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Abstract

Interpretability remains a central challenge in deep learn-
ing, especially for fine-grained classification tasks. Con-
cept Whitening (CW) represents a promising step towards
interpretable deep learning: by aligning axes within a neu-
ral network’s latent space with human-specified concepts,
CW helps users understand how neural networks reason.
However, CW leaves many axes unlabeled, undermining the
interpretability of the latent space. We address this prob-
lem by introducing Multi-Granularity Concept Whitening
(MGCW), a novel framework that reformulates CW to par-
tition the latent space into hierarchical, high-level concept
subspaces, each containing both labeled and free (unla-
beled) axes that correspond to sub-concepts. This design
ensures that emergent concepts stay localized within rele-
vant semantic regions (high-level concepts), enhancing both
structure and interpretability. Experiments on CUB-200-
2011 and COCO/Places365 show that MGCW boosts con-
cept purity and interpretability while preserving classifica-
tion accuracy. Our findings establish MGCW as a powerful
tool for learning structured, interpretable representations
in deep networks with minimal performance trade-offs.

1. Introduction

Deep neural networks have come to dominate predictive
tasks across many domains. These models are accurate but
tend to follow a largely opaque reasoning process. Recent
work has sought to address this problem by building inher-
ently interpretable extensions to deep neural networks that
maintain predictive performance while adding interpretabil-
ity. Concept Whitening (CW) [4] is a promising approach in
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this direction: it aligns individual axes in the latent space of
a neural network with known, human-understandable con-
cepts.

However, CW requires a set of finely labeled images for
each concept of interest and as such cannot typically assign
a concept to every axis in the latent space. The remaining
axes are left unlabeled, and the network can entangle them
arbitrarily. This significantly undermines interpretability,
especially for fine-grained classification tasks such as those
in the CUB-200-2011 dataset [27]. Moreover, CW leaves
users without any way to integrate partial and overlapping
concept annotations—for example, a user may have a set of
“beak” images and a separate set of “hooked beak’ images.

In this work, we propose Multi-Granularity Concept
Whitening (MGCW), which addresses these issues by par-
titioning the latent space around high-level concepts and
allowing each subspace to contain both labeled and unla-
beled (free) sub-concepts. This partition ensures that each
axis in the latent space is interpreted relative to a specific
sub-concept or a known high-level concept region. Within
each subspace, MGCW supports a winner-takes-all mech-
anism that allows unlabeled sub-concepts to emerge while
remaining constrained to a meaningful high-level concept,
improving interpretability without requiring dense annota-
tions. Figure | provides an illustrative overview of this
structure.

Across two benchmark datasets, we show that MGCW
provides improved semantic consistency of concepts rel-
ative to prior work without substantially harming the ac-
curacy of the original network. Moreover, the hierar-
chical nature of MGCW enables users to embed par-
tial knowledge about the concepts in an image (e.g.,
this contains some kind of beak). Finally, we demon-
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Figure 1. A conceptual overview of MGCW. CW aligns axes with high-level concepts but does not restrict where emergent sub-structures
form, allowing activations to spill into unrelated semantic regions. MGCW partitions the latent space into concept-specific subspaces
(colored bands), ensuring that fine-grained variations (marker shapes) remain confined within their designated high-level concept.

strate qualitatively that the concept axes learned by
MGCW are semantically consistent. Code is available at
https://github.com/rbarton 124/MultiGranularityCW.

2. Related Work

Research on enhancing neural network interpretability has
followed two main approaches: providing post-hoc expla-
nations, and developing inherently interpretable models.

Post-hoc explanation methods include activation maximiza-
tion [6, 19], perturbation-based approaches like Local In-
terpretable Model-agnostic Explanations (LIME) [23] and
SHapley Additive exPlanations (SHAP) [17], saliency map-
ping [2, 3, 10, 24], and concept extraction approaches
like Testing with Concept Activation Vectors (TCAV) [11].
However, each of these approaches can suffer from insta-
bility, produce unfaithful explanations, or suffer from cor-
relations in the extracted concepts, leading to misleading
interpretations of model behavior [1-4, 10, 12, 20, 24].

Inherently interpretable models overcome the faithfulness
issues of post-hoc explanations by making the reason-
ing process of a model directly understandable. In Con-
cept Whitening (CW), a module that de-correlates and
normalizes the latent space is added to a neural network
(NN), aligning individual axes with predefined concepts
[4]. While not originally emphasized, this structure implic-
itly concentrates concept-specific information along sin-
gle axes. In contrast to TCAV, which represents concepts
as unconstrained directions, CW’s axis-aligned formulation
provides a more structured and localized representation of
concept-specific information. CW has been applied to inter-
pret models in high-stakes settings, particularly in health-
care [8, 21]. Dai et al. [5] proposed a hierarchical concept
whitening (CW) module to clarify the latent hierarchical re-
lationship between label concepts. Specifically, they added
a second constraint to preserve parent-child relationships
between concepts on top of the original CW constraint to
align latent space axes with the corresponding concept di-
mensions. However, unlike our work, they do not consider
“free sub-concepts” — the idea that not all images within a

high-level concept are labeled with the maximum possible
granularity — and therefore require an explicit fine-grained
concept dataset for each axis, unlike MGCW. Concept bot-
tleneck models (CBMs) are a related but distinct approach
to improving model interpretability by computing human-
specified concepts from images and using these concepts
to form predictions, instead of aligning the latent space
[13, 16, 25, 28, 30-32]. However, there is research showing
that CBM’s concepts may neither correspond to anything
meaningful in the input space nor reliably base concept pre-
dictions on relevant input features [18, 22].

Our work builds on the original Concept Whitening [4] and
Dai’s hierarchical extension [5]. We generalize concept
whitening to a wider range of concept relationships beyond
parent-child hierarchies and extend it to discover unlabeled
concepts alongside labeled ones, without the faithfulness is-
sues associated with concept bottleneck models.

3. Multi-Granularity Concept Whitening

Notation and Preliminaries We consider an image clas-
sification dataset with n samples D = {(X;, )},
where X; € R3*H>*W is a 3-channel image and y; €
{1,2,...,C} is the class label. Let f : R?>*IxW _ RC
denote a deep neural network classifier. We add MGCW
at a chosen intermediate layer of f: let f; : R3*HXW
RPXH' W' denote the portion of f before the target layer,
and let fo : RPXH'>XW' _y RC denote the remainder, so
that f = fo o f1. For the auxiliary concept-alignment ob-
jective, as in [4], we additionally define a pooling mech-
anism g : RPXH W' _ RD and pooled latent vectors
z; := g(f1(X;)). These pooled vectors are used only for
concept alignment; the main classification objective contin-
ues to operate on the full spatial feature map f1(X;). Our
goal is to structure the pooled latent space so that its axes are
orthogonal, concept-aligned, and organized hierarchically.

Let Qupb :={1,2,..., Ky} denote the set of K, labeled

. Khigh
sub-concepts of interest, and let Qpigh := {Sky,, } kh:‘gilzl be

a collection of Kpig, high-level concept subspaces such that
each kg, € Qgup belongs to exactly one Skhigh € Ohigh. We
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Figure 2. MGCW training and inference. MGCW replaces a batch norm block at an intermediate layer of a neural network. During
training, the main classification loss updates both f; and f2 using the full spatial feature map, while a pooling mechanism ¢ is used only
in the concept-alignment step to produce a single D-dimensional vector per image for optimizing the rotation matrix Q. During inference,
the learned transformation is applied position-wise to every D-dimensional feature vector in the representation, yieldinga D x H' x W’

transformed feature map, before the classifier head fo.

do not require that Qyign is only a partition of the labeled
sub-concepts: each set S, may also contain one or more
free sub-concepts—axes associated with the high-level con-
cept for which no labeled sub-concept exists. Thus, for a
free sub-concept j, we have j & Qg but j € Sk,

Intuitively, each set inside Qpjgn groups some number of
sub-concepts into an associated high-level concept; for ex-
ample, given sub-concepts indicating “long beak,” “short
beak,” and “forked tail,” the high-level concept “beak”
may consist of “long beak,” “short beak,” and one or
more free sub-concepts, while the “tail” concept consists
of “forked tail” and a free sub-concept “unspecified tail
type.” We assume we are given an auxiliary dataset DZ“SE =
{ngs“")}?fl“b of ny,, images for each labeled sub-concept
kab € Qguw, and similarly a set D},;g; = {nghig“)}?:khligh
of ny,,, images for each high-level concept. The notion of
free sub-concepts allows us to leverage images with partial
concept labels; for instance, an image that is known to con-
tain some kind of beak without a specific beak type may
appear in the high-level “beak” concept dataset, but not in
any labeled sub-concept dataset.

sub

We optimize our model g o f; to align one concept with
each axis through two transformations. First, as in [4], we
perform a whitening operation 1(z) := W {(z — p), where
W ¢ RP*P is a whitening matrix defined by W'W =
¥~ for covariance matrix 3 and p := %Z?:l z; is the
mean embedding across our training set. We then apply a
learned rotation matrix Q € RP*P to 1)(z), with the ulti-
mate goal of producing axis-aligned concepts. We denote
the complete Multi-Granularity Concept Whitening layer

by ¥(z) := Qui(2).

During inference, W is applied to each of the H' x W’
feature vectors in the representation space of f;. Letting
Winference | RPXH XW' _y RDXH'XW" danote this position-
wise application of W, the inference process of a network
with MGCW is f2 © Winference © f1. Figure 2 illustrates this.

Learning Hierarchical Concept Alignment We aim to
solve the following optimization problem:

max  [Low,, + ALcwy] subjectto QT Q =1, (1)

ai1,---,9dk

where

an, (g0 f(X{)))

b

Low,, = Z L Z

n
Ksub € Qsub Fesuo X(‘ksub) efD;ub
N su
Lo Whish —
> o X

Nk,
S € Qhigh Fenigh (Fhign) ephish
Khigh € S : knigh & Qsub g Fhigh

T (Fonign)
maxq, ¥(go fr(X;

for some hyperparameter value A € R™. The first term,
Lcw,,» sums over the concept dataset for each labeled sub-
concept and encourages each sample to align with its des-
ignated axis. The second term, Lcwy,,,, iterates over sam-
ples associated with a high-level concept but not a specific
labeled sub-concept and encourages each sample to align
with the most responsive axis in the corresponding sub-
space. This enables free sub-concepts to emerge naturally
within a specified high-level concept region, regulated by A.



In practice, we aim to solve (1) while maintaining predic-
tive performance via an alternating optimization procedure.
In each training epoch, we optimize f; and f5 to minimize
cross entropy over D using batched stochastic gradient de-
scent.

After every Npaches Steps of gradient descent, we perform
a concept alignment step where we directly minimize the
loss term (—Lcw,, — ALcw,,) With respect to Q, sub-
ject to Q' Q = I. As in [4], we solve this constrained
optimization problem using the Cayley transform. For each
optimization step ¢, we set
Q(t+1) — (I + gA)_l (I _ gA) Q(t)7

where 7 is a learning rate and A := G(Q®)T — QWG T,
where G denotes the gradient of Low,,, + ALcowy,, With
respect to Q.

Constructing Concept Datasets In practice, the images
from each concept dataset are unlikely to contain a singular
concept. For example, a natural image of a bird will often
contain the beak, tail, and feet of a bird, which may all be
concepts of interest. This complicates the learning process.

To mitigate this issue, we apply bounding-box annotations
(or relevant masks) to crop down to only the image region
corresponding to the target concept, and resize this crop to
the size of a standard input image. In doing so, the network
sees images that predominantly contain the part-of-interest
(e.g., a beak region) for each concept. All reported ex-
periments use this crop-and-resize preprocessing. We also
tested redaction-style variants in preliminary experiments,
but they produced weaker purity on a representative model,
so we focus on cropped concept images in this work.

4. Experiments

We evaluate MGCW on two benchmark datasets: CUB-
200-2011 [27] and Places365 [33]. For CUB-200, we use
the provided part annotations as concepts: for example,
the “beak” high-level concept contains “hooked beak” and
“short beak™ as sub-concepts. For Places365, we use COCO
[15] object classes as concepts. Both concept datasets pro-
vide spatially localized annotations, allowing us to crop
each concept image to the relevant region (Section 3). Be-
cause CW is sensitive to the number of concepts, we exper-
iment with two concept-set sizes per dataset. For CUB-200,
the Small set contains 2 high-level concepts (eye and nape)
subdivided into a total of 9 sub-concepts; the Large set con-
tains 9 high-level concepts (back, beak, belly, eye, general,
leg, nape, tail, and throat) and 36 sub-concepts. For COCO,
the Small set contains 2 high-level concepts with 20 sub-
concepts; the Large set contains 4 high-level concepts and
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Figure 3. Nape color subspace at WL7: labeled and free axes
side by side. Each row shows the top-8 most-activated images for
one axis within the nape color high-level subspace. Rows above
the divider correspond to labeled sub-concepts (e.g., nape color:
white, nape color: red); the row below is the free (unlabeled) axis.
The free axis consistently retrieves birds with coherent nape col-
oring not captured by any labeled sub-concept, demonstrating that
MGCW’s winner-takes-all mechanism localizes emergent struc-
ture within the correct semantic region rather than letting it drift to
unrelated axes.

38 sub-concepts, organized by COCO supercategory group-
ings such as animals, food, and sports equipment.

We employed ImageNet pretrained VGG-16 [26],
DenseNet-161 [9], ResNet-18 and ResNet-50 [7] models,
replacing various batch norm layers with MGCW (termed
“Whitened Layers” or WL). Each model variant was
trained for 200 epochs, with checkpoints selected based
on validation accuracy. Each whitened layer result corre-
sponds to a separately trained model with MGCW inserted
at that single layer.

Free Sub-Concepts Find Consistent Patterns We first
evaluate qualitatively whether “free sub-concepts” — axes
that have a high-level concept label like “beak,” but not a
fine-grained one — learn consistent semantic concepts. We
consider the high-level nape color concept, in which we
provide sub-concept labels for black, green, red, and white
nape colors. We include all of these images in the high-
level nape color concept dataset, but also include images
of birds with blue napes. We purposely do not provide a
sub-concept label for blue napes. Thus, the question is: can
MGCW isolate nape color: blue images to a single free axis
in the nape color subspace without specific labels?

Figure 3 presents the top-8 most highly activated images
for all axes within the “nape color” high-level subspace
at WL7. As expected, each labeled axis retrieves images
whose birds visually exhibit the corresponding attribute: the
nape color: white row is populated entirely by birds with
pale or white napes, and the nape color: red row primarily
surfaces birds with vivid red nape patches. The free axis,



=
=}

s MGCW
mmm CBM

Mean ROC-AUC (Concept Purity)
o o o o
o N o ©

o
]

Small Large Small Large

CUB-200 COCO / Places365

Figure 4. Concept purity: MGCW vs. CBM. Mean ROC-
AUC purity for MGCW and a Concept Bottleneck Model
(CBM) on Small and Large concept sets for CUB-200 (a) and
COCO/Places365 (b). For both models, the seventh (CUB) or
eighth (Places365) layer of a ResNet-18 is modified with the re-
spective module. MGCW consistently achieves higher purity than
CBM across both datasets and concept-set sizes.

separated by a horizontal divider, also produces a visually
coherent retrieval — the top images share a consistent col-
oring pattern not represented by any explicitly labeled sub-
concept. This demonstrates that MGCW’s hierarchical par-
titioning successfully isolated the nape color: blue images
to the free axis without an explicit labeled dataset for this
concept. This analysis is also useful for identifying model
failures: in the nape color: green row, several images de-
pict birds with green foliage in the background rather than
a green nape, revealing annotation noise that limits purity.

The framework also permits multiple free sub-concepts
within the same high-level concept subspace. In additional
CUB-200 Large runs with multiple free sub-concepts per
subspace, training remained stable across WL1-WLS8 (test
top-1 accuracy 73.79-75.65), and the strongest hierarchi-
cal metrics again appeared at later layers (mean hierarchical
AUC 0.838 and masked Hit@3 0.613 at WL7). Since these
multi-free runs were exploratory rather than the main focus
of the paper, we use them only as supporting evidence that
MGCW can accommodate more than one free sub-concept
within a high-level concept.

We also examine how concept axis quality varies with the
layer at which MGCW is inserted. Figure 8 compares inde-
pendently trained models across insertion positions: models
with MGCW at early layers produce concept axes that re-
spond to varied, loosely related images, while models with
MGCW at later layers yield tighter, semantically consistent
clusters. Critically, the free axis in the later-layer models
converges to a coherent nape-color pattern visually distinct
from all labeled sub-concepts, demonstrating that winner-
takes-all alignment not only confines free axes to the correct
part region but also drives genuine concept specialization
when placed in representationally rich layers. We examine

this layer-placement effect in greater depth in Section 4.

MGCW Improves Concept Purity Next, we study how
well each concept axis represents the desired concept,
which we refer to as “purity.” Intuitively, we would like
images Xf"' € Dy, containing a concept k, to have a higher
activation along the axis assigned to k, than other images.
We use AUROC to measure how well this property holds;
we consider samples containing k, “positive” samples, and
consider all other samples negative. We treat the activation
along axis ky for a given image as the “prediction” for pu-
rity AUROC. We compare the purity of MGCW to that of
a concept bottleneck model using the same backbone and
concepts; for this model, we treat the logit associated with
the given concept as the “prediction” for purity AUROC.

Figure 4 compares the mean purity across all concepts for
MGCW against a Concept Bottleneck Model [13] on both
CUB-200 and COCO/Places365. MGCW substantially out-
performs CBM on both datasets and both concept-set sizes.
On CUB-200, MGCW improves purity from 0.69 to 0.80
on the small concept set and from 0.77 to 0.82 on the large
set. On COCO/Places365, MGCW achieves 0.86 purity on
the small set versus 0.73 for CBM, and 0.87 versus 0.78 on
the large set. These consistent gains suggest that structured
subspace alignment provides more reliable concept repre-
sentations than dense bottleneck supervision.

We also study how purity varies with the layer at which
MGCW is inserted. Each point in Figure 5 represents an
independently trained model with MGCW (or CW as the
baseline) placed at a single layer. For base CW, we pro-
vided the sub-concepts of QCW as the concept set. MGCW
produces similar or better purity than CW at every inser-
tion point. The largest gains appear when the module is
placed at the first layer, especially on Places365: shallow
feature spaces encode shared sub-concept patterns where
CW’s global alignment is most prone to cross-concept leak-
age, and MGCW’s explicit subspace partitioning prevents
this entanglement. Both methods achieve their strongest
purity when inserted at deeper layers, reflecting the greater
semantic specificity of deeper CNN feature spaces.

The two datasets reveal an informative contrast. On
CUB-200, MGCW maintains a substantial purity advan-
tage across all insertion points (e.g., 0.822 vs. 0.670 for
CW at WL7 on the Large set), while on COCO/Places365
the gap narrows and largely disappears at deeper layers.
This reflects each dataset’s concept structure: CUB’s high-
level concepts group anatomically adjacent body regions
(nape, back, belly, throat) whose sub-concepts easily bleed
across boundaries, whereas COCO’s high-level concepts
group categorically distinct object types (animals, food,
sports equipment) that flat CW already separates well. The



Dataset Model Opt WL M-AUC B-AUC
RN-18 (S) 7 0.834 0.691

CUB RN-18 (L) 7 0.865 0.616
RN-50 (L) 11 0.871 0.645
RN-18 (S) 8 0.861 0.759

Places365 RN-18 (L) 8 0.887 0.758
RN-50 (L) 16 0.901 0.787

Table 1. Mean concept purity within a high-level concept sub-
space (“Masked AUC”) versus across the entire representation
space (“Baseline AUC”). Each M-AUC and B-AUC value is av-
eraged over sub-concepts for the model selected at the optimal
whitened layer (Opt WL) for that dataset/model setting. Across
both datasets and concept sets, purity is substantially higher when
restricting evaluation to the corresponding high-level concept sub-
space. RN = ResNet, (S) = small concept set, (L) = large concept
set. M-AUC = masked AUC, B-AUC = baseline AUC.

masked (concept-conditional) AUC results in Table | cor-
roborate this, with a ~40% within-subspace improvement
on CUB-200 Large versus only ~17% on Places365 Large.
Taken together, these patterns confirm that MGCW pro-
vides the greatest benefit precisely where cross-concept
leakage is highest—and that its hierarchical partitioning is
achieving its intended effect.

MGCW Supports Partial Knowledge In practice, users
may know partial information about an image — for exam-
ple, they may know that the image contains a bird’s wings
but not its beak, while being unable to describe the wing
type precisely. The hierarchical nature of MGCW allows us
to evaluate how “pure” wing concepts are when compared
only to other wing concepts. For each sub-concept, we com-
pute a concept-level AUC and report the mean across sub-
concepts. Baseline AUC uses the full representation and
all other concepts as negatives, while “masked AUC” re-
stricts evaluation to the corresponding high-level concept
subspace, isolating fine-grained distinctions among sibling
sub-concepts. This evaluates the model’s ability to reason
within a known semantic category (e.g., wings) rather than
across all possible concepts.

Table | presents the results of this analysis. Providing
partial high-level information to MGCW substantially im-
proves concept purity in all cases. On CUB-200 Large with
ResNet-18, we see a roughly 40% increase in AUC when
reasoning within one high-level concept rather than across
all of them. Similarly, on Places365 Large with ResNet-18,
we observe a roughly 20% improvement with masking.

We note that this analysis is not well-defined under the orig-
inal CW formulation. While CW aligns individual axes
with labeled concepts, it does not partition the latent space

into semantically scoped subspaces. As a result, any within-
concept masking would be applied only at evaluation time
and would not reflect structural constraints in the learned
representation. In contrast, MGCW explicitly allocates axes
to high-level concept subspaces, making masked evaluation
a direct probe of the model’s geometric organization rather
than a post-hoc filtering procedure.

MGCW Maintains Accuracy We next ask whether these
interpretability gains come at a cost to accuracy. We train a
separate ResNet-18 model for each insertion point (WL1-
WLS) on both CUB-200 and Places365, using both concept
sets, and compare each to the pretrained baseline.

Figure 6 shows the accuracy of each independently trained
model. MGCW typically preserves accuracy reasonably
well, with most reductions below 2% and all reductions be-
low 5% across the settings studied, although some inser-
tion points do incur noticeable degradation. Taken together,
these results suggest that MGCW’s interpretability benefits
can often be obtained at a manageable predictive cost, but
only when the insertion layer is chosen carefully.

Accuracy varies with insertion point: models with MGCW
at mid-depth layers (WL3-WL4) maintained the highest
accuracy, while certain deeper insertions (WL5 for CUB-
200, WL8 for Places365) led to larger degradation. The
optimal insertion point differs between datasets, suggest-
ing that MGCW placement should be tuned per domain.
The Small concept set occasionally matches or exceeds the
accuracy of the Large set, suggesting that annotation qual-
ity and concept-set scale influence how well the backbone
adapts to the MGCW constraint. The deepest layer is there-
fore not always optimal: although late layers are often the
most semantically specific, they are also the most special-
ized for the final prediction task, so imposing concept align-
ment too close to the classifier can reduce flexibility needed
for downstream classification. To contextualize MGCW’s
accuracy impact, we also evaluated the impact of adding
MGCW to four standard architectures (ResNet-18, ResNet-
50, DenseNet-161, VGG16) fine tuned for each of CUB-
200 and Places365. In each case, we add MGCW at the
layer that yielded the best validation accuracy for that ar-
chitecture. Figure 7 presents the result of this analysis.
We found that, in ResNet-50 and DenseNet-161, adding
MGCW slightly increased the overall accuracy of the model
for CUB-200. In ResNet-18 and VGG-16, and in all models
on Places365, we observed a slight (< 2%) decrease in ac-
curacy after adding MGCW. Across architectures, MGCW
does not substantially harm predictive accuracy when in-
serted at an appropriate layer.

MGCW Semantics Are Better at Deeper Insertion
Points Finally, we examine how the semantic quality of
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Places365 (right). Accuracy is broadly maintained across insertion points, with mid-depth placements achieving the best trade-off between

interpretability and accuracy.

MGCW concept axes depends on the layer at which the
module is inserted. Figure 8 presents grids for CUB-200
and COCO sub-concepts, where each column is a separately
trained model with MGCW at that single layer. In mod-
els where MGCW is placed at WL1-WL2, concept axes
lack specificity and are often confounded by background
context, reflecting the limited semantic structure in shallow
feature maps. In models with MGCW at WL5-WL6, color-
based concept axes consistently retrieve matching images.
By WL7-WLS, even structurally demanding concept axes

such as tail shape: forked tail (CUB) and sports: tennis
racket (COCO) produce specific, semantically tight exem-
plars. This pattern mirrors the natural hierarchy of CNN
feature spaces: shallower layers encode texture and global
color, middle layers develop part-selective structure, and
later layers carry fine-grained attribute information suitable
for concept alignment. At the same time, the final layer is
not always the best insertion point, because the top of the
network must still preserve flexibility for the classification
objective; the best trade-off therefore often occurs slightly
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Figure 8. Concept axis quality by MGCW insertion layer (Large dataset, ResNet-18). Each column corresponds to an independently
trained model with MGCW inserted at that single layer (WL1-WLS). Each row is a sub-concept; each cell shows the image that maximally
activates the corresponding axis in that model. Models with MGCW at shallower layers respond to whole-image color and background
cues, while models with MGCW at deeper layers isolate the specific part-attribute named by the sub-concept. Concepts requiring fine-
grained spatial discrimination (e.g., tail shape) require deeper insertion to achieve specific retrievals than coarser color attributes.

before the final block.

5. Conclusion

We introduced Multi-Granularity Concept Whitening
(MGCW), an extension of Concept Whitening [4] that par-
titions the latent space into hierarchical subspaces contain-
ing both labeled and free axes. By explicitly structuring
the geometry of the representation space, MGCW supports
concepts at different levels of granularity and can identify
fine-grained concepts even without exhaustive fine-grained
labels. Across the CUB-200 [27] and COCO/Places365
[15, 33] datasets, MGCW improves concept purity rela-
tive to standard CW and concept bottlenecks while enabling
masked AUC evaluation under partial knowledge. MGCW
suggests effective within-subspace separation among fine-
grained sibling concepts. These interpretability gains come

at minimal cost: with appropriate layer placement, MGCW
maintains classification accuracy close to standard pre-
trained baselines. Our results show that interpretability ben-
efits from not only axis alignment but also from structured
constraints on latent geometry itself.

Like CW, MGCW modifies only the rotation matrix dur-
ing concept alignment while leaving the backbone frozen.
To achieve stronger concept separation, future work could
jointly optimize the backbone parameters with respect to
the concept alignment loss. Additionally, MGCW cur-
rently relies on predefined high-level partitions; learning
subspace structure jointly with axis alignment would move
MGCW toward automatic high-level concept discovery. Fu-
ture work could also adapt MGCW beyond convolutional
backbones, such as Vision Transformers [29] and multi-
modal foundation models [14].
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