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ABSTRACT

The goal of circuit discovery is to decompose a monolithic
neural network into tiny modular subnetworks which are in-
terpretable in the sense that each does an identifiable sub-
task. We develop a practical method for composing arbitrar-
ily many circuits into a single model. We propose a greedy,
density-scaled composition algorithm that overcomes limita-
tions of previous attempts to compose circuits by naive union,
then generalize it to N circuits via CircuitTree, a new data
structure built on a Θ(N logN) tree-compose schedule. We
compose circuits pruned from HuBERT for classifying indi-
vidual phonemes into a syllable classifier, a capability none
of the 39 phoneme circuits has individually. Chaining Circuit-
Trees into a hierarchy-of-circuits pipeline, we transcribe open
syllables at 64.8% accuracy, within 1.2 points of a 66.0% ceil-
ing that shares no circuitry at all, with 99.5% of circuit com-
ponents shared.

Index Terms— circuit discovery, mechanistic inter-
pretability, model merging, modularity, HuBERT

1. INTRODUCTION

Many researchers has proposed to view modern multi-task
neural network models as the composition of large numbers
of sub-networks (circuits) with independent capabilities. [1–
6]. Early work identified circuits manually [7]; automated
methods soon followed [8], reducing circuit discovery to a
process of choosing a metric and a dataset to define a be-
haviour, and patching activations until the responsible com-
ponents emerge.

While much research has proposed circuit discovery as a
tool for deepening our understanding of black-box models,
the ability to decompose models into small, modular sub-
networks has practical implications. Researchers have en-
visioned circuit discovery as a way to “re-engineer” a net-
work by decomposing the monolithic model into modular,
Lego-like pieces, each responsible for a single task [1, 2, 6,
9, 10]. The practical payoff of this decomposition is mod-
ularity. Once primitive circuits are identified, they can be
joined to solve complex tasks without having to rediscover
every possible combination from scratch. Merullo, Eickhoff,
and Pavlick [3] found that a circuit discovered for one task in
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Fig. 1: Circuit discovery of weight and edge circuits.

GPT-2 is substantially reused for a related one, showing that
a small hand-designed patch to four attention heads is suffi-
cient to change the model’s behaviour. Mondorf et al. [1]
went further, posing general circuit composability as a funda-
mental open question and combining circuits for ten string-
edit operations through mask-level set operations. However,
their experiments were limited to synthetic toy models gener-
ated via Tracr [11]. Most recently, Yu et al. [2] discovered
that composing two independently discovered circuits pruned
from GPT-2 for different tasks by simple mask union largely
preserves functional performance.

This is a compelling vision, but the evidence for it re-
mains preliminary. Existing composition results stop at a
pair of circuits, or at best a handful, and success is measured
by whether the composed circuit still performs the individual
tasks it was pruned on. Can primitive circuits can be com-
posed at scale, and into new capabilities? We answer both
halves of this question: composition survives the jump from a
hand-verified pair to dozens of independently-discovered cir-
cuits merged at once, and the resulting shared circuitry is able
to do a more complex task that none of the 39 source circuits
were individually pruned to solve. We do this by composing
circuits pruned from an English phoneme classifier based on
HuBERT, about as elementary a building block as a spoken
language offers, into an syllable classifier.

The outline of this paper is as follows. First, we iden-
tify failures of plain mask union (density domination, inter-
ference) and design a greedy, density-scaled algorithm that
composes a pair of circuits. Second, we generalize this to N
circuits with the help of a new data structure, CIRCUITTREE.
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Third, we compose the resulting vowel and consonant CIR-
CUITTREEs into a hierarchy-of-circuits pipeline with 99.5%
of matrices shared across phonemes. The resulting pipeline
transcribes English CV and VC syllables, a task the individ-
ual circuits were not trained for, and which the composition
algorithm does not optimize for either. We reach 64.8% ac-
curacy against the ceiling of 66.0% obtained by running the
circuits independently.

2. BACKGROUND ON CIRCUIT DISCOVERY

Circuit-discovery methods split along what they prune.
Weight-level methods learn a differentiable mask directly
over model parameters, e.g., via hard-concrete L0 relax-
ations [12] or movement pruning [13], yielding a sparse sub-
network but leaving the dense computation graph untouched.
Edge-level methods instead prune the residual-stream com-
putation graph itself while keeping weights dense: ACDC
searches over activation patches [8], and Edge Pruning [14]
learns a differentiable mask over edges with a straight-
through relaxation. DiscoGP [2] is a circuit discovery al-
gorithm that does both weight and edge pruning.

3. EXPERIMENTAL SETUP

Dataset. We train and evaluate on the Articulatory Index
corpus [15], originally collected by [16], which contains pro-
nunciations of 10,329 CV and VC monosyllables produced
by 20 English speakers (12 male, 8 female). The data for
each phoneme is split into train, validation, and test sets. Re-
sults reported are for test. Thresholds for ensemble classifiers
described in Section 4 are tuned on the validation set. All
accept/reject decisions in Algorithm 1 and its N -way exten-
sion use tolerance ε = 0.02 absolute F1; scale factors (Eq. 1)
are clipped to [0.05, 5.0]; the syllable type gate (§6) is itself a
DISCOGP circuit under the same protocol.

Following [6], we prune 15 vowel and 24 consonant
DISCOGP circuits from HuBERT-base [17] with a frozen
mean-pooled linear head trained on the binary task of iden-
tifying whether a given vowel or consonant in present the
syllable. Below, we combine these binary circuits into en-
semble multi-class classifiers as described in Section 4.

The resulting weight circuits consist of 144 logit tensors
(12 layers × {Q,K,V,O,MLP-in, MLP-out} × {weight,bias}).
Edge circuits are 49 logit tensors, one per downstream node,
each holding one logit per eligible upstream head or MLP.

4. PAIRWISE CIRCUIT COMPOSITION

We start by developing algorithms for composing two phonemes’
circuits pi, pj . We combine pairs of binary classifiers into
three-way classifiers pi, pj , other. Each binary classifier
for phoneme pi is associated with a threshold τi, tuned by
validation set. When combining two classifiers, whichever

phoneme’s confidence surpasses its threshold the most will
be the prediction. If neither does, we predict “other”. In this
setting, the classifiers being combined can be run indepen-
dently, or can be composed into a single system with shared
weights and edges.

We first test a naive composition strategy by taking the
element-wise union of weights and edges present in either cir-
cuit. As shown in Figure 2, the independent, unmerged clas-
sifiers (Figure 2a) substantially outperform this naive union
across all vowel phoneme pairs (Figure 2b). We attribute this
performance degradation to two key issues: density domina-
tion and interference.

By density domination we refer to the issue that circuits
can have very different weight densities (2–3% for some
phonemes, 15–20% for others). Simple union is dominated
by the denser circuit, so the composition behaves like the
dense circuit. We resolve this by scaling each mask in both
circuits, or, in the general case, in all N circuits. For a shared
key of the underlying model k, let d1(k), . . . , dN (k) denote
the fraction of active entries in each phoneme p1, . . . , pN ’s
mask. We calculate each phoneme’s scale factor at key k
σi(k) (which have the same shape as circuit masks at key k)
as follows:

σi(k) = clip
( t(k)

di(k)
, [smin, smax]

)
(1)

where

t(k) =
( N∏

n=1

dn(k)
)1/N

, (2)

is the geometric mean of the densities.
In following MODEL FORWARD() method where N cir-

cuits are applied to the HuBERT model, we first element-wise
union (naive union) the N circuits and select the kept parame-
ter/edge connection, then scale them by element-wise mulpil-
ication of the scale factor σi(k).

Even at matched density, overlaying two independently
optimized masks introduces circuit interference: the presence
of a given weight or edge may be crucial to the behaviour of
one circuit but detrimental to the other. As the objects we
are combining are binary masks, the techniques developed by
[18] for the case of model combination by weight averaging
do not apply. We instead propose a greedy algorithm to merge
a subset of 90% the matrices that do not decrease the F1 score
for each vowel more than some threshold.

Algorithm 1 sorts the computation graph topologically
and visits every key exactly once, proposing to take the union
of the two circuits’ masks for the given matrix, which we
apply twice to the weight mask, then to the edge mask, only
if both circuits’ binary F1 stays within ε of its independent
(unmerged) performance.

Figure 2c shows the performance is comparable to inde-
pendent (unmerged) performance (Figure 2a).



æ ə aʊ aɪ ɝ ɛ ɪ ɔɪ ʊ ɑ ɔ eɪ i oʊ u

æ
ə

aʊ
aɪ
ɝ
ɛ
ɪ
ɔɪ
ʊ
ɑ
ɔ
eɪ
i

oʊ
u

0.78 0.91 0.92 0.93 0.85 0.86 0.93 0.73 0.79 0.85 0.87 0.89 0.85 0.91

0.78 0.81 0.81 0.84 0.73 0.77 0.84 0.66 0.69 0.75 0.77 0.79 0.76 0.82

0.91 0.81 0.93 0.95 0.84 0.88 0.95 0.76 0.81 0.87 0.89 0.91 0.88 0.93

0.92 0.81 0.93 0.96 0.85 0.89 0.97 0.77 0.82 0.87 0.90 0.92 0.88 0.94

0.93 0.84 0.95 0.96 0.86 0.91 0.98 0.80 0.84 0.90 0.91 0.94 0.90 0.97

0.85 0.73 0.84 0.85 0.86 0.80 0.87 0.69 0.72 0.79 0.80 0.83 0.78 0.85

0.86 0.77 0.88 0.89 0.91 0.80 0.92 0.73 0.77 0.83 0.87 0.90 0.83 0.90

0.93 0.84 0.95 0.97 0.98 0.87 0.92 0.81 0.84 0.90 0.92 0.94 0.91 0.96

0.73 0.66 0.76 0.77 0.80 0.69 0.73 0.81 0.65 0.71 0.72 0.75 0.74 0.77

0.79 0.69 0.81 0.82 0.84 0.72 0.77 0.84 0.65 0.75 0.78 0.79 0.76 0.82

0.85 0.75 0.87 0.87 0.90 0.79 0.83 0.90 0.71 0.75 0.83 0.85 0.81 0.88

0.87 0.77 0.89 0.90 0.91 0.80 0.87 0.92 0.72 0.78 0.83 0.89 0.84 0.90

0.89 0.79 0.91 0.92 0.94 0.83 0.90 0.94 0.75 0.79 0.85 0.89 0.86 0.93

0.85 0.76 0.88 0.88 0.90 0.78 0.83 0.91 0.74 0.76 0.81 0.84 0.86 0.89

0.91 0.82 0.93 0.94 0.97 0.85 0.90 0.96 0.77 0.82 0.88 0.90 0.93 0.89

(a) Independent circuits

æ ə aʊ aɪ ɝ ɛ ɪ ɔɪ ʊ ɑ ɔ eɪ i oʊ u

æ
ə

aʊ
aɪ
ɝ
ɛ
ɪ
ɔɪ
ʊ
ɑ
ɔ
eɪ
i

oʊ
u

0.59 0.48 0.63 0.33 0.38 0.56 0.29 0.49 0.57 0.60 0.67 0.40 0.70 0.59

0.59 0.35 0.45 0.65 0.34 0.60 0.56 0.46 0.45 0.33 0.59 0.78 0.41 0.52

0.48 0.35 0.33 0.39 0.31 0.75 0.45 0.34 0.42 0.31 0.47 0.72 0.52 0.48

0.63 0.45 0.33 0.39 0.31 0.60 0.78 0.34 0.43 0.45 0.32 0.73 0.40 0.69

0.33 0.65 0.39 0.39 0.33 0.56 0.82 0.74 0.47 0.38 0.59 0.73 0.46 0.63

0.38 0.34 0.31 0.31 0.33 0.39 0.44 0.30 0.31 0.47 0.31 0.39 0.56 0.45

0.56 0.60 0.75 0.60 0.56 0.39 0.75 0.61 0.58 0.52 0.31 0.69 0.50 0.53

0.29 0.56 0.45 0.78 0.82 0.44 0.75 0.70 0.44 0.35 0.52 0.49 0.55 0.60

0.49 0.46 0.34 0.34 0.74 0.30 0.61 0.70 0.63 0.66 0.37 0.70 0.62 0.63

0.57 0.45 0.42 0.43 0.47 0.31 0.58 0.44 0.63 0.52 0.62 0.63 0.33 0.63

0.60 0.33 0.31 0.45 0.38 0.47 0.52 0.35 0.66 0.52 0.54 0.71 0.38 0.47

0.67 0.59 0.47 0.32 0.59 0.31 0.31 0.52 0.37 0.62 0.54 0.53 0.36 0.60

0.40 0.78 0.72 0.73 0.73 0.39 0.69 0.49 0.70 0.63 0.71 0.53 0.68 0.82

0.70 0.41 0.52 0.40 0.46 0.56 0.50 0.55 0.62 0.33 0.38 0.36 0.68 0.59

0.59 0.52 0.48 0.69 0.63 0.45 0.53 0.60 0.63 0.63 0.47 0.60 0.82 0.59

(b) Naive union

æ ə aʊ aɪ ɝ ɛ ɪ ɔɪ ʊ ɑ ɔ eɪ i oʊ u

æ
ə

aʊ
aɪ
ɝ
ɛ
ɪ
ɔɪ
ʊ
ɑ
ɔ

eɪ
i

oʊ
u

0.79 0.89 0.93 0.91 0.82 0.87 0.94 0.75 0.78 0.84 0.88 0.91 0.83 0.90

0.79 0.84 0.86 0.85 0.74 0.79 0.86 0.68 0.73 0.76 0.81 0.85 0.83 0.82

0.89 0.84 0.95 0.95 0.84 0.88 0.94 0.83 0.79 0.87 0.88 0.93 0.87 0.92

0.93 0.86 0.95 0.94 0.88 0.89 0.94 0.84 0.83 0.86 0.90 0.95 0.86 0.94

0.91 0.85 0.95 0.94 0.86 0.88 0.95 0.83 0.82 0.87 0.93 0.95 0.90 0.93

0.82 0.74 0.84 0.88 0.86 0.79 0.85 0.73 0.72 0.77 0.81 0.85 0.82 0.86

0.87 0.79 0.88 0.89 0.88 0.79 0.90 0.82 0.77 0.83 0.80 0.88 0.85 0.90

0.94 0.86 0.94 0.94 0.95 0.85 0.90 0.87 0.84 0.89 0.91 0.93 0.91 0.97

0.75 0.68 0.83 0.84 0.83 0.73 0.82 0.87 0.71 0.75 0.69 0.83 0.84 0.72

0.78 0.73 0.79 0.83 0.82 0.72 0.77 0.84 0.71 0.77 0.77 0.81 0.76 0.81

0.84 0.76 0.87 0.86 0.87 0.77 0.83 0.89 0.75 0.77 0.84 0.88 0.83 0.88

0.88 0.81 0.88 0.90 0.93 0.81 0.80 0.91 0.69 0.77 0.84 0.92 0.86 0.89

0.91 0.85 0.93 0.95 0.95 0.85 0.88 0.93 0.83 0.81 0.88 0.92 0.89 0.92

0.83 0.83 0.87 0.86 0.90 0.82 0.85 0.91 0.84 0.76 0.83 0.86 0.89 0.91

0.90 0.82 0.92 0.94 0.93 0.86 0.90 0.97 0.72 0.81 0.88 0.89 0.92 0.91
0.0

0.2

0.4

0.6
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(c) Circuit Composition (ours)

Fig. 2: Pairwise macro-F1 heatmaps across all 15 vowels under three composition strategies: (a) naive union, (b) unmerged
union, and (c) merged circuits.

Algorithm 1 Merge Clusters

Require: circuits C = {Cn}Nn=1, each Cn = {Mn(k)}k∈K a set
of |keys| matrices; thresholds {τn}Nn=1; tolerance ε

1: K ← TOPOLOGICAL SORT(keys)
2: compute σn(k) ∀k ∈ K, ∀n ∈ [N ] via Eq. 1
3: f0

n ← MODEL FORWARD(Cn,∅, τn) ∀n ∈ [N ]
4: S ← ∅; Σ← ∅
5: for each k ∈ K do
6: S′ ← S ∪ {k}
7: Ĉ ← C with masks unioned according to S′

8: Σ← σi(k)
9: fn ← MODEL FORWARD(Ĉn,Σ, τn) ∀n ∈ [N ]

10: if fn ≥ f0
n − ε for all n ∈ [N ] then

11: S ← S′ ▷ accepted
12: end if
13: end for
14: return S, {Ĉn|S}Nn=1, Σ|S

Algorithm 2 Linear schedule
1: function LINEAR(C1, . . . , Cn)
2: T ← C1

3: for v = 2 to n do T ← MERGECLUSTERS(T,Cv)
4: end for
5: return T
6: end function

5. TREE-MERGE SCHEDULES AND CIRCUITTREE
DATA STRUCTURE

Composing all 15 vowels (or 24 consonants) into a single
module still raises two further questions that a single invo-
cation of Algorithm 1 cannot answer on its own. Assuming
that we combine circuits iteratively, by adding one phoneme
at a time, in what order should circuits be combined? And,
when each new phoneme is added, how do we carry forward
information about sharing validated at previous iterations?

The simplest strategy composes N phonemes one at a

Schedule Accuracy(%) Density(%)

Unmerged 82.3 1.13
Linear (Θ(kn2)) 77.9 1.11
Balanced (Θ(kn logn)) 81.8 1.10
Kruskal merge 82.2 1.10
HuBERT Frozen [6] 86.4 100

Table 1: 15-way vowel accuracy of the N -way merge sched-
ules vs. Full HuBERT model, with post-merge circuit density.

Algorithm 3 Balanced schedule
1: function BALANCED(C1, . . . , Cn)
2: Q← [C1, . . . , Cn]
3: while |Q| > 1 do
4: Q′ ← [ ]
5: for i = 0, 2, 4, . . . while i+1 < |Q| do
6: Q′.append

(
MERGECLUSTERS(Q[i], Q[i+1])

)
7: end for
8: if |Q| odd then Q′.append(Q[last])
9: end if ▷ carried forward

10: Q← Q′

11: end while
12: return Q[0]
13: end function

time (Algorithm 2). The trouble is that step i merges a sin-
gle new member into a cluster that already holds i−1 mem-
bers, so MERGECLUSTERS (Algorithm 1) must re-validate all
i resulting members against every one of the k keys, costing
ki MODELFORWARD calls. These costs accumulate over the
whole chain:

Clin = k

n∑
i=2

i = k
(

n(n+1)
2 − 1

)
= Θ(kn2). (3)

A more efficient strategy avoids ever growing one clus-
ter far larger than its merge partner. Instead, singletons are
merged into pairs, pairs into fours, and so on (Algorithm 3).



At round r = 0, . . . , log2 n−1, every cluster has size 2r,
and there are n/2r+1 merges in that round, each invoking
MERGECLUSTERS on 2 · 2r members at a cost of k · 2r+1

MODELFORWARD calls. The result is that every round costs
the same, kn, regardless of r:

k · n
2r+1︸︷︷︸

merges in round r

· 2r+1︸︷︷︸
members validated / merge

= k n. (4)

Summing this constant cost, kn, over the log2 n rounds:

Cbal = k n log2 n = Θ(kn logn). (5)

Both linear and balanced share a limitation: both are blind
schedules, choosing merge order purely from cluster size and
never from how similar two phonemes actually are. We in-
clude a third schedule as an upper bound on achievable per-
formance. Here, the distance between two phonemes is de-
fined by the merge ratio from §4, so that pairs sharing lit-
tle of their masks are placed far apart. Kruskal’s algorithm
is then applied repeatedly, always composing the two closest
clusters that have not yet been joined. This schedule’s com-
plexity ranges from Θ(kn log n) in the best case to Θ(kn2)
in the worst case. As Table 1 shows, the balanced schedule
matches the performance of Kruskal merging while remain-
ing Θ(kn log n), making it preferred in practice.

5.1. The CIRCUITTREE primitive

MERGECLUSTERS operates on nodes of a CIRCUITTREE: a
binary tree whose leaves hold a phoneme’s original circuit,
and whose internal nodes record only which keys are shared
among their two children’s members at that level (Figure 3).

To see why this structure is necessary, consider the nat-
ural alternative: re-union the raw masks of all current mem-
bers every round, and fall back to fully private masks when
any member’s F1 drops too far. This memoryless approach
has a serious flaw. If a later round failed by an unrelated third
phoneme on some key k, the naive approach discards all shar-
ing on k, including sharing between two phonemes that had
already validated it several rounds earlier.

CIRCUITTREE avoids this by never forgetting a validated
result. Instead of recomputing sharing from scratch, it re-
solves each member’s effective mask for key k by walking
down the tree and taking the first (i.e. closest-to-root) level
at which that key was successfully shared, falling back to the
member’s own leaf if it never was:

RESOLVE(T ,m, k) =

UT (k) k ∈ merged(T )
Mm(k) at a leaf
RESOLVE(org(T ,m),m, k) else

(6)
Scale factors are accumulated along the same path. Because
sharing is monotone non-decreasing along any root-to-leaf
walk, a failed merge at the root can never undo a key that
two phonemes already agreed to share three levels down.

v0 v1 v2 v3

{v0, v1}
shares {k1, k3}

{v2, v3}
shares {k1, k2}

{v0, v1, v2, v3}
shares {k1} only

Fig. 3: A CIRCUITTREE over four phonemes. k1 validates at
every level. k3 only validated inside {v0, v1}: the root-level
merge failed for k3, but v0, v1 still use their shared value for
it via Eq. 6, rather than reverting to private masks.

Table 2: CV/VC-syllable transcription accuracy.

System Accuracy (%)
Merge Ratio (%)

All Partial

Unmerged 66.0 0.0 0.0
CIRCUITTREE 64.8 30.3 99.5

6. HIERARCHY-OF-CIRCUITS TRANSCRIBER

We now compose the merged vowel and consonant CIRCUIT-
TREE modules into a syllable classifier. The pipeline has two
stages. First, a separately-pruned DISCOGP circuit acts as a
gate: it determines the syllable’s consonant/vowel order (e.g.
CV vs. VC). Second, this order routes the input to the corre-
sponding vowel or consonant CIRCUITTREE module, which
resolves the specific phoneme. The two stages are combined
by slotting the predicted phonemes into the given template.

Table 2 contains our central result. Collapsing 39 in-
dependent, binary phoneme circuits into just two shared
CIRCUITTREE modules costs only 1.2 points of accuracy
(66.0% → 64.8%), while 99.5% of keys are partially shared
and 30.3% are shared across all phonemes. In other words,
the vast majority of each phoneme’s circuitry is recovered
from a common pool rather than stored independently, at a
small and controlled cost to accuracy.

7. CONCLUSION

This paper has demonstrated circuit composition at scale:
a density-scaled, interference-aware merge algorithm, gen-
eralized through CIRCUITTREE to compose many circuits
at once. Composing primitive circuits for the vowels and
consonants of English into a working transcriber shows that
primitive circuits can be joined well beyond a handful, and
into a capability none of them were individually pruned for.
We believe this method is promising for much more complex
problems, both in speech and in other domains.



8. COMPLIANCE WITH ETHICAL STANDARDS

This study was conducted retrospectively using the Articula-
tory Index corpus, a pre-existing, publicly available speech
dataset distributed by the Linguistic Data Consortium. No
new data involving human or animal subjects were collected
as part of this work. As this research involved secondary anal-
ysis of an existing, licensed open dataset rather than the col-
lection of new human subject data, no additional ethical ap-
proval was required.
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