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ABSTRACT

Recent progress in mechanistic interpretability and sparse autoencoders (SAEs)
has opened new avenues for understanding vision models, yet automatically as-
signing accurate textual descriptions to discovered concepts remains unprincipled.
Existing studies rely on proxy metrics such as CLIP similarity or qualitative in-
spection, which fail to measure semantic faithfulness of the concept descriptions.
To bridge this gap, we conduct a principled study of the automatic interpreta-
tion pipeline, evaluating key design choices including MLLM query construction
and sample selection. We introduce Semantic Label Quality (SLQ) metrics from
language model interpretability to vision, providing direct measurement of label
faithfulness. We further investigate whether synthetic counterfactuals generated
by a conditional generative model can further improve interpretation. Experiments
on synthetic faces, histopathology, and remote sensing images reveal that optimal
interpretation strategies are dataset-dependent: no single configuration universally
outperforms others. Counterfactual contrastive samples improve interpretation for
localized, additive concepts but provide limited benefit for global concepts where
counterfactuals are less well defined.

1 INTRODUCTION

Vision foundation models contain hundreds of internal features that align with human-
understandable factors of variation (Pach et al., 2025), and sparse autoencoders (SAEs) can isolate
these features at scale. Yet assigning accurate textual descriptions to features—and verifying them—
remains ad hoc. Current practice treats automated labelling mainly as a proxy for the interpretability
of detected features, evaluating labels qualitatively, or with CLIP similarity or BERTScore (Hernan-
dez et al., 2022; Oikarinen & Weng, 2023)—none of which guarantee that a label faithfully captures
the semantics of the underlying concept at scale.

Automated interpretation is challenging because high-activation image sets contain co-varying
attributes, and negatives are poorly controlled. Prompting a multimodal large language model
(MLLM) to explain a concept from highly activating samples invites spurious correlations. Design
decisions, such as sample selection, prompt construction, or sample count, strongly affect outcomes
but have not been systematically studied, and the field lacks reliable ways to test whether descrip-
tions are factually correct for open-ended concepts, rather than merely fluent or plausible (Oikarinen
& Weng, 2023; Zaigrajew et al., 2025).

One promising direction to control for co-varying attributes is synthesising contrastive pairs via
conditional generative models. By decoding steered embeddings that differ only in the target con-
cept, the resulting counterfactual pairs should isolate that concept from confounders. Recent work
has explored this idea for explaining supervised classifiers (Zablocki et al., 2024) and text-to-image
diffusion models (Cammarata et al., 2025; Olson et al., 2025; Surkov et al., 2025), yet rigorous
evaluation of this approach for automatic interpretation of vision models is lacking.

In this paper, we address these gaps with a principled study of the automatic interpretation pipeline
for vision concepts. Given a concept representation (e.g., an SAE feature) and a dataset, the task
of automatic interpretation is to produce a concise textual description that reliably predicts the pres-
ence of the concept. We evaluate the impact of: (1) MLLM query format (how many samples,
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how to arrange them), and (2) sample selection strategies, including counterfactual generation via a
conditional generative model. We build confidence in our results by introducing semantic label qual-
ity (SLQ) metrics, previously used for language models (Paulo et al., 2025), to the vision domain.
These metrics provide standard measures (e.g. precision, recall) of the consistency of proposed la-
bels with the underlying features. Our contributions are as follows:

• Principled automatic interpretation study: We isolate design choices in the automatic interpre-
tation pipeline and find that optimal settings are dataset-dependent. We validate findings across
proprietary (GPT-4.1) and open-weights (Qwen3-VL) MLLMs.

• Semantic Label Quality (SLQ) metrics for vision: We introduce concept detection scores to
vision, defining SLQ as consistency between MLLM classifications and concept activations.

• Investigation of counterfactual interpretation: We investigate to what extent counterfactual
pairs generated by a conditional generative model (CONCEPTDECODER) can improve concept
descriptions by reducing confounders.

2 RELATED WORK

Mechanistic interpretability with SAEs. Since their introduction by Bricken et al. (2023), sparse
autoencoders (SAEs) have been applied at scale to language models (Templeton et al., 2024; Gao
et al., 2024; Lieberum et al., 2024; He et al., 2024) and extended to vision (Stevens et al., 2025; Pach
et al., 2025; Olson et al., 2025), multimodal models (Zhang et al., 2025b), and medical imaging (Le
et al., 2024; Abdulaal et al., 2024; Bouzid et al., 2025; Nakka, 2025).

Interpretation of image concepts. Early work interpreted CNN neurons by matching them to pre-
labelled concepts in manually curated datasets (Bau et al., 2017). Subsequent approaches use CLIP
to match highly activating samples to descriptions from predefined concept banks (Oikarinen &
Weng, 2023; Zaigrajew et al., 2025; Rao et al., 2024; Kalibhat et al., 2023). Moving beyond fixed
label sets, MILAN (Hernandez et al., 2022) trains a neuron captioning model on a custom dataset
of fine-grained image annotations. Recent work trains SAEs on text-to-image diffusion models
and steers generation for label assignment (Cammarata et al., 2025; Olson et al., 2025; Surkov
et al., 2025), though this is limited to evaluating the generative model itself. Hoang-Xuan et al.
(2024) proposed a multi-step process of selecting highly activating samples, filtering, and asking
an MLLM to label the cluster. Zablocki et al. (2024) generate counterfactual pairs for explaining
supervised classifiers but do not evaluate explanation correctness against available ground truth,
nor do they provide experiments on how to obtain high-quality explanations. Crucially, rigorous
evaluation remains absent: current approaches rely on qualitative inspection (Zaigrajew et al., 2025;
Zablocki et al., 2024), or proxy metrics like BERTScore and CLIP similarity (Hernandez et al.,
2022; Oikarinen & Weng, 2023; Olson et al., 2025; Surkov et al., 2025). While some works treat
interpretation as classification with known concepts (Oikarinen & Weng, 2023; Rao et al., 2024;
Hoang-Xuan et al., 2024), there is currently no reliable automated method to verify if a proposed
open-ended concept label is faithful to the underlying model.

Visualizing concepts with conditional generative models. Carballo-Castro et al. (2024) developed
a counterfactual generation approach based on concept activations vectors, albeit limited to a fixed,
known set of concepts. Cohen et al. (2021) created class-counterfactuals for chest X-rays as an al-
ternative to saliency maps for explaining neural network decisions. Žigutyte et al. (2024) proposed a
method to determine which morphological features in histopathology images drive classifier predic-
tions by creating counterfactual explanations, while Nguyen et al. (2025) simulated morphological
changes between classes to generate counterfactuals to help label features of interest.

3 METHODS

3.1 PROBLEM FORMULATION

Let fθ : X → Z be a vision foundation model encoding images x ∈ X into representations
z = fθ(x) ∈ Z . We assume access to a concept activation function ac : Z → A that quantifies how
strongly concept c is expressed in a representation, where A ⊆ R. Such functions arise naturally
from interpretability tools such as SAEs and linear probes, as we describe in Appendix B. Given ac, a
dataset X, and an MLLM M, the automatic interpretation task is to produce a textual description or
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Figure 1: The end-to-end automatic interpretation pipeline. Stage 1 selects real or generates syn-
thetic samples to isolate a specific feature and constructs a query. Stage 2 uses an MLLM to generate
a textual description of the concept. Stage 3 evaluates the description’s faithfulness using SLQ met-
rics by prompting the MLLM to classify held-out images based on the generated label.

label ℓc that faithfully captures the semantics of c. A description is faithful if it reliably corresponds
to concept activation: images where the description applies should have high ac, and vice versa.

While our setup applies to any concept activation function, we focus on linear concepts: SAE
features and linear probes. For SAEs, we use encoder activations aenc

c for sample selection (with
binarization a+c (z) = I[aenc

c (z) > 0]) and decoder projections adec
c for steering (Bricken et al.,

2023). For supervised concepts, ac(z) = ⟨vc, z⟩ with threshold τc chosen for optimal F1. See
Appendix B for details.

3.2 AUTOMATIC INTERPRETATION PIPELINE

Our automatic interpretation pipeline consists of two stages: (1) sample selection (which images
to show the MLLMs); and (2) query construction (how to arrange and present them). Each stage
admits design choices that have not been systematically compared.

Sample selection. Modern MLLMs process only limited images per query effectively (OpenAI,
2025), making sample selection critical. We study two aspects:

Activation-based selection determines which activation range to draw samples from within the pos-
itive or negative samples. We base this on quantiles of the activation distribution Aref

c = {ac(z) :
z ∈ Zref} over a reference set Zref :

alo
c = quantile({a ∈ Aref

c : a ≥ τc}; qlo) , ahi
c = quantile({a ∈ Aref

c : a ≥ τc}; qhi) , (1)

where qlo ≤ qhi define the quantile range. Samples are then selected from X with activations in
[alo

c , a
hi
c ].

Negative sample selection determines how to obtain contrastive samples: (i) Random: negatives
drawn from low-activation samples; (ii) Nearest-neighbour: retrieve real images closest to the
steered representations (see Appendix C); (iii) Counterfactual via CONCEPTDECODER: generate
synthetic pairs differing only in target concept (see below).

Query construction. Given selected positive and negative samples, we must decide how to present
them to the MLLM. We study two decisions: the number of exemplars to include, and the image
arrangement strategy. We experiment with five image presentation strategies for automatic interpre-
tation, adhering to the technical restrictions of the model (cf . Appendix H.1) (OpenAI, 2025):

• TwoGrids: Positives and negatives combined into separate grid images (max 8×3 for 256×256
images).

• OneGrid: Positives in top row, negatives in bottom row, combined into one grid.
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• Paired: Each positive-negative pair concatenated horizontally.
• Separate: Positive and negative images interleaved as separate images.

Counterfactual generation via CONCEPTDECODER. To generate a counterfactual pair, we steer
each seed representation toward high and low activation targets along the concept direction, then
decode using a CONCEPTDECODER (a conditional diffusion model; Section 4.4). See Appendix B
for details on steering.

3.3 SEMANTIC LABEL QUALITY (SLQ) METRICS

We adapt the detection score from language model interpretability (Paulo et al., 2025) to evaluate the
quality of concept descriptions and our design choices. Given a proposed description ℓc for concept
c, we evaluate its faithfulness by testing whether an MLLM can use ℓc to predict binary concept
activations on held-out images. For a set of query images {xj}, we prompt the MLLM to determine
the presence of the concept ℓc in each image (see Appendix H.2 for the full prompt). Comparing
the MLLM’s binary predictions ŷj against the ground-truth binarized activations yj = a+c (fθ(xj))
yields SLQ-acc = 1

N

∑
j I[ŷj = yj ] and SLQ-F1 = F1({ŷj}, {yj}). Unlike proxy metrics such as

CLIP similarity, SLQ directly measures the consistency of a concept label.

4 EXPERIMENTAL SETUP

4.1 DATASETS

We conduct experiments on three complementary domains: SynthFace (Wood et al., 2021), a syn-
thetic face dataset with rich metadata to extract labels for fine-grained facial attributes, enabling
validation of our pipeline and of the SLQ metrics themselves; Hancock (Dörrich et al., 2025),
histopathology images for precision oncology; and BigEarthNet (Clasen et al., 2025), a large-scale
remote sensing dataset. This selection evaluates a broad spectrum of real-world concepts, from sub-
tle and localized changes in human imagery to large-scale complex patterns in histopathology and
satellite images. Dataset splits and processing details are in Appendix A.

4.2 CONCEPT EXTRACTION

We consider supervised and unsupervised settings. In the supervised setting, we train linear probes
to predict SynthFace attributes; the weight vectors serve as concept directions. In the unsupervised
setting, we derive concepts via Matryoshka BatchTopK SAEs (Bussmann et al., 2025; 2024). Details
are in Appendices D and E.

4.3 AUTOMATED INTERPRETATION

We use GPT-4.1 (Azure OpenAI) as the primary MLLM, with Qwen3-VL-8B-Instruct (Yang et al.,
2025) confirming generalization to open-weights models. SLQ evaluation uses balanced sets of up
to 100 positive and 100 negative samples per concept, with GPT-4.1 as the judge due to its strong
visual capabilities. Balancing reduces token costs and ensures SLQ-F1 of 0.5 corresponds to random
performance, facilitating comparisons. The subsampling introduces stochasticity; we measured a
standard deviation of 0.33 percentage points across 5 runs, yielding a minimum detectable difference
(MDD) of 0.6 pp at p < 0.05 (see Appendix G.1). For Hancock and BigEarthNet, the MDDs are
0.9 pp and 0.5 pp, respectively.

4.4 MODELS

Foundation models and concept space. For SynthFace and BigEarthNet, we use DI-
NOv3 (Siméoni et al., 2025) as the vision backbone; generalization to other models is shown in
Appendix J. For Hancock, we use UNI2 (Chen et al., 2024), a vision foundation model specifically
designed for histopathology images. We use only the CLS token (or its architecture-specific global
token) as the concept space, since this representation is commonly consumed in downstream tasks.

CONCEPTDECODER architecture and training. We implement CONCEPTDECODER as a con-
ditional diffusion model. For SynthFace and BigEarthNet, we use a convolutional U-Net with a
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“simple diffusion”-style training objective and pixel-shuffle operations (Hoogeboom et al., 2023)
and cosine learning-rate schedule, generating 256×256 images. Training takes 378,000 steps (∼3.5
days on 4×A100 GPUs); metrics are in Appendix F. For Hancock, we use the publicly available
PixCell-256 (Yellapragada et al., 2025) trained to invert UNI2 embeddings (Chen et al., 2024).

5 RESULTS

Table 1: SLQ-F1 for query construction and activation threshold experiments in %. BEN: BigEarth-
Net. “Extreme” selects the most extremely activated samples. “Top-k Sim” is the method from
Hoang-Xuan et al. (2024). ◦Default setting used in (b).

(a) Query Construction

SynthFace Hancock BEN

GPT Qwen GPT GPT

Num. samples (M ):
1 48.2 48.2 64.3 63.4
4 57.0 53.4 66.8 68.2
8 59.3 57.5 67.9 68.7
16 59.7 59.5 67.9 69.0
24◦ 60.9 59.9 68.1 69.7

Prompting strategy:
TwoGrids◦ 59.9 59.0 67.9 69.4
OneGrid 57.3 54.3 66.2 69.4
Paired 56.9 50.1 65.8 70.4
Separate 56.1 50.5 69.6 71.1

(b) Activation Threshold

SynthFace Hancock BEN

qlo GPT Qwen GPT GPT

10 59.3 58.6 68.8 70.8
20 61.0 61.1 68.8 70.6
30 60.7 61.2 68.9 70.9
40 61.2 62.4 69.9 70.8
50 62.0 64.0 69.5 71.2
60 63.2 65.0 68.5 70.3
70 63.6 66.1 68.2 70.2
80 65.0 66.0 68.3 69.7
90 64.9 66.4 68.3 67.9

Extreme 64.1 64.6 63.6 65.0

Top-k Sim 64.2 64.1 63.5 64.5

Table 2: Experiments for negative sample selection strategies. All experiments were performed
with the best settings from Table 1. We report the average SLQ-prec (SLQ-p), SLQ-rec (SLQ-r),
and SLQ-F1 across all concepts, in %.

SynthFace Hancock BigEarthNet

GPT-4.1 Qwen3 GPT-4.1 GPT-4.1

Strategy SLQ-p SLQ-r SLQ-F1 SLQ-p SLQ-r SLQ-F1 SLQ-p SLQ-r SLQ-F1 SLQ-p SLQ-r SLQ-F1

No negatives 66.3 64.0 62.0 57.9 61.5 52.9 71.6 69.6 67.8 70.7 68.7 67.3
Random 70.8 67.5 65.9 73.0 69.6 66.9 70.3 69.2 68.4 72.2 70.6 69.6
NN (concept) 63.1 60.7 58.6 64.8 63.0 58.7 66.2 65.1 64.1 64.7 63.5 61.7
NN (emb) 64.7 61.6 59.7 65.5 63.1 59.0 65.5 64.4 63.4 65.7 63.8 61.8
CONCEPTDEC 73.4 69.2 67.2 70.3 67.5 64.7 62.6 61.6 60.5 68.3 66.5 65.2

5.1 QUERY CONSTRUCTION

Table 1 (a) shows the effect of varying sample count and prompting strategy on SLQ-F1. In-
creasing sample count consistently improves performance across all datasets (SynthFace: 48.2% →
60.9%; Hancock: 64.3% → 68.1%; BigEarthNet: 63.4% → 69.7%). However, the optimal prompt-
ing strategy varies by dataset. For SynthFace, TwoGrids performs best (59.9%), outperform-
ing Separate (56.1%). This ranking reverses for Hancock and BigEarthNet, where Separate
achieves 69.6% and 71.1% respectively, outperforming TwoGrids (67.9% and 69.4%). We at-
tribute this to concept structure: SynthFace concepts are localized features comparable across
aligned faces, whereas Hancock and BigEarthNet contain heterogeneous images where spatial align-
ment is less meaningful.

5.2 ACTIVATION THRESHOLD SELECTION

Table 1 (b) examines how the activation threshold qlo affects interpretation quality. For SynthFace,
higher thresholds consistently improve SLQ-F1: the 80th–90th percentile achieves 65.0%–66.4%,
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compared to 59.3% with qlo = 10. In contrast, Hancock and BigEarthNet peak at moderate thresh-
olds (40th and 50th percentile: 69.9% and 71.2%), with performance degrading at higher percentiles
(68.3% and 67.9% at the 90th). We attribute this to two factors. First, maximally activating samples
in real-world data are often outliers: an SAE feature for “Hypochromasia” (reduced tissue staining)
may activate most strongly on empty slides—technically low-staining, but not representative of the
concept. Second, restricting to top activations reduces sample diversity, limiting the MLLM’s abil-
ity to identify what unifies positive examples. SynthFace’s controlled synthetic distribution avoids
such outliers, explaining why higher thresholds help there. The “Extreme” strategy confirms this: it
underperforms markedly on Hancock and BigEarthNet (63.6% and 65.0%) where this issue is most
pronounced. The strategy from Hoang-Xuan et al. (2024)—finding the M highest activating sam-
ples and selecting from them the set of k samples with highest cosine similarity—underperforms
quantile-based random selection. Note that the authors only use positives for sample selection,
whereas we include negatives in-line with our experimental setup.

5.3 NEGATIVE SAMPLE SELECTION STRATEGIES

Table 2 evaluates negative sample selection strategies (all use samples above the optimal activation
threshold from Table 1). For SynthFace, CONCEPTDECODER achieves the best SLQ-F1 (67.2%),
outperforming random (65.9%) and no negatives (62.0%). However, on Hancock and BigEarthNet,
random selection wins (68.4% and 69.6%), while CONCEPTDECODER underperforms (60.5% and
65.2%). We attribute this to concept structure: SynthFace concepts are often additive and local-
ized (glasses, hats can be removed), making counterfactuals well-defined. In contrast, Hancock and
BigEarthNet concepts are often global (“open water”, “dense cellular architecture”), where gen-
erating counterfactuals requires replacing entire images. In these datasets, it is also often unclear
what the counterfactual of a concept even is (What is the counterfactual of “open water”?). Nearest-
neighbour strategies consistently underperform random selection (58.6%–64.1% vs. 65.9%–69.6%).
This suggests that truly contrastive real samples—that only differ in the desired concept—are rare.
Qualitative examples for SynthFace and Hancock are in Tables I.1 and K.1.

5.4 REDISCOVERING LABELLED CONCEPTS

To validate SLQ metrics, we use them to evaluate supervised SynthFace concepts with ground truth
labels. Table D.1 compares generated labels against ground truth. The SLQ-F1 for labels generated
by our automatic interpretation pipeline (85.2%) closely matches that of ground truth labels (88.2%).
Random selection achieves SLQ-F1 of 85.2%, CONCEPTDECODER 87.5%, and the ground truth la-
bels 88.2%. These results shows that (1) our pipeline successfully rediscovers concepts given suffi-
ciently accurate concept vectors, and (2) the SLQ metrics present a faithful measure of interpretation
quality. Perfect scores for ground truth labels are not expected since concept vectors do not perfectly
align with true concepts, leading to imperfect activations used as ground truth in SLQ computation.

6 DISCUSSION AND CONCLUSION

This paper presents the first systematic investigation of automatic interpretation for visual concepts,
introducing SLQ metrics that directly measure label faithfulness via prediction of concept activation
on held-out samples.

Our experiments conclude that the optimal interpretation strategy depends on the concept structure.
More samples consistently help, but other choices vary: structured datasets with localized, additive
concepts (e.g. SynthFace) benefit from counterfactual generation and highly activating samples,
while natural datasets with global concepts (Hancock, BigEarthNet) perform best using random
samples with wider activation ranges, and separate image presentation. Despite this variability,
our pipeline achieves strong performance across datasets and autointerp MLLMs, confirming that
automatic interpretation of visual concepts is broadly feasible with contemporary models.

Using CONCEPTDECODER has shown some success, but training dataset-specific models is costly;
future work could investigate whether large generative models, such as Qwen-Image (Wu et al.,
2025), or FLUX (Labs et al., 2025), can be repurposed to generate counterfactuals directly. We
further believe SAE-based concept discovery and MLLM interpretation generalize beyond vision,
potentially surfacing patterns humans have not yet identified.
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Appendix

A DATASET DETAILS

SynthFace. SynthFace is a fully synthetic face dataset with photorealistic images rendered from
parametric 3D face models (Wood et al., 2021). The procedural generation provides perfect ground-
truth labels for facial attributes—from accessories (eyeglasses, headphones, hats) to appearance
(hair colour, beard, makeup) to context (indoor/outdoor, lighting). We split SynthFace into 10,000
validation, 10,000 test, and 75,801 training samples. From available metadata, we extract binary
labels for 14 supervised concepts (Appendix D).

Hancock. Hancock (Dörrich et al., 2025) is a histopathology dataset for precision oncology in
head and neck cancer. We reserve 10% of the official train split for validation and use the official in
distribution test split; slides were processed using Trident (Zhang et al., 2025a) to extract 224× 224
patches at 20x magnification. Due to dataset size, we subset to 1% for all steps except unsupervised
concept extraction.

BigEarthNet. BigEarthNet (Clasen et al., 2025) consists of Sentinel-2 satellite image patches
from 10 European countries, taken between June 2017 and May 2018. We use the official training,
validation, and test splits.

The training splits serve as the reference set (Zref ) for sample selection, activation targets for steer-
ing, binarisation thresholds, and concept extraction. All reported results use the test set; validation
was used only during development.

B CONCEPT VECTORS AND STEERING DETAILS

Sparse autoencoders. An SAE maps representations to sparse feature vectors via encoder f(z) =
σ(Wencz+benc) ∈ RK and reconstructs via decoder ẑ = Wdecf(z)+bdec, where σ induces sparsity.
Following Bricken et al. (2023), we distinguish between the detection and steering directions: the
encoder weights detect feature presence, while the decoder weights represent the feature’s causal
effect. For SAE feature i corresponding to concept c, we define:

aenc
c (z) := [f(z)]i , adec

c (z) := wdec
i · z+ bdec

i , (2)

where wdec
i and bdec

i are the i-th decoder weight and bias. The encoder activation aenc
c detects feature

presence, while adec
c measures projection onto the causal direction.

Linear probes. For supervised concepts with binary labels y ∈ {0, 1}, we train a logistic regres-
sion classifier on representations z = fθ(x). The learned weight vector vc ∈ Z defines the concept
direction, and the concept activation is the linear projection:

ac(z) := ⟨vc, z⟩ . (3)

For binarization, we select the threshold τ that maximizes F1 on the training set: activec(z) =
I[ac(z) > τ ]. The same concept vector vc serves as the steering direction.

Steering equation. Given a sample with representation z, we steer along the concept direction vc

to achieve target activation a∗:

z∗c = z+
vc

∥vc∥2
(
a∗ − ac(z)

)
. (4)

The normalization by ∥vc∥2 ensures that the intervention magnitude adapts to concept geometry:
z∗c achieves exactly a∗ regardless of steering vector norm. This makes steering independent of the
embedding model, the specific concept or SAE, and the specific sample.
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C NEAREST-NEIGHBOUR NEGATIVE SAMPLE SELECTION

The nearest-neighbour strategies aim to find real negative samples that differ from positive samples
primarily in the target concept. Starting from positive samples selected using the optimal activa-
tion threshold from Table 1 (b), we construct paired negatives through a two-step process: steering
followed by retrieval.

Step 1: Steering to target activation. For each positive sample with representation z+ and ac-
tivation ac(z

+) > τc, we steer the representation to a target activation a∗neg in the negative region.
To mirror the positive sample selection strategy, we set the target to the center of the corresponding
quantile range among negative samples. Specifically, using the optimal qlo from Table 1 (b) with
qhi = 100, the target activation is:

a∗neg = quantile
(
{a ∈ Aref

c : a < τc}; (qlo + qhi)/2
)
, (5)

where Aref
c = {ac(z) : z ∈ Zref}. For example, if positives are selected from the [qlo, qhi] =

[90, 100] quantile range, we steer to the 95th percentile of the negative activation distribution. Using
Equation (4), we obtain the steered representation z∗c that achieves exactly this target activation for
concept c. The steered representation z∗c represents a hypothetical sample that is identical to the
original except for the target concept.

Step 2: Nearest-neighbour retrieval. Since z∗c may not correspond to any real image, we retrieve
the closest real sample from X as the negative counterpart. We investigate two distance metrics:

• Embedding space (NN-emb): We find the nearest neighbour using cosine distance in the represen-
tation space:

x− = argmin
x∈X

1− ⟨fθ(x), z∗c⟩
∥fθ(x)∥ · ∥z∗c∥

. (6)

• Activation space (NN-concept): We find the nearest neighbour using Euclidean distance across all
concept activations. Let a(z) = [ac1(z), . . . , acK (z)]⊤ denote the vector of activations for all K
concepts. The nearest neighbour is:

x− = argmin
x∈X

∥a(fθ(x))− a(z∗c)∥2 . (7)

D EXTRACTION OF KNOWN CONCEPTS FROM SYNTHFACE
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Figure D.1: Per-concept and average Matthews Correlation Coefficient (MCC) for DINOv3 on Syn-
thFace.

In this section, we provide more details on the extraction of concept vectors for the labelled attributes
in SynthFace using linear probes. From the SynthFace metadata, we extract binary labels for the
following 14 supervised concepts: face mask, eyeglasses, sunglasses, beard, red lipstick, mouth
open, indoor, eyes closed, blonde hair, dark hair, grey hair, headphones, santa hat, and bald. The
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parameter space of SynthFace is vast and a single concept may be controlled by multiple parameters.
Especially when it comes to continuous parameters (e.g., hair colour), we manually define thresholds
to binarize the concepts. This might lead to noisy labels for some concepts. In Figure D.1, we show
the classification performance of our linear concept vectors extracted using DINOv3 embeddings.

Using these supervised concept vectors, we validate our interpretation pipeline by checking whether
it can rediscover the known ground truth labels. Table D.1 compares the labels produced by the
automatic interpretation pipeline against the ground truth for a subset of concepts.

Table D.1: Predicted concept labels for supervised concept rediscovery on SynthFace. We compare
the concept labels to those generated by our automatic interpretation pipeline using random real
samples (see Table 2, second row)

Ground Truth Random

“face mask” “Wearing a face mask”
“eyeglasses” “Wearing Glasses”
“sunglasses” “Wearing sunglasses”
“beard” “Beard or facial hair on chin/jaw”
“red lipstick” “Dark/Black Lipstick”
“mouth open” “Wide open mouth (shouting/screaming expression)”
“indoor” “Indoor Setting”
“eyes closed” “closed eyes”
“blonde hair” “Light blonde hair and pale pigmentation”
“dark hair” “Visible natural hair (no head coverings)”
“grey hair” “White or gray hair (signs of aging)”
“headphones” “Wearing a headset with microphone”
“santa hat” “Christmas/Elf Hat”
“bald” “Baldness”

E EXTRACTION OF UNKNOWN CONCEPTS WITH SAES

We train all SAEs with an expansion factor of 0.5 and k set to 20, resulting in 512 features for the
DINO models and CLIP, 576 for SigLIP and SigLIP2, and 768 for UNIv2. We train for 50 epochs
1 with a batch size of 512. The Matryoshka group sizes used were [1/16, 1/8, 1/4, 9/16]. We set the
threshold for dead features (used in the auxiliary loss) at 1000.

F CONCEPTDECODER EVALUATION

While well aware that a CONCEPTDECODER is not perfectly reconstructing the input samples,
common reconstruction metrics can still provide valuable insights into its performance as a gen-
erative model and into its adherence to the conditioning. In Table F.1, we report the Fréchet in-
ception distance (FID), multi-scale structural similarity (MSSSIM), and the cosine similarity be-
tween z and fθ (gϕ (z)) computed using the test sets of SynthFace (n = 10, 000) and BigEarthNet
(n = 137, 367) and the images generated by a CONCEPTDECODER conditioned on the respective
DINOv3 embeddings.

Table F.1: CONCEPTDECODER reconstruction metrics.

SynthFace BigEarthNet

FID 16.125 25.305
MSSSIM 0.333± 0.178 0.317± 0.146
Embedding Cosine Similarity 0.746± 0.124 0.844± 0.102

13 for Hancock because of the much larger number of samples
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G SEMANTIC LABEL QUALITY METRICS

SLQ metrics are obtained using GPT-4.1 in all cases to avoid confounders.

G.1 STATISTICAL SIGNIFICANCE

The evaluation subsampling (selecting at most 100 positive and 100 negative samples per concept)
introduces stochasticity into the SLQ metrics. To quantify this variability, we repeated the evaluation
5 times with different random seeds and measured a standard deviation of 0.33 percentage points.

When comparing two methods, the uncertainty in both measurements must be accounted for. As-
suming equal variance across methods, the standard error of the difference between two means is
SEdiff =

√
2 · SE, where SE = σ/

√
n. For a two-sided test at significance level α = 0.05

with n = 5 runs per method, the critical t-value for SynthFace is t0.975,4 ≈ 2.78. The minimum
detectable difference (MDD) is therefore:

MDD = tcrit · SEdiff = tcrit ·
√
2 · σ√

n
≈ 0.6 pp (8)

This means that differences in SynthFace experiments exceeding 0.6 percentage points are statisti-
cally significant at p < 0.05.

G.2 LIMITATIONS

While SLQ metrics provide a practical means of evaluating the proposed concept labels without
ground truth annotations, it is critical to distinguish between self-consistency and correctness. The
SLQ metrics computed in this work essentially measure the agreement between the concept pre-
dictor’s predictions (i.e. the concept vector or SAE encoder), denoted as Ŷ , and a set of proxy or
heuristics-derived labels, denoted as Ỹ (the proposed labels). However, the ultimate objective is the
alignment of Ŷ with the latent ground truth, Y . Under conditions where Ỹ and Y are correlated, the
SLQ scores can be artificially high even for the wrong label. We quantify this effect below using the
SLQ-F1-score.

Let us define the “confounder strength” c as the symmetric conditional probability between the
proposed label Ỹ and the true latent concept Y :

P (Ỹ = 1 | Y = 1) = P (Y = 1 | Ỹ = 1) = c (9)

If Ỹ is the “wrong” label for the feature being tracked, c represents the statistical correlation between
the proposed misnomer and the true concept label.

Now, consider a predictor Ŷ that is tracking the true concept Y with an intrinsic F1-score of ϕ
(where ϕ < 1). Assuming symmetric precision and recall for algebraic simplicity:

P (Ŷ = 1 | Y = 1) = P (Y = 1 | Ŷ = 1) = ϕ (10)

When we evaluate this predictor against the proposed (but incorrect) label Ỹ , we are measuring
P (Ỹ | Ŷ ) and P (Ŷ | Ỹ ). Assuming the predictor’s errors are independent of the label correlation,
we can estimate the measured precision by marginalizing over the ground truth Y :

PrecỸ = P (Ỹ = 1 | Ŷ = 1) (11)

≈ P (Ỹ = 1 | Y = 1) · P (Y = 1 | Ŷ = 1) (12)
= c · ϕ (13)

Similarly, the measured recall against the proposed label is:

RecỸ = P (Ŷ = 1 | Ỹ = 1) (14)

≈ P (Ŷ = 1 | Y = 1) · P (Y = 1 | Ỹ = 1) (15)
= ϕ · c (16)
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Substituting these into the harmonic mean, the observed SLQ-F1-score is:

SLQ-F1 =
2 · (cϕ) · (cϕ)

cϕ+ cϕ
= c · ϕ (17)

This result (c·ϕ) implies that the metric is fundamentally ambiguous. A specific SLQ-F1-score could
result from a predictor that moderately learns the proposed label (where Y ≈ Ỹ ), or from a predictor
that strongly learns a different concept (ϕ ≈ 1) that happens to be correlated with the proposed label
(c ≫ 0). Thus, while SLQ metrics effectively measure the recoverability of the proposed concept,
they cannot inherently rule out the possibility that the model is tracking a correlated confounder.

H MLLM DETAILS

For reproducibility, we set do sample=False for Qwen3-VL and fix temperature and top-p to
zero for GPT-4.1.

H.1 TECHNICAL RESTRICTIONS

GPT-4.1. GPT-4.1 can handle up to 500 images with a total payload of 50 MB per request. The
token budget per image is 1536 where each token represents a 32×32 patch of an image. Im-
ages that exceed the maximum patch size are downsampled internally. We process images with
"detail":"high". This means, images are further downsampled if their longest and short-
est sides exceed 2048 px and 768 px, respectively. All resizing is performed while preserving the
original aspect ratio (OpenAI, 2025).

Qwen3-VL-8B-Instruct. We run Qwen3-VL-8B-Instruct (Yang et al., 2025) locally using the
HuggingFace transformers library. To ensure reproducibility, we set do sample=False,
disabling stochastic sampling. We use the model’s default image preprocessing and resolution set-
tings.

H.2 DETAILED PROMPTS

H.2.1 AUTOMATIC INTERPRETATION

Prompt for the TwoGrids strategy.

You are an AI researcher. Your job is to find and explain the
main visual pattern that appears in one set of images but not in
another.

Instructions:

- You will get two groups of images:
1. Images with the pattern.
2. Images without the pattern.

- Compare the two groups and describe the single visual concept
that is present in the first group and missing in the second.
- Keep your explanation short and clear.
- Focus on the main concept, not small details.
- Explain why you chose this concept, using examples from both
groups.

Respond in JSON with:
"rationale": Why you picked this concept, with reference to the
examples.
"concept label": A short label for the pattern.
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Prompt for the OneGrid strategy.

You are an AI researcher. Your job is to find and explain the
main visual pattern that appears in one row of images but not in
another.

Instructions:

- You will get a single grid image with two rows:
1. The first row (top) contains images with the pattern.
2. The second row (bottom) contains images without the pattern.

- Compare the two rows and describe the single visual concept that
is present in the first row and missing in the second.
- Keep your explanation short and clear.
- Focus on the main concept, not small details.
- Explain why you chose this concept, using examples from both
rows.

Reply in JSON with:
"rationale": Why you picked this concept, with reference to the
examples.
"concept label": A short label for the pattern.

Prompt for the Paired strategy.

You are an AI researcher analyzing images to find a single visual
pattern.

You will be shown pairs of images stitched side by side:
1. The left side always shows images with the pattern.
2. The right side always shows images without the pattern.

Your task:
- Identify the one visual concept present on the left and missing
on the right.
- Describe this concept clearly and concisely.
- Avoid focusing on minor details; look for the main difference.
- Explain your reasoning, referencing what you see in both sides.

Respond in JSON with:
"rationale": Why you chose this pattern, based on the images.
"concept label": A short label for the visual concept.

Prompt for the Separate strategy.

You are an AI researcher analyzing images to find a single visual
pattern.

You will be shown pairs of images:
1. The first image always shows images with the pattern.
2. The second image always shows images without the pattern.

Your task:
- Identify the one visual concept present on the left and missing
on the right.
- Focus on the most noticeable change between the two images.
- Describe this concept clearly and concisely.
- Avoid focusing on minor details; look for the main difference.
- Explain your reasoning, referencing what you see in both images.
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Respond in JSON with:
"rationale": Why you chose this pattern, based on the images.
"concept label": A short label for the visual concept.

Prompt for the PosOnly strategy.

You are an AI researcher analyzing images to find a single visual
pattern.

You will be shown a set of images that contain a common visual
pattern.

Your task:
- Identify the one common visual concept present in the images.
- Describe this concept clearly and concisely.
- Avoid focusing on minor details; look for the main pattern.
- Explain your reasoning, referencing what you see in the images.

Respond in JSON with:
"rationale": Why you chose this pattern, based on the images.
"concept label": A short label for the visual concept.

H.2.2 SEMANTIC LABEL QUALITY

Prompt for the Paired strategy.

You are an AI researcher analyzing images.
You will receive:
- A visual concept.
- A series of images.
You must determine the presence of the concept in each image and
give a score of 0 or 1.

Respond with a JSON containing the following keys:
"concept label": The studied concept.
"scores": A list of dictionaries, each with:
- "image id": The unique identifier of the image as provided.
- "score": 1 if the concept is present in the image, otherwise 0.

Ensure your response is valid JSON.

I AGREEMENT BETWEEN STRATEGIES

We investigate whether selection strategies exhibit complementary strengths within a single dataset.
Figure I.1 plots SLQ-F1 scores of CONCEPTDECODER against random selection for all 512 Synth-
Face SAE features. The methods show moderate correlation (Pearson r = 0.45, p < 0.001). Taking
the maximum per concept yields 72.1%, compared to 67.2% (CONCEPTDECODER) and 65.9% (ran-
dom) alone, suggesting partial complementarity. Concepts where both methods achieve high SLQ-
F1 scores (> 0.75%) predominantly relate to facial expressions and facial features, clothing/ac-
cessories, hairstyles, and backgrounds, which is encouraging because these are the most prominent
varying factors in SynthFace. We have even observed concepts related to lighting conditions.

J GENERALIZATION ACROSS FOUNDATION MODELS

We evaluate concept interpretation on SynthFace using CONCEPTDECODER with CLIP, SigLIP,
SigLIP2, and DINOv2 (Table J.1). All models achieve comparable SLQ-F1 (64.0%–69.2%), with
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Figure I.1: SLQ-F1 scores for CONCEPTDE-
CODER vs. random selection across 512 Synth-
Face SAE features. Dashed lines at 0.75 divide
the space into four regions: both methods suc-
ceed (116, green), only random succeeds (60,
blue), only CONCEPTDECODER succeeds (54,
green), neither succeeds (281, grey).

Contrastive pair
(x+

c ,x
−
c )

Predicted label

“High nuclear density”
SLQ-F1: 0.95

“Hyaline cartilage matrix”
SLQ-F1: 0.75

“Blurred tissue architecture”
SLQ-F1: 0.95

Table I.1: Examples from Hancock of inter-
pretable unsupervised concepts. The first two
show clinical features; the third is a dataset arte-
fact.

Table J.1: Performance of the automatic interpretation pipeline using counterfactual contrastive pairs
generated by CONCEPTDECODER on SynthFace using different foundation models.

Foundation
model SLQ-prec (%) SLQ-rec (%) SLQ-F1 (%)

CLIP 70.9 68.8 67.3
SigLIP 73.5 70.7 69.2
SigLIP2 71.4 68.6 67.0
DINOv2 69.9 66.0 64.0

SigLIP highest, suggesting interpretability reflects genuine representational structure rather than
encoder-specific artefacts.

K DETAILED QUALITATIVE RESULTS FOR UNSUPERVISED CONCEPT
DISCOVERY ON SYNTHFACE

Table K.2: Detailed results for unsupervised concept discovery on SynthFace. We show the top-
performing SAE features interpreted using counterfactual contrastive pairs by a CONCEPTDE-
CODER, with exemplar counterfactual pairs, predicted labels, and SLQ metrics.

counterfactual pair
(x+

c ,x
−
c )

feature predicted label SLQ-F1 SLQ-prec SLQ-rec

7 Eyeglasses 0.985 0.985 0.985

409 Nighttime outdoor lighting 0.950 0.955 0.950
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Table K.2: (cont.).

counterfactual pair
(x+

c ,x
−
c )

feature predicted label SLQ-F1 SLQ-prec SLQ-rec

159 Defined ringlet curls 0.935 0.936 0.935

443 Natural Mountainous Out-
door Setting

0.922 0.923 0.922

266 Tongue sticking out 0.920 0.921 0.920

265 Red patterned clothing 0.917 0.917 0.917

3 Zip-up jacket/outerwear 0.910 0.911 0.910

417 Warm yellow/orange colour
cast

0.890 0.893 0.890

6 Forest Environment Back-
ground

0.884 0.899 0.885

50 Face mask worn 0.884 0.907 0.885

421 Golden hour backlighting 0.880 0.884 0.880

223 White hair and beard 0.863 0.882 0.865

125 Large Full Beard 0.847 0.885 0.850

150 Topknot/Bun Hairstyle 0.842 0.877 0.845

439 Short, chunky dreadlocks 0.832 0.857 0.835

194 Headset with microphone
boom

0.817 0.869 0.823
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Table K.2: (cont.).

counterfactual pair
(x+

c ,x
−
c )

feature predicted label SLQ-F1 SLQ-prec SLQ-rec

152 Long, straight hair 0.812 0.840 0.815

241 Dramatic overhead shadow
lighting

0.804 0.810 0.805

96 Polka dot patterned cloth-
ing

0.793 0.845 0.800
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Table K.1: Examples of SAE concepts for SynthFace showing successful interpretations (left) and
failure cases (right). We show one exemplar contrastive pair (x+

c ,x
−
c ) used for automatic interpre-

tation per concept, along with the predicted label and SLQ metrics.

Successful interpretations Failure cases

Contrastive pair (x+
c ,x

−
c )

Predicted label
& metrics Contrastive pair (x+

c ,x
−
c )

Predicted label
& metrics

“Eyeglasses”
SLQ-F1: 0.98,
SLQ-prec: 0.99,
SLQ-rec: 0.98

“Old Wooden Interior
Background”
SLQ-F1: 0.43,
SLQ-prec: 0.76,
SLQ-rec: 0.55

“Wide-brimmed hats”
SLQ-F1: 0.98,
SLQ-prec: 0.98,
SLQ-rec: 0.98

“Neutral or Negative
Facial Expressions”
SLQ-F1: 0.45,
SLQ-prec: 0.51,
SLQ-rec: 0.51

“Draped Headscarf”
SLQ-F1: 0.97,
SLQ-prec: 0.97,
SLQ-rec: 0.97

“Exaggerated facial
expressions”
SLQ-F1: 0.55,
SLQ-prec: 0.55,
SLQ-rec: 0.55
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