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Abstract

Mechanistic interpretability (MI) seeks to un-
cover how language models (LMs) implement
specific behaviors, yet measuring progress in
MI remains challenging. The recently released
Mechanistic Interpretability Benchmark (MIB;
Mueller et al., 2025) provides a standardized
framework for evaluating circuit and causal
variable localization. Building on this foun-
dation, the BlackboxNLP 2025 Shared Task ex-
tends MIB into a community-wide reproducible
comparison of MI techniques. The shared
task features two tracks: circuit localization,
which assesses methods that identify causally
influential components and interactions driv-
ing model behavior, and causal variable local-
ization, which evaluates approaches that map
activations into interpretable features. With
three teams spanning eight different methods,
participants achieved notable gains in circuit
localization using ensemble and regularization
strategies for circuit discovery. With one team
spanning two methods, participants achieved
significant gains in causal variable localization
using low-dimensional and non-linear projec-
tions to featurize activation vectors. The MIB
leaderboard remains open; we encourage con-
tinued work in this standard evaluation frame-
work to measure progress in MI research going
forward.!

1 Introduction

The field of mechanistic interpretability (MI) is ad-
vancing rapidly, yet systematically comparing the
efficacy of emerging methods remains challenging.
The recently-released Mechanistic Interpretability
Benchmark (MIB; Mueller et al., 2025) addresses
this gap by providing a standardized framework
for evaluating techniques that identify circuits and
localize latent causal variables in language models
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Figure 1: Overview of the evaluation method for each
track in MIB. The circuit localization track requires up-
loading multiple circuits or importance scores for each
component; we evaluate by taking the area under the
faithfulness curve across circuit sizes. The causal vari-
able localization track requires uploading a featurizer
and location; we evaluate by intervening on the con-
cept in the featurized space and measuring whether the
model’s behavior changes in the expected way. Figure
reproduced from Mueller et al. (2025) with permission.

(LMs). Building on this foundation, the Black-
boxNLP 2025 Shared Task employs this bench-
mark as part of a community-wide effort aimed at
accelerating progress in MI research.

The shared task comprises two tracks. The cir-
cuit localization track (§3) evaluates methods able
to identify a minimal set of model components nec-
essary to produce a a given behavior, such as attri-
bution patching (Nanda, 2023) or information flow
routes (Ferrando and Voita, 2024). The causal vari-
able localization track (§4) compares methods
that featurize activation vectors into more human-
interpretable concepts—e.g., sparse autoencoders
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(SAEs; Huben et al., 2024) or distributed alignment
search (DAS; Geiger et al., 2024). Submissions
across these tracks are evaluated by their ability
to precisely and concisely recover relevant causal
pathways or causal variables in neural language
models. Submissions across both tracks are evalu-
ated by their ability to precisely and concisely re-
cover relevant causal pathways or causal variables
in LMs.

We received submissions from four teams across
the two tracks, spanning ten methods. Despite the
relatively small number of submissions, the partici-
pating teams achieved notable performance gains
across both tracks. In the circuit localization track,
ensembling strategies and regularization techniques
that filter components with unstable contributions
to model behavior proved particularly effective,
suggesting promising directions for future circuit
discovery research. In the causal variable local-
ization Track, methods leveraging non-linear ac-
tivation functions and/or multi-layer perceptrons
during training demonstrated substantial improve-
ments.

The MIB leaderboard will remain open for ongo-
ing submissions to both tracks, encouraging contin-
ued participation and reproducibility.

2 Data and Models

Here, we summarize the details of MIB’s evaluation
methods and metrics. Both tracks evaluate across
four tasks representing various reasoning types, dif-
ficulty levels, and answer formats. These tasks in-
clude Indirect Object Identification (I0I), Multiple-
choice Question Answering (MCQA), Arithmetic
(addition and subtraction), and the AI2 Reasoning
Challenge (ARC). The causal variable localization
track additionally includes RAVEL (Huang et al.,
2024a). Below, we summarize the format of each
task and the size of their datasets (§2.1).

2.1 Tasks

The number of instances in each dataset and split
is summarized in Table 1. Each task comes with a
training split on which users can discover circuits
or causal variables, and a validation split on which
users can tune their methods or hyperparameters.
We also create two test sets per task: public and
private. The public test set enables faster iteration
on methods. We release the train, validation, and
public test sets on Huggingface. The private test
set is not visible to users; they must upload either

Dataset Train Validation Test (Public/Private)
101 10000 10000 1000/1000
MCQA 110 50 50/50
Arithmetic (+) 34400 4920 1000/1000
Arithmetic (—) 17400 2484 1000/1000
ARC (Easy) 2251 570 1188/1188
ARC (Challenge) 1119 299 586/586
RAVEL 100000 16000 1000

Table 1: Dataset sizes and splits. The train, validation,
and public test sets are available on HuggingFace. One
may only evaluate on the private test set by uploading
their circuit(s) or featurizer to the MIB leaderboard.

their circuits or their featurizers to the Hugging-
Face leaderboard, where they are then queued for
evaluation on the private test set.

Indirect Object Identification (IOI). The indi-
rect object identification (IOI) task, first proposed
by Wang et al. (2023), is one of the most stud-
ied tasks in MI. IOI has sentences like “When
Mary and John went to the store, John gave an
apple to _”, containing a subject (“John”) and an
indirect object (“Mary”), which should be com-
pleted with the indirect object. Even small LMs
can achieve high accuracy; thus, it has been well
studied (Huben et al., 2024; Conmy et al., 2023;
Merullo et al., 2024). All names tokenize to a sin-
gle token for all models in MIB, with the private
test set containing names and direct objects that are
not contained in the public train or test set.

Arithmetic. Math-related tasks are common in
MI (Stolfo et al., 2023; Nanda et al., 2023; Zhang
et al., 2024; Nikankin et al., 2025b) and inter-
pretability research more broadly (Liu et al., 2023;
Huang et al., 2024b). Following Stolfo et al., MIB
defines the task as performing operations with two
operands of up to two digits each. Given a pair of
numbers and an operator, the model must predict
the outcome, e.g., “What is the sum of 13 and 25?".

Multiple-choice question answering (MCQA).
MCQA is a common task format on LM evalua-
tion benchmarks, though only a few MI works have
studied it (Lieberum et al., 2023; Wiegreffe et al.,
2025; Li and Gao, 2024). The dataset is designed
to isolate a model’s MCQA ability from any task-
specific knowledge (Wiegreffe et al., 2025); the
information needed to answer the questions is con-
tained in the prompt. Questions are about objects’
colors and have four choices, such as:
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Question: A box is brown. What color is a box?
A. gray

B. black

C. white

D. brown

Answer: D

AI2 Reasoning Challenge (ARC). The ARC
dataset (Clark et al., 2018) comprises grade-school-
level multiple-choice science questions. This is
a representative task for evaluating basic scien-
tific knowledge in LMs (Brown et al., 2020; Jiang
et al., 2023; Dubey et al., 2024). MIB follows the
dataset’s original partition to Easy and Challenge
subsets and analyze them separately; this is due to
a large accuracy difference on the two subsets. MIB
maintains the original 4-choice multiple-choice
prompt formatting, making this dataset related in
format to, but more challenging than, MCQA.

Resolving Attribute-Value Entanglements in
Language Models (RAVEL). RAVEL (Huang
et al., 2024a) evaluates methods for isolating at-
tributes of an entity. We include the split of RAVEL
for disentangling the country, continent, and lan-
guage attributes of cities. The prompts are queries
about a certain attribute, e.g., Paris is on the con-
tinent of, and the model must generate the correct
completion—here, Europe.

2.2 Counterfactual Inputs

For both MIB tracks, counterfactual interventions
on model components form the basis for all evalua-
tions. Here, components are set to the value they
would take under a counterfactual input.

In the circuit localization track, activation patch-
ing is used to push models towards answering in
an opposite manner to how they would naturally
answer given the input. Success is achieved in this
setting when counterfactual interventions to com-
ponents outside the circuit minimally change the
model’s predictions. In the causal variable localiza-
tion track, activation patching is used to precisely
manipulate specific concepts. Success is achieved
in this setting when a variable in a causal model is
a faithful summary of the role a model component
plays in input-output behavior—i.e., interventions
on the variable have the same effect as interven-
tions on the model component.

MIB provides counterfactual inputs for each
train, validation, and test samples, where the map-
pings from the original inputs to the counterfactual
inputs are fixed to ensure consistency in evaluation.

2.3 Models

MIB comprises of four models that cover a range of
model sizes, families, capability levels, and promi-
nence in MI: Llama-3.1 8B (Dubey et al., 2024),
Gemma-2 2B (Riviere et al., 2024), Qwen-2.5 0.5B
(Yang et al., 2024), and GPT-2 Small (117M, Rad-
ford et al., 2019).

Mueller et al. (2025) benchmark each model
on each task and report performance. They focus
specifically on model/task combinations where the
model achieves at least 75% accuracy on the task;
we do the same.

3 Circuit Localization Track

The circuit localization track centers on evaluating
how well a method can discover causal subgraphs C
of a computation graph; these are more commonly
known as circuits (Olah et al., 2020). The purpose
of circuits is to localize the mechanisms underlying
how a full neural network N performs a given task.
A circuit C is a graph consisting of nodes and edges
between components in N. Nodes are typically
submodules or attention heads (e.g., the layer 5
MLP, or attention head 10 at layer 12); edges reflect
information flow between a pair of nodes.

A typical circuit discovery pipeline consists of
two stages: (1) scoring the full set of graph compo-
nents (nodes, edges, etc.), and (2) selecting a subset
of the components that constitute the circuit.

3.1 Maetrics

MIB defines two circuit localization metrics: the
integrated circuit performance ratio (CPR), and
the integrated circuit-model distance (CMD).
CPR measures whether a series of circuits include
components with a positive effect on model perfor-
mance on the task; higher is better. CMD measures
whether a series of circuits yield the same strength
of preference for the correct answer as the full
model; 0 is best, and corresponds to no difference
between the circuit and full model behavior with
respect to predicting the correct answer. Intuitively,
CPR may be more useful for finding circuits that
cause the model to perform well on the task, while
CMD may be more useful when the aim is to ex-
plain the full algorithm the model implements to
perform some behavior (including cases where the
behavior is not desirable).

Given a circuit C and the full model N, faithful-
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ness f is defined as:

fICN;m) = (1
where m is the logit difference 3/ — 7 between the
correct answer y given the original input z and
correct answer 3’ given the counterfactual input z’.

Thus, CPR is computed as the area under the
faithfulness curve with respect to circuit size. Fol-
lowing Mueller et al. (2025), we approximate this
area using a Riemann sum over f computed across
circuit sizes. CMD as the area between the faithful-
ness curve and 1; we also approximate this using a
Riemann sum.

Measuring circuit size. MIB treats including a
node as equivalent to including all of its outgoing
edges, and including one neuron? of dyyogel in Sub-
module u as including all outgoing edges from u to
dmidel of the degree they would have been compared
to including all neurons in .

Under these assumptions, MIB defines the

weighted edge count:
N, N N¢
cl=> <‘> )

| Nu|

(u,w)eC

where u and v are nodes (submodules), IV, is the
set of neurons in u (the size of which is typically
dmodel), and N¢ is the set of neurons in the circuit.
This count is then normalized by the number of
possible edges to obtain a percentage.

3.2 Submission Procedure

All results below are computed on the private test
splits for each task. To evaluate on the private test
split, participants were first required to upload their
circuits to a HuggingFace repository.® The faithful-
ness evaluation required 9 circuits of different sizes;
we expected one circuit C, for each k € K, where
k is the maximum proportion of components in N
that are allowed to remain in the circuit. Here, K =

{0.001,0.002,0.005, 0.01, 0.02, 0.05, 0.1, 0.2, 0.5}.

For each model/task combination, a folder of
circuits was required. Each circuit is a dictionary,
where each node and edge is a key whose
value is either a boolean indicating whether the
component or edge belongs to the circuit, or

2We use “neuron” to refer to a single dimension of any
hidden vector, regardless of whether it is preceded by a non-
linearity.

3See this repository for an example of how circuit reposi-
tories were required to be structured.

a floating-point importance score. If the user
uploaded floating-point importance scores, then
only one file per model/task was required; we
took the top-k components by importance for each
circuit size kK € K. If the user uploaded binary
inclusion indices, they were required to upload one
circuit file for each threshold k € K.

Users provided a link to this repository on the
“Submit” tab of the MIB leaderboard,* along with a
method name.

3.3 Task Submissions

We received submissions from three teams for the
circuit localization track covering eight proposed
methods. We taxonomize and summarize the ap-
proaches here.

Ensemble scoring strategies. Mondorf et al.
(2025) proposed ensembling two or more circuit
localization methods to improve attribution scores.
They examined three ensembling variants: parallel,
sequential, and their hybrid combination.

Parallel ensembling (P-Ens) merges the scores
from different methods into a single edge, using
scores from the three variants of edge patching im-
plemented by Mueller et al.: (1) Edge Attribution
Patching (EAP; Nanda, 2023; Syed et al., 2024,
(2) EAP-IG-inputs (Hanna et al., 2024), and (3)
EAP-IG-activations (Marks et al., 2025). The lat-
ter two methods complement EAP with integrated
gradients (Sundararajan et al., 2017) to improve
estimates of edge importance, perturbing input em-
beddings and activations, respectively. The au-
thors experimented with score merging using mean,
weighted average, maximum, and minimum, and
found that mean yielded the best results.

Sequential ensembling (S-Ens) utilizes attribu-
tion scores produced by a fast circuit identifica-
tion method to warm-start a slower, more precise
method, thereby achieving faster convergence and
further refining the initial scores. Specifically, they
use EAP-IG-inputs (Hanna et al., 2024) edge attri-
bution values to initialize the learnable log alpha
parameters of edge pruning (Bhaskar et al., 2024).

Finally, hybrid ensembling (Hybrid-Ens) com-
bines the parallel and sequential strategies by tak-
ing the unweighted average over all four method—
the three EAP variants and warm-start edge pruning
for all model-task combination.

*https://hf.co/spaces/mib-bench/leaderboard
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101 Arithmetic MCQA ARC (E) ARC (C)
Method InterpBench (1) GPT-2 Qwen-2.5 Gemma-2 Llama-3.1 Llama-3.1 Qwen-2.5 Gemma-2 Llama-3.1 Gemma-2 Llama-3.1 Llama-3.1
Random 044  0.75 0.72 0.69 0.74 0.75 0.73 0.68 0.74 0.68 0.74 0.74
EAP (mean) 078 0.29 0.18 0.25 0.04 0.07 0.21 0.20 0.16 0.22 0.28 0.20
EAP (CF) 0.73  0.03 0.15 0.06 0.01 0.01 0.07 0.08 0.09 0.04 0.11 0.18
EAP (OA) 0.77 030 0.16 - - - 0.11 - - - - -
EAP-1G-inp. (CF) 0.71  0.03 0.02 0.04 0.01 0.00 0.08 0.06 0.14 0.04 0.11 0.22
EAP-IG-act. (CF) 0.81 0.03 0.01 0.03 0.01 0.00 0.05 0.07 0.13 0.04 0.30 0.37
P-Ens (Mondorf et al., 2025) 0.02 0.02 0.07 - - - - -
S-Ens (Mondorf et al., 2025) 0.03 0.02 0.07 - - - - -
Hybrid-Ens (Mondorf et al., 2025) 0.03 0.02 - - - 0.04 - - - - -
ILP + PNR + Bootstrapping (2025a) 0.02 0.01 0.04 0.01 0.01 0.08 0.07 0.45 0.03 - -
IPE (CF) (Brunello et al., 2025) 0.02 0.57 - - 0.54 - - - - -

Table 2: CMD scores across circuit localization methods (lower is better) on the private test set. All evaluations
were performed using counterfactual ablations. Arithmetic scores are averaged across addition and subtraction. We
bold and underline the best and second-best methods per column, respectively.

101 Arithmetic MCQA ARC (E) ARC (C)
Method GPT-2 Qwen-2.5 Gemma-2 Llama-3.1 Llama-3.1 Qwen-2.5 Gemma-2 Llama-3.1 Gemma-2 Llama-3.1 Llama-3.1
EActP (CF) 2.30 1.21 - - - 0.85 - - - -
EAP (mean) 0.29 0.71 0.68 0.98 0.35 0.29 0.33 0.13 0.26 0.34 0.80
EAP (CF) 1.20 0.26 1.29 0.85 0.55 0.85 1.49 1.00 1.08 0.80 0.82
EAP (OA) 0.95 0.70 - - - 0.29 - - - - -
EAP-IG-inputs (CF) 1.85 1.63 3.20 2.08 0.99 1.16 1.64 1.05 1.53 1.04 0.98
EAP-IG-activations (CF) 1.82 1.63 2.07 1.60 0.98 0.77 1.57 0.79 1.70 0.71 0.63
NAP (CF) 0.28 0.30 0.30 0.26 0.27 0.38 1.47 1.69 1.01 0.26 0.26
NAP-IG (CF) 0.76 0.29 1.52 0.42 0.39 0.77 1.71 1.87 1.53 0.26 0.26
P-Ens (Mondorf et al., 2025) 2.11 1.88 - - - 0.79 - - - -
S-Ens (Mondorf et al., 2025) 2.37 1.71 - - - 1.16 - - - -
Hybrid-Ens (Mondorf et al., 2025) 243 1.88 - - - 1.19 - - - -
ILP + PNR + Bootstrapping (2025a) 1.89 1.71 3.01 2.39 1.04 1.04 1.7 122 1.63 -
IPE (CF) (Brunello et al., 2025) 2.24 0.35 - - - 0.45 - - - -

Table 3: CPR scores across circuit localization methods on the private test set. All evaluations were performed using
counterfactual ablations. Higher scores are better. Arithmetic scores are averaged across addition and subtraction.
We bold and underline the best and second-best methods per column, respectively.

Improved edge selection. Focusing on the
second stage of the circuit discovery pipeline,
Nikankin et al. (2025a) experimented with three
methods to improve edge selection process. First,
they observe that EAP-IG scores can vary across
data samples from the same task, with some edges
receiving both negative and positive values in dif-
ferent samples. The score sign is significant, as
it signifies whether the edge contributes positively
or negatively to the performance on the task. By
bootstrapping the scores across resamples of the
training data, they identify edges with consistent
score signs and filter out unstable ones.

Second, they introduce a ratio based strategy
for edge selection based on their signs (PNR): se-
lect a fixed proportion of top positive edges, and
the rest by absolute value. This approach allows
finer control over the balance of edge types and im-
proves circuit faithfulness. Lastly, they formulate
circuit construction as an Integer Linear Program-
ming (ILP) optimization problem, instead of using
the naive greedy solution.

Path scoring. Brunello et al. (2025) proposed

Isolating Path Effects (IPE) to identify entire com-
putational paths from input embeddings to output
logits responsible for certain model behaviors, as
opposed to individual edges. Their method mod-
ifies the messages passed between nodes along a
given path in such a way as to either precisely re-
move the effects of the entire path (i.e., ablate it)
or to replace the path’s effects with those that a
counterfactual input would have produced. IPE dif-
fers from current path-patching or edge-activation-
patching techniques, as they do not ablate individ-
ual paths but rather a set of paths sharing certain
edges, thereby allowing a more precise tracing of
information flow.

3.4 Results

Table 2 and Table 3 show the CMD and CPR
scores, respectively, of the top method from each
submission as well as selected methods from MIB,
on the private test set. All submissions perform
especially well, achieving better or comparable
scores to even the strongest baselines.

The submission of Nikankin et al. (2025a)
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achieves especially strong CMD scores, whereas
the Hybrid-Ens method of Mondorf et al. (2025)
achieves the strongest CPR scores. The IPE method
by Brunello et al. (2025) also performs well on 101
for GPT-2. Among the methods of Mondorf et al.
(2025), Hybrid-Ens performs the strongest across
tasks. These results suggest that ensembling strate-
gies may be an accessible and fruitful line of work
for future circuit discovery research. For Nikankin
et al. (2025b), the removal of components with
inconsistent effects on model outputs and a mix-
ture of positive and high-magnitude components
may have a regularizing effect on the discovered
circuit, causing it to behave more closely to the
whole model and potentially suppressing compo-
nents that would have strong but inconsistent im-
pacts on model behavior. It would be interesting to
see detailed comparisons of each method on more
fine-grained distributions to characterize when and
why each is likely to succeed. That said, there is
no clear winner; the best method appears to depend
on the chosen metric.

A factor we have not directly evaluated for is
the time complexity of each method. It is possible
that different methods could perform comparably
despite having very different expected runtimes; a
direct comparison of compute requirements would
be valuable in helping future researchers decide
which methods are most worthwhile to run. We
note that many cells are missing for each submis-
sion, but this does not necessarily reflect compute
requirements—this could be due to local memory
constraints, runtime limitations, or other compute
constraints (e.g., limited access to GPUs on a clus-
ter before a deadline).

4 Causal Variable Localization Track

The causal variable localization track focuses on
evaluating how well a method can discover specific
causal variables in a language model’s activation
space. The basic intuition is that any hidden vector
h € R? constructed by a model A/ during infer-
ence can be mapped into a new feature space F¥
(e.g., a rotated vector space) using an invertible
function F : R? — F* (e.g., multiplication with
an orthogonal matrix). Features II are a set of in-
dices between 1 and k, i.e., a set of dimensions in
F*. This framework supports features like neurons,
orthogonal directions, (sets of) SAE features, and
non-linear features. The vector h might come from
the residual stream between transformer layers or

the output of an attention head.

4.1 Evaluation Metric

We use faithfulness to evaluate causal variable
localization submissions. This metric captures
the degree to which the provided features cap-
ture the causal variable under counterfactual in-
tervention. To evaluate faithfulness, we use inter-
change interventions. Given base and counterfac-
tual inputs (b, ¢), high-level causal graph #, and
causal variable X € H, the interchange interven-
tion H x  Get(#(c),x)(b) runs H on base input b
while fixing the variable X to the value it takes
when H is run on a counterfactual input ¢ (Vig
et al., 2020; Geiger et al., 2020). The distributed in-
terchange intervention Nir, . Get(\(c) 115 ) (b) TUns
N on b while fixing the features I x of the hidden
vector h passed through F to the value they take
for counterfactual input ¢ (Wu et al., 2023b; Amini
et al., 2023; Geiger et al., 2024). Faithfulness is
measured as the proportion of examples for which
the intervention yields the expected change in the
model’s output behavior. See Wu et al. (2023a) and
Mueller et al. (2025) for examples.

4.2 Submission Procedure

As for the circuit localization task, users were re-
quired to upload files to a HuggingFace repository,
although the required files differed for causal vari-
able localization.> Here, a user was required to
upload at least three artifacts for a given causal
variable: a trained featurizer F, a trained inverse
featurizer !, and position indices correspond-
ing to the dimensions of the featurized space that
encode the causal variable of interest. If the featur-
izer was not one of the supported baseline types,
users were also required to upload Python code that
could save and load their featurizer. We also sup-
ported interventions at dynamic token positions; if
used, users were required to upload a Python script
specifying which token positions to intervene on
for a given example.®

4.3 Task Submissions

We received submissions from one team totalling
two methods (Hirlimann et al., 2025). Both
methods extend the official Distributed Alignment
Search (DAS; Geiger et al., 2024) baseline.

3See this repository for an example of how causal variable
localization repositories were required to be structured.
%See the track’s GitHub repository for further details.
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Arithmetic (+)

RAVEL Gemma-2 Llama-3.1
Gemma-2 Llama-3.1

Method X Carry X Carry

Method ACont ACountry ALung ACont ACountry ALan_{/
DAS 75(85)  57(67) 62(70) 75(83)  58(64) 63 (70) DAS 3169 >4 (65)
DBM 66(71)  53(65) 54(58) 68(80)  53(59) 58 (64) ]ff]?cl\fx g; Eﬁ; g; gg

+PCA 63(70)  47(53) 50(56) 62(74)  48(54) 53 (57)
+SAE 64(72)  49(56) 53(39) 64(72)  50(57) 55(57) +SAE 32.(44) 38 (55)
Full Vector 48 (62)  49(57) 45(56) 53(62)  47(53) 47(57) Full Vector 29 (35) 35 (45)
Orthogonal - - - 8489  70(79) 72(79) Orthogonal - 53 (65)
Nonlinear - - - 83(89)  70(78) 72(79) Nonlinear - -

(a) The RAVEL task with variables for the country A country, continent

Acont, and language Arqng of a city.

(b) The two-digit arithmetic task with a variable
computing the carry-the-one operation (Xcary).

MCQA
Gemma-2 Llama-3.1 Qwen-2.5
Method O answer Xorder O Answer Xorder O answer Xorder
DAS 95(97) 77(93) 94(100) 77(91) 86(95) 78 (100)
DBM 84(99) 6384 86(100) 66(73) 4694 60 (99)
+PCA 57(96) 52(81) 65(99) 53(74) 22(76) 54 (100)
+SAE 73 (90) 51 (65) 80(99) 58(65) - -
Full Vector 61 (100) 44 (77)  77(100) 46 (68) 35(99) 49 (99)
Orthogonal - - - - 9098 78 (100)
Nonlinear - - 95(100) 81(94) 89(98) 81 (100)

(c) The MCQA task with variables for the ordering of the answer Xorqer and
then the answer token Oanswer. This is a low-data regime (=100 examples).

Table 4: Results for the causal variable localization track. Table headers show the task, the model, and the selected
causal variable, respectively. We do not report results for ARC or IOI, as no submissions were made for these
tasks. We report interchange intervention accuracy (i.e., our faithfulness metric), i.e., the proportion of aligned
interventions on the causal model and deep learning model that result in the same output token(s); higher is better.
For each method of aligning a causal variable to LM features, we report the mean across counterfactual datasets and
layers in the low-level model. In parenthesis and bold, we report the best alignment across all layers.

Non-linear featurizer. This method extends
DAS with a multi-layer perceptron (MLP) and non-
linearities. During training, this method augments
the feature mixing stage with an MLP:

h = GeLU(W,x)
% = tanh(Wyh),

3)
“)

where W, and W are learned up-projection and
down-projection weights, respectively. This is only
applied during training. This allows the featurizer
to “blend” potentially independent representations
and go beyond convex combinations of features,
which could allow it to learn dependencies where
the signal is not strictly separable by individual di-
rections in the original actuvation space x. Empir-
ically, this was the most well-performing method,
even outperforming DAS—the best-performing
baseline method. That said, recent work has demon-
strated that non-linear featurizers are highly ex-
pressive, and as such can locate potentially any

feature, including those that are not in the model
itself (Sutter et al., 2025), echoing the memoriza-
tion problem that characterized probing classifiers
(Belinkov, 2022). Additional validation is needed
to confirm that the learned features capture genuine
variables the model employs during processing.

Orthogonal non-linear projection. This featur-
izer is a simplified variant of the non-linear featur-
izer. Here, the features pass only through a tanh
non-linearity without a feed-forward layer. This
still enables rich feature interactions to be learned,
but does not have as much expressive power as the
non-linear featurizer.

4.4 Results

We show faithfulness scores for baselines and sub-
missions in Table 4. Both the orthogonal and non-
linear methods achieve significant gains over DAS
across tasks and models. Despite the greater ex-
pressive power of the non-linear featurizers, this
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method performs comparably to the simpler or-
thogonal featurizer across tasks, with non-linear
featurization proving slightly stronger for MCQA
with Qwen-2.5.

5 Conclusions

Despite the relatively small number of submissions,
participants achieved significant performance gains.
Ensembling methods are quite effective for circuit
discovery, as is regularization via filtering compo-
nents with unstable contributions to model behav-
ior; we encourage future work to continue explor-
ing these directions. Furthermore, one can achieve
significant gains in variable localization using non-
linear mediator types; these projections into new
spaces can be highly effective with the proper train-
ing procedure, even when the non-linearity is built
on top of a simple architecture. This suggests
that expressive featurizer training formulations that
leverage existing mediator types might yield sig-
nificant gains in causal variable localization—but
more controls are needed to ensure that concepts
truly in the model itself are being isolated (as op-
posed to the featurizer learning the causal variable
itself).

The MIB leaderboard will continue to accept
public submissions in both tracks. The results of
this shared task will inform the experimental design
and baseline choices for future studies employing
circuits and causal-variable localization methods
in language models. We hope that participants will
continue to publicize their findings to benefit the
community and enable scientific progress through
direct comparisons in a shared-task setting.
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