring. Wang
et al. (2025a) argued that language models may ap-
proach multiple-choice question answering in part
by eliminating clearly wrong options rather than
by directly identifying the correct one. Our use
of three output metrics, restricted softmax (M1),
full-vocabulary softmax (M2), and raw logit (M3),
addresses the first-token-scoring axis of this liter-
ature, but our analysis is concerned with where in
the network positional preference is formed rather
than with which output-side probability to use.

A.2 Mitigation Approaches

Most existing mitigation work operates at the out-
put. Zhao et al. (2021) proposed contextual calibra-
tion to remove surface-form biases (majority-label,
recency, and common-token effects) from few-shot
in-context predictions. Within the multiple-choice
setting specifically, Xue et al. (2024) introduced
strengthened symbol binding for more reliable se-
lection, Choi et al. (2025) combined node pruning
with auxiliary options, Yang et al. (2025) investi-
gated and mitigated option-symbol bias, and Yoon
et al. (2025) addressed order sensitivity through
order-invariant input encoding. These methods re-

duce the visible effect of positional bias on bench-
mark scores but do not directly characterize where
in the model the bias is encoded.

A smaller body of work intervenes inside the
model. Yu et al. (2025) identified a single hidden-
state channel associated with positional preference
and proposed scaling that channel to mitigate the
bias. Wang et al. (2025b) proposed a mecha-
nistic intervention to reduce position bias in lan-
guage models. Our work is complementary to this
internal-intervention line: rather than proposing an
intervention, we provide a layer-resolved causal ac-
count of where the bias-relevant signal accumulates
and how attention and MLP sublayers contribute,
which we view as a prerequisite for principled head-
or channel-level mitigation.

A.3 Mechanistic Interpretability and Causal
Patching

Our methodology builds on the causal mediation
and activation-patching tradition. Vig et al. (2020)
introduced causal mediation analysis to study bias
in language models. Meng et al. (2022) used causal
tracing to localize factual associations and identi-
fied mid-layer MLPs at the subject token’s last
position as key sites for factual recall in GPT-style
models. Geiger et al. (2021) formalized causal ab-
stractions of neural networks. Zhang and Nanda
(2024) and Heimersheim and Nanda (2024) pro-
vide best-practice guidance for activation patching,
including the choice of metrics and the interpreta-
tion of negative effects, both of which inform our
use of the AIE metric and our analysis of late-layer
suppression.

The interpretation of attention versus MLP roles
draws on prior work on transformer internals.
Geva et al. (2021) characterized transformer feed-
forward layers as key-value memories, and Geva
et al. (2022) described feed-forward layers as build-
ing predictions by promoting concepts in the vo-
cabulary space. Elhage et al. (2021) provided the
mathematical framework for analyzing transformer
circuits in terms of attention and MLP contribu-
tions. Wiegreffe et al. (2025) applied vocabu-
lary projection and activation patching to format-
ted multiple-choice answering, localizing answer-
symbol prediction to a few middle layers and their
attention mechanisms; Section 2 discusses how our
bias-conditioned design differs from that uncon-
ditioned analysis. The MLP-early, attention-mid
staged organization we observe for positional com-
mitment is consistent with this picture, with early
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feed-forward layers carrying semantic-content sig-
nal and mid-layer attention integrating positional
structure on top of it.

A.4 Other Forms of Positional Bias

Positional bias outside the multiple-choice setting
has also been studied. In language-model-as-judge
evaluation, Wang et al. (2024a) showed that mod-
els exhibit systematic position-dependent prefer-
ences when comparing two responses, and Shi
et al. (2025) provided a systematic study of po-
sition bias in this setting. In long-context retrieval,
Liu et al. (2024) documented the “lost in the mid-
dle” phenomenon, in which relevant information
at the middle of a long context is utilized less than
information at the ends, and Hsieh et al. (2024)
addressed this by calibrating positional attention
bias. These positional biases are mechanistically
distinct from multiple-choice option-position bias,
involving much longer effective sequence lengths
and different task structures, but the present work
suggests that, at least for option-position bias in
short multiple-choice prompts, the locus lies in
the early-to-mid residual stream rather than at the
output softmax.

B Model-Specific Behavior

B.1 The Llama-3.2 Extreme Case

Llama-3.2-3B-Instruct produces EarlyFrac =
1.000±0.000 across all three datasets and all three
output metrics. This arises because the positive
AIE profile is concentrated at a single normalized
depth near 0.48 to 0.50L, after which AIE becomes
strongly negative in all subsequent layers. Since
EarlyFrac counts only positive mass, and all posi-
tive mass falls before the 0.6L threshold, the metric
returns 1.000 by construction.

TotalPosAIE = 0.118 to 0.163 on MMLU and
ARC-Challenge confirms the signal is non-trivial.
The sharpness of the single positive peak at 0.48L
paired with the magnitude of negative suppression
at deeper layers reflects a version of the staged
commitment pattern in which the positional integra-
tion event is sharply localized and the subsequent
late-layer divergence is severe. SmolLM3-3B (Ear-
lyFrac ≈ 0.68 to 0.78, more distributed positive
mass) represents the other end of the same spec-
trum.

B.2 The Qwen3 Scale Dependence

The Qwen3-1.7B model rejects H1 on MMLU (Ear-
lyFrac = 0.143, 95% CI = [0.007, 0.468]) and
ARC-Challenge (EarlyFrac = 0.178, 95% CI =
[0.018, 0.322]) while supporting it on HellaSwag
(EarlyFrac = 0.500, 95% CI = [0.333, 0.925]).1

The Qwen3-4B model, sharing the same architec-
ture family with increased parameter count, pro-
duces EarlyFrac = 0.515 on MMLU and 0.615 on
HellaSwag, supporting H1 in both conditions. The
increase from 0.143 (1.7B MMLU) to 0.515 (4B
MMLU) corresponds to a difference of 0.372.

The mean EarlyFrac across both datasets is
0.369 for Qwen3-1.7B and 0.565 for Qwen3-4B,
a difference of +0.196. This pattern is compati-
ble with a scale-related shift in commitment depth,
with the larger model committing to semantic and
label representations earlier in its residual stream.
One reading is that the 1.7B model has insuffi-
cient capacity to form stable mid-layer commit-
ments on the knowledge-intensive MMLU and
ARC-Challenge tasks, while HellaSwag’s common-
sense format admits earlier commitment at that
scale; this reading is consistent with the data but is
confounded with training-data, tokenizer, and archi-
tectural differences between the compared models,
so the comparison does not isolate capacity as the
cause.

The depth-decile profiles provide additional evi-
dence. For Qwen3-1.7B averaged over MMLU and
HellaSwag, decile D7 carries a positive mean AIE
of +0.038, in contrast to the negative values at D7
to D10 seen in all other models. For Qwen3-4B,
D7 carries −0.001 on MMLU and the profile tran-
sitions to strongly negative at D8 (−0.092), match-
ing the suppression pattern. The 4B model shows
an early peak followed by late suppression; the
1.7B model shows a more diffuse positive profile
extending into D7 before suppression.

The attribution decomposition experiment was
conducted on Qwen3-1.7B, Llama-3.2-3B-Instruct,
and SmolLM3-3B. Despite Qwen3-1.7B reject-
ing H1 on MMLU and ARC-Challenge, its MLP-
early, attention-mid attribution pattern holds, with
early-zone Attn = 0.399 (MMLU) and mid-zone

1Values in this appendix come from the single-seed four-
model sensitivity analysis (N = 200 questions per dataset),
which compares Qwen3-1.7B and Qwen3-4B under matched
conditions. The Qwen3-1.7B/MMLU value of 0.143 therefore
differs from the three-seed mean of 0.194 in Table 1; both
reject H1 at the τ = 0.30 threshold and the bootstrap CIs of
the two estimates overlap.
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Model Dataset Nbias EF (M1) 95% CI H1

Qwen3-4B MMLU 50 0.701 [0.353, 0.885] Yes
Qwen3-4B ARC-C 27 0.607 [0.292, 0.734] Yes
Qwen3-4B HSwag 80 0.570 [0.383, 0.697] Yes
Qwen3-8B MMLU 44 0.342 [0.073, 0.597] Weak
Qwen3-8B ARC-C 10 0.161 [0.069, 0.438] Inconcl.
Qwen3-8B HSwag 68 0.673 [0.547, 0.759] Yes

Table 8: Scale extension for instruction-tuned Qwen3-
4B and Qwen3-8B (seed 42, 120 questions per dataset).
The ARC-Challenge condition at 8B is inconclusive due
to the small number of bias-manifesting questions.

Attn = 0.789 (MMLU). The staged architecture is
present in Qwen3-1.7B; the scale limitation affects
the timing of commitment (where positive causal
mass accumulates) rather than the fundamental or-
ganization of sublayer processing.

Two aspects of the Qwen3-1.7B behavior war-
rant additional note. First, the HellaSwag condi-
tion for Qwen3-1.7B shows EarlyFrac = 0.500,
supporting H1, while MMLU and ARC-Challenge
do not. This asymmetry is consistent with the ca-
pacity reading above, since HellaSwag’s common-
sense format demands less domain knowledge and
is more amenable to early commitment at the 1.7B
scale. Second, the rejection of H1 by Qwen3-1.7B
on two of three datasets is a limitation of the uni-
versality claim.

B.3 Larger Models and Base Variants

An extension covering Qwen3-4B, Qwen3-8B,
and their base (non-instruction-tuned) counterparts
probes behavior beyond the 1.7B–3B range (single
seed, 120 questions per dataset, protocol otherwise
identical). Table 8 reports the tuned-model results.
Qwen3-4B supports early-to-mid causal concen-
tration on all three datasets. Qwen3-8B supports
it clearly on HellaSwag and weakly on MMLU;
ARC-Challenge yields only ten bias-manifesting
questions at this scale, too few for a stable esti-
mate. Across all twelve model-dataset conditions
in the extension, the layerwise M1–M2 Pearson
correlation is at least 0.997, so the profiles are not
normalization artifacts at these scales either.

Base variants show consistently shallower early
fractions than their post-trained counterparts (Ta-
ble 9): for Qwen3-4B, EarlyFrac drops from
0.701 to 0.334 on MMLU, from 0.607 to 0.150
on ARC-Challenge, and from 0.570 to 0.266 on
HellaSwag. Post-training thus deepens early com-
mitment, while the causal-localization framework
itself applies to both regimes.

Dataset Post-trained EF Base EF

MMLU 0.701 0.334
ARC-C 0.607 0.150
HSwag 0.570 0.266

Table 9: Qwen3-4B versus its base variant. Base models
show shallower early fractions across all three datasets.

C Extended Metric Robustness Results

Table 10 reports the full pairwise profile correla-
tion results for all three metric pairs across all nine
model-dataset combinations. The M1-M2 corre-
lation exceeds 0.998 in all cases, indicating that
restricted and full-vocabulary softmax produce es-
sentially identical AIE shapes. The M1-M3 Pear-
son correlation ranges from 0.899 to 0.996, with
the lower bound occurring for ARC-Challenge on
SmolLM3-3B, where the profile shape is similar
but raw logit magnitudes differ more from normal-
ized probabilities.

Model Data r(M1,M2) ρ(M1,M2) r(M1,M3) ρ(M1,M3)

Qwen3-1.7B MMLU 1.000 0.995 0.939 0.903
Qwen3-1.7B ARC-C 1.000 0.996 0.909 0.704
Qwen3-1.7B HSwag 0.999 0.992 0.986 0.841
SmolLM3-3B MMLU 1.000 0.992 0.950 0.939
SmolLM3-3B ARC-C 0.999 0.989 0.899 0.945
SmolLM3-3B HSwag 0.998 0.971 0.950 0.970
Llama-3.2 MMLU 0.999 0.996 0.996 0.950
Llama-3.2 ARC-C 1.000 0.992 0.988 0.945
Llama-3.2 HSwag 1.000 0.984 0.991 0.874

Table 10: Full pairwise profile correlations (Pearson r
and Spearman ρ) between M1-M2 and M1-M3 AIE pro-
files for all nine model-dataset combinations, averaged
over three seeds.

The Qwen3-1.7B M1-M3 correlation of 0.939
on MMLU and 0.909 on ARC-Challenge, despite
the H1 rejection, indicates that the three metrics
agree on the shape of the AIE profile even when the
profile does not have its positive mass concentrated
in early layers. The H1 rejection is a property
of where the mass is located, not a disagreement
among metrics about the profile shape.

D Threshold Sensitivity

The choice of τ = 0.30 and c = 0.60 for the
H1 hypothesis could be questioned as post-hoc.
We address this with a 7× 7 sensitivity grid over
τ ∈ {0.25, 0.30, 0.35, 0.40, 0.45, 0.50, 0.55} and
c ∈ {0.40, 0.45, 0.50, 0.55, 0.60, 0.65, 0.70}.

For SmolLM3-3B on MMLU, H1 is supported
in 23/49 grid cells. For Llama-3.2-3B-Instruct
on MMLU, H1 is supported in 41/49 cells. The
default setting (τ = 0.30, c = 0.60) falls within the
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support region for both SmolLM3-3B and Llama-
3.2-3B-Instruct. Table 11 shows H1 support across
τ values at the fixed c = 0.60 cutoff, indicating
that H1 holds for SmolLM3-3B and Llama-3.2 at
all tested τ up to 0.55.

Model Data τ

0.25 0.30 0.35 0.40 0.45 0.50 0.55

Qwen3-1.7B MMLU N N N N N N N
Qwen3-4B MMLU Y Y Y Y Y Y N
SmolLM3-3B MMLU Y Y Y Y Y Y Y
Llama-3.2 MMLU Y Y Y Y Y Y Y

Qwen3-1.7B HSwag Y Y Y Y Y Y Y
Qwen3-4B HSwag Y Y Y Y Y Y Y
SmolLM3-3B HSwag Y Y Y Y Y Y Y
Llama-3.2 HSwag Y Y Y Y Y Y Y

Table 11: H1 support (Y/N) at fixed c = 0.60 across
seven τ values on MMLU and HellaSwag.

E Depth-Decile AIE Tables

Tables 12 and 13 report the mean AIE at each depth
decile for Llama-3.2-3B-Instruct and SmolLM3-3B
under the large-scale all-pairs protocol.

The positive peak at D5 for Llama (0.48L) and
D6 for SmolLM3 (0.58L) both fall within the early
zone. The consistently negative values from D6
to D10 (Llama) or D7 to D10 (SmolLM3) con-
firm the suppression phenomenon reported in Sec-
tion 6.1. The transition from positive to negative
AIE is sharp in both models, consistent with the in-
terpretation that late-layer representations diverge
rapidly across permutation contexts.

F Zone Attribution by Dataset

Table 14 provides the full zone-level attribution
breakdown for all model-dataset combinations
from the attention-MLP decomposition experiment,
conducted on Qwen3-1.7B, Llama-3.2-3B-Instruct,
and SmolLM3-3B.

The cross-architecture consistency of the MLP-
early, attention-mid pattern is visible across all
rows. For Qwen3-1.7B on MMLU and ARC-
C, mid-zone attention fraction (0.789 and 0.802)
substantially exceeds early-zone attention fraction
(0.399 and 0.312). For Llama-3.2, mid-zone atten-
tion reaches 0.793 to 0.855 while early-zone atten-
tion ranges from 0.329 to 0.477. For SmolLM3-3B,
mid-zone attention is 0.746 to 0.798 while early-
zone is 0.380 to 0.437.

The HellaSwag condition for Qwen3-1.7B
shows a different pattern, with nearly balanced
mid-zone attribution (0.499/0.501). This corre-
sponds to the condition where EarlyFrac is border-

line (0.500) and TotalPosAIE is lower. This obser-
vation is consistent with the scale-dependent capac-
ity interpretation, in which a 1.7B model may pro-
cess HellaSwag questions under a different regime
on this particular dataset where the transition from
MLP- to attention-dominated attribution is less pro-
nounced. Whether this reflects task-specific behav-
ior or a general limitation of 1.7B-scale processing
is not resolved by the current data and warrants
further investigation.

G Position Independence: Detailed
Results

To verify that EarlyFrac does not depend on which
absolute answer position the model prefers, bias-
manifesting questions are stratified by preferred
position (A, B, C, or D) and independence is tested
using a Pearson chi-squared test of independence
on a 2×4 contingency table. Each bias-manifesting
question is classified as H1-above (its individual
EarlyFrac ≥ 0.30) or H1-below (its individual
EarlyFrac < 0.30); rows correspond to these two
classes and columns correspond to the four position
strata:

χ2 =
∑

i∈{above,below}

∑

s∈{A,B,C,D}

(Oi,s − Ei,s)
2

Ei,s

(16)
where Oi,s is the observed question count in cell
(i, s) and Ei,s = Ni ·Ns/N is the expected count
under independence between H1 status and pre-
ferred position. A non-significant result (p > 0.05)
provides no evidence against EarlyFrac being inde-
pendent of which position the model prefers. Ta-
ble 15 reports the complete results for all model-
dataset combinations under both the all-pairs and
first valid-pair methods.

SmolLM3-3B returns p = 0.865 on MMLU and
p = 0.799 on ARC-Challenge under the all-pairs
method, both well above the significance thresh-
old. For Llama-3.2-3B-Instruct, the first valid-pair
method returns p = 0.126 on MMLU; the all-pairs
method returns p = 0.046, which is marginally
significant. The mean-profile EarlyFrac is 1.000
in every stratum (A, B, C, D) for Llama-3.2-3B-
Instruct, meaning the position-averaged AIE pro-
files locate causal mass in identical early-layer re-
gions. The marginally significant chi-squared result
arises from imbalance in the H1-above question
counts across positions (NA = 455, NB = 98,
NC = 327, ND = 262, summing the H1-above
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Llama-3.2-3B (first valid-pair)

SmolLM3-3B (all-pairs)
SmolLM3-3B (first valid-pair)
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Figure 4: Depth-decile AIE profiles for Llama-3.2-3B-Instruct and SmolLM3-3B on MMLU and full ARC-
Challenge. Solid lines show the all-pairs averaged method; dashed lines show the first valid-pair baseline. The
vertical dotted line marks the 60% depth threshold.

Data D1 D2 D3 D4 D5 D6 D7 D8 D9 D10

MMLU +0.000 +0.001 +0.002 +0.005 +0.024 −0.072 −0.077 −0.078 −0.078 −0.080
ARC-C +0.000 +0.001 +0.001 +0.002 +0.035 −0.104 −0.110 −0.111 −0.111 −0.113

Table 12: Mean AIE by depth decile for Llama-3.2-3B-Instruct using the all-pairs method on MMLU (N = 1,142)
and ARC-Challenge (N = 351). Values truncated to three decimal places.

row of the contingency table) rather than any sub-
stantive difference in where causal mass lies.

For Llama-3.2-3B-Instruct on MMLU, the mean
AIE profile within each position stratum places
all positive causal mass before 0.6L, yielding a
stratum-mean EarlyFrac of 1.000 in every stratum.
The contingency-table chi-squared test does not
operate on these stratum means but on individual-
question H1-above versus H1-below counts within
each stratum; the marginal significance (p =
0.046) reflects imbalance in those per-position
counts rather than heterogeneity in where causal
mass is located. The substantive conclusion is that
causal commitment depth does not vary systemat-
ically with the model’s preferred answer position
for Llama-3.2-3B-Instruct.

H Late-Layer Probability Redistribution

When a clean late-layer activation is patched into a
corrupted forward pass, the change in the model’s
output probabilities falls into one of two patterns.
A uniform diffusion would lower all option proba-
bilities together, including both the correct option
and the wrong options. A selective redistribution
lowers the correct-option probability while raising
the wrong-option probabilities. These two patterns
have different mechanistic implications. Uniform
diffusion is consistent with a generic loss of repre-

sentational structure, while selective redistribution
indicates that the patched activation actively redi-
rects probability mass toward incorrect answers.

Table 16 reports ∆P (correct) and the mean
∆P (wrong) for late-layer patching across all six
tested model-dataset combinations. Every condi-
tion shows the selective pattern: ∆P (correct) is
negative (ranging from −0.047 to −0.107) while
∆P (wrong) is positive (ranging from +0.016 to
+0.036). This is consistent with the representa-
tional incompatibility account in Section 6.1: late-
layer activations are specific enough to the op-
tion ordering they were produced under that, when
transplanted into a different ordering, they direct
probability toward the option that occupies the orig-
inal correct slot in the new ordering, which is in-
correct.

I Negative Control Permutation Tests

Table 17 reports Bonferroni-corrected permutation
test p-values comparing the bias-manifesting group
(G1) to the robustly correct group (G2) and the ro-
bustly wrong group (G3) at two normalized depths.
The tests were run with 10,000 permutations per
comparison.

At early layers (l/L ≤ 0.40), all G1 versus G2
comparisons return p = 1.000 after correction, pro-
viding no evidence for a difference between the
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Data D1 D2 D3 D4 D5 D6 D7 D8 D9 D10

MMLU −0.000 −0.000 −0.000 +0.001 +0.002 +0.096 −0.081 −0.082 −0.086 −0.086
ARC-C −0.000 −0.000 +0.000 +0.000 +0.003 +0.158 −0.107 −0.108 −0.112 −0.112

Table 13: Mean AIE by depth decile for SmolLM3-3B using the all-pairs method on MMLU (N = 1,031) and
ARC-Challenge (N = 296).

Model Data Zone AttnFrac MLPFrac

Qwen3-1.7B†

MMLU
Early 0.399± 0.078 0.601± 0.078
Mid 0.789± 0.064 0.211± 0.064
Late 0.430± 0.061 0.570± 0.061

HellaSwag
Early 0.513± 0.094 0.487± 0.094
Mid 0.499± 0.046 0.501± 0.046
Late 0.461± 0.047 0.539± 0.047

ARC-C
Early 0.312± 0.041 0.688± 0.041
Mid 0.802± 0.024 0.198± 0.024
Late 0.369± 0.012 0.631± 0.012

Llama-3.2

MMLU
Early 0.477± 0.065 0.523± 0.065
Mid 0.793± 0.046 0.207± 0.046
Late 0.479± 0.009 0.521± 0.009

HellaSwag
Early 0.329± 0.023 0.671± 0.023
Mid 0.795± 0.043 0.205± 0.043
Late 0.347± 0.006 0.653± 0.006

ARC-C
Early 0.455± 0.034 0.545± 0.034
Mid 0.855± 0.010 0.145± 0.010
Late 0.232± 0.060 0.768± 0.060

SmolLM3-3B

MMLU
Early 0.380 0.620
Mid 0.746 0.254
Late 0.612 0.388

HellaSwag
Early 0.437 0.563
Mid 0.771 0.229
Late 0.449 0.551

ARC-C
Early 0.413 0.587
Mid 0.798 0.202
Late 0.512 0.488

Table 14: Full zone-level attention and MLP attribution fractions for all model-dataset combinations in the attribution
decomposition experiment. †Qwen3-1.7B rejects H1 on MMLU and ARC-Challenge. Early = 0 to 33% depth, Mid
= 33 to 66%, Late = 66 to 100%.

Model Data Method χ2 p Independent?

Llama-3.2 MMLU All-pairs 8.011 0.046 Marginal
Llama-3.2 MMLU First valid-pair 5.721 0.126 Yes
Llama-3.2 ARC-C All-pairs 5.495 0.139 Yes
Llama-3.2 ARC-C First valid-pair 6.431 0.092 Yes
SmolLM3-3B MMLU All-pairs 0.734 0.865 Yes
SmolLM3-3B MMLU First valid-pair 4.442 0.218 Yes
SmolLM3-3B ARC-C All-pairs 1.009 0.799 Yes
SmolLM3-3B ARC-C First valid-pair 0.767 0.857 Yes

Table 15: Full position independence chi-squared test
results.

bias-manifesting and robustly correct AIE profiles
in the early zone. At deeper layers (l/L = 0.5
and 0.8), G1 and G2 begin to differ for SmolLM3-
3B on MMLU but show no detectable difference
for Qwen3-4B at l/L = 0.5, suggesting that the
divergence between bias-manifesting and robustly

Model Data ∆P (corr) ∆P (wrong) Type

Llama-3.2 MMLU −0.082 +0.027 Selective
Llama-3.2 HSwag −0.095 +0.032 Selective
Qwen3-4B MMLU −0.107 +0.036 Selective
Qwen3-4B HSwag −0.097 +0.032 Selective
SmolLM3-3B MMLU −0.095 +0.032 Selective
SmolLM3-3B HSwag −0.047 +0.016 Selective

Table 16: Softmax redistribution after late-layer patch-
ing. ∆P (corr) is the change in correct-option probabil-
ity; ∆P (wrong) is the mean change in wrong-option
probabilities.

correct processing emerges only near the output.
The G1 versus G3 comparisons follow the same
pattern: no detectable difference in the early zone,
strongly different at l/L = 0.8. This is the basis
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Figure 5: Scatter plots of mean AIE versus cosine distance between clean and corrupted residual streams, stratified
by layer zone (early < 0.60: blue; late ≥ 0.60: red) for Llama-3.2-3B-Instruct, Qwen3-4B, and SmolLM3-3B on
MMLU and HellaSwag. Each point represents a single layer.

Model Data Comparison l/L = 0.5 l/L = 0.8

SmolLM3-3B MMLU G1 vs G2 0.000∗∗ 0.000∗∗

SmolLM3-3B MMLU G1 vs G3 0.288 0.000∗∗

Qwen3-4B MMLU G1 vs G2 1.000 0.000∗∗

Qwen3-4B MMLU G1 vs G3 1.000 0.000∗∗

Table 17: Bonferroni-corrected permutation test p-
values comparing G1 (bias-manifesting) to G2 (robustly
correct) and G3 (robustly wrong) at mid and late nor-
malized depths. ∗∗: p < 0.01.

for the claim in Section 6.2 that the early causal
mass tracks general semantic commitment rather
than positional preference specifically.

J Sublayer Independence Analysis

Figure 6 shows the per-layer scatter of attention-
AIE versus MLP-AIE for each model and dataset,
alongside summary bar charts of zone-level attri-
bution. If attention and MLP carried the positional
bias signal as redundant copies, the per-layer val-
ues would be strongly correlated. If they carried
independent signals, the correlation would be near
zero.

Table 18 reports the Pearson correlation between
the attention-AIE and MLP-AIE profiles for each
model-dataset combination. The values range from
−0.244 to +0.179, all close to zero. The two sub-
layer types therefore do not act as linearly redun-
dant copies of the same signal; their per-layer con-
tributions vary largely independently across depth,
consistent with the staged interpretation in Sec-

tion 5.5: MLP layers contribute primarily during
the early content-representation phase, and atten-
tion layers contribute primarily during the mid-
layer positional integration phase, with little over-
lap in the per-layer pattern.

Model Dataset r(Attn, MLP) Relationship

Qwen3-1.7B MMLU −0.020 Near-zero correlation
Qwen3-1.7B HellaSwag −0.244 Near-zero correlation
Llama-3.2 MMLU 0.179 Near-zero correlation
Llama-3.2 HellaSwag 0.068 Near-zero correlation
SmolLM3-3B MMLU −0.134 Near-zero correlation
SmolLM3-3B HellaSwag 0.070 Near-zero correlation

Table 18: Pearson correlation between per-layer
attention-AIE and MLP-AIE profiles for each model-
dataset combination.

K Head-Level Screening

To narrow the intervention target identified in
Section 6.2, we compare per-head AIE on bias-
manifesting (G1) versus robustly correct (G2) ques-
tions. For each attention head, the head’s output at
the final token position is patched individually and
the resulting AIE is computed separately for the
two groups. Heads whose causal effect is present
for G1 but absent or reversed for G2 are candi-
dates for carrying the label-associated component
rather than option content. Table 19 lists repre-
sentative candidates; all lie near normalized depth
0.61, inside the mid-layer attention zone identified
by the sublayer decomposition. The screening is a
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Figure 6: Mechanistic attribution analysis. Top row: bar charts of mean (±std) attention versus MLP |AIE| fraction
per depth zone for each model. Top right: Pearson r between attention-AIE and MLP-AIE profiles. Bottom row:
scatter plots of per-layer attention-AIE versus MLP-AIE for each model and dataset.

Model Dataset Layer (depth) Head G1 AIE G2 AIE

Qwen3-8B ARC-C 22 (0.61) 2 0.048 0.000
Qwen3-4B HSwag 22 (0.61) 10 0.007 −0.018
Qwen3-4B MMLU 22 (0.61) 0 0.016 −0.001

Table 19: Representative candidate heads from the per-
head screening. G1 and G2 columns report per-head
AIE on bias-manifesting and robustly correct questions
respectively.

diagnostic that narrows the search space for future
intervention; it does not establish that modifying
these heads reduces positional bias without harm-
ing accuracy.

L Implementation Details for
Reproducibility

Model loading. All models are loaded from
HuggingFace Hub in float16 precision with
device_map="auto". The attention implementa-
tion uses the native model attention (not Flash At-
tention 2) to ensure hook compatibility.

Prompt format. Each question is formatted as
a single string with the question stem followed
by options labeled A through D, using a standard
prompt template. The final token position is the
last token of the last option label and represents the
model’s decision state.

Hook registration. For full residual stream
patching, we register a register_forward_hook
on the output of each transformer block’s final layer
normalization. For attention-only patching, we
hook the output of the self_attn module before
the residual addition. For MLP-only patching, we
hook the output of the mlp module before the resid-
ual addition. Clean activations are stored from a
complete clean forward pass, then injected during
the corrupted forward pass by setting the hooked
activation to the stored clean value.

Cyclic permutations. Options are rotated cycli-
cally: rotation k maps option i to position (i+ k)
mod 4. The correct answer index is adjusted ac-
cordingly. Token IDs for option labels (A, B, C, D)
are extracted from the tokenizer’s vocabulary for
each model.

Hyperparameters. Batch size per forward pass
is 1 (sequential question processing). Bootstrap re-
sampling uses B = 2,000 samples for large-scale
experiments and B = 1,000 for smaller-scale ab-
lations. All threshold values (τ = 0.30, c = 0.60)
were specified in the hypothesis before data collec-
tion.

Hardware. All experiments were conducted on
a single server equipped with six GPUs.

24326



Random seeds. Multi-seed experiments use
{42, 123, 456}. Each seed controls (i) the ran-
dom subsampling of questions from each dataset
(so that the per-seed question subset differs
while the dataset itself is fixed), (ii) Python and
NumPy/PyTorch random number generators for
any sampling-dependent operations, and (iii) the
bootstrap resampling random number generator
for confidence intervals. Model forward passes
are deterministic given the question set, so across-
seed variation reflects sampling variability of which
questions enter the analysis rather than model
stochasticity. Reported mean ± std values aggre-
gate over the three seeds.

Negative control pair selection. For G2 (ro-
bustly correct) and G3 (robustly wrong) question
groups, the clean/corrupted pair is fixed as rota-
tion 0 (clean) versus rotation 2 (corrupted). This
fixed-pair design ensures that the negative control
measurement is not influenced by pair selection,
and that any observed early AIE in G2 reflects gen-
uine model processing rather than an artifact of
favorable pair choice.

M Implications for Bias Mitigation

This appendix summarizes the implications of the
causal-localization results for the design of bias-
mitigation strategies.

Location of the bias. A common assumption
treats positional bias as an output-level phe-
nomenon, in which the model computes a prob-
ability distribution over the option tokens and a
positional prior tilts that distribution at the final
layer. Under this account, subtracting the prior at
the output would be a principled correction. The
findings here are inconsistent with it. The posi-
tional preference is formed several layers before
the output and is integrated into the representation
from which the output is read, so the output distri-
bution reflects a commitment that has already been
made.

Scope of output-level shuffling. Averaging pre-
dictions over shuffled option orders is a standard
correction, and it is effective for estimating bench-
mark accuracy because position-specific errors can-
cel in aggregate. The intervention operates on the
evaluation protocol rather than on the model. The
positional preference is still formed on every indi-
vidual forward pass, and the averaging cancels its

effect only at the level of the aggregate score; ap-
plications that depend on the reliability of a single
forward pass therefore receive no benefit from it.

Formation of the commitment. The commit-
ment forms in early-to-mid layers in two distin-
guishable phases. In roughly the first third of the
network, MLP sublayers dominate the causal at-
tribution and encode the semantic content of the
question and options into the residual stream. In
roughly the second third, attention sublayers be-
come dominant and integrate option-label informa-
tion into that content. The positional commitment
is in place by the end of the mid-layers; late layers
further specialize the representation to the specific
permutation context without altering the commit-
ment, which is why patching late layers across
permutations interferes with the prediction rather
than restoring it (Section 6.1).

Interpretation of late-layer patching. Late-
layer patching produces the opposite of what a late-
stage account would predict. If the bias arose near
the output, replacing late-layer activations from
an incorrect-ordering pass with activations from
a correct-ordering pass should restore the correct
prediction; instead, the correct-option probability
decreases further. Late-layer representations are
specialized to the option ordering under which they
were produced, so an activation from a different
ordering interferes rather than transfers. The de-
cisive computation therefore occurs earlier, while
the representation is still general enough to transfer
across orderings.

Shared commitment pathway. The early-layer
signal does not constitute a dedicated positional-
bias circuit. Questions the model answers correctly
under every ordering, for which no positional sensi-
tivity is observed, exhibit the same early-layer pro-
file as questions on which the bias determines the
outcome. The signal reflects the model’s commit-
ment to a content-based answer, and positional bias
arises when that commitment incorporates label-
associated priors acquired during pretraining. Be-
cause the bias and the model’s competence share
this pathway, the pathway cannot be suppressed
wholesale without degrading correct prediction.

Zone-level suppression. A plausible interven-
tion would dampen mid-layer attention as a class,
since the decomposition locates positional integra-
tion there. Such dampening, however, would re-
duce the bias only by broadly impairing informa-
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tion integration. Robustly correct answering and
bias-manifesting answering activate the same depth
range with similar attention reliance, and the zone-
level statistics do not distinguish which questions a
given attenuation would affect most adversely.

Head-level analysis. The appropriate resolution
is therefore the individual attention head. Within
the mid-layer attention zone, some heads may carry
option-label information as their primary signal
while others carry semantic content. The per-head
screening in Appendix K surfaces candidate heads
near normalized depth 0.61 whose causal effects
appear for bias-manifesting questions but not for
robustly correct ones, and the sublayer decompo-
sition supplies both the depth range in which at-
tention dominates (normalized depth 0.33 to 0.66)
and the discriminating evidence, sensitivity to op-
tion permutation versus sensitivity to option con-
tent. Whether targeted intervention on such heads
reduces positional bias without harming correct
prediction remains an open empirical question.
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