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ABSTRACT

As deep-learning frameworks grow more capable, understanding the mechanisms
behind their emergent behaviors is critical for safety. Mechanistic interpretability
seeks to reverse-engineer the internal representations and algorithms that produce
model behaviors. One method for interpretability is ‘circuit analysis,’ which in-
terprets neural networks through subsets of their nodes and edges that replicate
the network’s behavior. Recent work has demonstrated that multiple, non-unique
circuits can implement the same input–output mappings within a network, mak-
ing the source of a network’s behavior non-identifiable (Méloux et al., 2025).
However, the conditions under which functionally equivalent circuits arise re-
main poorly understood. In this work, we train small multi-layer perceptrons on
Boolean tasks, varying architectural and training choices to identify conditions un-
der which multiple, functionally equivalent circuits emerge. We find that methods
inducing sparsity, such as L1 regularization and orthogonalization, show a weak
correlation with uniqueness, whereas increasing hidden layer size leads to a sig-
nificant increase in the number of equivalent circuits. Finally, we show that task
complexity is a strong predictor of non-uniqueness in networks: reductions in task
complexity collapse networks to one causal pathway with increasingly redundant
circuits. Our findings offer guidance for researchers in determining when circuit-
based explanations can uniquely identify the source of a network’s behavior. 1

1 INTRODUCTION

While recent machine learning research has produced high-level explanations for model behaviors
(Ruan et al., 2024; Gadre et al., 2024; Liang et al., 2022; Wei et al., 2022), these methods pro-
vide little insight into neural networks’ internal computations (Alishahi et al., 2019; Sharkey et al.,
2025). Mechanistic Interpretability (MI) addresses this opacity by revealing human-interpretable
algorithms within networks, identifying both what algorithm a network implements and where it
is instantiated (Olah et al., 2020; Templeton et al., 2024). One method for MI researchers is ‘cir-
cuit analysis,’ which decomposes networks into minimal subgraphs of nodes (e.g. attention heads,
MLP layers, or individual neurons) and edges that can perform a task independent of other network
components (Olah et al., 2020; Elhage et al., 2021).

Recent work has demonstrated that distinct circuits within a network can implement identical in-
put–output behaviors (Méloux et al., 2025), a phenomenon termed mechanistic non-uniqueness. If
multiple circuits produce the same behavior, the underlying mechanism is ‘non-identifiable’ because
researchers can not uniquely recover which circuit is responsible for a given behavior. Notably, while
non-uniqueness has been demonstrated and quantified in small MLPs, the conditions under which
uniqueness holds remain unclear. This introduces ambiguity for researchers mapping observed be-
haviors to internal mechanisms. In this paper, we investigate the architectural and training conditions
under which networks exhibit mechanistic uniqueness.

In this work, to make brute-force circuit enumeration feasible, we train primarily small MLPs on
the Boolean XOR (Méloux et al., 2025) and XNOR tasks as they require non-linear computation,
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Figure 1: Mechanistic non-uniqueness in a 2-4-1 MLP trained on Boolean XOR, which evaluates
to true if exactly one of the two inputs is one. Circuit A (hidden layer neurons h1, h3) and Circuit
B (hidden layer neurons h2, h4) are disjoint sub-networks that independently reproduce the full
network’s behavior. Active components are shown in solid lines, and pruned components are dashed.

using AND and OR as linear baselines. We then induce sparsity through L1 Regularization and Or-
thogonalization constraints. Additionally, we vary model capacity by adjusting hidden layer width.
For each network, we exhaustively enumerate all possible circuits and test whether multiple valid
circuits independently replicate the full network’s behavior on the task to a high degree of accuracy.

We find that, counterintuitively, L1 regularization and activation sparsity exhibit weak and inconsis-
tent relationships with uniqueness. Orthogonalization constraints reduce circuit multiplicity in wider
networks by penalizing redundancy, though the effect varies with model width. Instead, model ca-
pacity is a strong driver of mechanistic uniqueness: hidden layer width shows a strong, positive
correlation with the number of valid circuits, even after normalizing for the number of possible cir-
cuit subsets. Additionally, models with excess capacity relative to task complexity tend to develop
more functionally equivalent circuits. These results indicate capacity plays a larger role than sparsity
in determining mechanistic uniqueness.

This work aims to identify when circuit-based analyses can uniquely attribute a behavior to a single
circuit. By clarifying when mechanistic uniqueness holds, we hope to help researchers assess when
circuit analysis gives a complete picture of model behavior. Broadly, we seek to build upon current
efforts to make AI models more transparent. To summarize, our contributions are as follows:

1. L1 regularization and orthogonalization constraints can reduce the number of valid circuits, but
the effect is inconsistent across settings.

2. Networks with higher capacity (e.g. wider hidden layers) are more likely to admit multiple valid
circuits for the same task.

3. Task complexity predicts non-uniqueness. Tasks with a higher ‘effective rank’ correlate with a
greater number of distinct, unique circuits.

2 RELATED WORKS

Circuit-Based Interpretability This work assumes neural networks implement certain functions
using subsets of their nodes and edges, a framework introduced by Olah et al. (2020) and closely
related to circuits in biological neural networks (Yuste, 2008). Circuit-based interpretability efforts
localize where a behavior is implemented and determine what features those components compute
(Méloux et al., 2025). This framework has been formalized mathematically (Elhage et al., 2021)
and validated empirically across model architectures (Mondorf et al., 2024; Shi et al., 2024). Valid
circuits have been found in language models (Wang et al., 2022; Hanna et al., 2023; Stolfo et al.,
2023; Nanda et al., 2023; Olsson et al., 2022) and for high-level feature detection in vision models
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(Cammarata et al., 2020; Schubert et al., 2021). However, prior work shows that circuit analysis
can be highly sensitive to minor input perturbations and experimental choices, with this instability
especially pronounced in Transformer architectures (Méloux et al., 2025; Miller et al., 2024).

Circuit Enumeration & Discovery In this work, we test all possible subsets of neurons and edges
in small MLPs on Boolean logic datasets. Recent work employed ‘activation patching’ (Zhang &
Nanda, 2024; Vig et al., 2020; Meng et al., 2022; Geiger et al., 2021), a process by which researchers
selectively replace neuron activations to identify which components are causally necessary for model
behavior. Subsequent work has posited attribution patching (Syed et al., 2023; Kramár et al., 2024;
Ferrando & Voita, 2024), a similar process using gradient-based attribution methods to approxi-
mate patching effects. Conmy et al. (2023) automated the circuit-discovery process using activation
patching to iteratively prune edges from computational graphs.

Redundancy in Neural Networks Our research builds upon previous work demonstrating redun-
dant components in artificial and biological neural networks. Much research has been done proving
that redundancy is prevalent in biological systems and neural networks (Edelman & Gally, 2001;
Tononi et al., 1999). Subsequent work observed similar phenomena in artificial neural networks as
different weight configurations can yield identical input–output mappings (Bushnaq et al., 2024).
Relatedly, the hydra effect reveals that ablating circuit components often activates latent backup
mechanisms rather than eliminating the behavior (McGrath et al., 2023). Most recently, Méloux
et al. (2025) demonstrated that multiple circuits can independently replicate a full network’s behav-
ior. Our work creates a preliminary framework for determining when multiple valid circuits arise in
a network.

3 METHODS

3.1 WHAT IS A CIRCUIT?

We define a circuit in the same manner as Méloux et al. (2025): a subset of a model’s neurons (nodes)
and their connecting weights (edges) that can independently perform an interpretable target task. For
instance, a circuit implementing the AND function within a network may consist only of the two in-
put neurons, one hidden neuron, and a single output neuron, along with the edges connecting them.
In order to isolate circuits from their surrounding models, we ablate extraneous edges by zeroing the
weights and keeping all remaining parameters, including biases, fixed. This isolates the contribution
of specific pathways without altering the internal computations of participating neurons. Notably,
we avoided ablating neurons and focused on edges to avoid any conflation with representational
reuse and connectivity reuse. Individual neurons in networks are often reused across multiple repre-
sentations and downstream pathways. Through neuron-level ablation, all associated representations
and pathways through a neuron are removed. In contrast, edge-level ablation preserves learned ac-
tivations and only selectively disables specific connections. Furthermore, it allows us to isolate the
contribution of particular pathways when neurons are shared across mechanisms.

In this work, circuits must meet the following technical criteria:

• Every active neuron has at least one active incoming and outgoing edge (except for input
and output neurons, respectively)

• Every active edge connects two active neurons, and likewise, every inactive neuron has no
incoming or outgoing edges

These criteria verify that each circuit can accurately process inputs and return outputs. Furthermore,
they ensure degenerate or disconnected structures are not considered. In this paper, we classify
one of these circuits as ‘valid’ if it can independently reproduce the full model’s behavior to a high
degree of accuracy, defined here as a mean squared error below 5%. We consider a valid circuit to
be ‘minimal’ if it contains no neurons and edges that are unnecessary to complete the task (Wang
et al., 2022).

3.2 TERMINOLOGY

Here, we define the various terminology used throughout this paper.
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Mechanistic Explanation A mechanistic explanation describes the behavior of a circuit and how
it contributes to the overall network, providing a human-readable interpretation of the circuit. (e.g.
“Circuit C detects XOR parity”)

Mechanistic Uniqueness A network exhibits mechanistic uniqueness when there exists exactly
one minimal, valid circuit that implements a given task. Conversely, mechanistic non-uniqueness
occurs when multiple distinct circuits produce identical outputs for the same inputs on a task, making
them functionally equivalent. We refer to the presence of multiple functionally equivalent circuits
within a network as circuit multiplicity.

Identifiability Identifiability is a key component of interpretability, as it enables functional behav-
iors to be unambiguously attributed to a single circuit. For a network’s behaviors to be identifiable,
each sub-task must map to a unique, minimal circuit that completes the task. However, if there are
multiple distinct circuits that produce the same behavior, this mapping from internal components to
function becomes non-identifiable, meaning multiple mechanistic explanations may exist.

3.3 EXPERIMENTAL SETUP

In this paper, we investigate circuit multiplicity by using toy tasks in small multilayer perceptrons
(MLPs). We choose the Boolean operations XOR, XNOR, OR, and AND tasks as they allow for
evaluation over all possible inputs and avoid biases introduced by naturalistic datasets. We partic-
ularly work on non-linear tasks (XOR & XNOR) for experimentation. Intuitively, non-linear tasks
can often admit multiple intermediate sub-tasks, making trained networks more likely to demon-
strate circuit multiplicity. We placed less emphasis on linear tasks, as a single effective direction
suffices for linear computations.

Furthermore, we use small MLPs, making brute-force circuit enumeration tractable while retaining
enough model capacity to admit multiple internal implementations. We adopt a 2-4-1 MLP (two
input units, a four-unit hidden layer, and one output unit). We then vary the width of the hidden
layer to examine the effect of model capacity on circuit multiplicity (Section 4.3).

For our experiments, we primarily use the rectified linear unit (ReLU) and hyperbolic tangent (Tanh)
activation functions in the hidden layers and a sigmoid function in the output layer. In preliminary
experiments, this led to stable optimization in small networks. General training details for experi-
ments are provided in Appendix B.

3.4 CIRCUIT ENUMERATION PROCEDURE

For each trained model, we enumerate all admissible subsets of nodes and edges consistent with the
constraints described above (Section 3.1). For each candidate circuit, we construct the corresponding
ablated model—the isolated circuit independent of all other network components—and evaluate it
on the full validation dataset. We treat a circuit as valid when the ablated model matches the full
model’s output with a mean squared error below 5%. This criterion allows small deviations while
ensuring the circuit maintains functional equivalence to the original model. Our conception of a
valid circuit also corresponds to a sufficient sub-graph.

Complete enumeration is feasible only for small architectures because the number of possible solu-
tions grows exponentially with the number of parameters. Hence, all enumeration experiments are
restricted to models with limited width and depth (unless otherwise noted).

To encapsulate, we identify circuits through the following process:

• Enumerate all possible subsets of nodes & edges in the trained model and construct the
corresponding ablated model for each subset.

• Evaluate the ablated model on the full validation dataset.

• Declare a circuit as valid if the ablated model achieves near perfect accuracy on validation
set, which we define here as a mean squared error below 5%
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3.5 METRICS AND DEFINITIONS

To quantify circuit redundancy and representation usage, we measure activation sparsity, normalized
multiplicity, and mean overlap, defined below.

Activation Sparsity The frequency with which hidden units are inactive across the entire dataset
can be measured using activation sparsity. Activation sparsity refers to the fraction of hidden activa-
tions have a value of zero (or almost zero) over the validation set. This metric is taken from neuron
activations, and describes the level of selectiveness of a network with respect to its use of hidden
representation.

Normalized multiplicity In our experimentation, we take into account differing architectures
when calculating the fraction of valid circuits. Normalized multiplicity is defined as the number
of valid circuits divided by the total number of allowable circuit subsets (for the same network size).
By using this measure, we can make a more thorough comparison of different models (regardless of
their size) by accounting for the much larger number of circuits generated by larger networks, since
wider networks admit exponentially more possible subgraphs.

Mean Overlap We seek to find how similar valid circuits are to one another. Hence, mean overlap
is the average pairwise overlap between valid circuits. It is measured as the fraction of shared active
components (nodes and edges) between two circuits. Moreover, a lower mean overlap indicates
that valid circuits are more disjoint, whereas a higher overlap suggests that circuits share common
structure.

4 RESULTS AND ANALYSIS

Using these methods (Section 3), we analyze potential factors contributing to circuit multiplicity and
mechanistic non-uniqueness across our toy models.

4.1 INDUCED SPARSITY

We first investigate whether weight sparsity could force the model to converge on a single, unique
circuit. Sparsity was induced by adding an L1 penalty to the training objective. Specifically, we
augmented the binary cross-entropy loss with an L1 regularization coefficient term applied to our
first-layer weight matrix, scaled by a regularization coefficient λ ∈ {0, 10−4, 10−3}. For each λ, a
separate model was trained. While induced sparsity is helpful in eliminating redundancy, we find that
L1 regularization and activation sparsity appear to be weak predictors of mechanistic uniqueness.

Our analysis shows no significant correlation between the strength of regularization and the reduc-
tion of circuit multiplicity. While L1 regularization successfully encourages weight sparsity, it does
not necessarily resolve the linear dependence of activations that leads to multiple redundant circuits.
Our results, presented in Figure 2, show Spearman correlations across various mechanistic metrics
to quantify the significance of each relationship. We observe that the correlation between sparsity
and the number of valid circuits is weak with ρ = 0.18. Additionally, we observe that ρ = 0.083
in the relationship between L1 regularization and the number of valid circuits, indicating that L1
regularization has minimal influence on unique circuits. Overall, these values imply that sparsity
alone is insufficient to enforce mechanistic uniqueness.

However, while sparsity shows a weak relationship with uniqueness, Figure 2 reveals how multiple
non-unique circuits may be organized in a network: We observed ρ = −0.49 between mean overlap
and normalized multiplicity. This result indicates that as multiplicity increases in a network, the
distinct non-unique circuits share fewer components (neurons & edges) between each other. In other
words, non-unique circuits become disjoint, a behavior visually represented in Figure 1. Overall,
our results suggest that neural networks may prefer to ”pack” functionally equivalent circuits into
separate subspaces when capacity permits, resulting in modular rather than distributed redundancy.
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Figure 2: Hidden layer width is strongly correlated with the number of valid circuits (ρ = 0.88) and
normalized multiplicity (ρ = 0.76), while L1 regularization and activation sparsity exhibit weak
relationships with multiplicity (ρ = 0.10 and ρ = 0.24, respectively). Additionally, mean overlap
and normalized multiplicity have a strong negative relationship (ρ = −0.49).

4.2 REPRESENTATIONAL NON-UNIQUENESS AND ORTHOGONALIZATION

To understand why sparsity fails to determine uniqueness, we examine representational non-
uniqueness, where different internal configurations encode the same function. This occurs mainly
when neurons are linearly independent of one another. To test this, we applied an orthogonality
regularization term (λorth.) that encourages hidden-layer activations H ∈ RN×d to be linearly in-
dependent between neurons. For a hidden width layer of width d and batch size N , we added the
following penalty to the standard binary cross-entropy loss:

Ltotal = Ltask + λorth.

∥∥∥∥H⊤H

N
− Id

∥∥∥∥2
F

Here, Id is the d × d identity matrix, λorth. is a hyperparameter controlling the strength of our or-
thogonality constraint, and ∥ · ∥F denotes the Frobenius norm that expands to a sum over diagonal
and off-diagonal terms. This penalty allows us to minimize off-diagonal correlations among neuron
activations to promote the hidden representations to span independent directions. It penalizes de-
viations of the empirical covariance of the hidden activations from the identity matrix so multiple
neurons encoding the same feature are discouraged.

In Figure 3, the number of valid circuits remains at 2 for all values of λorth. in low-capacity mod-
els with 3 and 4 hidden-layer neurons, indicating that capacity constraints are stronger predictors
of uniqueness than weight correlations. Meanwhile, multiplicity grew monotonically for the mid-
capacity model (5 hidden-layer neurons) over λorth. ∈ [0.01, 0.10], suggesting that orthogonalization
does not reduce multiplicity, and may instead lead to additional valid circuits. However, a high ca-
pacity model of width 6 neurons converges from 16 to 4 valid circuits when λorth. ∈ [0, 0.01] before
inflecting back to monotonic growth.
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Figure 3: Effect of orthogonalization strength on mechanistic multiplicity across models with hidden
layer widths of size 3, 4, 5, and 6. As the orthogonalization coefficient λorth. increases, models with
larger hidden layers exhibit a clear increase in the number of functionally equivalent circuits, while
smaller models remain comparatively constrained.

We hypothesize that orthogonalization constraints (λorth. > 0.01) encourage a task’s computation to
be distributed across multiple decorrelated directions for high-capacity models. The number of task-
sufficient subspaces thus increases within the hidden space. Therefore, multiple subsets of orthogo-
nal neurons can independently span the task-sufficient subspace, leading to the number of minimal
valid circuits to increase (reintroducing mechanistic non-uniqueness). Compared to high-capacity
models, low-capacity models contain fewer distinct computational directions, letting orthogonal-
ization break task performance. Therefore, orthogonalization restricts the directional freedom to
redistribute representations to a higher degree. On the other hand, in high-capacity models, the task
can be supported by many low-dimensional subspaces spanned by different sets of computational
directions. In other words, this could be attributed to orthogonalization not constraining which sub-
space encodes the task, which leaves many sufficient representations to implement the task. Overall,
these results suggest that orthogonalization does not reliably reduce circuit multiplicity (especially
for high capacity models).

4.3 MODEL CAPACITY

As shown in Figure 2, we observe a strong, positive correlation between model dimensions and
the number of functionally equivalent valid circuits, where ρ = +0.880. This suggests that non-
uniqueness scales with model capacity, especially with hidden layer width. Even when normalizing
by the number of possible subsets, we observe that ρ = +0.764 in wider models, showing that they
exhibit significant functional redundancy.

To understand the effects of scaling, we analyzed the condition number of the hidden layer activation
matrices, which let us assess how constrained the internal representation is. We calculate the ratio
between the largest and smallest singular values of the hidden-layer weight matrix using singular
value decomposition. This allows us to measure whether the computation is concentrated in a small
number of well-conditioned directions or spread across many weakly constrained ones.

Models with low multiplicity tend to have lower condition numbers, indicating that the computation
is dominated by a small number of stable, well-conditioned directions (Bushnaq et al., 2024). In
contrast, higher condition numbers are associated with greater multiplicity, reflecting weight matri-
ces that are close to singular and admit many, nearly equivalent internal solutions. This pattern is
shown in Figure 4. For models with width 3, condition numbers range from 101 to 105 and multi-
plicity remains near three valid circuits. For models with width 6, the condition number increases
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to approximately 1015 and multiplicity exceeds 40 valid circuits, indicating that the network imple-
ments the same behavior through many weakly constrained directions. Taken together, these results
suggest that the hidden-layer condition number is a useful indicator of mechanistic multiplicity.
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Figure 4: Mechanistic multiplicity increases with the condition number of the hidden-layer weight
matrix. Models with smaller hidden dimensions exhibit lower condition numbers and support few
valid circuits, while models with larger hidden dimensions exhibit extremely high condition numbers
and support many distinct circuit implementations of the same input–output behavior.

4.3.1 EFFECTIVE RANK & REPRESENTATIONAL RANK

We characterize tasks by the minimum dimensionality of internal representations required to im-
plement their input–output mapping. Tasks that admit low-dimensional representations impose
strong constraints on how the computation can be implemented internally, whereas tasks that re-
quire higher-dimensional representations allow more freedom in internal structure.

We formalize this notion using effective rank, which is defined as the minimum dimensionality
needed to represent a linearly separable task. Linearly separable Boolean tasks such as AND and
OR can be implemented using a single weighted sum and a point-wise nonlinearity, corresponding
to a rank-1 internal representation. These tasks require one independent hidden feature, which limits
how the computation can be represented. In contrast, tasks such as XOR and XNOR are not linearly
separable and require partitioning the input space into multiple regions. Implementing these tasks
therefore requires at least rank-2 representations and multiple intermediate features.

We use effective rank as a representational measure rather than a measure of task difficulty or com-
plexity. However, effective rank does not reflect other aspects of difficulty such as optimization
behavior, sensitivity to initialization, or data efficiency. It does place a lower bound on the repre-
sentational degrees of freedom available for implementing the task. Tasks with lower effective rank
therefore admit fewer distinct internal implementations, restricting the number of unique circuits
that can implement the task.

Precisely calculating effective rank requires complete circuit enumeration, which is intractable on
naturalistic tasks, thus motivating our use of synthetic boolean tasks (Section 5.1). However, Roy
& Vetterli (2007) show that effective rank scales predictably with network width and remains robust
to noise, suggesting the correlations between effective rank and multiplicity identified here scale to
larger tasks.

To evaluate the behavior of trained models, we measure the representational rank, defined as the
numerical rank of the hidden-layer activation matrix. In this sense, effective rank serves as a proxy
for the minimum representational degrees of freedom required by the task, while representational
rank reflects the degrees of freedom actually utilized by the trained model. Because effective rank
is fixed for a given Boolean task, differences in mechanistic multiplicity must arise from variation
in representational rank above this lower bound. When representational rank exceeds effective rank,
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Figure 5: Effect of model width on representational rank and circuit multiplicity. Increasing hidden-
layer width leads to a gradual increase in representational rank but a sharp rise in circuit multiplicity,
indicating that modest gains in representational capacity are accompanied by a large increase in the
number of functionally equivalent circuits.

the model possesses additional degrees of freedom that admit multiple valid circuit configurations.
As the hidden dimension increases, we observe a corresponding increase in representational rank,
indicating that additional hidden dimensions are actively used by the model. In wider models, this
increase reflects the emergence of multiple independent features rather than the reuse of the same
representational directions.
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Figure 6: Effect of model width on representational rank and circuit multiplicity. As hidden-layer
width increases, both representational rank and the number of valid circuits increase and exhibit
closely aligned trends. Both curves increase most rapidly at smaller widths, with representational
rank tapering off at later widths.

As demonstrated in Figure 5, representational rank increases from 2.90 to 5.99 as the hidden dimen-
sion grows from 3 to 6 neurons. Over the same range, the number of valid circuits increases from 1
to 42, indicating that higher representational rank is associated with increased non-uniqueness in cir-
cuit structure. We further examine how representational rank and circuit multiplicity scale in models
with higher capacities. As shown in Figure 6, we tracked the representative rank and multiplicity
across varying widths. We observed that as the model’s capacity allows for higher-rank represen-
tations, the mean multiplicity increases as well. At width 3, the model learns a representation with
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a rank of 3. In this constrained regime, there is no multiplicity, indicating a unique or highly con-
strained solution. As width increases to 50 and 100 neurons, the representative rank stays around
14 - 15. The increase in rank coincides with the mean multiplicity approaching 1.0, confirming that
higher-rank representations indicate an increase in valid circuits.

5 DISCUSSION

In this work, we characterized the conditions under which a network’s behavior can be explained
by a unique circuit. Our experiments reveal that model capacity is a dominant predictor of circuit
multiplicity, with higher hidden dimension sizes leading to more valid circuits. Specifically, models
with capacity exceeding task complexity tend to develop multiple equivalent circuits. Surprisingly,
inducements of sparsity, such as L1 regularization, and orthogonality showed weak and inconsistent
effects, suggesting that regularization techniques alone cannot guarantee identifiable explanations.

5.1 LIMITATIONS & FUTURE WORK

This work is not without limitations. To begin, our experiments focus on small-scale multi-layer
perceptrons. Our findings suggest that, even in small MLPs, marginal increases in hidden layer width
show a strong correlation with increases in multiplicity. Prior work implies the conditions identified
in this paper may also scale to larger networks where brute-force enumeration isn’t feasible (Méloux
et al., 2025). Still, the extent to which these findings generalize to larger-scale neural networks or
different architectures (e.g. Transformers) warrants further investigation.

Additionally, due to computational constraints on brute-force circuit enumeration, we only analyze
synthetic Boolean tasks. Such tasks were necessary to make precise, ground-truth computations of
effective rank and circuit multiplicity under computational constraints. It is possible that natural
datasets introduce properties that affect circuit multiplicity in ways not captured by Boolean logic.
These limitations motivate future work to employ automated circuit discovery processes, such as
those proposed in Conmy et al. (2023), to replicate our experiments on a larger scale with more
nuanced datasets.

5.2 IMPLICATIONS

These findings seek to improve the transparency and reliability of circuit-based analyses, helping
researchers predict when behaviors can be traced back to one circuit. Furthermore, we believe
this work motivates future researchers to cleverly design neural networks to promote identifiability.
Whether uniqueness is necessary for robustness or safety remains an open question. When mul-
tiple valid circuits exist for emergent behaviors, researchers are unable to attribute those changes
to a specific pathway. This ambiguity poses challenges for AI safety efforts that rely on circuit
analysis (Sharkey et al., 2025). One might argue that redundancy in artificial networks is benefi-
cial, providing resilience against component failure. However, this could also complicate efforts
to remove unwanted capabilities through targeted interventions (Zou et al., 2024), since redundant
pathways could preserve the behavior. We hope this research encourages further investigation into
the conditions under which circuit-based explanations can reliably inform alignment research.
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A SPEARMAN CORRELATION

Table 1: Spearman correlations of mechanistic metrics

MECHANISTIC METRICS P-VALUE (P )

Hidden Dimension vs Num. of Valid Circuits < 0.001
Hidden Dimension vs Normalized Multiplicity < 0.001
Mean Overlap vs Num. of Valid Circuits = 0.0033
Mean Overlap vs Normalized Multiplicity < 0.001
Number of Valid Circuits vs Normalized Multiplicity < 0.001
L1 Regularization vs Num. of Valid Circuits = 0.5307
Sparsity vs Num. of Valid Circuits = 0.1763

B TRAINING DETAILS

We report the training hyperparameters used for all experiments in Table 2. Our training contin-
ued until loss converged to 0.001. Batch size and number of training epochs were varied across
experiments to ensure convergence under this criterion.

Table 2: Regular training setup

TRAINING HYPERPARAMETER TYPE
Loss function Binary Cross-Entropy Loss
Learning rate 0.05
Optimizer Adam
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