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Fig.1l: CFM provides rich conceptual explanations for vision foundation
model tasks. Our model provides a hierarchical concept representation (e.g.
‘Sailboat’ concept is a child of ‘Ship Boat’) with local, spatially grounded concepts
that are automatically named. These concepts enable CFM to provide concept-based
explanations for decision-making across vision tasks.

Abstract. Language-aligned vision foundation models perform strongly
across diverse downstream tasks. Yet, their learned representations re-
main opaque, making interpreting their decision-making difficult. Recent
work decompose these representations into human-interpretable concepts,
but provide poor spatial grounding and are limited to image classification
tasks. In this work, we propose CFM, a language-aligned concept foun-
dation model for vision that provides fine-grained concepts, which are
human-interpretable and spatially grounded in the input image. When
paired with a foundation model with strong semantic representations,
we get explanations for any of its downstream tasks. Examining local
co-occurrence dependencies of concepts allows us to define concept rela-
tionships through which we improve concept naming and obtain richer
explanations. On benchmark data, we show that CFM provides perfor-
mance on classification, segmentation, and captioning that is competitive
with opaque foundation models while providing fine-grained, high quality
concept-based explanations. Code at https://github.com/kawil9/CFM.
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1 Introduction

Language-aligned vision foundation models such as CLIP [4961],72] serve as pow-
erful feature extractors that perform strongly across tasks such as zero shot clas-
sification and open-vocabulary semantic segmentation. Such models also serve as
vision encoders for large vision-language models [12,31,[34] and generative mod-
els [73]. However, their representations are opaque, which hinders interpreting
their decision-making. Interpretability is, however, key for human users, espe-
cially for safety critical applications, and explanations of decision-making can
help to understand whether a model is right for the right reasons, increase trust
in a model’s prediction, investigate why a model failed, and steer it away from
harmful outputs.

Concept Bottleneck Models have emerged as a widely successful approach to
make model predictions more interpretable, with recent works [1,2,32/53\[71] aim-
ing to decompose representations of foundation models into human-interpretable
concepts and achieve transparency at an unprecedented scale. However, ex-
tracted concepts are not often properly grounded in the input image [2.[53}|71],
harming interpretability. Moreover, the existing approaches only provide a lim-
ited range of granularity of concepts [1,[2,|32,/53] and their spatial coverage |2
53.|71], and inter-concept dependencies are not examined even when using hi-
erarchical priors [71]. Textual concept labels, when assigned [2,/53|, often stem
from a limited vocabulary that is not tailored for large-scale and fine-grained
conceptual diversity.

Besides these limitations of what concepts can capture, such models have
not been used in the foundational setting, i.e. such concept representations have
only been used for global tasks, typically classification. The lack of granular, well-
grounded, and non-spurious concepts hinders application to local downstream
tasks, such as segmentation or large vision-language model reasoning, whereas
the underlying foundation model backbone would be capable of this.

In this work, we address these issues and propose CFM, a language-aligned
concept foundation model that provides a unified concept representation appli-
cable to local image regions, thus enabling any downstream vision foundation
model task previously not possible with concept-based explanations. The discov-
ered concepts are at varying granularities, spatially grounded in the image, and
organized into hierarchies with explicit inter-concept dependencies. To achieve
this we employ a semantically smoothened image encoding through DINOised
CLIP features [64] and learn a sparse autoencoder with a matryoshka objec-
tive encouraging hierarchical structures of the concept representations [5,(71].
By learning the concept representation across local image regions (e.g., patches)
we achieve spatially localized and human-aligned concepts from coarse to fine
granularities and avoid spurious concepts common in the existing global concept
bottlenecks. By examining co-occurrences of local concept activations we dis-
cover parent-child relationships between concepts that provide further insights
into the learned semantics. We use these relations to refine concept labeling to-
wards more accurate and meaningful textual concept labels. Our model enables
interpretable decision-making across foundation model downstream tasks typi-
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cal for language-aligned vision foundation models (see Fig. . Our contributions
can be summarized as follows:

1. We propose a concept foundation model (CFM), lifting concept bottle-
neck models to language-aligned vision foundation models applicable to
any downstream task beyond just image classification through unified
local concept representations.

2. We show how to extract explicit hierarchical relations between founda-
tional concepts that further improve the explanations of model decisions.

3. We propose an improved concept labeling scheme that explicitly takes
these concept relationships into account.

4. Putting this together, CFM yields human-interpretable concepts at di-
verse granularities that are spatially localized and well-grounded in
the input.

On benchmark data and through a human user study we show that in con-
trast to state-of-the-art, CFM yields concepts that are more quantitatively and
qualitatively consistent, spatially more localized (Fig.|3), well organized into hi-
erarchies (Fig. , and meaningfully named (Fig. . We further show that this
added interpretability does not come with a degradation of performance across
various downstream tasks. On image classification tasks CFM yields perfor-
mances competitive with the state-of the-art concept-based and opaque baseline
models (Fig. @ On an image captioning task, CFM performs similar to its
opaque backbone and enables steering (Fig. . CFM also enables interpretable
open-vocabulary segmentation that is on par with opaque foundation model al-

ternatives (Tab.[I] Fig.[g).

2 Related Work

Vision-language models (VLMs) such as CLIP [13}26,49], ALIGN |27],
CoCa [69], and SigLIP [61}72] learn vision and text encoders that share a seman-
tic latent space. Such models are typically trained on billions of paired image-text
data through contrastive learning, yielding powerful but opaque language-aligned
visual representations enabling tasks such as open-vocabulary classification and
semantic segmentation. Our proposed method CFM is such a language-aligned
vision encoder, but trained to provide a human-interpretable concept represen-
tation space.

Concept extraction methods aim to decompose learned representations from
encoders into human-interpretable concepts through, e.g., clustering [22}3041],
non-negative matrix factorization [20] or a learned concept dictionary that is
image-specific [2] or shared across images [32,{46,53//71]. The latter, in particular,
have been applied to VLMs, but (1) lack spatial grounding of concepts to the
image |2,[53,/71], (2) learn a flat hierarchy of concepts [2/32/53], or (3) use a
limited vocabulary and imprecise names [53]. Our CFM, in contrast, learns a
rich set of spatially grounded concepts with explicit parent-child relationships
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Fig.2: Overview of CFM. We visualize our approach to represent human-
interpretable, well localized, and consistent concepts of different granularities in a
language-aligned vision foundation model. As backbone, we use pretrained CLIP-
DINOiser [64] and extract concepts patch-wise by training a Matryoshka Sparse Au-
toencoder (SAE) without any supervision. From these learned concept representations,
we discover concept relations through examining the co-occurrences of concepts within
patches that allow more fine-grained interpretation of decision-making on downstream
tasks. We further name the concepts with a Matryoshka-aware matching between con-
cept representations and a large vocabulary of labels, taking the discovered concept
relations into account.

that are named using a large fine-grained vocabulary taking such relationships
into account, yielding a significantly more accurate, localized, and interpretable
concept decomposition.

Sparse autoencoders (SAEs) [3|/15] are models that aim to learn a dictionary
of human-interpretable concepts from a latent space. These consist of an affine
encoder and decoder that map features to a sparse high-dimensional space of
concepts typically trained through a reconstruction and sparsity loss. SAEs have
been shown a useful tool to understand large language models (LLMs) |[3L[15],
vision models [53}|71], and vision-language models [43]. Recent works suggested
alternative sparsity objectives [4}/21,/50,/51] and architectural priors for concept
hierarchies [5/71] to improve SAE representations. Here, we combine the best
of both worlds and use Matryoshka SAEs [5] with a BatchTopK objective [4] to
extract high quality, localized, and hierarchical concepts.

Concept-based classification models such as concept bottleneck models
(CBMs) [1,/29/40,/53}[70] and visual prototype-based methods [101/18,39/67] learn
concepts from a latent feature space to yield interpretable classification pre-
dictions. Where CBMs extract labeled, global concepts that have been shown
to often be incorrectly grounded in the image [25], prototypes are local visual
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features that have to be investigated by a user to understand their conceptual
meaning. Our approach bridges the gap between the two and helps construct
inherently interpretable concepts that are labeled, can be global as well as local,
and are well grounded in the input. Moreover, in the spirit of foundation models,
CFM enables downstream tasks beyond just classification.

3 CFM: A Language-aligned Concept Foundation Model
for Vision

To lift concept bottleneck models to be applicable to any vision foundation
model downstream task we need accurate, spatially local concept representa-
tions. Here, we propose a language-aligned vision foundation model with explicit
concept representations of local image regions, such as patches or pixels, that
enable transparent, human-interpretable reasoning. In a nutshell, we learn a lo-
cal mapping from dense, semantically smoothened image representations to a
human-interpretable concept space. This concept space is encouraged to repre-
sent concepts at varying levels of granularity, so that we are able to discover lo-
cally consistent concept hierarchies describing part- or specification-relationships
between concepts based on patch-wise concept co-occurrences (Fig. .

Specifically, as backbone we leverage CLIP-DINOised image embeddings [64],
a CLIP architecture that encodes images such that semantically similar regions,
informed through DINO |[7], share similar representations. To map this latent
CLIP encoding to meaningful concepts, we train a Sparse Autoencoder (SAE)
on patch embeddings to learn local interpretable concept representations in an
unsupervised manner at scale (Sec. [3.1). Through a Matryoshka objective, we
further encourage to learn concepts at different levels of granularity. From these
interpretable concept representations, we show how to extract relations between
concepts that reflect both specifications as well as part-relations through an
analysis of local co-occurrence patterns (Sec.[3.2)). Finally, we extend the existing
concept vocabularies used for labeling, show how to improve concept labeling by
leveraging our discovered concept relationships, and show that an architecture-
aware text encoding is necessary for accurate labels (Sec. .

3.1 From Global to Spatially Localized Concept Representations

We first extract human interpretable, spatially localized, and visually grounded
concepts from latent features of the CLIP [49| vision encoder. We do this using
sparse autoencoders (SAEs) [3], which we discuss first, and then describe our
approach.

Background: Sparse Autoencoders (SAEs). Sparse autoencoders provide
an efficient and unsupervised method to learn a concept mapping, crucial at the
scale of foundation models. These consist of a light-weight linear layer encoder,
7enc : R — RY that describes an affine mapping from a d-dimensional input
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space of CLIP features to a sparse representation where each dimension ideally
encodes a single interpretable concept. An affine mapping 7% : R — R? then
maps back to the input space. The SAE is then trained through a reconstruction
loss such that w%7¢"¢(z) ~ 2, = € R? and a sparsity regularization term on
the encoder representations, typically via an ¢; 3], TopK [21], or BatchTopK [4]
constraint. Recent work [71] proposed Matryoshka SAEs to learn concepts across
granularities. Specifically, let C' = [1...m] be the index set for the m neurons
in the SAE concept layer and I; € C' indices until which we define a matryoshka
shell. Then

LreelFy) = 3 W n ()L 1)) = By e

where F), are the latent features for patch p given by the backbone model and
T(F,)[1 1 15] sets all activations of neurons after index I; to zero. Thus, each
Matryoshka shell consisting of the first {; neurons is trained to reconstruct the
full latent features, which encourages that the smallest subset of neurons learns
coarse, high-level information and higher-index neurons learn the residual fine-
grained information on top of this coarse representation.

Extracting Semantic, Spatially Localized, and Grounded Concepts.
While useful for learning concepts across granularities, concepts from such an
SAE are not spatially localized, visually grounded to the input, and may not
map well to human interpretable semantic features. To address this, we propose
to use the following two approaches (Fig. [2] top).

Local Concept Extraction. Instead of encoding pooled visual features, we
encode each patch token from the final layer of the CLIP vision encoder through
the Matryoshka SAE, which helps encode spatially localized concepts. This also
allows visual grounding, since concept strengths across spatial regions in the
image can now be viewed as a heat map. We also use BatchTopK [4] instead of
TopK for sparsity regularization as they provide more flexibility across samples.

DINOised CLIP Features. It has been shown that 77| fine-grained local rep-
resentations can be extracted from CLIP by repurposing the patch token value
vectors from the CLS attention as dense local embeddings. However, despite
preserving a degree of spatial locality, they are noisy, which hurts concept ex-
traction. To address this, we adopt the guided pooling approach introduced by
CLIP-DINOiser [63], which smoothens the representations of semantically simi-
lar patches using affinity patterns of self-supervised features such as those from
DINO [7]. Intuitively, this pooling acts as a “voting system” that enforces consis-
tency among semantically similar patches while “attenuating noisy features” [63].
For efficient inference via a single forward pass, a small 3x3 convolutional layer
is trained on patch tokens to approximate the DINO affinity map. In our case,
we DINOise the final layer patch tokens from CLIP before using them as inputs
to the Matryoshka SAE; we refer to App. B for more details.

As compared to using pooled CLIP features, our approach helps obtain local-
ized and better human-aligned concepts, since these DINOised local embeddings
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Fig. 3: CFM discovers consistent, well-grounded, and well-named concepts.
Left: We quantitatively evaluate the consistency and grounding of our concepts using
annotation-based and annotation-free metrics. Specifically, we compare against state-
of-the-art concept extraction methods on part-annotated PartImageNet and COCO-
Stuff, using metrics from [47], and measure localization of concepts, consistency
of localization across images, and concept impurity across parts. We also evaluated

C2-Score |46] over ImageNet, which measures consistency of attributions independent
of human annotations. Right: User study results on concept consistency (left) and
relationship accuracy (right) for ~1000 neurons each covered with 5 users in Amazon
MTurk. We find our concepts to be highly consistent and with accurate relations.

are pooled from semantically coherent regions of the image which frequently cor-
respond to meaningful object parts or localized visual attributes. Moreover, these
extracted local embeddings remain well aligned with CLIP’s language space, al-
lowing them to still be directly associated with natural language descriptions
through CLIP’s pretrained text encoder.

3.2 Discovering Concept Relationships

The concept extraction procedure from Sec. [3.1] provides localized concepts at
diverse granularities, but does not reveal inter-concept relationships. For exam-
ple, a concept could be a specialization (e.g. ‘leatherback turtle’) or part (e.g.
‘turtle shell’) of a more general parent concept (e.g. ‘turtle’). Identifying such
relationships would help interpretability and allow for more effective steering of
model decisions. Despite being trained to encode concepts at multiple granular-
ities, extracting explicit relations from Matryoshka SAE concepts has so far not
been explored. Other prior works rely on predefined concept hierarchies or lever-
age LLMs [45/59] to order concepts in a hierarchical manner, but these may not
reflect the structure that emerges in the data or the model’s reasoning process.
In contrast, by discovering concept relations directly from data, we avoid mis-
matches between imposed taxonomies and the representations that the model
actually uses.

To represent hierarchies, we identify pairs of parent and child concepts (Fig.
bottom left), where parents represent more general concepts and children capture
more fine-grained or part-based specializations. In such a relation, the parent
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Fig. 4: A concept relationship subgraph. The parent concept, ‘motor car’, is shown
in the center with children concepts arranged around it. For each concept, we provide
the assigned label (top) and the top-4 most activating images (first row) along with
their spatial localization (second row) based on concept activation strength per patch.

concept must also be active (i.e., above a threshold, see App. B) whenever
the specialized child concept is active. To identify such pairs, we construct a co-
occurrence matrix C € [0,1]V*Y such that C;; denotes the weighted conditional
probability of concept i being active given that concept j is active, i.e.

Zp:i,jGB(p) Ajp
Cij = S A (2)
p:j€B(p) HIP
where A;, denotes the activation strength of concept j for patch p and B(p) is
the set of concepts active for patch p. We then use a threshold 7 to prune weak
associations, i.e., a concept u is assigned to be a parent of concept v if Cy,, > T,
and construct our hierarchy.

For this to work, our design with local, well-grounded concepts is crucial as
otherwise spatially unrelated concepts (e.g., field and cow) may incorrectly be
assigned a relationship merely due to spurious correlations in their image-level
activations. The discovered relations refine explanations through inter-concept
dependencies and serve as a prior that allows to learn better concept labels
discussed next.

3.3 Hierarchy-aware Concept Labeling

For human-understandable textual explanations of decision-making, prior work
assign labels for each concept neuron in an automated manner. They leverage
the language-alignment of CLIP to assign labels I; to a concept i, by finding the
label v from a pre-defined vocabulary V' whose CLIP text embeddings 7 (v) have
the highest cosine similarity to the concept dictionary vector, given by the SAE

decoder weights wfec, i.€.

l; = argmax, ¢, cos (7 + b, T(v)) , (3)
where b is the SAE decoder bias. While this performs well for general concepts in

the first Matryoshka group of the SAE, it fails for subsequent groups with fine-
grained concepts since it does not take into account inter-concept dependencies
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Fig. 5: CFM assigns concept names accurately. Left: We ask human annotators
to provide a 1-2 word label for each concept, and compute cosine similarities with the
concept name assigned by CFM using SBERT , and find a significant improvement
over a random baseline. Middle: We use gpt-5-mini 58] as a judge to evaluate whether
the top-10 concepts predicted by CFM and baselines are present in the image. CFM
provides the most accurate concept names and has the biggest improvement over the
random baseline. Right: A qualitative example of concept name accuracy. Green (red)
indicate concepts present (absent) in the image as per the judge.

(see App. B). To account for this, we propose a hierarchy-aware naming scheme
(Fig. |2} bottom right) that offsets child concept dictionary vectors with those of
their parents, i.e.

l; = argmax, ¢y, cos Z mdee | 4 erc +0,T(v) |, (4)
(i—j)eq

where (¢ — j) denotes a parent-child relationship in the extracted hierarchy G.

Putting all pieces together (Fig. 7 we obtain CFM, a concept foundation
model which extracts language-aligned, spatially grounded, visually localized
human-interpretable concepts across granularities for bringing interpretability
to diverse downstream tasks.

4 Experimental Evaluation

We construct a CFM for a CLIP ViT-B/16 and use CC12M [9] to train the SAE
with 8192 concepts and K = 12 concepts per patch for our main experiments.
For more details including ablations on the number of concepts, see App. B. In
Sec. 1] we evaluate the quality and interpretability of our extracted concepts,
i.e. how localized, consistent, and pure they are via quantitative metrics and a
human user study. We also evaluate accuracy of concept relationships and as-
signed names from CFM and compare them against baselines. Then, in Sec. [4.2]
we evaluate the utility of CFM as a foundation model for diverse downstream
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tasks. We first evaluate for image classification and show comparable perfor-
mance to baselines, while enhancing interpretability. Next, we move to tasks
that require local concept representations and show that CFM can be applied
to yield meaningful image captions that are steerable through our concept layer.
Finally, we use CFM for Open Vocabulary Segmentation (OVS) and show that
it provides performance competitive with baselines while being the only method
to provide explanations for the predicted segmentation.

4.1 Concept Quality and Interpretability

Locality, Consistency, Purity. We quantitatively evaluate concepts extracted
from CFM (Sec. for locality, consistency, and purity using metrics adapted
from Pham et al. [47], on the part-annotated PartImagenet [23] and COCO-
Stuff [6] datasets, and compare against state-of-the-art grounded concept ex-
traction methods—SALF-CBM |[1] and PatchSAE [32]. Specifically, to measure
locality, we evaluate how well the concepts represent a human-annotated part
by finding the maximal IoU between regions where the concept is active and the
part annotation, across all parts. To measure consistency, i.e. how consistent
parts map to the same concepts across images, we compute the maximal sum
of part-specific IoUs across all parts. Lastly for the impurity, we evaluate how
semantically impure a concept is by computing the per-concept entropy of nor-
malized activation values across all parts. To avoid bias from dataset-annotated
parts, we also compute the C2-Score |46], which measures grounding consistency
in DINOv2 |42] feature space, on ImageNet [16]. We find that CFM consistently
outperforms (Fig. left) all baselines across datasets and metrics, and in partic-
ular provides a significant improvement for locality. For more details, see App.
A, and for comparisons with non-grounded baselines using post-hoc attribution
methods, see App. C.

While relying on human-annotated part data for quantitative evaluation is
an established benchmark in the field and provides a proxy for interpretability,
ultimately we are interested in how well humans perceive and understand our
discovered concepts. To do this, we conduct a large-scale user study via Amazon
MTurk for concept consistency, with 1000 concepts and five annotators per task,
which ask annotators to rate concepts on a five point scale. Each concept is
shown via its top activating images and the regions it activates at. We show
aggregated results in Fig. Blright and provide detailed study design and results
in App. A. We find that users rate concepts mostly or completely consistent for
more than half of the shown concepts. More than 80% of annotators assign at
least somewhat consistent, i.e. score 3 or higher. Taken together, we show that
CFM provides more interpretable and well-grounded concepts.

Relationship Quality. We measure accuracy of our discovered hierarchy (Sec.
via a similar user study as above, where we show annotators pairs of two concepts
and ask them to rate how well related they are. As shown in Fig. [B}right, we
find that like with consistency, users rate concept hierarchies from CFM to be
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Fig.6: CFM shows competitive classification performance while providing
spatially grounded concepts. Left: We compare CFM with baselines on ImageNet
(IMN) and Places365 (Places). “Spatial Grounding” indicates whether methods extract
spatially grounded concepts (v'), partially local concepts (e), or global concepts only
(X). Note that ‘Linear Probe’ and ‘Zero-Shot’ refer to the standard CLIP base-
lines. We show linear probe performance of CFM on max- and mean-pooled concept
activations across patches (see App. B for specific aggregation details). Baseline results
taken from Prasse et al. [48], we retrained CFM on the same OpenAI-CLIP backbone,
best method in bold. Right: For an image of the “Swimming hole” Class of Places365
we show explanations of CFM against existing methods. For CFM, we provide the
parent concept (dark green) and its contributing children (light green) with percentage
of contribution and the spatial grounding of the top-3 most contributing concepts. In
contrast to our work, existing methods (bottom) show spurious concepts.

‘mostly’ or ‘fully’ related for most pairs. Additionally, we evaluate the accuracy
of the directionality of the relationship via a gpt-5.5 model judge, by providing
top-5 images and their corresponding activating regions for parent-child pairs
and asking the model to evaluate relationship direction. For consistent and re-
lated concepts, we obtain an accuracy of 79.79% for pairs found by CFM. For
more details, see App. A.

We also show a qualitative example of discovered concept relations in Fig.
which shows visually well-grounded and meaningfully related concepts of vary-
ing granularities, and provide more examples in App. C. Overall, we show that
CFM organizes concepts into meaningful hierarchies aiding interpretabil-
ity.

Naming Accuracy. We perform two evaluations for the accuracy of concept
names assigned by CFM (Sec. . First, we perform a user study, where we ask
annotators to provide a 1-2 word description for a concept given top activating
images with grounding. We then measure the cosine similarity between user-
provided names and names assigned by CFM using SentenceBERT , and
observe a strong statistically significant (p < 2.22 x 10716 Wilcoxon rank-sum
test) difference (Fig. [f}left) between our assigned names versus randomly drawn
names using the set of concept names discovered by our method.
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and a bottle of wine. The table is [...] cups and bowls on the table, [...]

J

Fig. 7: CFM yields competitive and steerable captioning. Left: Captioning ca-
pabilities of CFM compared to its opaque backbone. Right: Through named concepts,
CFM allows for concept-level intervention, steering the image captioning. For exam-
ple, the ‘cake’ concept can be removed from the caption while preserving the ‘drink’
concept, and vice-versa. See also Apps. B and C for further details and examples.

To evaluate its utility as a foundation model that can provide concepts, we
also evaluate the accuracy of concept names found by CFM against baselines for
images from the COCO [33] validation set. We use gpt-5-mini [58] as a judge, and
ask it to decide whether each concept name from the top-10 concepts reported
by each of the methods is present in the image. We find that CFM provides
far more accurate concepts (Fig. middle) as compared to the random base-
line of randomly sampling concepts from the concept sets. This is also reflected
qualitatively in Fig. [f}right. Overall, we show that CFM assigns names that
meaningfully align with human labeling and more accurately describe what
is in an image as compared to prior work.

4.2 Foundation Model Applications

Image Classification. We evaluate CFM for image classification on Ima-
geNet [56] and Places365 |75] by training a linear classification head for each. We
compare with recent CLIP ViT-B/16 based concept bottleneck models, i.e. LF-
CBM 40|, LaBo [68], CDM [44], DCLIP [37], DN-CBM [53], D-CBM 48], and
CF-CBM [45]. We additionally include the ResNet-50 based SALF-CBM [1]. All
baselines except SALF-CBM and CFM only provide image-level concepts. We
find that CFM yields competitive classification accuracies (Fig. @-left})
while also providing more interpretable and spatially grounded con-
cepts (Fig. @-right). Notably, all the baselines compared against are trained
explicitly and only for classification, while CFM can do much more, which high-
lights the versatility concept foundation model.

Image Captioning. Next, we go beyond classification and show the utility
of CFM’s interpretable concept-based representation for image captioning. We
follow the LLaVA setup [35|, by learning a projection for spatial output tokens
from CFM to a language model through an MLP adapter and fine-tune both the
adapter and LLM (Gemma-2-2B Instruct [60]) captioner on CC12M DreamLIP
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Table 1: CFM provides strong open-vocabulary semantic segmentation. We
report mloU between segmentations and annotated parts for each dataset considering
evaluation with and without a ‘background’ prompt as discussed in App. A. We took
baseline results from Wysoczariska et al. |64] and rerun (*) for inference consistency.
First and second best method are bold and underlined, respectively.

No background prompt w/ background

Methodst(Variants/Extra Backbones) | yC20 C59 Stuff City ADE|Context Object VOC|Avg.

Build prototypes per class
ReCo [57] 57.8 223 14.8 21.1 11.2| 19.9 157 25.123.5
OVDiff [28]T(PINO & SD) 81.7 33.7 - - 149 301 348 671 -

Text/image alignment training with captions

GroupViT [65] 79.7 234 153 11.1 9.2 | 187  27.5 50.4 |29.4
ZeroSeg |11] - - - - - 21.8 22.1 429 -
SegCLIP [36] - - - 11.0 87 | 247 265 526 -
TCL [8) 77.5 30.3 19.6 23.1 14.9| 243 304 51.233.9
CLIPpy [52] - - - - 135 - 32.0 522 -
OVSegmentor 66| - - - - 5.6 20.4 25.1 53.8| -
Use Frozen CLIP
CLIP-DIY [63]|F(PINO) 79.7 19.8 13.3 11.6 9.9 | 19.7  31.0 59.9|30.6
MaskCLIP [77] 61.8 25.6 17.6 25.0 14.3| 229  16.4 32.9|27.1
MaskCLIP [77]+ (<D (8] 71.9 27.4 18.6 23.0 14.9| 24.0 21.6 41.3(30.3
CLIP-DINOiser* [64] 80.8 36.0 24.9 39.4 20.5| 325 347 62.2|41.4
CLIP-DINOiser* [64]F(AnyUp) [62) 81.6 37.2 25.4 39.1 20.9| 33.8 35.2 64.0|42.2

Use Frozen CLIP with Interpretability
CFM 80.7 36.5 24.2 38.5 20.7| 33.1 347 62.2]41.3
CFM T (AnyUp) (62 81.8 37.6 244 38.1 21.1| 34.3 339 63.6|41.9

Long captions [91[74]. In Fig. [7Hleft we observe that CFM maintains captioning
performance similar to the opaque, dense representation of the backbone, while
providing an explicit concept representation. Importantly, this representation
can then be used to steer the captioning model, as shown in Fig. [f}right.

Open-Vocabulary Segmentation (OVS). Finally, we use CFM for the chal-
lenging fine-grained task of semantic segmentation. Its language alignment allows
for open-vocabulary segmentation (OVS), i.e. can be used as is without expen-
sive pixel-level data annotation limited to a fixed set of classes. To do this, we
compute the cosine similarity between the embedding of each word in the seg-
mentation vocabulary and the reconstructed language aligned embedding of the
SAE. We consider two ways to obtain dense predictions. In one approach, we
reconstruct patch-wise CLIP embeddings with the SAE and compute similari-
ties to the vocabulary, after which predictions are upsampled to the pixel level
using bilinear interpolation. Alternatively, we upsample the spatial concept ac-
tivations directly to the pixel level using AnyUp [62] and reconstruct the CLIP
embeddings with the SAE directly at pixel resolution before computing cosine
similarities. In both cases, predictions are interpretable: the reconstructed CLIP
embeddings are linear combinations of concepts through the SAE decoder, al-
lowing either patch or pixel-level segmentation decision to be explained by a
linear combination of concepts.
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Top contributing concepts
(per segment)

Kite Segment

Sport Kite - 32.0%
Kite String - 26.9%

Sail Boats I 5.0%

Sea Segment

Body of Water _ 58.8%

Tropical Beach - 11.9%
Sandy Beach . 8.0%

Sand Segment

Great Sandy Desert _ 48.9%
Sandy Beach - 17.4%
Body of Water . 10.9%

Open-vocabulary Segmentation

Person Kitd  Ground-other  Sand Sky-other

Fig. 8: Explainable Open-Vocabulary Segmentation. CFMT*»UP) pivel level
open-vocabulary segmentation (left) with concept-based explanations for each segment
(right).

We compare against the reported performance of prototype-based [28}57],
segmentation-specific , as well as MaskCLIP and CLIP-DINOiser
versions on a variety of benchmark datasets, including PASCAL VOC
and VOC20 , PASCAL Context and Context59 , COCO Object and
Stuff @), Cityscapes , and ADE20K . We report mloU in Tab.with and
without a background prompt following established benchmarking protocols .

We observe that CFM performs on par with the strongest opaque
baselines, i.e. CLIP-DINOiser and OVDiff. It also outperforms existing special-
ized architectures by a wide margin across datasets. In Fig. |8 we show a qualita-
tive example of OVS on COCO-Stuff highlighting the interpretable downstream
decision-making provided by CFM.

Table 2: Dictionary Size Ablation. We evaluate CFM across different dictio-
nary capacities (4k, 8k, 16k) on ImageNet (IMN), Places365 (Places), average Open-
Vocabulary Segmentation (OVS Avg), and interpretability metrics. We select 8k as our
default to balance segmentation performance and computational efficiency. Best results
are bold, second best are underlined. Note that the classification results in this table
are with the OpenCLIP CLIP ViT-B/16 backbone, in contrast results in Fig. |§| are
done with the OpenAI CLIP ViT-B/16 backbone for clear comparability with existing
CBMs.

Dict. Size Class. T |OVS 1 Loc. T Cons. T Imp. | c? ¢

. IMN Places| Avg |Part Stuff|Part Stuff|Part Stuff| Score
4k 78.2 55.5 41.1 43.9 44.2|15.8 12.5|.340 .540|0.488
8k (Default) | 78.6 55.6 41.3 |44.3 44.5|15.3 13.1 |.330 .540| 0.465
16k 78.6 56.0 40.8 |44.6 44.7|15.7 13.6|.340 .540| 0.418
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4.3 Ablation on Concept Set Size

To validate our hyperparameter choices, we ablate the dictionary capacity of
CFM in Tab. 2] We evaluate dictionary sizes of 4k, 8k, and 16k on classifi-
cation, average performance across datasets for open-vocabulary segmentation,
and interpretability metrics. We observe that both downstream performance and
concept grounding are highly stable across varying capacities. However, a trade-
off emerges: classification accuracy increases with dictionary size, whereas the
C? score decreases. We select 8k as our default architecture, as it achieves the
highest average segmentation performance while maintaining strong classifica-
tion accuracy and interpretability.

Comprehensive structural ablations—including scaling to the 400M parame-
ter SigLIP-2 backbone, the necessity of the guided pooling mechanism, varying
sparsity factors (k), and comparisons against alternative SAE objectives—are
detailed in App. B.

5 Discussion and Conclusion

We proposed CFM, a concept-based representation for a language-aligned vision
encoder that represents spatially grounded and human-interpretable concepts of
differing granularity. As such, CFM sets a new standard in the field of concept-
based interpretability by providing meaningful, well-grounded concepts that are
well-organized into hierarchies with meaningful concept names.

This work also comes with limitations. For instance, despite being signifi-
cantly improved as compared CBMs and at foundation model scale (Fig. [5)),
there is still room for improvement for concept naming. There is also a plethora
of evaluation strategies suggested for explanations, yet most of them are not
directly applicable to concept-based explanations learned in an unsupervised
manner. In this work, we focused on a set of interpretability metrics that cover a
range of interpretability aspects and were established recently in the literature.

Building a highly diverse concept representation space by learning on corre-
sponding large (web-scale) datasets would be an interesting direction for future
work. Another highly interesting future application is enabling interpretable vi-
sion tokens to be used with large vision-language models (LVLMs) for tasks such
as visual question answering (VQA).

In summary, CFM is the first concept-based foundation model un-
locking explanations for all its downstream vision tasks.
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