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Abstract

LLM-as-a-judge has become the dominant
paradigm for grading model outputs at scale,
yet the same model assigns systematically dif-
ferent scores when its output format changes
(e.g., a 1-5 rating vs. a True/False label). Ex-
isting diagnoses of these format-induced incon-
sistencies stop at the input-output level. Us-
ing Position-aware Edge Attribution Patching
(PEAP), we causally investigate the internal
mechanism in Gemma-3, Qwen2.5, and Llama-
3. We find that judgments across structured un-
derstanding and open-ended preference tasks
share a sparse, generalized Latent Evaluator
sub-graph in the mid-to-late multi-layer per-
ceptrons (MLPs); zero-ablating it collapses
judgment while preserving world knowledge
in architecturally modular models. By struc-
turally decoupling abstract judging from out-
put formatting, we provide a mechanistic ac-
count of format-induced inconsistency on the
open-weight models we study: a continuous
judgment signal computed in the shared trunk
is mapped through fragile, format-specific ter-
minal branches, enabling format-independent
preference to be isolated downstream of the re-
quested output format. Our findings imply that
benchmark-level reliability comparisons across
formats are partially measuring formatter ge-
ometry rather than evaluation quality.

1 Introduction

The LLM-as-a-Judge (Laal) paradigm is now
widespread across NLP for evaluation tasks such
as benchmark scoring, reward modeling, and con-
tent moderation — automating quality assessment
without a human in the loop (Calderon et al., 2025;
Gao et al., 2025; Li et al., 2024). However, the
reliability of LLMs as automated judges is heavily
contested. Lee et al. (2025) document a contradic-
tory dissociation — relative preferences are often
consistent, but absolute ratings are not — and isolate
two specific failure modes: self-consistency across
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Figure 1: Overview of our pipeline on an MNLI mini-
mal pair: (1) PEAP (Haklay et al., 2025) traces cross-
token causal edges from the differential input tokens
into a shared Latent Evaluator sub-circuit (Cig :=
Crate N Celass)- (2) We validate this circuit three ways:
zero-ablation (red X) isolates evaluation from world
knowledge; BDAS (Wu et al., 2023) identifies a 1D
judgment direction in the LE’s activation space; Task
Formatters (Crpate, CTEclass) in terminal layers map that
judgment scalar to the concrete target token.

repeated evaluations, and inter-scale consistency
across different rating formats. Even large propri-
etary models fail on both dimensions, undermining
the reproducibility of any Laal-driven leaderboard,
reward, or safety judgment. Eshuijs et al. (2025)
corroborate this from a different angle, showing
that models frequently exploit shallow classifica-
tion shortcuts — e.g., relying on lexical cues such as
response length or sentiment polarity — rather than
integrating the multiple aspects of input and target
that holistic evaluation requires. Comparable in-
consistency and calibration failures hold for judges
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of < 70B parameters (Girrbach et al., 2025).

No prior work has investigated the internal com-
putational mechanisms underlying LLM judgment,
a necessary step toward understanding and improv-
ing LaalJ reliability. Concretely, our results recast
the diagnostic question from “does the model judge
consistently?” to “where in the computational
pathway from input to output token does format-
induced inconsistency originate?” We address this
gap directly, demonstrating that the consistency
failures in Lee et al. (2025) are not failures of
evaluation but of output routing: a shared inter-
nal sub-circuit computes a stable judgment, and
format-specific terminal pathways then translate
that judgment into the requested output token — and
it is the latter step that fails. We hypothesize that
LaaJ implements judgment via two architecturally
separable sub-systems — a shared evaluation core
and a format-specific output router — and that inter-
format inconsistency localizes to the latter.

To test this, we use Position-aware Edge Attri-
bution Patching (PEAP) (Haklay et al., 2025) to
show that distinct judgment tasks rely on shared
computational pathways. Unlike prior circuit dis-
covery methods, PEAP handles cross-token edges
— a necessary property for judge circuits whose in-
puts span separated linguistic spans (e.g., premise
vs. hypothesis) — while remaining linear-in-edges
to compute. Drawing on the literature on inter-
mediate variables in transformer circuits (Lepori
et al., 2024) and the known dissociation of formal
and functional linguistic mechanisms (Hanna et al.,
2026), we explicitly test whether LLMs decouple
abstract judgment from fragile syntax formatting.
We cross-validate every circuit with three indepen-
dent causal probes — cumulative edge patching, sub-
space steering, and cross-format activation transfer
— which converge on the same Latent Evaluator
components and guard against non-identifiability
(Miller et al., 2024; Méloux et al., 2025). We then
validate that the discovered circuits are modular
and task-independent, and that the evaluation sig-
nal within them is encoded in a geometrically sepa-
rable subspace (Figure 1).

Contributions:

(1) We show that LLM judgment is computed
by highly sparse, cross-task circuits sharing
a generalized Latent Evaluator in mid-to-late
MLPs, recoverable at top-k < 200 edges.

(2) We show that judgment modularity is
architecture-dependent: Qwen modular at

7B, Gemma only at 27B. On modular models,
zero-ablating the Latent Evaluator preserves
world knowledge while collapsing judgment;
on Gemma-3-12B it degrades both, indicat-
ing tight entanglement with world-knowledge
pathways.

(3) We provide a mechanistic explanation of
inter-format LLM evaluator inconsistency,
localizing it to format-specific output routing
rather than to the underlying evaluation.

Together, these results suggest that LaaJ format
inconsistency is a routing problem rather than an
evaluation problem — and therefore that fixes can
target the formatter without disturbing the model’s
judgment competence.

2 Experimental Setup

Central Finding. An LLM-as-a-judge imple-
ments judgment via two architecturally separa-
ble sub-systems — a shared evaluation core and a
format-specific output router.

We test this in three steps: §3 discovers the can-
didate sub-circuits; §4 probes whether the shared
core is functionally isolated; §5 causally validates
the split via cross-format activation transfer.

A judgment task in our setting asks the model
to assign a quality, preference, or correctness score
to a candidate text given the input it conditions
on, producing a scalar rating or categorical verdict
over the candidate rather than a free-form genera-
tion. Our pipeline operates on contrastive minimal-
pair prompts (Figure 1); the rating-vs-classification
decomposition into a Latent Evaluator and format-
specific Task Formatters is introduced in §4.1.

Data We select five datasets that together span
the three dimensions of evaluation that Laal is
deployed for: (i) structured linguistic correctness
(CoLA, MultiNLI, STS-B), (ii) preference / qual-
ity judgment (RewardBench), and (iii) subjective
sentiment (Yelp).

» CoLA (linguistic acceptability) (Warstadt et al.):
fluency and grammaticality as quality criteria.

e MultiNLI (natural language inference) (Williams
et al., 2018): entailment / neutral / contradiction
between a hypothesis and a premise.

» STS-B (sentence semantic similarity) (Cer et al.,
2017): semantic equivalence between pairs.

« RewardBench (preference evaluation) (Lambert
et al., 2025): the canonical testbed for open-
ended LLM-as-a-judge capabilities.



* Yelp (sentiment, 1-5 star reviews) (Zhang et al.,
2015): a subjective, user-written evaluation do-
main with a natural ordinal scale.

Models We evaluate five instruct-tuned models
from three families: Gemma-3 (12B-it, 27B-it)
(Team et al., 2025), Qwen2.5 (7B-Instruct, 14B-
Instruct) (Qwen et al., 2025), and Llama-3.1-8B-
Instruct (Grattafiori et al., 2024), accessed via
TransformerLens (Nanda and Bloom, 2022). We
cap the minimal-pair subset at |.S| = 500 for MNLI;
CoLA, STS-B, RewardBench, and Yelp have 100
— 200 valid semantic pairs each. The split-half re-
liability check (App. L) confirms that within-task
circuit IoU is comparable across these subset sizes.
The computational geometry constraints behind the
cap and our backward-pass tracing budget are de-
ferred to App. G.

Prompt design For each dataset we construct
contrastive minimal pairs: a clean prompt (correct
rating) and a corrupted prompt (incorrect rating)
with matched token lengths for PEAP attribution'.
Half the pairs assign the higher rating to the clean
prompt and half to the corrupted prompt, so that
per-edge attributions are symmetric by construc-
tion (§3.1). We format every input as a 1-5 rat-
ing prompt; to enable contrastive circuit analysis
(§4.1), we additionally pair each dataset with a
parallel classification-control prompt (categorical
Yes/No, True/False, or Entailment/Contradiction
labels) on the same instances. Exact templates and
padding/alignment details are in Appendices F-G.

3 Discovering Judge Circuits in LLMs

We use judge circuit to refer to the sparse causal
sub-circuit a model uses to compute a rating from
a structured prompt; §4.1 decomposes it into a
shared evaluation core (Crg) and a format-specific
output branch (Ctg). Our two-stage pipeline first
applies PEAP to identify the causal pathways re-
sponsible for evaluation, then isolates task-specific
formatting mechanisms from generic evaluation
logic using contrastive control tasks.

3.1 Circuit Discovery via PEAP

Circuit discovery in decoder-only LLMs conceptu-
alizes the forward pass as a computation graph
G whose nodes are MLPs and attention heads

"For MNLI, minimal pairs are drawn from the entail-
ment, contradiction subset; neutral instances are excluded so

that clean and corrupted prompts have semantically opposed
ground truth (App. G details the per-task selection rules).

and whose directed edges carry information flow,
and seeks a sparse subgraph C C G that causally
accounts for a target behavior (Vig et al., 2020;
Conmy et al., 2023; Wang et al., 2023). Position-
aware Edge Attribution Patching (PEAP) (Hak-
lay et al., 2025) extends Edge Attribution Patch-
ing (Hanna et al., 2024) to capture causal edges
across token positions in addition to intra-token
ones — a necessary property for judge circuits
that must cross-reference separated linguistic spans
(e.g., premise vs. hypothesis). Concretely, for each
candidate edge from sender S to receiver R, PEAP
estimates causal importance by the dot product of
the receiver’s gradient V R with the difference be-
tween the sender’s activation on the clean and cor-
rupted inputs (Sgiean — Scorr)- A single backward
pass yields all receiver gradients simultaneously,
so the entire ranked edge list over attention heads
and MLPs is extracted in one forward—backward
sweep per minimal pair. We extend PEAP with
a symmetric polarity correction (full formulas in
Appendix A) that handles our bidirectional mini-
mal pairs (§2) without canceling genuine causal
signal under naive gradient summation. We sepa-
rately verify that the extracted circuits are faithful
to the full model (Appendix C) and stable under
data resampling (Appendix L).

3.2 Structural Overlap: The Latent Evaluator

Cross-task structural overlap is established evi-
dence of shared computation in transformer cir-
cuits (Tigges et al., 2024; Ferrando and Costa-jussa,
2024; Lan et al., 2024). Given two circuits C4,Cp
traced on different tasks A and B and pruned to
their top-k edges, we quantify similarity via Jac-
card Intersection-over-Union on both the set of
unique edges £ and distinct components N, ab-
stracting away token positions:
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Edge IoU is the stricter metric; Node IoU measures
architectural recruitment at a coarser grain.

Finding 1: Distinct judgment tasks share a
dense computational trunk on every modular
architecture.

On Gemma-3-12B at top-200 (Figure 3; Node
IoU in Appendix B), we measure 61.0% Node
IoU / 35.3% Edge IoU between CoLA and MNLI,
62.3% / 42.1% between MNLI and STS-B, and
48.8% Node IoU / 31.1% Edge IoU between Re-
wardBench and CoLA. The same shared-trunk
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Figure 2: Sparse circuit faithfulness across the five evaluated models and five rating tasks. Each curve traces median
MIB recovery as we cumulatively patch the top-k PEAP edges from a fully corrupted forward pass back toward the
clean activations. Solid colored lines are the discovered circuits; the gray dashed line is a random-edge baseline.
Curves saturating at ~ 1.0 at small & indicate that the sparse circuit fully captures the model’s evaluation behavior;
flat curves (Gemma-3-12B / RewardBench, Yelp; Llama-3.1-8B / Yelp) reflect architectural entanglement on those
particular cells rather than an absence of mechanism.

pattern holds across the modular models (Figure 4). wardBench circuit saturates at median ~ 1.0
Qwen2.5-7B in particular achieves a uniformly  with just & = 5 edges. The non-saturating cells
high Edge IoU (34.9-47.0%) on every task pair  are Gemma-3-12B on RewardBench and Yelp
we test, including the open-ended RewardBench  (median recovery ~ 0 through k£ = 200, consis-
pairings. Qwen2.5-14B and Gemma-3-27B post  tent with that model’s functional entanglement of
lower raw Edge IoUs at the same k, but their Node  judgment with world-knowledge pathways; §4.2,
IoUs remain substantial (28.1-55.9%), consistent ~ Table 1), Llama-3.1-8B on MNLI (slower climb,
with the scale-dependent redundancy effect doc- =~ 0.82 at & = 200), and Llama-3.1-8B on Yelp
umented in Appendix L: larger modular models  (peaks at ~ (.40 before drifting back down).
route judgment through multiple computationally A randomly-sampled-edge baseline (gray dashed
equivalent sub-pathways, so the same components  line) hovers near 0% across every configuration,
are recruited but the specific top-200 edges differ  ruling out the possibility that any sparse subgraph
across data splits. To rule out the possibility that ~ would suffice.

this overlap reflects sample-size noise rather than
genuine shared structure, we compute within-task
split-half reliability on Gemma-3-12B at the same
k: Node IoU is 76.3% on MNLI, 80.6% on STS-B,
61.6% on CoLA (Appendix L), meeting or exceed-
ing the cross-task numbers.

Cross-method robustness. Faithfulness rules
out the metric-fragility concern about sparse circuit
extraction; the complementary non-identifiability
concern flagged in §1 (Méloux et al., 2025), that
different attribution algorithms may select differ-
ent sparse subgraphs on the same model and task,
we address by re-tracing every Qwen2.5-7B and
Gemma-3-12B circuit with LRPEAP, an alternative
To validate that the PEAP-discovered edges are  aribution backbone we develop that keeps PEAP’s
causally sufficient for the model’s judgment, we  ,osition-aware edge formulation but replaces the
apply the per-instance MIB faithfulness metric  gradient-based backward with an LRP-rule back-

(Mueller et al., 2025): starting from a fully cor- 414 (Jafari et al., 2025) (Appendix N).
rupted forward pass, we progressively restore the

top-k PEAP edges and measure the median frac-
tion of the clean—corrupted EV gap (§3.1) that the

3.3 Sparse Circuit Faithfulness

Finding 3: The judge circuit and its Latent
Evaluator are stable across attribution back-

patched sub-circuit recovers (full methodology and bones.
the magnitude-weighted sensitivity analysis are in On the (Qwen2.5-7B, Gemma-3-12B) x 10-task
Appendices C and M). panel, top-200 PEAP and LRPEAP edge sets share

34% mean Jaccard ToU on edges and 46% on com-
ponents (permutation null pgg = 1.9%); the Latent
Evaluator subgraph CLg = Crae M Celass computed

Across the 25 (model, task) cells we trace, 21  under each method recovers at 0.47 mean compo-
reach median recovery > 0.87 at some £ < 200  nent IoU, peaking at 0.61 on MNLI. The partial
(Figure 2); on Gemma-3-27B the open-ended Re-  edge-overlap is consistent with computational re-

Finding 2: PEAP recovers highly sparse, faith-
ful circuits across models and tasks.



dundancy, where multiple sparse subgraphs im-
plement the same judgment behavior; the LE/TF
decomposition is the structural intersection both
methods converge on (Appendix N).

4 Judge Circuit Modularity is
Architecture-Dependent

Building on §3.2, we test whether the shared trunk
is a functionally modular sub-system and not a
generic capability bottleneck (Hanna et al., 2026):
if zero-ablating the Latent Evaluator collapses judg-
ment but spares world-knowledge benchmarks, the
sub-graph is doing genuinely judgment-specific
work — which in turn licenses the format-transfer
experiments in §5 as targeted perturbations.

4.1 Isolating Judgment from Formatting via
Contrastive Circuits

For each dataset we trace two circuits on the same
data: one for the rating task (Cate, €.2., “On a scale
of 1 to 5...”7) and one for a classification con-
trol task (C¢lass, €-g., yes/no) with matched prompt
structure. Their structural overlap decomposes the
model’s cognition into two functionally distinct
components:

¢ The Latent Evaluator (C; g := Ciate NCelass): the
shared computational trunk. Components in this
intersection process the core semantic judgment
of the prompt, agnostic to output format. Cig
is the formal definition of the Cgpareq Sub-circuit
highlighted in Figure 1.

* The Task Formatters (Crerae := Crate \ Celass
and Crpclass := Celass \ Crate): specialized terminal
routing branches, typically late-layer attention
heads, that translate the abstract judgment into
format-specific target tokens.

The judge circuit (§3) is therefore Crye = Crg U
CTFrate- We abbreviate Latent Evaluator and Task
Formatter as LE and TF.
Finding 4: Contrastive tracing yields a clean
Latent Evaluator / Task Formatter decomposi-
tion.

On Gemma-3-12B (CoLA x CoLA CLASS,
top-200), 3 of 17 analyzed heads act as shared eval-
uators — most strongly L45H3, L46H12, L47H7
— while the remaining 14 split cleanly into rating-
specific formatters (9) and classification-specific
formatters (5). An independent SAE-based role
assignment (Appendix J) selects the same three
heads as the shared-evaluator core on both COLA

and STS-B, providing cross-method confirmation
of the decomposition.

4.2 Functional Modularity via Zero-Ablation

Identifying a shared causal circuit does not guar-
antee that the Latent Evaluator is functionally iso-
lated from unrelated capabilities such as world-
knowledge recall. We test this by zero-ablating
the Latent Evaluator: for every component (atten-
tion head or MLP) that appears as a sender in at
least one top-k Latent Evaluator edge, we clamp
its forward-pass output to zero. We then evalu-
ate the ablated model against MMLU (Hendrycks
et al., 2021) world knowledge and two factual
QA datasets, StrategyQA (Geva et al., 2021) and
CREAK (Onoe et al., 2021). These probes natively
emit “Yes/No” or “True/False” tokens — mirroring
our Task Formatter setups — while relying on dis-
joint semantic phenomena (factual retrieval vs. ab-
stract judgment).

Finding 5: On modular architectures, ablating
the Latent Evaluator leaves world knowledge
intact.

Table 1 illustrates that, on the four modular mod-
els, every meaningfully-tested probe shows < 2
pp degradation under ablation.” By contrast, itera-
tively ablating Latent Evaluator edges in the same
models triggers a phase-transition collapse in judg-
ment EV on every rating task tested (Appendix H,
Figures 13—14). The Latent Evaluator therefore op-
erates as a specialized sub-system whose removal
destroys judging while leaving the model’s world
knowledge stores largely intact.

Finding 6: Modularity emerges at family-
specific scales.

Qwen achieves clean modularity already at the
smallest size we study (7B); Llama-3.1-8B does
so for its MLP-dominant evaluator; Gemma-3 only
at 27B. In contrast, Gemma-3-12B tightly entan-
gles the Latent Evaluator with world-knowledge
pathways: zero-ablation roughly halves MMLU
clinical, physics, and CREAK accuracy (Table 1).
Only when we scale to Gemma-3-27B does this en-
tanglement dissolve. Scale alone therefore does not
predict modularity: comparable parameter counts

’Caveat: Llama-3.1-8B’s MMLU cells are vacuously pre-
served since its merged Latent Evaluator contains no shared
attention heads, making the head-only MMLU runner inert;
the meaningful Llama tests are the StrategyQA and CREAK
cells, which ablate the LE MLPs and show O pp drop.



Model size Clinical DB Abstract Alg. Physics ‘ StrategyQA CREAK ‘ Status

Qwen2.5-7B 76% — 76%  57% — 57%  57% — 59% | 68.5% — 68.0% 64.5% — 63.0% | Modular
Llama-3.1-8B" | 75% — 75%  35% — 35% 43% — 43% | 66.5% — 66.5% 48.5% — 48.5% | Modular
Gemma-3-12B | 81% — 19% 45% — 21% 48% — 23% | 64.5% — 61.5% 39.0% — 23.5% | Entangled
Qwen2.5-14B | 87% — 87% 59% — 59%  69% — 69% | 72.0% — 72.0% 63.5% — 63.5% | Modular
Gemma-3-27B | 79% — 79% 51% — 51% 60% — 60% | 53.0% — 53.0% 57.0% — 57.0% | Modular

Table 1: Zero-ablation semantic domain control. Ablating the Latent Evaluator collapses world knowledge (MMLU:
Clinical DB, Abstract Alg., Physics) and formal factual retrieval (StrategyQA, CREAK) in Gemma-3-12B, but
preserves both across the four other models — indicating that modularity depends on architecture, not scale alone.
The full circuit-topology panels in Appendix K demonstrate the corresponding two-stage Latent Evaluator / Task
Formatter separation across models and tasks, supporting the same generalization. ' Llama-3.1-8B’s merged
top-50 Latent Evaluator contains only MLPs (no shared attention heads); the StrategyQA/CREAK cells reflect the
meaningful MLP-only ablation, while the MMLU cells are vacuously preserved because the head-targeted MMLU
runner had no heads to ablate — consistent with Llama’s MLP-dominant evaluator (Appendix K).

produce qualitatively different internal structure
across families.

5 Inter-Format Inconsistencies Arise
from a Modular Mismatch

Given that the Latent Evaluator is a real, function-
ally modular sub-system, the question is how its
output is transformed into the format-specific tar-
get token. Our hypothesis is that the Task Format-
ter branches (§4.1) are the locus of inter-format
inconsistency: the Latent Evaluator computes a
stable continuous judgment signal, but this signal
is mapped onto format-specific tokens by fragile,
non-linear terminal routing. We test this hypothesis
via a causal cross-format patching experiment.

Causal Analysis via Format Transfer Injection
We design a minimal causal test: Format Transfer
Injection (FTI) following Merullo et al. (2024). For
a given instance we capture the activations of the
Latent Evaluator components during a pristine 5-
star rating prompt and force those exact activations
— a blanket activation transfer that overwrites the
entire LE pattern, in contrast to the targeted 1D
subspace interventions of Appendix D — into the
computational graph of the same model running on
a corrupted classification prompt (whose natural
output would be the negative token, e.g., “No”). If
the Latent Evaluator is the primary causal anchor
for the judgment, the downstream classification
head should receive the injected positive judgment
signal and flip its output token — from “No” to “Yes”
or “Entailment”. If instead the terminal branches
are doing the actual judgment work, the injection
should have no effect. This blanket-transfer pro-
tocol contrasts with the targeted 1D subspace in-
jection at the same LE components (App. D); §5.2

Model Dataset Base Prob. Patched Prob.  Cat. Flip Rate
17.4% £+ 149%  93.5% £ 3.9% 100.0%
3.4% +63%  88.0% + 10.5% 99.1%
Qwen2.5-7B 1.6% +2.2% 85.6% £ 9.6% 100.0%
B 0.1% + 0.4%  59.5% + 38.5% 66.4%
RewardBench (N =84) 1.6% + 5.1% 96.9% =+ 10.1% 100.0%
CoLA(N =38) 28.6% = 7.6% 41.7% £ 13.9% 25.0%
Llama-3.1-8B MNLI (7 120) 10.4% + 12.6% 13.1% + 17.0% 4.2%
o Yelp (N = 94) 71% £ 7.0% 11.1% + 5.4% 0.0%
RewardBench (N =9)  26.1% + 18.3% 39.6% + 20.8% 22.2%
6.1% + 11.8%  17.6% =+ 26.8% 14.9%
63% £11.0% 11.8% £ 15.9% 3.7%
Gemma-3-12B 15.1% +13.6% 53.5% + 33.1% 50.0%
0.0% £+ 0.1% 0.0% £ 0.1% 0.0%
72% +12.4%  10.7% + 17.3% 7.7%
24.3% 4+ 14.1%  69.0% =+ 18.7% 91.7%
42% £+ 9.4% 4.9% + 14.2% 4.0%
Qwen2.5-14B 0.0% + 0.5% 16.0% + 16.0% 5.1%
04% £ 08% 41.0% + 16.9% 31.2%
1.5% + 5.0% 43.4% + 36.4% 41.2%
8.6% + 10.6% 9.9% + 11.2% 0.0%
8.0% + 11.9% 8.0% + 11.9% 0.7%

96.8%
1.1%
5.3%

30.5% + 7.3%
1.3% £ 32%

78.1% + 13.7%
32% + 59%
22.1% 4 20.7%

Gemma-3-27B

Yelp (N = 189)
RewardBench (N =19) 20.8% =+ 18.1%

Table 2: FTI probability shifts on all five tasks. Patching
a b-star Latent Evaluator into a corrupted categorical
classification prompt shifts probability mass toward the
positive target token (Yes/Entailment) when the Task
Formatter is geometrically compatible. N is the post-
filter pair count under the inclusion criteria (source
rating EV > 4, corrupted base prediction ¢ {Yes,
Entailment}); per-cell discussion in §5.1.

develops the resulting scalar-vs-blanket distinction
as a deployment-relevant design property of the
formatter.

5.1 The Latent Evaluator is the Causal
Anchor for Judgment

Finding 7: Injecting the Latent Evaluator
causally shifts downstream classifier outputs;
inter-format inconsistency therefore localizes
to the classification Task Formatter, not the
Latent Evaluator.

The clearest causal demonstration is Qwen2.5-
7B: blanket FTI flips the argmax in > 99% of
ColLA, STS-B, MNLI, and RewardBench pairs
(Table 2), with mean target-class probability rising



from < 17% at baseline to > 85% post-injection
—i.e., the classification graph that would natively
output the negative token instead emits the positive
one in essentially every pair, driven solely by the
rating-prompt LE pattern. The same near-total flips
obtain on Gemma-3-27B / STS-B and Qwen2.5-
14B / CoLA. Crucially, in every case the injected
continuous judgment scalar is mapped by the clas-
sification formatter onto the discrete target token
“Yes”/“Entailment” without breaking the output for-
mat space (no pair emits “5”’), demonstrating that
the classification Task Formatter correctly inter-
prets a scalar judgment signal regardless of where
in the graph that signal originated.

Reading these results in aggregate: the judgment
representation is stable, 1D, and shared across se-
mantic domains (§4.1, Appendix D); the bottleneck
is the terminal mapping — a format-specific rout-
ing layer that is fragile to perturbation and varies
sharply in topology across tasks (3-way MNLI
vs. binary classification) and models (geometrically
insulated, e.g., Gemma-3-27B and Qwen2.5-14B
on MNLI, where blanket injection barely moves
the output, vs. exposed, e.g., Qwen2.5-7B). This is
why ratings produced by the same model on struc-
turally identical inputs can diverge under trivial
format perturbations: under our FTI evidence the
Latent Evaluator does not disagree — the classifica-
tion Task Formatter does.

Finding 8: FTI fails when the formatter is ge-
ometrically insulated - either by scale (open-
ended tasks) or by multi-attractor label struc-
ture (MNLI).

Two regimes within Table 2 share a common
explanation.
(a) Multi-attractor label structure (MNLI). We ap-
ply Logit Lens® — which decodes intermediate acti-
vations into vocabulary space via the model’s un-
embedding matrix Wy — to the late-layer Task
Formatter components (Appendix I, Figure 10).
On Gemma-3-27B, MNLI’s classification formatter
spreads its projected mass across three competing
target tokens (contradiction, entailment, neutral)
of roughly equal weight (max/min projected-mass
ratio =~ 2.7), forming a three-way attractor basin —
a routing geometry in which several output tokens
act as locally dominant targets. By contrast, STS-
B’s formatter on the same model concentrates mass
on a single positive token (positive: 0.27, nega-

3h'ctps ://www.lesswrong.com/posts/
AcKRB8wDpdaN6v6ru

tive: 0.01; max/min ratio ~ 19), forming a near-
unipolar binary attractor. This geometric difference
predicts the FTI behavior we then observe: with
the exception of Qwen2.5-7B (which flips MNLI
near-perfectly), MNLI flip rates collapse to single
digits on every other model (Table 2). The 1D
judgment direction has no unambiguous target in
a three-attractor basin, so the injected mass frag-
ments across {entailment, neutral, contradiction }
and no single label reaches argmax; when the target
basin is binary or asymmetric, the scalar decodes
cleanly and argmax flips.

(b) Within-family scale decrease (open-ended
tasks). Smaller models flip open-ended classifiers
more readily: on both RewardBench and Yelp the
FTI flip rate falls as Qwen scales from 7B to 14B
and as Gemma-3 scales from 12B to 27B (Table 2).
Two data points per family is too few to claim a
general scaling law, so we describe the pattern as
a within-family decrease rather than as an inverse
trend. The trend cannot be explained by the Latent
Evaluator being absent at scale: the same top-200
sparse circuits recover near-full MIB faithfulness
on these cells (Appendix C) and the directional 1D
subspace steering at the LE components moves the
output cleanly (Appendix D). We interpret the FTI
decoupling at scale as evidence that the open-ended
Task Formatter becomes geometrically insulated
with scale: the scalar judgment direction is still
present and steerable, but the full Latent Evaluator
activation pattern from a rating prompt is no longer
a sufficient causal key for the classification-prompt
formatter to accept.

5.2 The Format Split is the Inconsistency
Bottleneck

The FTI results close the causal loop on our third
contribution. The Latent Evaluator’s output — a
1D direction whose orientation tracks the scaled
rating signal (App. D) — is universally received by
downstream Task Formatters, but only reaches the
argmax token when the TF’s attractor geometry is
compatible with a scalar input (Table 2, App. D).
Three different causal probes give three differ-
ent answers on RewardBench/Yelp: cumulative
patching recovers the behavior (App. C) and tar-
geted 1D subspace steering (App. D) move the
output cleanly, but blanket activation injection via
FTTI flips only a small minority of instances. We
read this scalar-vs-blanket divergence as evidence
that the formatter’s basin becomes more selective
with scale, accepting perturbations aligned with the
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learned judgment direction but rejecting the full
rating-prompt activation pattern. Practically, this
means that deploying the LE as a robust LaaJ sig-
nal on open-ended tasks favors targeted subspace
interventions over blanket activation transfer.
Finding 9: The LE’s 1D direction is a usable
zero-shot judgment scalar in the small- N pref-
erence regime.

As a deployment-oriented test of the mecha-
nism, we ask whether the LE’s 1D causal direc-
tion can serve as a judgment signal directly. On
three benchmarks with continuous human ratings
(STS-B, Yelp, RewardBench), a zero-shot 1D
readout (BDAS-1D) tracks a fully supervised resid-
ual probe (Girrbach et al., 2025) within a few
percentage points of Spearman p on most cells
and matches or exceeds it specifically on small-
N preference data, while beating the prompted
argmax in nearly every cell. The advantage concen-
trates where the supervised probe overfits and the
prompted output is poorly calibrated; on tasks with
a scale-aligned prompted vocabulary (Yelp 1-5),
prob-weighted EV remains a stronger baseline (§8).
Full methodology, results table, and per-regime
breakdown are in Appendix E.

6 Discussion

The Latent Evaluator / Task Formatter split re-
frames the ongoing debate about LL.M-as-a-judge
reliability (Lee et al., 2025; Bavaresco et al., 2025;
Chehbouni et al., 2025). Behavioral inconsistency
under format perturbations is, on the mechanism
we identify, the expected signature of a stable inter-
nal judgment routed through a fragile terminal map-
ping and not a failure of the underlying evaluation.
This shifts the diagnostic question from “does the
model judge consistently?” to “does the formatter
for this output specification preserve the underlying
judgment?”, and it predicts that benchmark-level
reliability comparisons across formats are partially
measuring formatter geometry as opposed to evalu-
ation quality.

A second implication concerns the architectural
origin of judgment modularity. Comparable pa-
rameter counts produce qualitatively different in-
ternal structure across families. This pushes back
on the assumption that clean internal abstractions
emerge as a generic consequence of scale. Architec-
tural and training choice that shape circuit topology
appear at least as load-bearing as scale; isolating
which specific factor (pretraining-data composition,

post-training procedure, attention sparsity, training-
data composition, normalization placement) drives
the Qwen vs. Gemma scale contrast we observe is
a natural follow-on question for the mechanistic
interpretability community.

Mechanism connects to practice through a non-
trivial regime caveat. Our results converge with
concurrent behavioral findings that latent signals
from internal activations outperform prompted Lik-
ert outputs (Girrbach et al., 2025) and we causally
identify the subspace from which those signals are
recovered. When the prompted output is calibrated
to the human-label scale, however, prompted aggre-
gations remain a strong baseline that the 1D latent
direction does not exceed; the latent signal’s ad-
vantage concentrates on small- NV preference data
where the discrete output is poorly calibrated and
supervised probes overfit. The practical question
is therefore not “should one extract from the latent
subspace?” but “when?” — a design choice whose
answer depends on whether the deployment regime
offers a scale-aligned prompted output or only a
discrete preference signal.

A natural open question is whether the two-step
pattern we identify — a stable internal computation
routed through fragile terminal pathways — recurs
in other behaviors where output formatting matters
(e.g., chain-of-thought, structured generation, tool
calling). If it does, the LaalJ inconsistency we mech-
anistically pin down here would be one instance
of a broader routing-vs-computation dissociation
worth probing in those settings.

7 Related Work

Behavioral critiques of Laa]J validity. Beyond
the inter-format inconsistencies established by Lee
et al. (2025) and the shortcut-exploitation results
of Eshuijs et al. (2025), Chehbouni et al. (2025)
challenge the fundamental validity of LaaJ pro-
tocols, arguing that even strong models lack the
robustness required to evaluate abstract concepts
reliably. Bavaresco et al. (2025) corroborate this
empirically in a large-scale comparison, finding
that no single LLM consistently aligns with human
judgment across tasks. Our mechanistic results re-
fine these critiques: under the LE/TF split, much of
the observed inconsistency localizes to the termi-
nal formatting stage. Benchmark-level reliability
comparisons across formats are partially measuring
formatter geometry rather than evaluation quality.



Mechanistic precedents. Our work joins three
lines of evidence: cross-task circuit overlap (Tigges
et al., 2024; Ferrando and Costa-jussa, 2024; Lan
et al., 2024), low-rank linear intermediate variables
(Lepori et al., 2024; Mueller et al., 2026), and the
formal/functional dissociation (Hanna et al., 2026)
that the LE/TF split mirrors at the rating-judgment
level. We extend this lineage by causally validating
cross-format judgment via subspace steering and
activation transfer.

8 Conclusion

LLM judgment reliability depends not only on
what models compute internally but on how that
computation is routed to the output token. We
identify a compact Latent Evaluator in mid-to-
late MLPs that is functionally modular on most
architectures we study but entangled with world-
knowledge pathways on Gemma-3-12B, so modu-
larity is architecture-dependent rather than a con-
sequence of scale. The 1D causal direction under-
lying this sub-graph recovers a supervised linear-
probe judgment signal zero-shot and exceeds it on
small-N preference data, mechanistically locating
the latent signal that practical reference-free rating
methods rely on.

Limitations

A primary limitation of our mechanistic investiga-
tion stems fundamentally from the computational
geometry constraints of tracing extensive architec-
tures end-to-end. For context, natively mapping the
CoLA judgment computational graph in Gemma-3-
12B requires evaluating approximately 1.46 million
candidate edges. While PEAP allows for tracing
these evaluation circuits across temporal dimen-
sions efficiently, performing such densely scaled
edge patching computations — especially over the
largest model variations like Gemma-3-27B (in-
corporating roughly 50,000 components) — strictly
required us to constrain our analyzed dataset subset
bounds to between 100 and 500 distinct samples
representing minimal pairing. We partially mit-
igate this concern by reporting split-half circuit
reliability (Appendix L): within-task circuits are
substantially more stable than chance at every scale
we tested, and comparable to or higher than the
cross-task IoU numbers we report in §3.2.
Furthermore, while we show our principles
across evaluations like grammar, logical entail-
ment, sentiment and preference, mapping exactly

how models route highly subjective or culturally
biased evaluation metrics remains a compelling
horizon for future research. The open-ended-task
scope concern that RewardBench and Yelp cir-
cuits might require a denser subgraph than struc-
tured NLU is largely resolved by the present data:
on Qwen2.5-7B, Qwen2.5-14B, and Gemma-3-
27B the same sparse edge budget that recovers
structured NLU also recovers open-ended judg-
ment (Appendix C, Figure 2). The exceptions are
Gemma-3-12B (where neither RewardBench nor
Yelp saturates) and Llama-3.1-8B on Yelp alone
(median recovery peaks at =~ 0.40 before drifting
back down); we attribute the Gemma-3-12B failure
to its architectural entanglement (Table 1) and the
Llama-3.1-8B Yelp shortfall to its weaker cross-
task structural overlap and MLP-dominant Latent
Evaluator (§3.2, Appendix K).

A more nuanced limitation concerns the scalar-
vs-blanket FTI decoupling on open-ended tasks
at scale, developed in §5.2. Pinning down which
properties of the rating-prompt activation geometry
are and are not carried across the FTI injection
— beyond the 1D judgment direction itself — is a
direction for future mechanistic work.

The practical-judge result (Appendix E) car-
ries a regime caveat: when the prompted vocab-
ulary is scale-aligned to the human label (Yelp 1-5
stars), prob-weighted EV is a strong baseline that
the 1D BDAS readout does not exceed. Whether
higher-rank extraction (e.g., k-D BDAS or multi-
component aggregation) closes that gap is left to
future work.

We do not benchmark PEAP against an alter-
native circuit-tracing method such as Relevance
Patching (RelP) (Jafari et al., 2025); our cross-
method confirmation is presently limited to the
SAE-based role assignment in Appendix J. A side-
by-side PEAP-vs.-RelP attribution comparison on
the same minimal pairs would test whether the La-
tent Evaluator decomposition is robust to the choice
of attribution algorithm.

The cross-task IoU values reported in §3.2 are
bracketed by within-task split-half reliability (an
upper bound) and a random-edge baseline (a lower
bound), both on judgment circuits; we do not in-
clude an IoU comparison against a circuit traced on
a non-judgment task (e.g., factual recall on MMLU)
as a non-Laal external reference, which would fur-
ther sharpen the interpretation of the LaaJ shared-
trunk magnitude.
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A PEAP Attribution Formulas

This appendix contains the exact attribution-score
formulas referenced in §3.1. For each candidate
edge, PEAP approximates the causal effect of
restoring that edge from a corrupted to a clean
state via a linear first-order expansion. Let EV =
Y oo_yr - P(rating r) denote the expected
value of the predicted rating distribution (where
P(rating r) is the softmax over the rating-
token logits at the final sequence position and s
is the upper bound of the rating scale), and let
m = sgn(EVjean — EVeorr) be the per-pair polar-
ity multiplier that keeps attributions directionally
consistent across our symmetrically balanced mini-
mal pairs (§2).

For intra-token residual-stream communication
between sender S; and receiver I?; at the same
token position (¢ = 7), the attribution score is

Score(S; — R;) = m - ((S§* — S¢°T) . VR;) .

For cross-token edges (i # j) we capture the Atten-
tion mechanism’s crossing edges in the PEAP for-
mulation, treating the Value vector V' at the source
token as the sender, the Attention Output Z at the
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Figure 3: Cross-task Edge IoU on Gemma-3-12B across
Top-K patching thresholds. Edges are PEAP-attributed

connections between sub-components; higher curves
indicate more shared structure at a given sparsity.
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Figure 4: Cross-task circuit overlap at top-200 across all
four architecturally modular models. The shared trunk is
recoverable on every model, but the per-pair magnitude
reflects each model’s circuit redundancy (§3.2, App. L):
smaller models route through fewer equivalent paths,
so their top-200 edges are more conserved across tasks,
while larger modular models distribute attribution across
many equivalent sub-pathways, lowering raw Edge IoU
even though Node IoU stays high.

destination token as the receiver, and scaling by the
Attention Pattern A:

Score(V; = Zj) =m - Aj;
. ((Wclean _ ‘/icorr) . VZ]') .

The Value/Output decomposition follows the
original PEAP formulation (Haklay et al., 2025);
our contribution is the symmetric polarity correc-
tion m, which adapts PEAP to the bidirectional
rating targets inherent to LLM-as-a-judge evalu-
ation. A single backward pass on the corrupted
prompt yields all VR and VZ terms simultane-
ously, so an entire circuit’s attribution is extracted
in one forward—backward sweep per minimal pair.

B Cross-task Node Overlap

Figure 5 reports the Node IoU complement to the
Edge IoU view in Figure 3 (§3.2). Node IoU mea-
sures architectural recruitment at the granularity
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Figure 5: Cross-task Node IoU on Gemma-3-12B across
Top-K patching thresholds. Companion to Figure 3.

of attention heads and MLPs, ignoring the specific
cross-token connections that Edge IoU restricts to.
Across all task pairs the Node IoU curve sits sub-
stantially above the corresponding Edge IoU curve
at the same Top-K, reflecting that distinct tasks
reuse the same physical sub-components while
routing through partially distinct edge subsets.

C Circuit Faithfulness

C.1 Methodology

Circuit faithfulness — the degree to which a dis-
covered subgraph causally accounts for the target
behavior — is notoriously fragile and highly sen-
sitive to seemingly insignificant changes in the
ablation methodology (e.g., node vs. edge patch-
ing) (Miller et al., 2024). A parallel concern is
non-identifiability: multiple incompatible circuits
can artificially explain the same downstream be-
havior (Méloux et al., 2025). We therefore adopt
the per-instance MIB formulation throughout the
main body and report a sensitivity analysis against
the legacy magnitude-weighted directional score
in Appendix M, and we cross-validate the result-
ing circuits with two independent causal probes
(BDAS, Appendix D; FT1, §5.1) to guard against
accepting a circuit that is faithful under one metric
but spurious under another.

To validate that the edges identified by PEAP
are sufficient for eliciting the judge behavior, we
evaluate the faithfulness of the extracted circuit via
cumulative patching (Syed et al., 2024; Hanna et al.,
2024). Starting from a fully corrupted forward pass,
we progressively restore the activations of the top-
k edges (ranked by absolute PEAP score) to their
clean-state values. Restoration is applied only at
the exact token positions dictated by each edge.
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Following the MIB benchmark (Mueller et al.,
2025), we define the faithfulness of a sparse circuit
Ci, (the sub-circuit containing the top-k attributed
edges) as the mean per-instance fraction of the
clean—corrupted EV gap that the patched circuit
recovers:

v®
corr

Faith(k ( )
—EVg

EV’)C
N§} .

clean

A faithfulness score near 1.0 indicates that Cy, fully
encapsulates the model’s rating behavior. Because
our minimal pairs are symmetrically balanced, each
per-instance gap carries an intrinsic sign and the
per-instance ratio handles polarity naturally with-
out an explicit direction multiplier. Treating every
pair equally also avoids magnitude-weighting ar-
tifacts that would let a small number of high-gap
pairs dominate the aggregate. We report the me-
dian across minimal pairs as our primary statistic,
since the ratio distribution is heavy-tailed when
a minority of pairs have near-equal clean/corrupt
EVs; the mean, 95% bootstrap CI, and the count of
low-gap pairs skipped viamib_min_gap= 0.05 are
all reported in the supplementary CSVs. A legacy
magnitude-weighted directional formulation is re-
ported in Appendix M as a sensitivity analysis.

C.2 Results

Per-cell saturation points. The headline 21-of-
25 finding is summarized in §3.3; here we report
the representative per-cell saturation points behind
it. On Gemma-3-12B, median faithfulness satu-
rates at 0.96 on MNLI at £ = 25, 1.00 on STS-B
at k = 50, and 0.95 on CoLA at £k = 100. On
Gemma-3-27B, median recovery snaps to = 1.00
at k > 50 on the four structured/open-ended tasks;
the RewardBench circuit in particular saturates
at median 1.02 with just & = 5 edges — an ex-
treme sparsity that we partly attribute to Gemma-3-
27B’s clean modularity (Table 1) concentrating the
open-ended-task circuit into a very small number
of highly-attributed edges.

Interpreting the shape of the curves. Two curve
shapes in Figure 2 deserve explicit comment. First,
a handful of cells — most prominently Gemma-3-
27B x RewardBench (median 1.02 at k = 5) —
reach full recovery essentially at the sparsest bud-
get we probe. This is not a metric artifact: the
per-instance ratio (EV(Cr) — EVeorr)/(EVelean —
EVcorr) With mib_min_gap= 0.05 is bounded be-
low by the k=0 corruption floor and takes no



shortcuts; the shape reflects the underlying attri-
bution distribution. When a model is architec-
turally modular (§4.2) and the task is decoded
through a shallow, terminal Task Formatter — as
RewardBench is on Gemma-3-27B, where the bi-
nary preference-scoring token sits directly after a
short helpful/aligned instruction — the causal work
concentrates into a few deep-layer edges, and cu-
mulative patching recovers the clean EV as soon
as those edges are restored. Conversely, struc-
tured NLU tasks such as MNLI, which requires
cross-referencing premise and hypothesis spans,
distribute attribution across more edges and there-
fore climb more gradually through & € [10, 100]
before saturating. The sparsest-cell finding is con-
sistent with, not in tension with, the rest of our mod-
ularity results. Second, the Gemma-3-12B open-
ended curves remain flat through £ = 200. This is
the entanglement regime documented in Table 1:
PEAP still localizes stable open-ended edges on
Gemma-3-12B (its split-half ToU on Yelp is 22.4%
and on RewardBench is 25.6%, well above the
0.5—-6.8% random baseline in Appendix L), but
the top-200 subgraph is not sparse-recoverable be-
cause the circuit is densely interleaved with world-
knowledge pathways. The flat shape therefore en-
codes an architectural property of Gemma-3-12B
rather than an absence of mechanism; we treat it
as a bounded scope condition on the sparse-circuit
claim and say so explicitly in the Limitations (§8).

D Causal Subspace Steering of the Latent
Evaluator

D.1 Methodology

Beyond isolating physical components, recent
mechanistic work investigates how concepts are
encoded inside identified circuits through lin-
ear vector arithmetic (Merullo et al., 2024) and
through linearly-steerable conceptual variables
that route latent states into specific geometric
output fingerprints (Mueller et al., 2026; Saurez
et al., 2026). Wu et al. (2023) formalized Inter-
change Intervention Training (IIT) and Distributed
Alignment Search (DAS) grounded in causal ab-
straction, discovering alignments between inter-
pretable abstract variables and distributed neural
representations; complementarily, Girrbach et al.
(2025) provide independent behavioral evidence
that probability-weighted scores and linear probes
on rating-position activations outperform prompted
Likert outputs, indicating that judgment is encoded
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in a steerable latent representation.

To probe whether the Latent Evaluator’s judg-
ment signal lies along a single steerable direction,
we apply a directional mean-difference steering
protocol at the PEAP-discovered LE component
positions, oriented toward positive judgment. For
each source-task minimal pair (Zciean, Tcorr) We
cache activations at every hook position (¢, p, h)
identified as a Latent Evaluator sender and com-
pute the per-pair difference A = aclean — Georr- We
orient A toward the positive-judgment pole using
the polarity multiplier m = sgn(EV¢jean — EVeorr)
from §3.1 — the same multiplier that keeps PEAP
attributions directionally consistent under our sym-
metric minimal-pair design — and average m - A
across all source-task pairs to obtain a per-hook
steering vector Uy p . At inference on the target
task, we add « - vy, , to the corresponding hook
activation during the forward pass and read off the
resulting expected rating value. @ = 0 recovers
the unsteered baseline; o = 1 approximates a one-
pair clean activation injection; o = 2 extrapolates
past it. This protocol probes a 1D linear charac-
terization of the LE subspace: any single-direction
encoding of the judgment signal predicts a smooth,
monotonic dose-response in c.

D.2 Results

Finding: The Latent Evaluator’s judgment is
encoded in a 1D steerable subspace. Across
the five models in Table 3, the directional mean-
difference vector at the LE components steers the
predicted rating from a neutral mid-scale value
to a confident ~ 5 at @ = 2.0 when the target
domain is compatible (CoLA — MNLI, CoLA
— STS-B). Qwen2.5-7B — the smallest model
— matches Qwen2.5-14B and Gemma-3-27B in
steered EV precision (4.94 &+ 0.05 on CoLA —
MNLI at o = 2.0); Llama-3.1-8B reaches the tight-
est steered EV in the panel (4.98+0.01 on the same
pair). The evidence for a shared linear judgment
direction is twofold: (i) a steering vector computed
on one domain (e.g., COLA grammar) successfully
steers judgment on a structurally unrelated domain
(e.g., MNLI entailment), so the direction general-
izes across tasks; and (ii) the steering response is
monotonic and smooth in « (Figure 6, Figure 7),
consistent with a 1D linear encoding rather than a
nonlinear or multi-dimensional one.

Finding: DAS fails precisely at the cross-format
boundary. Steering between distinct formatting
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Figure 6: Cross-domain causal steering of the Latent
Evaluator. By extracting a 1-dimensional directional
steering vector at the LE components on a source do-
main (e.g., COLA) and injecting it into the correspond-
ing hooks of a distinct target domain (e.g., MNLI), we
control the model’s final output. The z-axis denotes the
scalar multiplier («) applied to the targeted subspace in-
tervention, demonstrating bidirectional control over the
model’s judgment score independent of the underlying
geometry.

modalities — from a binary classification task to a
5-bucket ordinal rating on STS-B — fails, shifting
EV by a statistically negligible margin (Table 3,
“Binary — Rating” rows). This deliberate negative
control reinforces the Latent Evaluator / Task For-
matter split: DAS handles the abstract judgment
direction but cannot re-route a categorical output
into an ordinal one, because that mapping lives in
the non-linear terminal Task Formatter. This 1D-
geometric finding is independently corroborated by
the Format Transfer Injection experiment in §5.1,
which uses direct activation patching (rather than a
learned rotation) and reaches the same conclusion.

Finding: Subspace steering extends to open-
ended tasks on the modular architectures. Sup-
plementing Table 3 with cross-domain steering into
RewardBench and Yelp circuits: on Qwen2.5-
7B the steering vector from CoLA to Reward-
Bench drives the target EV from a neutral base-
line to 4.99 4+ 0.02 (« = 2.0), and STS-B — Yelp
reaches 4.87 4+ 0.04. Qwen2.5-14B and Gemma-
3-27B show the same pattern (Qwen2.5-14B
CoLA — RewardBench: 4.98 + 0.01; Gemma-
3-27B CoLA — RewardBench: 4.92 + 0.19).
Gemma-3-12B, consistent with its entanglement
profile, fails all RewardBench-target steering (EV
stays at baseline ~ 0) and shows only partial recov-
ery on Yelp targets. Steering vectors sourced from
MNLI into either open-ended target are substan-
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Model Action (h — Rh) Orig. EV (£ SD) Steered EV (+ SD)
CoLA — MNLI 275+ 1.53 4.94 +0.05
Qwen2.5-7B CoLA — STS-B 2.86 £ 1.40 4.95 +0.03
STS-B Binary — Rating 2.86 + 1.40 2.08 +£0.61
CoLA — MNLI 327 £1.58 421 +0.94
Gemma-3-12B MNLI — STS-B 3.40 £ 1.06 4.72 £ 045
STS-B Binary — Rating 3.40 £ 1.06 2.74 £0.65
CoLA — MNLI 2.87 £ 1.41 4.96 + 0.02
Qwen2.5-14B  ColLA — STS-B 2.94 4.98
STS-B Binary — Rating 2.94 + 1.40 3.01 +£1.38
CoLA — MNLI 336 £1.71 4.94 +0.10
Gemma-3-27B  CoLA — STS-B 3.71 4.66
STS-B Binary — Rating 3.71 £ 1.04 3.70 = 1.03
CoLA — MNLI 3.32+0.62 4.98 + 0.01
Llama-3.1-8B CoLA — STS-B 3.04 £091 4.97 +0.01
STS-B Binary — Rating 3.04 £ 0.91 3.47+£093

Table 3: Cross-task subspace steering at & = 2.0 via
the directional mean-difference vector at the PEAP-
discovered Latent Evaluator components (§D). The iso-
lated Latent Evaluator cleanly commands reasoning
across syntax and semantics (boldfaced), but the steer-
ing fails when we attempt to cross-patch entirely distinct
output formats (binary Classification — ordinal Rating).
Target Probability Mass Shift: Steered STSB —» MNLI
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Figure 7: Steering probability heatmap for STS-B —
MNLI across intervention strength (z-axis) and pre-
dicted rating tokens (1-5) (y-axis) for Gemma-3-12B.
As «a increases, probability mass shifts monotonically
from lower ratings toward 5, demonstrating smooth,
continuous control over the judgment output via a sin-
gle geometric direction.
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tially weaker across all models (e.g., Qwen2.5-14B
MNLI — RewardBench: 3.15 + 0.88), mirroring
the 3-way-attractor structure of MNLI’s formatter
that we characterize for FTT in §5.1. Taken to-
gether, the subspace steering confirms that the 1D
judgment direction extracted on structured NLU
transfers onto open-ended Latent Evaluator circuits
— even where the blanket FTI intervention fails to
flip the final argmax, as on Gemma-3-27B’s open-
ended tasks.

Finding: Random-rotation control rules out a
generic-perturbation explanation. A skeptical
reading of the steering result is that any sufficiently
large perturbation in activation space would shift
the output, and the trained rotation is therefore not
specifically aligned to a judgment direction. We
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Figure 8: Pairwise cosine similarity between the PC
direction of the Latent Evaluator’s clean/corrupt activa-
tion difference matrix across COLA, MNLI, and STS-B
(Gemma-3-12B).

rule this out via a Haar-uniform random-rotation
control on Gemma-3-12B: at = 2.0 on the same
target hooks, the trained rotation moves mean tar-
get EV by —0.42 on CoLA — MNLI and by —0.49
on MNLI— STS-B, while ten random orthogo-
nal rotations move mean EV by less than £0.01
on either pair (no individual random sample pro-
duces a lift comparable to the trained rotation).
The trained rotation also reduces per-instance vari-
ance (0 = 1.10 vs. 1.59 for the random ensem-
ble on CoLA — MNLI; o 0.70 vs. 1.06 on
MNLI — STS-B), consistent with a directionally-
aligned rather than noise-injecting perturbation. On
the cross-format STS-B Binary — Rating pair
where DAS already fails (Table 3), the trained rota-
tion moves EV by only —0.002 — statistically indis-
tinguishable from the random ensemble’s £0.005
null effect. The control therefore discriminates the
two regimes: where DAS succeeds (cross-domain),
the trained rotation is ~ 50x more effective than
random; where DAS fails (cross-format), real and
random rotations alike are inert, indicating a gen-
uine absence of a steerable cross-format direction
rather than a small-intervention artifact.

Cross-task PCA overlap (Figure 8). As acom-
plementary geometric check, we compute the first
principal component PC' of the difference matri-
ces between clean-rating and corrupt-rating acti-
vations at the active Latent Evaluator nodes, sepa-
rately for CoLA, MNLI, and STS-B. The pairwise
cosine similarity between these PC directions is
uniformly high, confirming that the geometric shift
from a low-rating to a high-rating state is struc-
turally conserved across semantically distinct tasks.
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Model Dataset

STS-B

Yelp
RewardBench
STS-B

Yelp
RewardBench

BDAS-1D

0.840
0.888
0.338

0.815
0.782
0.298

0.851
0.839
0.425

0.864
0.805
0.345

0.831
0.866
0.537

‘ argmax prob-EV

0.845 0.869
0.883 0.904
0.327 0.367

0.707 0.768
0.904 0.915
0.276 0.241

0.826 0.869
0.901 0.914
0.422 0.432

0.884 0.908
0.881 0.915
0.413 0.418

0.800 0.844
0.907 0.915
0.522 0.542

probe

0.872
0.867
0.291

0.887
0.896
0.320

0.881
0.882
0.375

0.902
0.872
0.398

0.893
0.899
0.487

Qwen2.5-7B

Llama-3.1-8B

STS-B

Yelp
RewardBench
STS-B

Yelp
RewardBench
STS-B

Yelp
RewardBench

Gemma-3-12B

Qwen2.5-14B

Gemma-3-27B

Table 4: Spearman p between four judgment signals and
human labels: prompted argmax (M1), prob-weighted
EV (M2), Girrbach-style supervised residual probe
(M3), and zero-shot BDAS-1D (M4). Bold marks the
per-row best. Methodology in Appendix E.

E The Latent Evaluator as a Practical
Judge

We close the gap between mechanism and practice
by asking whether the LE’s 1D causal direction
can serve as a deployment-ready judge signal. For
each instance in three benchmarks with continuous
human ratings — STS-B, Yelp, and RewardBench
— we extract four signals at the rating position and
correlate each with the human label (Spearman
p, N < 500): the prompted argmax (M1); the
prob-weighted expected value EV = )" r - P(r)
(M2); a Girrbach et al. (2025)-style supervised
ridge probe trained on the residual-stream acti-
vation (of dimension diodel, the model’s hidden
size) at the Boundless DAS (Wu et al., 2023) layer,
following Girrbach et al. (2025)’s reference-free
rating setup (M3, 5-fold CV); and the zero-shot
BDAS-1D (M4) — the first dimension of the rota-
tion R trained for the steering experiment (App. D)
applied to the per-head activation (dimension dpeaq)
at the same site. M4 never sees human labels: R’s
IIT target is the model’s own clean rating, and we
calibrate its sign per (model, task) cell against M2,
mirroring the polarity multiplier m used for the
steering vector in Appendix D.

Three regimes emerge from Table 4. (i) On STS-
B, the supervised residual probe wins on every
model and BDAS-1D tracks it within a few per-
centage points without supervised training (mean
A = 4.7 pp), beating argmax in all five models. (ii)
On RewardBench, BDAS-1D matches or exceeds
the supervised probe in 3 of 5 models (Gemma-
3-12B/27B and Qwen2.5-7B, each A =~ +5 pp):
with N = 200 giving ~ 40 training examples per
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Figure 10: Late-layer Task Formatter attractor geometry
on Gemma-3-27B (Logit Lens; Appendix I). MNLI’s
3-class formatter splits mass roughly evenly across three
target tokens (max/min ratio =~ 2.7); STS-B’s binary
formatter concentrates mass on a single positive token
(ratio ~ 19). The 1D LE injection has no unambiguous
target in the 3-attractor basin, predicting the MNLI FTI
flip-rate collapse.

fold against dmodel ~ 4k features, the supervised
probe overfits while the zero-shot 1D direction does
not. (iii) On Yelp, where the prompted 1-5 rating
tokens are scale-aligned to the human label, prob-
weighted EV is the strongest signal — a regime in
which there is little headroom for latent extraction;
even there, BDAS-1D tracks prob-EV within 5-13
pp on every model. The LE’s 1D causal direction
therefore encodes a zero-shot judgment scalar that
recovers the supervised probe’s signal on most cells
and exceeds it on small-/V preference data, comple-
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menting Girrbach et al. (2025) by mechanistically
identifying the subspace from which their probe
extracts predictive signal.

F Prompt Design

This section provides the exact string templates
used to query the evaluated models. We first detail
the prompts designed to elicit numerical judgments
on a 1-5 rating scale, followed by the alternative
categorical templates used for our classification
control tasks. The Proposed Label line converts
open-ended judgment into label-conditioned veri-
fication, which our minimal-pair construction (§2)
requires: the clean prompt has the correct label, the
corrupted prompt has the wrong one, and PEAP
attribution scores the differential.

1. CoLA
Sentence: {sentence}
Proposed Label: {1abel}.
On a scale of 1 to 5, how grammatically ac-
ceptable is this sentence?
Rating:

. MultiNLI
Premise: {premise}
Hypothesis: {hypothesis}



Proposed Label: {1abel}.

On a scale of 1 to 5, how logically consistent
is the hypothesis?

Rating:

. STS-B
Sentence I: {s1}
Sentence 2: {s2}
Proposed Label: {label}. On a scale of 1
to 5, how semantically similar are these sen-
tences?
Rating:

. RewardBench
User Prompt:. {prompt}
Response: {response}
On a scale of 1 to 5, how helpful and aligned
is this response?
Rating:

. Yelp
Review: {review}
On a scale of 1 to 5, how positive is this re-
view?
Rating:

Classification Control Tasks:

1. CoLA_CLASS: ...Is this sentence grammati-
cally acceptable? Answer:

. MNLI_CLASS: ...The relationship is:

. STS-B_CLASS: ... Are these sentences seman-
tically similar? Answer:

. RewardBench_CLASS: ...Is this response
helpful and aligned? Answer:

. Yelp_CLASS: ...Is this review positive? An-
swer:

The selection spans meaningfully different label
structures — binary (CoLA), three-class (MNLI),
ordinal (STS-B, Yelp), and pairwise preference
(RewardBench) — and this heterogeneity is essen-
tial to the cross-task overlap claim in §3.2: a shared
computational trunk that recurs across distinct label
spaces is stronger evidence of generalized infras-
tructure than overlap on uniformly-formatted tasks.

G Minimal Pairs and Sequence
Alignment

Causal tracing requires a clean and a corrupted run.
For each dataset, we construct contrastive minimal
pairs by sampling instances with opposite ground-
truth labels (e.g., a fluent sentence vs.a grammat-
ically flawed sentence). To ensure mathematical
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parity during the element-wise gradient computa-
tions of PEAP, the clean and corrupted prompts
within a pair are strictly constrained to tokenize to
the exact same length.

However, sequence lengths vary widely between
different pairs in the dataset. To successfully aggre-
gate edge scores across the entire dataset to find the
generalized macro-circuit, we apply right-aligned
sequence padding using negative indices. By in-
dexing from the end of the sequence, the evaluation
token (e.g., Rating:) is strictly anchored at posi-
tion —1 for all inputs, allowing the causal graphs
to superimpose regardless of the premise length.

Per-task selection rules. Minimal pairs are con-
structed automatically from labeled splits, so no hu-
man annotation step is involved and inter-annotator
agreement does not apply. Per task:

* CoLA: acceptable vs. unacceptable sentences
from the labeled splits, with token-length match-
ing.

MNLI: pairs are drawn from {entailment, con-
tradiction}; neutral instances are excluded so
clean and corrupted prompts have semantically
opposed ground truth.

STS-B: continuous similarity score > 4 vs. < 2
on the 1-5 scale.

RewardBench: native chosen/rejected pref-
erence pairs from Lambert et al. (2025).

Yelp: 5-star vs. 1-star reviews; intermediate stars
excluded.

After per-task filtering and the token-length-
matching constraint, the resulting yield is |S| =
145 (CoLA), < 500 (MNLI; we cap at 500), 189
(STS-B), 150-200 (RewardBench), and 145-200
(Yelp).

Backward-pass  tracing  budget. Dense
backward-pass tracing has quadratic attention
overhead in sequence length and is the binding cost
for end-to-end attribution at the architectures we
consider: natively mapping the COLA judgment
computational graph in Gemma-3-12B requires
evaluating approximately 1.46 million candidate
edges, and Gemma-3-27B incorporates roughly
50,000 components. The minimal-pair caps above
are chosen so that one forward-backward sweep
per pair completes within memory constraints
across all five models (see Limitations).



H Ablation Study

To evaluate the functional importance of the
causally identified circuit components at the
strictest level, we perform a resampling ablation
study within the Latent Evaluator. For each edge
in the circuit linearly ranked by attribution score,
we iteratively ablate the edges by replacing their
activations with values from corrupted inputs. We
measure the EV drop and the accuracy of judgment
immediately after each ablation step.

Circuit robustness varies substantially across
structural tasks: STS-B classification exhibits the
highest robustness, while MNLI judgment is ex-
tremely fragile, with accuracy typically dropping
significantly after ablating only the single top-
ranked edge. Additionally, model scale appears
to largely influence robustness, with smaller mod-
els (e.g., Qwen2.5-7B) exhibiting notably less ro-
bust judge circuits compared to larger models (e.g.,
Gemma-3-27B). All evaluation tasks demonstrate
characteristic semantic phase transitions, where
accuracy remains relatively stable until a criti-
cal edge ablation threshold, beyond which perfor-
mance collapses completely. Crucially, classifi-
cation subtasks consistently exhibit much greater
robustness than their numerical judgment counter-
parts, highlighting computationally redundant pro-
cessing pathways in classification routers, whereas
judgment circuits compress into highly concen-
trated bottleneck heads.

Figures 11, 12, 13, and 14 illustrate the ablation
study results showing the effect on downstream
task performance on Gemma-3-12B, Gemma-3-
27B, Qwen2.5-7B, and Qwen2.5-14B, respectively.

I Structural Validation via Logit Lens

While automated circuit discovery provides scal-
able methodologies for identifying active subgraph
components, it heavily relies on dataset activations
and external language models for semantic explana-
tions (Golimblevskaia et al., 2026). To validate our
findings, we employ Logit Lens*: projecting the
contrastive steering representations directly into the
vocabulary space using the model’s unembedding
weights (Wyr). This resolves the explicit semantic
composition of the nodes without depending on
black-box auto-interpretability.

To validate structural consistency across archi-
tectures without arbitrary discrete thresholding, we

4https ://www.lesswrong.com/posts/
AcKRB8wDpdaN6v6ru
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compute cosine similarity projections to map the
contrastive evaluator vectors directly back into the
unembedding matrices. Normalizing by the magni-
tude vectors neutralizes untrained tokenizer noise
and reveals geometric alignment across the nodes.
Figure 9 graphically quantifies this geometric dis-
tribution connecting the topological outputs of or-
dinal (Rating) and categorical (Classification) eval-
uators across network progression.

The topological projections trace a shared geom-
etry in the late-middle topological bucket (depth
0.50 — 0.85). Notably, MNLI shows weaker con-
vergence with other tasks in this shared evalua-
tion window, consistent with its three-way classifi-
cation structure (entailment/neutral/contradiction)
requiring a richer internal representation than a
simple positive/negative judgment scalar. This
suggests that the Latent Evaluator’s 1D judgment
abstraction generalizes most cleanly to binary or
ordinal tasks, while multi-class judgment tasks
partially escape the shared trunk. By applying
a strict cross-architecture intersection to discard
tokenizer-specific artifacts, we isolated a general-
ized abstract logic continuum utilized across all
evaluations. High-probability masses cleanly de-
fine evaluator reasoning nodes without heuristics
via cross-architectural tokens: {confirm, verify, val-
idate, identical, perfectly}.

Just before the terminal Output Formatting
boundary (Layer Depth 1.0), however, the shared
semantic coherence completely collapses across
networks. Visualizing the bifurcating projections
directly, the ordinal rating tasks explicitly route
their probability trajectories toward discrete syntac-
tic intervals (e.g., five, 5, 1), abandoning the abstrac-
tion layer entirely. Categorical models simultane-
ously polarize entirely into categorical literals (e.g.,
false, true, contradiction). This supports our Task
Formatter hypothesis: the Latent Evaluator calcu-
lates generalized continuous judgment magnitudes
uniformly within the deeper block sequences be-
fore task-specific routers discretely overwrite that
geometry strictly for terminal language formatting.
We emphasize that Logit Lens provides a corre-
lational readout rather than a causal intervention:
the tokens recovered through vocabulary projec-
tion represent directions that are linearly decodable
from intermediate representations, which need not
coincide with the representations the model actu-
ally uses for downstream computation (Yom Din
et al., 2024). We therefore treat these projections
as supporting evidence that corroborates — but does


https://www.lesswrong.com/posts/AcKRB8wDpdaN6v6ru
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not independently prove — the causal findings from
PEAP and Boundless DAS.

J Sparse Autoencoder Feature Analysis

As an independent check on the PEAP-based
circuit decomposition, we apply Sparse Au-
toencoders (SAEs) to Gemma-3-12B’s residual-
stream and attention-head activations over
the CoLA and STS-B minimal pairs, using
the Gemma-Scope-2 canonical SAE release
(gemma-scope-2-res-65k-10-small; coverage
limited to layers {12,24,31,41}). The SAE analy-
sis operates in two modes: (i) at the residual-stream
position immediately before the rating token, we
decode the top SAE features activated across all
prompts and report their aggregate activation; (ii)
at each attention head already identified by PEAP,
we classify the head into one of three roles based
on whether its V' — Z edges appear in Crage \ Celasss
Celass \ Crate, or the intersection Crye M Celass- These
correspond respectively to rating formatters, class
formatters, and shared evaluators — the same
decomposition used in §4.1.

Attention-head role assignment. On the CoLA
circuit (17 heads analyzed), SAE attribution labels
3 heads as shared evaluators (L45H3, L46H12,
L47H7), 9 as rating formatters, and 5 as class
formatters — a clean two-way partition modulo
the small evaluator core. The same three heads
(L45H3, L46H12, L47H7) emerge as shared evalu-
ators on STS-B (from 25 analyzed heads), where
they are joined by two additional shared heads
(L25H8, L44HS) that did not surface in the CoLA
top-k. L45H3 carries the highest shared-evaluator
weight on both tasks (normalized circuit weight
0.24 on CoLA, 0.13 on STS-B), which is precisely
the attention head at which we train Boundless
DAS rotations in Appendix D. This alignment —
that an independently-computed SAE role-labeling
identifies the same head as the central shared eval-
uator that our BDAS training selected on causal-
intervention grounds — is non-trivial confirmation
that the Latent Evaluator / Task Formatter decom-
position is a genuine architectural structure rather
than an artifact of either method alone.

MLP residual-stream features. At the rating-
token position (relative offset —2) in L24M, the top-
ranked SAE feature (ID 617) activates on 148/148
CoLA prompts with mean activation 1872, fol-
lowed by features 1210, 8229, 1686, and 402 (mean
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activations in the range 1072-1531, each activating
on all 148 prompts). Reconstruction quality at this
position is high (cosine similarity 0.999, relative
L? error 0.053), confirming the SAE faithfully re-
constructs the rating-position activations. We do
not attempt semantic interpretation of individual
features here because it would require evidence be-
yond the activation statistics, but the consistency
with which the top features fire across all evaluation
prompts supports the interpretation that the rating-
token position aggregates a stable set of evaluation
features rather than a prompt-specific representa-
tion.

Scope. The SAE analysis covers COLA and STS-
B on Gemma-3-12B. The Gemma-Scope-2 canon-
ical SAE release covers only four MLP layers on
Gemma-3-12B, which limits MLP-level decompo-
sition to L24M within the circuit. Neither limita-
tion affects the head-level findings above, which
use attention-head attribution directly rather than
an SAE over MLP outputs. Public SAE releases for
Gemma-3 outside of Gemma-Scope-2 are limited;
a broader multi-model multi-layer SAE decompo-
sition of the Latent Evaluator is out of scope for
this submission.

K Global Judge Circuit Topology

To complement the structural-overlap and faithful-
ness summaries in the main body, we visualize the
full PEAP-discovered judge circuit across multi-
ple (model, task) pairs (Figures 15-18). Nodes
are laid out by (token position, layer) so that the
spatial separation of the Latent Evaluator and the
rating-specific Task Formatter is directly visible.
We pair the canonical MNLI on Gemma-3-27B ex-
ample with three additional circuits — COLA on the
same model, STS-B on Gemma-3-12B, and MNLI
on Qwen2.5-14B - to illustrate that the two-stage
topology is conserved across both task semantics
and model family. The remaining (RewardBench,
Yelp) circuits and the unshown model variants are
available in the code release and exhibit the same
pattern.

Across all four panels, the Latent Evaluator sub-
circuit corresponds to the green content-token MLLP
cluster in the middle layers distributed across mul-
tiple token positions, while the rating-specific Task
Formatter corresponds to a concentrated salmon
column of late-layer attention heads at the rating
token position. Node coloring encodes token-role
context rather than circuit membership: green



nodes sit on content tokens (premise/hypothesis
or sentence spans), blue nodes on instruction/scale
tokens (“scale”, “how”, “Sentence”), and salmon
nodes on the terminal rating target tokens; edge
color encodes PEAP attribution polarity (blue =
positive, crimson = negative). Two qualitative ob-
servations motivate the two-stage decomposition
used in the main body: (i) Latent Evaluator edges
form at earlier token positions and earlier layers
than rating-specific edges, which concentrate in
the deepest layers at the rating token position; and
(ii) the rating sub-circuit is sparse and column-like
relative to the spatially distributed Latent Evaluator,
consistent with the formatter acting as a terminal
decoding stage rather than a distributed computa-
tion. Tokens not in the top-k are rendered as [VAR]
placeholders in the prompt template footer to avoid
privileging any one instance.

L Split-Half Circuit Reliability

A recurring concern with circuit-level interpretabil-
ity is whether circuits discovered on modest sample
sizes reflect genuine causal structure or idiosyn-
cratic features of the specific instances traced. We
address this by measuring within-task split-half re-
liability: for each (model, task) we partition the
available minimal pairs into two disjoint halves,
aggregate PEAP scores independently on each half,
and compute Jaccard IoU between the resulting
top-k circuits. We repeat this 10 times with dif-
ferent random partitions and report mean + stan-
dard deviation. IoU is computed on structural
(sender, receiver) pairs using the same convention
as §3.2 (i.e., position-specific edges are ranked first
and then collapsed to structural pairs before com-
puting IoU; early reading layers are excluded). We
additionally report a random-subset baseline drawn
independently from the same observed edge uni-
verse.

Because the available pair counts per (model,
task) vary (N € {145,...,500}), a naive com-
parison across cells would confound the reliability
signal with statistical power. To isolate structural
stability from sample-size effects, we cap each task
at the minimum N available across the original four
models before splitting (CoLA: N = 145, MNLI:
186, STS-B: 189, RewardBench: 150, Yelp: 145).
Table 5 reports the resulting headline Edge IoU at
k = 100. Random-subset Edge IoU at £ = 100
ranges between 0.5% and 6.8% across conditions,
so all reported reliability values are at least several
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Model CoLA  MNLI  STS-B RB Yelp
Qwen2.5-7B 75.6+3.7 61.7+£51 752+50 43.5+£4.7 59.2+55
Llama-3.1-8B  72.44+ 3.8 - 771+41 - -
Qwen2.5-14B  58.0+53 67.7+£3.6 73.8+74 43.3+£47 T7.5+26
Gemma-3-12B  34.9+89 64.8+3.3 77.2+56 25.6+5.1 224457
Gemma-3-27B  33.6+6.3 30.7+£3.4 589+51 28.7+46 343+35

Table 5: Split-half Edge IoU (%) at top-100, mean +

standard deviation over 10 random partitions. All cells
are evaluated at the same N per task (smallest N avail-
able across models), so comparisons are not confounded
by sample size. Chance baseline is < 7% across all
cells.

times above chance.

Four observations are worth emphasizing. First,
Qwen split-half reliability is uniformly high across
both structured NLU and open-ended judgment
tasks, matching the architectural-modularity pat-
tern already visible in Tab. 1: wherever a model
exhibits functional modularity, its extracted circuits
are also reliable.

Second, Gemma-3-27B yields lower split-half
Edge ToU on MNLI and STS-B than Gemma-3-
12B does, even at matched N. We do not read this
as instability. Rather, it is consistent with a scale-
dependent redundancy effect: once the Latent Eval-
uator is cleanly modular (Table 1), the model can
route judgment through multiple computationally
equivalent sub-pathways, and different data halves
select different-but-equivalent subsets of the top-
k edges. The underlying Node IoU remains high
on Gemma-3-27B (66.5% on STS-B, 65.4% on
CoLA at k = 100), indicating that the same set of
components is recruited — just at different attribu-
tion ranks within the top 100.

Third, at matched N, Gemma-3-12B’s Yelp reli-
ability drops substantially (Edge IoU 22.4% vs.the
46.5% we observe at its native N = 500). This
sample-size sensitivity is itself informative: on
open-ended tasks, reliable PEAP attribution on
Gemma-3-12B requires significantly more data
than the structured NLU circuits demand. Qwen-
14B, by contrast, maintains strong Yelp reliabil-
ity (77.5%) at N = 145, which matches Qwen’s
earlier-emergence-of-modularity pattern.

Fourth, the split-half numbers combined with
the median MIB faithfulness results (Appendix C)
yield a cleaner picture than the previous-draft inter-
pretation. Among the four models with full open-
ended split-half coverage, RewardBench and Yelp
are above chance on every model, and on three
(both Qwens and Gemma-3-27B) the same sparse
top-k edge budget that suffices for structured NLU
is sufficient to recover open-ended judgment be-



havior. Only Gemma-3-12B exhibits reliable-but-
unfaithful open-ended circuits (stable split-half loU
but MIB faithfulness near 0), consistent with its en-
tangled zero-ablation profile in Table 1. The orig-
inal concern that open-ended judgment requires
a denser circuit than structured NLU is therefore
more accurately characterized as a Gemma-3-12B-
specific entanglement effect rather than a property
of open-ended evaluation per se.

We also note that split-half Edge IoU should not
be read as a quality metric for the circuit itself, only
as a diagnostic for attribution stability. Where a
model’s true circuit is distributed across many par-
tially redundant paths (as we suspect is the case
for Gemma-3-27B on MNLI/STS-B), a strict top-k
edge comparison understates the underlying struc-
tural agreement. Full per-k curves and raw native-N
numbers are reported in the companion CSVs in
the supplementary release.

M Pooled-Directional Faithfulness

As a sensitivity analysis on the per-instance MIB
metric used in the main body (Appendix C), we ad-
ditionally report a magnitude-weighted directional
formulation:

N
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with m; € {—1,+1} the per-pair polarity sign.
This pooled formulation has a single aggregate de-
nominator, which causes pairs with large |EVcjean —
EVcorr| to dominate the recovery score and can
yield artifacts such as non-monotonic curves and
implausibly high recovery at very small k. On
Gemma-3-12B the pooled curve peaks at 1.10 on
MNLI at £ = 5 (a single edge patching recover-
ing 110% of the gap is an aggregation artifact, not
a genuine mechanistic claim) and similarly over-
shoots at intermediate £ on COLA and STS-B,
before drifting downward at k¥ = 200. The per-
instance MIB metric removes these artifacts by
construction, which is the reason we adopt it as
our primary metric. The two metrics agree on the
qualitative structure-NLU vs. open-ended-task dis-
tinction: both saturate near 1.0 on CoLA, MNLI,
and STS-B for Gemma-3-12B, and both remain be-
low 0.5 across the full k range for RewardBench
and Yelp.
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Qwen2.5-7B Gemma-3-12B
Task Edge Comp. Edge Comp.
CoLA 0.17 0.18 0.26 0.50
CoLA_CLASS 0.06 0.16 0.18 0.31
MNLI 0.38 0.50 0.49 0.58
MNLI_CLASS 0.53 0.60 0.52 0.68
STS-B 0.22 0.32 0.51 0.62
STS-B_CLASS 0.18 0.28 0.44 0.64
Yelp 0.42 0.57 0.47 0.55
Yelp_CLASS 0.20 0.29 0.36 0.56
RewardBench 0.38 0.51 0.14 0.27
RewardBench_CLASS  0.37 0.49 0.46 0.63
Mean 0.29 0.39 0.38 0.53
Null pgo 0.022 - 0.015 -

Table 6: PEAP vs LRPEAP Jaccard IoU at K=200
(edge / component); null is the permutation pgg.

N Cross-Method Validation via LRPEAP

N.1 Methodology

LRPEAP retains PEAP’s position-aware edge attri-
bution (Appendix A) and per-pair aggregation but
replaces the autograd backward with an LRP-rule
backward, using the LN-rule / Identity-rule
/ Half-rule combination of RelP (Jafari et al.,
2025). All other PEAP machinery — candidate-
edge set, top-k capping, polarity correction m =
sgn(EV¢jean — EVeorr) —is unchanged, so LRPEAP
and PEAP are comparable under our top-k Jac-
card IoU and faithfulness metrics. LRPEAP is not
equivalent to RelP itself: RelP’s candidate-edge
graph is component-level (n1,n2) € E, whereas
LRPEAP injects RelP’s LRP-coefficient backward
into PEAP’s position-aware formulation. LRPEAP
runs on the same minimal-pair sets as the PEAP
experiments (§2); the permutation null for each
(model, task, k) cell samples 500 random size-k
edge subsets from each method’s edge pool and
reports the pgg Jaccard IoU.

N.2 Results

Table 6 reports per-task PEAP<-LRPEAP IoU at
K=200: mean edge IoU is 0.29 on Qwen2.5-
7B and 0.38 on Gemma-3-12B against null pgg
of 0.022 and 0.015, a ~ 13-25x enrichment at
K=200, with > 12x enrichment at every k €
{5,...,500}. Cross-method agreement is stronger
on Gemma-3-12B than on Qwen2.5-7B; the single
weak cell is Gemma-3-12B RewardBench (edge
IoU 0.14), consistent with that model’s entangle-
ment on the same task (Table 1, Figure 2).
Restricting to the Latent Evaluator (Table 7),
the LE subgraph is recovered with 0.28 edge
/ 0.47 component IoU on average, peaking at



Qwen2.5-7B Gemma-3-12B

Task pair Edge Comp. Edge Comp.
CoLA pair 0.10 0.17 0.20 0.49
MNLI pair 0.44 0.54 0.41 0.61
STS-B pair 0.22 0.36 0.35 0.60
Yelp pair 0.24 0.44 0.29 0.51
RewardBench pair  0.32 0.50 0.18 0.50
Mean 0.26 0.40 0.29 0.54

Table 7: Cross-method Latent Evaluator IoU at X =200
between PEAP’s Ci g and LRPEAP’s Cig, each com-
puted as Crale N Cclass~

0.61 on Gemma-3-12B MNLI. On Gemma-3-
12B CoLA x CoLA_CLASS, LRPEAP’s LE at
K=200 includes 31 distinct attention heads with
V—Z edges; L45H3, L46H12, and L47H7 (the
three shared-evaluator heads from Appendix J) are
all present.

The cross-task shared trunk of Finding 1 also
reproduces under LRPEAP (Figure 19): Gemma-
3-12B Node IoU at top-200 is 61.5% / 65.0%
/ 65.6% for CoLA x MNLI / MNLI x STS-B /
CoLA x RewardBench, matching or exceeding
the PEAP numbers in §3.2 (61.0% / 62.3% /
48.8%). Edge IoU is also uniformly higher un-
der LRPEAP (52-57% vs 16-42% across the six
pairs), suggesting LRP-rule attribution produces
more consistent edge rankings across semantically
distinct tasks than autograd attribution.

Figure 20 confirms architectural agreement: un-
der both methods the top-200 MNLI edges on
Gemma-3-12B concentrate in the same mid-to-late
diagonal band (layers ~20-47), exactly the LE re-
gion (§4.1); the only visible difference is some
early-layer activity (layers 3—15) that PEAP picks
up but LRPEAP suppresses.

Figure 21 overlays PEAP and LRPEAP faith-
fulness curves on the same panel as Figure 2;
both backbones saturate at comparable k£ on ev-
ery cell where the PEAP circuit saturates. The five
cells where LRPEAP undershoots PEAP at K'=200
(Qwen2.5-7B MNLI_CLASS / RewardBench;
Gemma-3-12B CoLA_CLASS / MNLI_CLASS /
STS-B_CLASS) all peak at K < 100 (e.g. 86%,
117%, 107% on the three cells that reach satura-
tion); the =200 drop reflects sign-inverted edges
entering the LRP ranking far down the tail on tasks
with asymmetric output spaces, where LRP-rule
relevance redistribution does not preserve the per-
pair sign that PEAP’s symmetric polarity correction
(§3.1) handles natively.
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Figure 11: Ablation phase-transition study (Gemma-3-12B).
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Figure 12: Ablation phase-transition study (Gemma-3-27B).
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Figure 13: Ablation phase-transition study (Qwen2.5-7B-Instruct).
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Figure 14: Ablation phase-transition study (Qwen2.5-14B-Instruct).
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Global Abstract Template (Right-Aligned) (Highlighted [tokens] are active in the Top 19 nodes):

<bos> Prem ise

: " yeah because you look at the statistics now and i ' m sure it ' s in your your newspapers just like it is in ours that every major city now

the increase of crime is is escalating i mean there are more [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR]
[VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR]
[VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR]
[VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [[VAR]] [VAR] [VAR] [VAR] [VAR] [[VAR]] [[VAR]] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR]
[VAR] [VAR] [[VAR]] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [[VAR]] [VAR] [[VAR]] [VAR] [VAR] [[VAR]] [\n] [On] [a] scale of [] 1 to [] [5] [,] [how] [logically]

consistent is the hypothesis [?] \n Rating [:] []

Figure 15: Global judge circuit for MNLI on Gemma-3-27B.
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Global Abstract Template (Right-Aligned) (Highlighted [tokens] are active in the Top 9 nodes):

<bos> Sentence [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR]
[VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [[VAR]] [[VAR]] [[VAR]] [[VAR]] [\n] On a scale of 1 to 5 , how grammat ically acceptable is [this] [sentence] ? \n
Rating [:] []

Figure 16: Global judge circuit for COLA on Gemma-3-27B.
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Global Abstract Template (Right-Aligned) (Highlighted [tokens] are active in the Top 5 nodes):
<bos> Sentence [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR]
[VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR]

[VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR]
[VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [[VAR]] \n On a scale of 1 to 5 , how sem antically similar are [these] sentences [?] \n Rating [:] []

Figure 17: Global judge circuit for STS-B on Gemma-3-12B.
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Global Abstract Template (Right-Aligned) (Highlighted [tokens] are active in the Top 21 nodes):

Prem ise : " yeah because you look at the statistics now and i 'm sure it 's in your your newspapers just like it is in ours that every major city now the
increase of crime is is escalating [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR]
[VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR]
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[VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR]
[VAR] [VAR] [[VAR]] [[VAR]] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [VAR] [On] [a] [scale] [of] [] 1 to [] [5] [,] [how] logically consistent is the hypothesis ?\n
Rating : []

Figure 18: Global judge circuit for MNLI on Qwen2.5-14B.
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Layer-pair attribution density on Gemma-3-12B / MNLI
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Figure 20: Layer-pair attribution density of the top-200 edges on Gemma-3-12B MNLI under PEAP (left) and
LRPEAP (right). Both methods light up the same mid-to-late diagonal band, the LE region of §4.1. LRPEAP
additionally suppresses early-layer attribution that PEAP picks up, possibly reflecting LRP rules’ numerical-stability
advantage through LayerNorm.
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Figure 21: Sparse-circuit faithfulness with PEAP (blue) and LRPEAP (green) on Qwen2.5-7B and Gemma-3-12B
across the five rating tasks.
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