Source, Relay, and Suppressor Heads in a Poetry
Generation Circuit

Stanford CS224N Default Project

Shaoyi Zhang Kai Wen
shaoyi@stanford.edu kwen7@stanford.edu

Abstract

We implement GPT-2’s core components (attention, AdamW) and LoRA, com-
pare LoRA and full fine-tuning on sonnet generation, and identify a rhyme-
attention circuit via path patching. However, ablating that circuit has little to no
effect on rhyme rate, with random head ablation hurting rhyme rate more. Inves-
tigating this paradox, we find that the heads in the circuit are just routing heads,
while the heads that actually affect behavior fall into three functionally distinct
classes: a source head (L6H10), a relay head (L7H11), and a suppressor head
(L11HO). The source head’s ablation degrades rhyme by 38% and cascades to de-
grade four downstream heads’ outputs by ~72%. The relay head’s ablation has no
behavioral or cascade effect alone but contributes to the cumulative drop when ab-
lated on top of several others. The suppressor head’s ablation actually increases
rhyme rate by 23% because its OV circuit encourages punctuation over content
tokens, which goes against rhyme. We characterize the three classes across eight
dimensions (QK/OV weights, behavioral effect, cascade structure, residual-stream
signature). The residual std ratio «, separates the source head from all others by
10x the noise level, but we show it fails on the 101 circuit, where it instead marks
Anti-Erasure. Fine-tuning barely updated the source head, and weight patching
shows that no identifiable upstream head’s weight change drives its attention am-
plification. On Default Project tasks, we find that LoRA with MLP adapters beats
full FT on both tasks at GPT-2 Small. At Medium and Large scales, it trails by
< 0.5pp/chrF. We also perform a study showing that LoRA configs including
MLP are much more effective than attention-only configs. This gap widens on
single-token tasks (IOl V+0—QK: —1.26 — +3.29 from Small to XL).
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2 Introduction

The goal of circuit discovery in LLMs is to map a subset of model components that implement
a given behavior [[, Z]. The standard recipe shown in Wang et al. [P]’s study of Indirect Object
Identification (IOI), is to find heads that do the best in recovering a corrupted output when patched
back in, then verify the circuit by ablating those heads. In practice, however, it’s hard to verify the
circuit as ablating circuit heads has little behavioral effect because other components can compensate
(the “Hydra effect” [B]). Rushing and Nanda [2] showed that what seems like self-repair is not the
model adapting to ablation but actually a result of the model’s architecture (LayerNorm rescaling,
destructive interference between components). The practical challenge then becomes identifying
which heads actually matter when the ablation is null.

This paper seeks to address that problem. After implementing GPT-2’s attention, AdamW, and
LoRA from scratch for the Default Final Project, we fine-tuned our model on Shakespeare’s sonnets
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for the sonnet generation task and used path patching to locate a rhyme circuit with four heads (LOH1
— L1H11 — L4HI11 — L5H6). Ablating all four of these heads lowered rhyme rate from 7.3% to
7.1% and ablating four random heads reduced it even further to 6.1%. Therefore, the circuit was
worse than random at explaining behavior.

Our contribution is a taxonomy of heads by causal structure under intervention, related but not
overlapping prior work’s taxonomy of heads (name mover, duplicate detector, etc.). We identify
three classes and characterize these classes across eight dimensions (Table [). The source head
L6H10 has OV circuit that writes content. Its ablation cascades downstream (observer-head output
norm drops ~72% on average), and is the only head whose single ablation hurts rhyme considerably.
The relay head L7H11 has a weak copy of the source head’s QK pattern along with positional
lookup across lines. Its OV contains little information and its ablation has no downstream effect
on behavior. This ablation only matters in the context of other ablations. The suppressor head
L11HO has a structure-writing OV circuit that boosts punctuation tokens over content tokens and
its ablation increases rhyme rate. This is similar to prior work’s negative name movers—both go
against the objective. We also find that ., the ratio of residual-stream standard deviation under
ablation to baseline (one forward pass, cheap), separates the source head from 13 other tested heads
with a gap 10x the noise level. We offer this as a cheap way to identify candidate source heads.

Separately (§64), we investigate that after FT, the source head’s weights are among the least modi-
fied in the model (3rd percentile), suggesting that it was already functionally sufficient before fine-
tuning. A weight-patching experiment also rejects the hypothesis that any identifiable upstream
head’s weight change encourages its attention amplification. This mechanism is diffuse, an open
question.

3 Related Work

Circuit discovery. The transformer-circuits framework [[]] decomposes attention into QK (tokens to
read) and OV (what to write from tokens) circuits. Two techniques for circuit discovery, activation
patching [8] and path patching [] (refinement of activation patching), locate circuits by measuring
which components’ clean activations best recover a corrupted output. The IOI study [2] remains
the most detailed, classifying heads by their role in the circuit (name mover, S-inhibition, induction,
negative name mover).

Self-repair and redundancy. McGrath et al. [3] found that ablating a head often doesn’t have a
direct effect on logits because other heads can compensate (the Hydra effect). According to Rushing
and Nanda [@], the main cause of the Hydra effect is LayerNorm rescaling and “Anti-Erasure”:
components have destructive interference at baseline, so removing one raises the residual stream’s
norm. They also noted that at the token level, self-repair is noisy. Nanda [B] distinguished parallel
redundancy (multiple heads do the same job independently) from serial redundancy (a pipeline can
reroute around a missing link). Our source/relay distinction is an instance of the parallel/serial split.
The source head sits at the origin of a serial chain, while the relay head is one of several parallel
readers.

Fine-tuning mechanism. Prakash et al. [[4] showed that LoRA FT enhances existing circuits instead
of building new ones. Wang et al. [8] found that fine-tuning changes edges more than nodes (which
heads attend to which vs. what individual heads compute). Our finding that the source head’s
weights are barely modified (3rd percentile) but routing heads change most is consistent with both,
though our weight-patching experiment rejects the simple “upstream routing change” explanation
for the source head’s attention amplification.

Gap we fill. While prior head taxonomies classify heads using their functions in the circuit, we use
causal structure under intervention: does ablation cascade, does it have a behavioral effect, does the
residual stream grow or shrink. When ablation is used to validate circuits, these distinctions matter
because self-repair can obscure the circuit.



4 Approach

4.1 Default Project base and LoRA

We implement GPT-2 [@] multi-head attention, AdamW [I], and LoRA [IT] from scratch on the
provided starter code. Our LoRA module (modules/lora.py) wraps each Wy and Wy as h =
Wox + 2 BAx with B zero-initialized and A Kaiming Uniform, freezing Wy. The interpretability
infrastructure (i.e. hooks for per-head activation/attention caching, ablation masks, weight patching)
is also implemented from scratch.

4.2 Circuit discovery

We adapt activation patching [, 8] for sonnet generation: we corrupt the rhyme partner’s final
word with random tokens and cache clean per-head outputs. Then, for each head (L, H) restore that
head’s clean output on the corrupted input and score recovery (L, H) = (Ppatched — Peorrupted ) / (Pclean —
Deorrupted ). Path patching refines this by patching only the value input o a fixed receiver head from
each upstream head, allowing us to trace multi-hop pathways.

4.3 Head characterization suite

Our methodology involves making four complementary measurements per head:

(a) Behavioral. Single-head ablation — measure rhyme rate on held-out prompts. We use n=3
seeds x best-of-3 sampling; because with only 12 x 7 = 84 rhyme-pair checks per evaluation,
single-seed rates are noisy (+2-4%).

(b) Cascade. For each (ablated, observer) head pair, measure the observer’s ANorm (output norm
at rhyme positions minus non-rhyme positions) under ablation versus baseline. A source head’s
ablation should cause large AANorm on downstream observers and a relay head’s should not.

(c) Residual-stream signature. o, = o(r’)/o(r) is the ratio of residual-stream std under ablation
to that under baseline (pre-final-LayerNorm). a,, > 1 means the ablated component had destructive
interference with the rest of the residual stream (Rushing’s Anti-Erasure [@]). Because the final
LayerNorm divides by o, o, > 1 also means LN suppresses instead of amplifying under ablation,
so the behavioral effect of a high-a,, head is not masked by LN rescaling.

(d) QK/OV weight analysis. For QK: aggregate attention weight to each vocabulary token, reveal-
ing what the head reads. For OV: project through the unembedding matrix and rank tokens by how
much the head boosts their logit, revealing what the head writes.

5 Experiments

5.1 Data, evaluation, and experimental details

We use the DFP-provided datasets: SST (5-class sentiment, 11 855 samples), CFIMDB (binary sen-
timent, 2 440 samples), Quora paraphrase pairs (283K train / 40K dev), and Shakespearean sonnets
(143 train, from which we carve 12 as dev; plus 12 held-out test). Classification and paraphrase use
accuracy while sonnet generation uses chrF [[?] against held-out gold completions. Our rhyme rate
metric is the fraction of ABAB CDCD EFEF GG pairs whose line-ending words share a 2—-3 charac-
ter suffix. This metric is crude (e.g. present/taste is accepted) so we report relative comparisons.

Hardware: 2xH100 80GB. Full fine-tuning: Ir 1e—5, 840 epochs. LoRA: Ir le—4, a=16, 15-20
epochs. AdamW, batch size 8 (sonnets) or 64 (paraphrase). Sonnet chrF is best-of-3 with nucleus
sampling [[3] (temperature 1.2, top-p 0.9) on the 12 held-out dev prompts. We corrected a starter-
code prompt mismatch between the paraphrase test and training datasets (datasets.py:83); the
mismatch cost 1.4 pp test accuracy before the fix. Sentiment classification (GPT-2 Small): SST dev
accuracy 51.1% (full FT) / 47.6% (LoRA 18); CFIMDB 98.4% / 96.3%.



Paraphrase Dev Acc (%) Sonnet Dev chrF (best-of-3, n=3)
Model Full FT BestLoRA  Gap Full FT Best LoORA Gap
GPT-2 Small 89.06 89.19 aLLrs  —0.13 42.35 42.494+0.20 aLLs  —0.14
GPT-2 Medium 90.78  90.34 AL 0.44 | 43.26+£0.18 42.88+0.04 aLLr32  0.38
GPT-2 Large 90.74 9045 AL 029 | 43.23+0.16 43.104+0.32 atLrs  0.13
Staff baseline 88.2 414
Test leaderboard 90.4 42.43

Table 1: Default Project results (sonnet n=3; paraphrase single-seed). The ALL config (LoRA
on V, O, and both MLP matrices) beats full fine-tuning at Small on both tasks, at <1% of the
parameters, and trails by a shrinking margin at larger scales. Both tasks show the same U-shape:
Full-FT headroom is largest at Medium (0.44/0.38) and smallest at Small and Large (0.29/0.13).
Full fine-tuning plateaus at ~43.25 chrF and ~90.75% acc from Medium on. All LoRA results are
r=_8 except sonnet Medium (r=32, Appendix B)). Both tasks beat the staff baseline at every scale.
fLeaderboard is single-sample; best-of-3 adds ~1.0 chrF at this sampling variance.

5.2 Default Project results
5.3 The ablation paradox

Path patching identified a four-head pathway LOH1 — L1H11 — L4HI11 — L5H6 (all in layers
0-5). But ablating all four changed rhyme rate from 7.3% to 7.1%, while ablating four random
heads reduced it to 6.1%. Exhaustive activation patching (all 144 heads) then revealed that the
top-6 heads by recovery score (L11HS, L11HO, L9H11, L8HO, L6H10, L7H11) all lie in layers
6-11, revealing that the path-patching circuit barely had overlap. These results come from the two
methods measuring different things. First, path patching scores each edge by how much restoring
it alone in a corrupted context helps, so it finds the narrowest information channel. On the other
hand, activation patching scores each node by how much restoring its full output helps, so it finds
the widest info channel. The early layers (0-5) form a narrow bottleneck that feeds into wide late
computation layers (6—11) and the two methods address different parts. Heads identified by path
patching are routing heads that are high information flow, parallel-redundant, and not behaviorally
necessary, and the heads identified by activation patching are computation heads.

When we ablate the six computation heads in order of importance, it (Figure M) produces a non-
monotonic curve. Adding L11HO at step 2 brings rhyme rate back up (the suppressor effect, repro-
ducible across seeds). Rhyme drops toward zero only by step 6 (L7H11), and only in the context of
five prior ablations: ablating L7H11 alone has no effect (§8-4)). There is no single-head kill switch.

5.4 Source, Relay, and Suppressor

Table @ summarizes the full eight-dimension characterization. Three rows are worth highlighting.
Single ablation — rhyme: ablating L6H10 alone drops rhyme 38% (7.1% — 4.4%, n=3 seeds);
ablating L7H11 alone does nothing (7.1% — 7.8%); ablating both gives 5.0%, essentially the same
as L6H10 alone. The relay head has no standalone behavioral footprint. Note that the behavioral
delta (2.7 pp on a ~7% baseline, n=3) is the weakest evidence in this row: the rhyme metric is crude
and the effect is roughly one standard error. The cascade and o, rows carry the source/relay dis-
tinction. Cascade structure: Figure & shows that ablating L6H10 degrades four downstream heads’
rhyme-position output norm by ~72% on average and ablating L7H11 leaves all observers within
|AA] < 0.10 of the baseline. The causal structure is asymmetric: upstream—downstream effects
are large, downstream—upstream effects are exactly zero. «,: across 14 heads tested (Table B),
L6H]10 is the only one with o, > 1.05; the gap to the next-highest (1.040) is 10x the within-class
noise (£0.012). We tested this as a source-head pre-screen on the I0I name-mover heads: it fails.
Name movers have o, < 1, despite being source heads in the IOI circuit. So o, marks Anti-Erasure
(destructive interference at baseline), not source-ness. The overlap in our single example is inciden-
tal. We retain o, as a taxonomy dimension because it cleanly separates LoH10 here, but it is not a
transferable source-head detector.
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Figure 1: Cumulative ablation of computation heads (importance order from activation patching).
Rhyme rate (red, right axis) is non-monotonic: adding the suppressor L11HO at step 2 brings rhyme
back up (robust across generation seeds); the curve drops toward zero only by step 6 (L7H11 added
on top of five others). chrF (blue, left axis) stays within a 1.4-point range throughout: ablating the
rhyme circuit does not hurt general quality.

L6H10 (Source) L7H11 (Relay) L11HO (Suppressor)
QK: what the head reads
\n attention weight 247 144 213
other pattern line-start words same + cross-line . (35), line-starts

(When, O, Lo, But...) positional (—11, —21, —47)

OV: what the head writes (boost per token class)

content (thee, love, heart) 28,18, 14 15,10, 11 110, 14, 12

structure (\n, ., ,) 26, 26, 29 18,19, 21 141, 156, 179

summary content-leaning weak both structure-heavy
Causal structure under intervention

Single ablation — rhyme (n=3 seeds) 7.1 — 4.4% (—38%) 7.1 — 7.8% (null) 7.3 — 8.9% (+23%)

Cascades downstream? (observer F) Yes (0.58-0.70) No (= 1.0) —

Depends on upstream? (L6H10 ablated) — Yes (—0.46) —

a, (residual std ratio) 1.154 1.016 1.006

Fine-tuning signature
‘Weight change (OV, percentile) 0.74% (3rd) 0.85% (~10th) 1.51% (~75th)

Table 2: The three head classes, characterized across eight dimensions. The source head writes
content, its ablation cascades downstream and is the only one with behavioral effect, its o, is the
only one above 1.05, and it was the least modified by fine-tuning. The relay head has a weak copy
of the source’s QK along with a positional lookup across lines, but has low-information OV and no
standalone causal effect (see Figure [l for its role in cumulative context). The suppressor encourages
punctuation, so ablating it actually helps rhyme.

5.5 Memorization and generalization

Prompting pretrained GPT-2 with the first three lines of held-out sonnets already yields chrF
~41, and pretrained Medium reproduces 24.7% of gold lines exactly [T4]. Fine-tuning adds only
~1.5 chrF but drops exact line matches (17.6%—13.1% for Small) while 8-gram overlap rises
(11.1%—15.9%): fine-tuning teaches the model Shakespearean style rather than line memoriza-
tion. LoRA’s 8-gram overlap is lower than full fine-tuning’s at matching chrF (13.8% vs. 15.9%),
consistent with implicit regularization though the effect is small.

To test generalization beyond Shakespeare we evaluate on 10 Petrarchan sonnets by Elizabeth Barrett
Browning (different rhyme scheme: ABBA ABBA CDC DCD). The model achieves chrF 42.22,
only 1.23 points below its Shakespeare score, and adapts its rhyme pattern to match the Petrarchan
scheme in the prompt. A per-layer binary classifier (training vs. held-out completion) reaches 80%



Cascade degradation under single-head ablation
L6H10 (source) cascades; L7H11, L8HO (relay-like) don't
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Figure 2: Cascade structure distinguishes source from relay. Each cell is the AANorm (change,
under ablation of the row head, in the column head’s rhyme-position output norm minus non-rhyme-
position output norm). Ablating Lo6H10 degrades four downstream observers by 0.46—-0.63; ablating
L7H11 leaves all observers essentially unchanged (|JAA| < 0.10). L8HO is intermediate, degrading
only late-layer observers. Upstream observers of any ablation (bottom-left triangle) show exactly
zero change, as expected.

Class oy (mean £ std) N
Source (L6H10) 1.154 1
Relay-like (L7H11, L8HO) 1.028 +0.012 2
Routing (LOH1, L1H11, L4H11, L5H6) 0.991 £ 0.008 4

Random controls (L2H3, L3H7, L5H2, L10HS) 0.992 £ 0.012 4

Table 3: a,, separates the source head from all others. Gap = 0.126, within-class noise ~ +0.012,
a 10x separation. But with only one source head, this is an observation and hypothesis, not a
validated classifier. Why a, > 1 for a source head: it writes novel task-specific content that partially
opposes what is already in the residual stream; removing it removes that cancellation and the residual
norm grows (Anti-Erasure [4]).

accuracy at the final layer, with an 8pp gap between vs-training and vs-held-out discrimination; the
model’s representations of its own generations are closer to held-out than to training sonnets, which
is the desired direction.

6 Analysis

6.1 Why the source cascades but the relay does not

The QK/OV weight analysis (Table 0) gives an explanation. L6H10’s QK mostly attends to
\n (weight 247) and capitalized words that typically open lines (When, O, Lo, But, Then, So,
For), showing that it reads where lines begin. Its OV writes content tokens (thee=28, love=18,
bright=17) more strongly than punctuation (\n=26, .=26). It is a line-start aggregator that reads
line structures and write content candidates. Downstream heads depend on that content as a result,
so removing it causes their inputs to change substantially.

L7H11’s QK has the same newline (\n)-attending pattern but decently weaker (144 vs. 247). It also
has a cross-line positional component (its top attention offsets at —11, —21, —47 tokens, roughly
one per line back). Its OV values are roughly half of L6H10’s across the board. We see it as a
weak copy of the source’s read pattern with an added positional lookup and a write with little info.
Downstream heads do not depend on its output because there is little information in it. This explains
why its ablation does not cascade. On the other hand, it does depend on upstream as its own ANorm
drops 0.46 when L6H10 is ablated (Figure [), because its input comes partly from the source.

The “both” ablation (5.0%) ~ “L6H10 alone” (4.4%) result confirms that the relay head has no
standalone behavioral footprint.



6.2 L11HO as a negative head for poetry structure

L11HO’s QK reads line boundaries (\n=213, .=35, plus line-start words), while its OV emphasizes
punctuation (\n=141, .=156, ,=179) over content tokens (Love=14, heart=12). It pushes proba-
bility mass toward ending the current line rather than extending it to satisfy a rhyme constraint. This
competes with thyme and moves in the negative direction of the objective, so ablating it understand-
ably increases rhyme rate (7.3%—8.9%). The same competition explains the non-monotonicity in
Figure [. This is very similar to the IOI study’s Negative Name Movers [], which write against
the correct answer. The difference is that here the negative contribution is structural in the form of
punctuation rather than semantic.

6.3 Behavioral null = mechanistic null

Ablating L6H10 degrades downstream output norm by ~72% on average (Figure ) but reduces
rhyme rate by only 38%. The gap is caused by apparent self-repair [3]. We find the Anti-Erasure
signature of Rushing and Nanda [@]: «, = 1.154 under L6H10 ablation, and «, € [1.02,1.16]
across all three heads we ablated. The residual stream grows under ablation, indicating the ablated
head’s contribution had destructive interference with the rest of the stream at baseline.

A first-order Taylor expansion of the direct-logit-effect change under ablation decomposes approx-
imately into three static factors (magnitude cascade ~ 0.81, direction realignment ~ 1.20, LN
rescaling = 1/a, =~ 0.86) whose product tracks the observed aggregate change to within 0.4%.
However the per-position fit is weak (R? = 0.09), so we report this only as evidence that static
architectural effects are sufficient to account for the aggregate self-repair signal without invoking
adaptive computation, consistent with Rushing and Nanda [4].

The ablations collapsing cumulatively (Figure ) is consistent with this picture as magnitude cascade
compounds across ablations while the other two factors saturate (interference can only be removed
once), so eventually the product drops below the behavioral threshold.

6.4 What fine-tuning changed: observation and a negative test

Observation. L6H10’s weight change is in the 3rd percentile model-wide: OV changed by 0.74%
versus a median of 1.15% and maximum of 2.05% (at L4H11). Before fine-tuning, L6H10 was
already \n-attending (the strongest \n-attender in the model, per-position weight 0.37) and its OV
was already content-writing (thee=28.3, identical to post-FT). Fine-tuning sharpened its attention
to \n by 1.49x (per-position 0.37—0.55) but barely modified OV. The most-modified heads (L4H11
at 2.05%, L5H6 at 1.74%) are the routing heads from the original path-patching circuit.

Hypothesis. This suggested that fine-tuning modifies upstream routing for the goal of sending better
input o the source head, rather than modifying the source head itself. This is consistent with the
“edges change more than nodes” finding of Wang et al. [8].

Test. In the post-fine-tuning model, we revert individual heads’ weights back to their pretrained
values and measure L6H10’s attention to \n. Reverting L4H11 (model-wide maximum weight
change) changes L6H10’s attention by 1%; reverting L5SH6 by 0%; reverting the top-5 highest-
change heads together by 8%; reverting L6H10’s own weights by 8%. The control (reverting L2H3,
a low-change head) gives 2%. All effects are in noise range.

Conclusion. We reject the hypothesis. The 1.49x attention amplification does not localize to any
small set of head-weight changes. It comes from the accumulated small drift across the entire model,
or from LayerNorm/embedding changes, or from compounded upstream representation shifts. De-
spite the hypothesis rejection, we’re able to rule out the simplest explanation. The resulting insight is
that L6H10 was already suitable pre-fine-tuning, so its gradients were small, rather than the original
direction that “fine-tuning protected the source head.”

7 Conclusion

We propose a taxonomy of attention heads by causal structure under intervention, orthogonal
to function-in-circuit taxonomies. In GPT-2 fine-tuned on Shakespeare, we identify a rhyme-
generation circuit and a source head (cascades, behavioral effect, high «,, content-writing OV,



barely updated by fine-tuning), a relay head (depends on upstream, no cascade, no behavioral foot-
print, weak OV), and a suppressor head (ablation = better thyme rate, punctuation-writing OV). The
distinction explains why path-patching circuits can be behaviorally irrelevant via finding routing
heads and why single-ablation effects are often null. This is because relay heads may seem the most
important, but the source head is what really matters.

As a secondary contribution, we show (Appendix B) that LoRA with MLP adapters matches or
beats full fine-tuning at GPT-2 Small on both Default Project tasks, with a consistent U-shaped gap
across scale (i.e. Full-FT’s headroom peaks at Medium and vanishes at Small). This implies that the
standard )4V LoRA leaves ~2 pp on the table at Small, but adding the MLP adapter recovers it.

Limitations. The taxonomy is one task, one model, and one source head. The «a, classifier has
N (source) = 1. The fine-tuning mechanism (why attention amplified 1.49x) remains open. The
LoRA module study (Appendix B) is on synthetic and small-data tasks. Whether the ALL>QK
gap continues to widen beyond 1.5B parameters, and whether it holds on instruction-following, is
untested.

Future work. A GPT-2 without LayerNorm [I5] would let us isolate the LN-rescaling factor.
GIM [[[€] identifies softmax redistribution as another self-repair mechanism, which our decompo-
sition does not capture. The epoch-0-saturation artifact (saving the best checkpoint early) for 101
suggests re-running with evals at each epoch to determine whether QK’s late-training recovery trans-
fers to held-out data.
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A Rhyme-constrained decoding

At line-ending positions, add a constant [ to the logits of vocabulary tokens whose decoded form
shares a 2-3 character suffix with the rhyme partner’s final word. This is training-free (a decoding
wrapper, one cached vocabulary suffix scan per rhyme target) and needs no pronunciation dictionary
at inference, unlike prior constrained poetry decoding [I'7].

Logit boost 8 chrF Rhyme Rate Note

0 (baseline) 42.00£0.39 10.5% +2.1%

3.0 41.87 + 0.28 21.9% + 3.8%

5.0 42.094+0.36 36.2% +2.4% sweet spot
10.0 25.68 £1.07  74.1% +4.7%  chrF collapses

Table 4: Rhyme-constrained decoding (GPT-2 Large full fine-tune, 5 seeds x 12 prompts, single-
sample). =5 gives 3.4 x rhyme rate at no measurable chrF cost (overlapping error bars).

Note on relation to the circuit analysis. This intervention was developed before the
source/relay/suppressor taxonomy and has no direct mechanistic connection to it: the boost oper-
ates on output logits, not on any circuit component. We include it as a practical improvement (3.4 x
at no cost) but it is not circuit-informed.

We also tried position-dependent head scaling (amplify circuit heads at line endings), which added
nothing over the logit boost; an iambic-pentameter boost (favor tokens whose CMU-dictionary [[¥]
stress pattern matches the expected unstressed/stressed alternation at the current syllable position),
which on its own reduced rhyme from 7.5% to 6.2% (the meter constraint fights vocabulary); and
a rhyme-aware auxiliary training loss, which also reduced baseline rthyme. A linear probe [19] for
syllable stress reaches 97.9% accuracy on the fine-tuned model’s hidden states (best layer), so the
model encodes meter cleanly even though our crude suffix-match metric cannot measure it.

B LoRA module targeting across tasks and scales

A natural follow-up to the source/relay/suppressor work: if interp tells us which heads matter, does
that help us pick LoRA targets? We tested this and the answer is no (Finding 3), but the module-level
question turned out to be interesting independently. We tested five module targets across four tasks
(IOI, induction, sonnet, paraphrase) and four GPT-2 scales, 3 training seeds each for the full-matrix
cells (~170 total runs). Schulman et al. [200] independently showed that LoRA applied to all weight
matrices matches full fine-tuning; our results confirm this at smaller scale (Findings 2, 5) and add a
per-module breakdown and the negative interp-targeting result (Finding 3).

Setup. Configs: QK (Wq, Wk), Vv+0 (Wy,, Wo), STD (Wq, Wy ; the HuggingFace default), MLP
(MLP up/down only), ALL (V+0+MLP). All =8, a=16, Ir le—4. I0I and induction use 15-epoch
training with best-dev save; sonnet uses 20 epochs with best-chrF save; paraphrase uses 15 epochs
with best-dev-acc save (single-seed for the module cells due to ~10h/run cost). Error bars are std
over training seeds.

Finding 1: QK is always worst and always stable. Across all four tasks and all scales, QK has
the lowest deployed score and the lowest training-seed variance (sonnet Small: =0.19; IOI Small:
0=0.03). Query/key touches where to attend but not what to write; it is the most constrained sub-
space and also the least useful on its own.

Finding 2: MLP-inclusive configs dominate, and the gap widens with scale on single-token
tasks. On IOI, the V+0—QK gap grows monotonically: —1.26 (Small, QK wins) — +1.77
(Medium) — +1.84 (Large) — +3.29 (XL). Figure B shows this against sonnet, where the MLP—QK
gap instead compresses at scale (1.24 — 0.64) as all configs approach a chrF ceiling ~ 43. The
difference is task structure: I0I is a binary name choice with no ceiling; sonnet is bounded above by
“Shakespeare-plausible.”

Finding 3: Head/layer targeting does not help. Three interp-guided targeting strategies all fail:

* Head-granular LoRA restricted to the source head L6H10 (13K params) gets chrF
41.03 £0.28, i.e. 96.5% of standard LoRA’s 42.52 at 4.5% of the parameters. But random-
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QK-gap scaling: 10l grows, Sonnet compresses

44 —@— 101 (V+0-QXK, Id3) GROWS
=~ Sonnet (MLP—QK, chrF)

Gap over QK (task-native units)
(=

SHRINKS
0 4
_1 4
Small Medium Large XL
(125@{9Win5 (355M) (774M) (1.5B)

Figure 3: Gap over QK vs scale (IOI: V+0—QK; sonnet: MLP—QK). IOI: gap grows monotonically
(QK is actively harmful at XL). Sonnet: gap compresses toward a chrF ceiling. All points n=3,
error bars are propagated std. Induction (not shown) has V+O~ALL winning at all four scales by
~4x over QK.

head LoRA is indistinguishable, and on IOI, targeting the name-mover heads performs
worse than random heads at the same budget.

* Freeze-except (full FT but only unfreeze the circuit layers) is no better than freeze-except-
any-other-layer-set. All choices ~ 42.5.

* Layer-targeted LoRA restricted to the eight layers identified by path patching plus logit-lens
KL [2T] achieves chrF 40.93 £ 0.26 vs 42.52 for all-layer LoRA.

Circuits describe inference-time computation, not gradient geometry. Knowing which heads matter
does not tell you which parameters are productive gradient targets, and on these tasks the answer is
“all of them, roughly equally.”

Finding 4: Optimal rank is task- and scale-dependent. Figure B. On IOI XL, =8 is optimal;
r=16 and r=32 have lower ceilings and 10x worse ep0 variance. On sonnet Medium, =32 halves
the gap to full FT. On sonnet Large, =8 is best again. No universal rule: optimal rank depends on
task complexity relative to base-model capacity.

Finding 5: The ALL-Full-FT gap is U-shaped in scale on both Default Project tasks. Table [I:
at Small, ALL beats Full-FT on both sonnet (4-0.14 chrF) and paraphrase (4-0.13 pp) at <1% of
the parameters. At Medium the gaps widen to —0.38/—0.44. At Large they narrow again to
—0.13/—0.29. The sonnet and paraphrase U-shapes are nearly identical despite different task types
(generation vs. classification) and metrics (chrF vs. accuracy). We interpret Medium as the hardest
regime for LoRA: the base is weak enough that Full-FT’s extra capacity matters, but strong enough
that the LoRA update is small relative to what’s needed. At Small, the task ceiling is low and LoRA’s
regularization helps (consistent with [22]); at Large, the base is already near-ceiling and the LoRA
update suffices.

Prescription. By default, use ALL at »=8. If the gap to full FT is large and the task is complex
(style transfer, generation), try r=32. Never use QK-only. Circuit knowledge does not translate to
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Figure 4: LoRA rank sweep (ALL config), n=3 each. IOI XL: monotonic decrease, r=8 best.
Sonnet Medium: nonmonotonic, r=32 best (99.1% of full FT). Full-FT line on the right panel
shows the headroom.

useful LoRA placement, as we find that it only tells you what the model does, not where gradients
should be applied.
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Figure 5: Sonnet chrF vs trainable parameters (log scale), all configs n=3. At Small, LoRA beats
full fine-tuning. At Medium and Large, ALL is Pareto-optimal among LoRA configs but full FT has
a small headroom (< 0.38). QK is consistently worst.

C Additional generalization experiments

A per-layer binary classifier reaches 80% accuracy at the final layer, with an 8pp gap between vs-
training and vs-held-out discrimination. This measures if it’s a training completion or a held-out
completion. Regularization attempts (dropout 0.3/0.5, label smoothing 0.1, cosine learning-rate
schedule) were all either approximately neutral or slightly negative for chrF—none improved the
memorization/generalization trade-off.

D Model-wide weight-change distribution

Fine-tuning’s weight change ||Wrr — Wer||/||Wer|| per head, OV projection: median 1.15%, 90th
percentile 1.56%, maximum 2.05% (L4H11). L6H10 at 0.74% is the Sth-lowest out of 144 heads.
The routing heads from the original path-patching circuit (L4H11 at 2.05%, L5H6 at 1.74%) are
at the top of the distribution; the source head is at the bottom. This pattern (routing changes most,
computation least) survives as an observation even after the negative weight-patching result; what
does not survive is the causal interpretation that any particular routing head’s weight change drives
the source head’s attention amplification.
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