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Figure 1. Overview of our proposed DINO-QPM. The pipeline processes the (a) input image using the frozen backbone to produce patch

embeddings, which are transformed by the interpretability adapter to obtain a globally interpretable image classification. We compare the

diffuse saliency map of (b) DINO GradCAM, extracted from a linear probed DINO model, with our (c) DINO-QPM local explanation.

The local explanation can be further decomposed into its (d) class-independent diverse features. Compared to the baseline, we observe a

drastic increase in localisation quality, showcasing how our interpretability adapter successfully isolates semantically meaningful features.

Abstract

Although visual foundation models like DINOv2 provide

state-of-the-art performance as feature extractors, their

complex, high-dimensional representations create substan-

tial hurdles for interpretability. This work proposes DINO-

QPM, which converts these powerful but entangled features

into contrastive, class-independent representations that are

interpretable by humans. DINO-QPM is a lightweight in-

terpretability adapter that pursues globally interpretable

image classification, adapting the Quadratic Programming

Enhanced Model (QPM) to operate on strictly frozen DINO

backbones. While classification with visual foundation

models typically relies on the CLS token, we deliber-

ately diverge from this standard. By leveraging average-

pooling, we directly connect the patch embeddings to the

model’s features and therefore enable spatial localisation

of DINO-QPM’s globally interpretable features within the

input space. Furthermore, we apply a sparsity loss to min-

imise spatial scatter and background noise, ensuring that

explanations are grounded in relevant object parts. With

DINO-QPM we make the level of interpretability of QPM

available as an adapter while exceeding the accuracy of

∗ Indicates equal contribution.

DINOv2 linear probe. Evaluated through an introduced

Plausibility metric and other interpretability metrics, ex-

tensive experiments demonstrate that DINO-QPM is supe-

rior to other applicable methods for frozen visual founda-

tion models in both classification accuracy and explanation

quality.

1. Introduction

Visual foundation models such as DINOv2 [46] have shown

great performance as powerful, general-purpose feature ex-

tractors across various image analysis benchmarks [15, 28,

31, 46, 68]. However, deploying these models in safety-

critical domains requires a high degree of interpretability,

which remains a significant challenge due to their complex,

opaque architectures.

Thus interpretable-by-design approaches are getting

more popular for such applications [53]. Inspired by human

cognitive processes [51], one line of work computes the

similarity to so-called prototypes to obtain an interpretable

classification [10, 40, 54]. Turbé et al. [60], Zhu et al. [70],

Ma et al. [37] and Turbé et al. [61] apply this idea to visual

foundation models. However, prototypical model have a de-

ceiving interpretability as their similarity is not restricted to



be similar to humans [4, 26, 33]. Therefore several other ap-

proaches utilise sparse, low-dimensional, and quantised de-

cision layers to enforce compact class representations [41–

44]. Unlike local interpretability methods that only explain

individual predictions, these approaches aim for global in-

terpretability, providing a holistic, transparent view of the

model’s entire decision-making process and how it defines

classes across the dataset. This leads to diverse [3], con-

trastive [35], general and compact [50] feature representa-

tions ideally suited for generating human-interpretable ex-

planations [39].

Many of the aforementioned methods are fully trained

end-to-end and therefore require massive resources for

training purposes. While recent works have begun explor-

ing interpretability techniques like post-hoc concept map-

ping [45, 65, 66] on top of frozen backbones, these ap-

proaches struggle to reach a competitive level of accuracy.

To address these limitations, our approach aligns with the

objective of models such as QPM [44] and ChiQPM [43],

aiming to represent classes through general, diverse and

contrastive features. Translating the mathematically con-

strained compactness of sparse, quantised decision layers,

like those used in QPM [44], to frozen visual foundation

models for inherently interpretable image classification re-

mains an open problem.

In this work, we address this problem by applying

the Quadratic Programming Enhanced Model (QPM) [44]

to the high-dimensional representations of DINOv2 and

building a lightweight interpretability adapter on top of its

frozen features, as suggested in Siméoni et al. [58]. The

adapter transforms DINOv2’s powerful, entangled repre-

sentations using a sparse feature assignment into diverse,

class-independent and contrastive features, yielding a glob-

ally interpretable solution for image classification.

After applying an MLP to the patch embeddings of the

frozen backbone, we use average-pooling to obtain a fea-

ture vector, which is inherently connected to the problem-

specific feature maps returned by the MLP. Although the

standard choice in classification literature is to, at least par-

tially, use the CLS token [12, 46], this direct connection to

the feature maps enables high-fidelity spatial localisation of

features in the image.

Inspired by the pointing game [67], we introduce a Plau-

sibility metric, which measures the fraction of the cumu-

lative feature map activation that falls within the object

boundaries. We are able to quantify that DINO-QPM’s in-

terpretable features localise consistently on the relevant ob-

ject parts, while the saliency map of a linear probe on the

frozen features lacks in Plausibility, as visualised in Fig. 1

and quantitatively shown in Fig. 2. We further apply a spar-

sity loss to enhance spatial precision of our model. The

sparsity loss effectively minimises spatial scatter and back-

ground noise, which ensures that model explanations are

strictly grounded in relevant object parts.

Extensive validation across multiple datasets and back-

bones confirms that DINO-QPM outperforms state-of-the-

art interpretable methods applied to visual foundation mod-

els in terms of both classification accuracy and explana-

tion quality. To facilitate reproducibility and future re-

search, the code is available at https://github.com/

RobertZimm/DINO-QPM.

The main contributions of this work are:

• Lightweight Interpretability Adapter for Frozen

Backbones: Our proposed lightweight interpretability

adapter (DINO-QPM) is designed to function with frozen

self-supervised backbones, such as DINOv2. This de-

sign facilitates inherently interpretable image classifica-

tion without the need for full model fine-tuning or high

computational overhead, delivering state-of-the-art inter-

pretability on top of frozen visual foundation models

while maintaining exceptional accuracy.

• Spatial Localisation through Token Representations:

DINO-QPM leverages average-pooling across tokens to

enable the spatial localisation of its features in the in-

put space. This allows the generation of high-fidelity

saliency maps, while beating the linear probe in accuracy

and outperforming the dense average-pooled variant by

more than 10% on CUB-2011 [64].

• Enhanced Plausibility via Sparsity Loss: In contrast

to the initial feature maps from a DINOv2 linear probe,

DINO-QPM has an exceptional localisation ability, which

is further enhanced using a sparsity loss. We quantify this

via our introduced Plausibility metric.

2. Related Work

Initial approaches to interpreting visual foundation models

rely heavily on visualising attention maps and feature pro-

jections. For instance, Dosovitskiy et al. [18] and Caron

et al. [8] visualise the last self-attention layer of the CLS

token to understand feature extraction. Similarly, for DI-

NOv2, Oquab et al. [46] visualise patch embeddings by fil-

tering the foreground using the first PCA principal com-

ponent, then transforming the embeddings via a second

PCA to display their primary components as RGB channels.

While these visualisations suggest that foundation models

inherently learn well-localising features without explicit su-

pervision [8], they serve primarily as qualitative observa-

tions rather than rigorous explanations.

The assumption that attention maps suffice for credible

explanations is heavily criticised in NLP [30] and vision

[7, 9]. Attention maps are inherently independent of down-

stream tasks, meaning they often neglect crucial informa-

tion required for classification [7, 9]. Derived solely from

query-key products, they ignore the highly influential value

vectors and MLP blocks [9, 13].

https://github.com/RobertZimm/DINO-QPM
https://github.com/RobertZimm/DINO-QPM
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Figure 2. Radar Plot demonstrating the quality of DINO-QPM

in a set of interpretability metrics and accuracy compared to non-

frozen QPM and the corresponding baselines. DINO-QPM out-

performs each of them reaching 98.4% of the maximal score cal-

culated as the fraction of area of the heptagon reached by the re-

spective model. We present rigorous insights in Sec. 5 including a

more detailed presentation of the interpretability metrics.

While more advanced post-hoc methods have emerged to

aggregate signals across the entire architecture—including

Gradient Attention Rollout [2, 32], LRP [9], CDAM [7],

and ViT-Shapley [14]—these techniques remain external

approximations rather than inherent, faithful reflections of

the model’s decision-making process.

To overcome the limitations of post-hoc explanations,

interpretable-by-design (ad-hoc) approaches integrate the

explanation directly into the model’s decision process. Cur-

rent approaches utilise sparse [20, 21, 52], low-dimensional,

and quantised decision layers to inherently increase in-

terpretability [41–44]. Translating these inherent inter-

pretability mechanisms to visual foundation models, how-

ever, presents unique challenges. Existing ad-hoc architec-

tures for vision transformers include IA-RED2 [47], the B-

Cos alignment approach [5, 6], and prototype-based meth-

ods like ProtoViT [37]. While recent works like Zhu et al.

[70] successfully achieve part-based interpretability, they

depend on fine-tuning the backbone to enforce prototype

clustering.

Post-hoc Concept Bottleneck Models (CBMs) maintain

a completely frozen backbone, but they rely on textual

concept supervision rather than providing direct spatial lo-

calisation [66]. While recent advancements in Post-hoc

CBMs have automated concept selection via Large Lan-

guage Models [45, 59, 69] or secondary segmentation net-

works [49], they still largely depend on external textual su-

pervision or auxiliary trained modules.

To the best of our knowledge, DINO-QPM is the first

approach to extract sparse, spatially localised, and class-

independent part explanations directly from frozen DINOv2

features without requiring external concept banks, language

models, or expensive backbone fine-tuning.

3. Fundamentals

3.1. QPM

Norrenbrock et al. [44] introduce the Quadratic Program-

ming Enhanced Model (QPM) as a model which learns

globally interpretable class representations. The QPM ar-

chitecture is characterised by a decision layer that is both

sparse (weight matrix W contains only a few non-zero en-

tries) and low-dimensional.

Figure 3. Three-Stage Training Procedure for QPM

To transform a dense model (non-sparse weights, con-

ventional neural network) into a QPM, the pipeline illus-

trated in Fig. 3 is employed. To reduce conceptual ambigu-

ity between features, Norrenbrock et al. [41] introduced the

Feature Diversity Loss, hereafter referred to as Ldiv and de-

fined in Sec. 7. The objective of Ldiv is to encourage the

representation of distinct, mutually independent concepts

within the features, thereby enhancing the degree of model

interpretability.

Initially, the dense model is trained using the Ldiv loss to

ensure the emergence of diverse features. To enforce model

sparsity and achieve the required low-dimensional feature

space, the framework solves a quadratic program (QP). This

QP is used to select N∗
f features from the Nf features of the

dense model (where N∗
f ≪ Nf ). The selection is defined

by a vector s ∈ {0, 1}Nf , such that:

∑

d∈F

sd = N∗
f (1)

where d ∈ F = {1, . . . , Nf} indexes the set of all fea-

tures F . Simultaneously each class c ∈ C is assigned a

subset of these selected features d ∈ F∗ consisting of N c
f

elements. This mapping is W sparse ∈ {0, 1}Nc×N∗

f , where

W
sparse

cd is 1 if class c is assigned feature d, and 0 otherwise.

Consequently:

∑

d∈F

W
sparse

cd = N c
f ∀ c ∈ C (2)

The assignment process relies on the optimisation of

three components defined in [44]: Maximising the cor-

relation between class c and its assigned feature activa-

tions, minimising similarity between selected features s,

and maximising the bias bd to prioritise local features. For



Figure 4. Architecture of our proposed DINO-QPM. Patch embed-

dings extracted using the frozen backbone are first projected via an

MLP into the problem-specific feature space. Subsequently, our

BLDD layer performs sparse feature assignment to yield a glob-

ally interpretable image classification.

a comprehensive derivation of the QP objective function,

the reader is referred to the original work [44]. Finally the

model is retrained with the constraint W = W sparse, con-

sidering only the subset of selected features F∗ ⊂ F to ar-

rive at the final QPM. When fine-tuning the features adapt

to this forced assignment and finally become more inter-

pretable (see Sec. 5.2).

3.2. DINO

DINO (Self-DIstillation with NO labels), introduced by

Caron et al. [8], is a framework for self-supervised repre-

sentation learning [22, 24, 25] of visual embeddings. Unlike

traditional contrastive learning approaches [11, 24, 56, 62],

DINO does not rely on negative samples to distinguish the

input from other instances and yet achieves remarkable re-

sults in various image analysis benchmarks [15, 28, 46,

68]. Beyond architectural changes, its successor DINOv2

utilises a novel pipeline for large-scale training data cura-

tion [46]. Darcet et al. [16] investigate a specific challenge

exacerbated by the transition to DINOv2, though present

in other ViT architectures: outlier tokens (or artifacts) in at-

tention maps characterised by unusually high norms. Darcet

et al. [16] conclude that the ViT utilises these tokens to store

global context in areas of low information density. To miti-

gate this, the authors propose adding ”register tokens”, non-

spatial tokens similar to the CLS token, to act as a storage

for global information. These registers are discarded during

downstream analysis tasks [16].

In our experiments (Sec. 5), we compare various sizes

of DINOv2, both with and without register tokens, demon-

strating their significant benefit for DINO-QPM. Further,

evaluation is conducted on the original DINO [8].

4. Method

Our contribution is DINO-QPM, a model that achieves

globally interpretable image classification by enforcing a

structured decision process. Given an input image X from

the input space V = R
W×H×C where H and W are height

and width of the image respectively and C is the number of

image channels, a visual foundation model Φ, such as DI-

NOv2, produces a global image representation f froz
CLS ∈ R

D

and local image representations F froz ∈ R
Np×D. F froz

can be interpreted either as a collection of D spatial feature

maps of size Np or as Np individual patch representations

embedded in R
D. The objective is to construct a classifier

g : V → C based on F froz and f froz
CLS, which maps each input

data point X ∈ V to a corresponding class c ∈ C. We intro-

duce the superscript ”froz” to indicate the frozen nature of

the backbone’s output.

To achieve this, our approach builds upon the QPM

framework proposed by Norrenbrock et al. [44] to identify

a subset of selected features F∗ ⊂ F = {1, . . . , Nf} and

assign N c
f features from this subset to each class. The ex-

act procedure is shown in Fig. 4. Interestingly, it is suffi-

cient to consider exclusively the frozen local feature maps

F froz ∈ R
Np×D while discarding the global feature vector

f froz
CLS, a choice we justify empirically in Sec. 5.3. This archi-

tectural choice is driven by the hypothesis that a global rep-

resentation transparently built from local evidence is more

inherently interpretable than the complex, pre-aggregated

representation of the CLS token. By intentionally discard-

ing f froz
CLS, we prevent its internal, opaque aggregation pro-

cess from introducing features that cannot be inherently lo-

calised.

The purpose of the MLP is to facilitate a task-specific

transformation MLP : RD → R
Nf for the patch represen-

tations F ∈ R
Np×Nf . This transformation maps the initial

D-dimensional space to Nf features, which is essential be-

cause a sparse Binary Low-Dimensional Decision (BLDD)

layer alone provides no capacity for such a transformation.

The final feature vector f = AvgPool
(
F
)
∈ R

Nf is then

constructed as a direct average across the spatial dimen-

sions. Consequently, F contains a saliency map of Np ele-

ments for each feature d ∈ F . These saliency maps can be

upsampled to the original input image resolution for visu-

alisation purposes (see Fig. 5) and directly highlight where

evidence for each feature is found.

Subsequently, the BLDD layer BLDD : RNf → R
Nc is

applied to the feature vector f :

BLDD(f) =

{
W sparsef (s), if fine-tuning

Wf , otherwise

During the dense training phase, the BLDD layer maps

the feature vector f to the classification vector ŷ using a

dense projection matrix W ∈ R
Nc×Nf .

In the fine-tuning stage, the selection vector s ∈
{0, 1}Nf is used to extract N∗

f features from the Nf ele-

ments of the feature vector, yielding f (s) ∈ R
N∗

f . This sub-

set f (s) is then mapped to the classification vector ŷ via the
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Figure 5. Comparison of a Brewer’s Blackbird image with a Rusty Blackbird image. From the selected features F∗, N ĉ
f = 5 utilised

features were selected for both classes using the QP; the corresponding feature maps from F are visualised as saliency maps. Both

classes share 4 out of the 5 features and can thus be distinguished by the non-shared features. Notably, the model differentiates the

Brewer’s Blackbird using feature 24, which localises the beak. This aligns perfectly with established ornithological expertise, where beak

morphology is considered a primary diagnostic trait [1, 55].

sparse projection matrix W sparse ∈ {0, 1}Nc×N∗

f ; notably,

both s and W sparse are derived using the QPM (Sec. 3.1).

Specifically, each class c ∈ C = {1, . . . , Nc} is assigned

exactly N c
f features. In both cases, the predicted class ĉ is

determined as the index of the maximum value in ŷ.

For training purposes we use the exact pipeline described

in Sec. 3.1, also to determine s and W sparse. Besides the

Cross-Entropy loss LCE and the already introduced Ldiv,

our loss function consists of two L1 sparsity losses, one for

the feature vector LL1-FV = Mean(Abs(f)) and LL1-FM =
Mean(Abs(F )) for the feature maps which are used to re-

duce spatial clutter and background noise in the feature

maps to significantly increase accuracy and Plausibility. We

explicitly show these benefits in Sec. 5.3 and Sec. 10 respec-

tively.

5. Experiments

We evaluate our proposed DINO-QPM on the problem of

fine-grained image classification, in line with previous work

on inherently interpretable models [41–44]. Stanford Cars

[34] and CUB-2011 [64] are used as datasets, as they are

the default for this problem. For CUB-2011 we do not use

cropping to the object of interest to demonstrate how DINO-

QPM exploits the strong general features of its backbone.

Additionally, CUB-2011 offers human annotated masks of

the region of interests which enables a quantification of a

models Plausibility. DINOv2 ViT-B/14 [46] with register

tokens [16] serves as the primary backbone for the vari-

ous experiments while we also test out different sizes with

and without registers as well as DINOv1 [8]. Following the

QPM [44], N∗
f = 50 features are selected from the initial

Figure 6. Visualisation of the Plausibility metric on a sample from

the CUB2011 dataset (American Goldfinch). The metric quantifies

the fraction of the cumulative weighted feature map activation F̃

that falls within the dilated object segmentation mask M dil. The

arrows highlight the relevant features at the objects’ edge that are

missed by the non-dilated mask.

Nf features, with N c
f = 5 features assigned to each class,

unless otherwise noted. Further details on our implementa-

tion can be found in Sec. 9. For all experiments, we train on

five different randomly chosen seeds and calculate statistics

such as the mean and standard deviation (see Sec. 13).

5.1. Metrics

We evaluate our model following QPM [44] on their pro-

posed metrics, using the default metrics for compact inter-

pretable models, as well as introduce two metrics, Plausi-

bility and Patch Contextualisation.



We desire our representations to be diverse [3], con-

trastive [35], general and compact [50] as such representa-

tions are ideally suited for generating human-interpretable

explanations [39]. In order to quantify this, we utilise in-

terpretability measures already introduced in Norrenbrock

et al. [44]. We employ SID@5, which considers the spa-

tial distinctiveness of feature maps to quantify diversity;

meaning that high diversity implies feature maps activate

diversely, at different spatial positions. Contrastiveness

evaluates the overlap [27] between two components of a

Gaussian Mixture Model (GMM) fit to the feature distri-

bution; a feature is considered maximally contrastive if

represented by two entirely non-overlapping distributions.

Lastly, we evaluate Class-Independence, which measures

the proportion of zero-based feature activations across the

dataset that is not focused on the most relevant class. We

use this as a proxy for feature generality, where high class-

independence indicates that features capture broad, general

concepts rather than being highly specific to a single class.

The concrete definitions of the metrics are given in Sec. 8.

To evaluate the model’s ability to localise relevant features

within the object of interest, we introduce the Plausibility

metric, following the terminology of Jacovi and Goldberg

[29]. This metric quantifies the fraction of the cumula-

tive feature map activation, weighted by feature relevance,

that falls within the ground-truth object boundaries. For

the CUB-2011 dataset, we utilise the provided segmenta-

tion masks [19] M ∈ {0, 1}Np as a tokenised form to de-

fine these regions. Inspired by the poiting game [67] and

following Grad-CAM by Selvaraju et al. [57], the feature

maps F are weighted by their decisional relevance. First,

the aggregate weighted feature map F̃ is calculated as:

F̃ =
∑

d∈F

Wĉd F d (3)

where ĉ is the predicted class, and each feature map

F d is scaled by its relevance weight Wĉd. We

define Plausibility as the proportion of the Grad-

CAM map F̃ activating within the region of interest:

Plausibility =

∑

p∈P

F̃p ·M
dil
p

∑

p∈P

F̃p

(4) M dil = M⊕✶3,3 (5)

where p ∈ P = {1, . . . , Np} indexes the set of all image

patches. M dil is generated by dilating the original mask

with a 3× 3 identity structuring element ✶3,3. This dilation

provides a spatial margin for features that might otherwise

overlap with the background due to the patch structure,

ensuring that activations accurately capturing the object’s

silhouette are not unfairly penalised by the metric as

visualised in Fig. 6. In order to obtain a dataset-wide rep-

resentative value, the mean Plausibility is computed across

all images X ∈ Xtrain. A higher Plausibility indicates the

Grad-CAM visualisation matches human expectations by

concentrating relevant features within the region of interest.

To quantify the degree to which the collective patch rep-

resentations align with the global semantic information, we

introduce the Patch Contextualisation metric. We first de-

fine the mean patch embedding F froz and then calculate its

cosine similarity with the global class token f froz
CLS:

F froz =
1

Np

∑

p∈P

F froz
p (6)

Patch Contextualisation = cos
(
F froz, f froz

CLS

)
(7)

A higher score indicates that the average spatial representa-

tion is strongly aligned with f froz
CLS, suggesting that the patch

embeddings generally share the same semantic direction as

the global context. Conversely, a lower score implies a di-

vergence, indicating that the patch representations contain

less global information about the image. We utilise this met-

ric to understand differences between different backbones

and bring insights into how various DINO models differ.

5.2. Main Results

In this section, we present our main experimental results. In

Tab. 1, we evaluate the interpretability metrics introduced

in Sec. 5.1 alongside the accuracy of each approach, while

Tab. 2 outlines compactness and training time. Across both

datasets, DINO-QPM achieves the highest overall accuracy

and outperforms the baselines and other approaches in plau-

sibility, demonstrating a substantial increase in both metrics

compared to dense representations. Furthermore, DINO-

QPM exhibits strong interpretability, reaching high feature

diversity (SID@5) and Class-Independence while securing

the highest Contrastiveness. Crucially, it accomplishes this

while extracting features that are localised by design and

maintaining representational compactness, aligning with

other interpretability-enhancing approaches (or even sur-

passing them, as seen with DINO-QPM Compact), but con-

trasting sharply with the dense baselines. From a compu-

tational perspective, relying on a frozen DINOv2 backbone

drastically reduces the required training resources, particu-

larly when compared to the ResNet-50 QPM, as it enables

pre-computation of patch and CLS token embeddings. No-

tably, our linear probe reaches lower accuracy than reported

in the original paper [46]. This discrepancy arises because

they use a different evaluation scheme, which includes out-

put of up to four layers of the ViT while allowing the con-

catenation of average-pooled patch embeddings to the CLS

tokens. The supplementary material provides full results

with standard deviations (Sec. 13) and further visualisations

(Sec. 12) contrasting DINO-QPM’s interpretable explana-

tions against the baseline’s ungrounded attributions across

successes, baseline failures, and interpretable failure cases.



Method
Local.

Features

Accuracy ↑
Plausibil. ↑

SID@5 ↑ Class-Indep. ↑ Contrast. ↑

CUB CARS CUB CARS CUB CARS CUB CARS

DINOv2 f froz
CLS Linear Probe ✗ 87.9 91.7 42.6 50.9 51.5 99.2 99.1 59.2 60.9

Dense F froz
✓ 78.1 92.9 32.7 91.8 93.1 98.8 98.7 84.5 82.8

Resnet50 Baseline [44] ✓ 83.9 92.5 60.7 57.1 51.5 98.0 97.9 74.6 75.1

Resnet50 QPM [44] ✓ 82.9 92.1 82.9 89.6 88.2 96.8 97.8 93.6 97.1

DINO-SLDD ✓ 84.6 92.9 78.0 88.7 90.9 94.4 93.9 93.0 94.9

DINO-QSENN ✓ 85.4 93.3 86.0 91.5 92.6 93.6 94.0 94.4 94.9

DINO-QPM (Ours) ✓ 88.3 94.0 95.0 90.1 91.7 93.7 93.7 100.0 100.0

DINO-QPM Compact (Ours) ✓ 88.3 94.0 94.4 − − 93.8 93.6 100.0 100.0

Table 1. Comparison with state-of-the-art interpretable models. We report Accuracy, Plausibility, SID@5, Class-Independence, and

Contrastiveness (all metrics in %). Features of a model are localised if they have a direct connection to the feature vector used for

classification. The Plausibility metric is evaluated only on CUB-2011 due to the availability of segmentation masks. Dense F froz is the

dense model of DINO-QPM and DINOv2 f froz
CLS Linear Probe is a linear probe [11] trained on top of the frozen CLS representation. For

DINO-SLDD and DINO-QSENN, we employ a pipeline closely resembling the one described in Sec. 4, with the exception of the feature

selection mechanisms, which follow Norrenbrock et al. [41] and Norrenbrock et al. [42], respectively.

Method

# Features

(Nf )

# Features

per class (Nc
f )

Avg. Training

Time per Epoch [s]

DINOv2 f froz
CLS Linear Probe 768 768 3

DINOv2 F froz Baseline 512 512 6

Resnet50 Baseline 2048 2048 40

Resnet50 QPM 50 5 40

DINO-SLDD 50 5 6

DINO-QSENN 50 5 6

DINO-QPM (Ours) 50 5 6

DINO-QPM Compact (Ours) 40 4 6

Table 2. Comparison of model complexity and training efficiency.

We report the total number of features (Nf ), features per class

(Nc
f ), and the average training time per epoch in seconds on the

referenced hardware (Sec. 9).

Input

Source

Loc.

Feat. Registers Acc. ↑ Plausibil. ↑

f froz
CLS ✗

✗ 87.3 96.9

✓ 87.6 99.2

F froz
✓

✗ 83.3 73.5

✓ 88.3 95.0

Table 3. Ablation study showing the impact of input source and

register tokens on CUB-2011. The local features column indicates

whether the input representation preserves spatial information.

5.3. Ablation Studies

In this section, we conduct a series of ablation studies to

systematically evaluate the architectural and hyperparame-

ter choices for DINO-QPM which influence predictive per-

formance and model interpretability.

Backbone Architecture Acc. ↑ Patch Context. ↑

DINO ViT-B/16 37.1 8.9

DINOv2 ViT-S/14 Reg. 83.4 42.9
DINOv2 ViT-B/14 Reg. 88.3 43.9
DINOv2 ViT-L/14 Reg. 86.5 2.2

Table 4. Comparison of different backbone architectures on CUB-

2011. We compare DINO with DINOv2 and different ViT sizes

and report accuracy alongside Patch Contextualisation.

To compare DINO-QPM with a variant utilising the

CLS token, we define its predictive pipeline as follows:

ĉ = argmax
{

BLDD(MLP(f froz
CLS))

}
. To maintain a fea-

ture map equivalent, we apply the same MLP to the frozen

patch embeddings and utilise the output as our feature maps.

In Table 3, we show that when using registers, achieving

high accuracy only requires patch embeddings (F froz), al-

lowing us to discard the CLS representation (f froz
CLS). Despite

f froz
CLS scoring high on Plausibility, it lacks a direct connec-

tion between the features and their maps (i.e., no localised

features). Therefore, high Plausibility is less meaningful

than for DINO-QPM (F froz), which possesses this property.

Comparing different backbone sizes for DINOv2

(Tab. 4), we observe our proposed approach can be applied

to all of them. However, the accuracy declines with larger

and smaller backbones. For ViT-L, this might be due to low

Patch Contextualisation. The model has insufficient global

context in its patch embeddings, which hinders higher ac-

curacy. For ViT-S we tested DINOv2 f froz
CLS Linear Probe

which reaches similar accuracy. Therefore, we conclude

that the disproportionate (compared to [46]) decline is not
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Figure 7. Impact of the number of MLP layers (Nlayers) on clas-

sification accuracy. The plot compares the accurcy on CUB-2011

of using frozen patch-level feature maps (F froz) versus the global

feature vector (f froz
CLS) for both Dense and QPM
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Figure 8. Impact of sparsity constraints on classification accuracy.

We vary the total number of selected features N∗
f and the number

of features assigned per class Nc
f . Compared to the QPM [44] we

observe relatively low impact on accuracy.

attributable to DINO-QPM but their use of a different eval-

uation scheme (see Sec. 5.2). Hence, we demonstrate a pre-

viously unexplored difference between DINOv2 backbone

sizes that affects interpretable downstream performance and

may guide further research. Furthermore, DINO-QPM ex-

hibits poor accuracy on DINO ViT-B/16 combined with low

Patch Contextualisation. Frozen DINO in general does not

perform well on CUB-2011 when evaluating a linear probe

on f froz
CLS [36, 38] and the low amount of global image infor-

mation in the patch embeddings exacerbates this.

While the number of layers in the MLP has no measur-

able impact on the dense model, when introducing sparsity,

especially using the patch embeddings, we observe a huge

increase in model accuracy (Fig. 7). Notably, comparing

dense and QPM accuracy for higher Nlayers, the QPM is able

to outperform its dense model by almost 10% using F froz.

We evaluate the compactness of DINO-QPM across

Stanford Cars and CUB-2011 w.r.t the total number of se-

lected features N∗
f and the features per class N c

f (Fig. 8).

We observe that the overall variation in accuracy across both

datasets is remarkably low (< 1%). This contrasts with

the higher sensitivity reported in Norrenbrock et al. [44].

Hence, Dino-QPM enables higher accuracy at a higher com-
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Figure 9. Effect of varying the LL1-FM weight during finetuning

compared to the dense model. Higher penalty weights yield sub-

stantial improvements in both accuracy and plausibility metrics.
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Figure 10. Qualitative ablation of LL1-FM on the Gray-crowned

Rosy Finch. Without LL1-FM (top row), feature activations exhibit

background noise and spatial scatter. Adding LL1-FM (bottom row)

suppresses this noise, resulting in distinct activations semantically

localised to specific object parts.

pactness, e.g. using our Compact Model in Tab. 1.

A significant increase in model accuracy which highly

correlates with Plausibility is observed when increasing

λL1-FM (Fig. 9), the weight of the L1 sparsity loss on the

feature maps. A potential explanation is that the regularisa-

tion forces the model to concentrate its activation mass on

object regions relevant for classification which then has a

tremendously positive effect on accuracy (Fig. 10).

6. Conclusion

In this work, we introduced DINO-QPM as a compactness-

based interpretability adapter applied on top of frozen back-

bones like DINOv2 [46] to achieve globally interpretable

image classification. By establishing a direct connection

between the feature vector and its corresponding maps

via a non-standard average-pooling approach, DINO-QPM

achieves exceptional spatial localisation, substantiating its

highly faithful decision process. Paired with inherently

contrastive, diverse, and general features, our approach

outperforms the uninterpretable DINOv2 linear probe, as

well as other baselines and applicable approaches, on fine-

grained image classification, delivering state-of-the-art in-

terpretability on top of frozen visual foundation models

while maintaining exceptional accuracy.
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gou, Julien Mairal, Patrick Labatut, Armand Joulin, and Pi-

otr Bojanowski. DINOv2: Learning Robust Visual Features

without Supervision, 2024. 1, 2, 4, 5, 6, 7, 8

[47] Bowen Pan, Rameswar Panda, Yifan Jiang, Zhangyang

Wang, Rogerio Feris, and Aude Oliva. IA-REDˆ2:

Interpretability-Aware Redundancy Reduction for Vision

Transformers. In Advances in Neural Information Process-

ing Systems, pages 24898–24911. Curran Associates, Inc.,

2021. 3

[48] Adam Paszke, Sam Gross, Francisco Massa, Adam Lerer,

James Bradbury, Gregory Chanan, Trevor Killeen, Zeming

Lin, Natalia Gimelshein, Luca Antiga, Alban Desmaison,

Andreas Kopf, Edward Yang, Zachary DeVito, Martin Rai-

son, Alykhan Tejani, Sasank Chilamkurthy, Benoit Steiner,

Lu Fang, Junjie Bai, and Soumith Chintala. PyTorch: An

imperative style, high-performance deep learning library.

In Advances in Neural Information Processing Systems 32,

pages 8026–8037. Curran Associates, Inc., 2019. 2

[49] Katharina Prasse, Patrick Knab, Sascha Marton, Christian

Bartelt, and Margret Keuper. DCBM: Data-Efficient Visual

Concept Bottleneck Models, 2025. 3

[50] Stephen J. Read and Amy Marcus-Newhall. Explanatory co-

herence in social explanations: A parallel distributed pro-

cessing account. Journal of Personality and Social Psychol-

ogy, 65(3):429–447, 1993. 2, 6

[51] Eleanor Rosch. Principles of categorization. In Cognition

and categorization, pages 27–48. Lawrence Erlbaum Asso-

ciates, Hillsdale, NJ, 1978. 1

[52] Bodo Rosenhahn. Optimization of sparsity-constrained neu-

ral networks as a mixed integer linear program. Journal

of Optimization Theory and Applications, 199(3):931–954,

2023. (open access). 3

[53] Cynthia Rudin. Stop explaining black box machine learn-

ing models for high stakes decisions and use interpretable

models instead. Nature Machine Intelligence, 1(5):206–215,

2019. 1

[54] Dawid Rymarczyk, Łukasz Struski, Jacek Tabor, and Bartosz
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7. Feature Diversity Loss

To reduce conceptual ambiguity between features, Norrenbrock

et al. [41] introduced the Feature Diversity Loss, hereafter referred

to as Ldiv. The objective of Ldiv is to encourage the represen-

tation of distinct, mutually independent concepts within the fea-

tures, thereby enhancing the degree of model interpretability. Let

i ∈ I = {1, . . . ,Wf} and j ∈ J = {1, . . . , Hf} denote the

spatial dimensions of the feature map F d associated with feature

d ∈ F = {1, . . . , Nf}. Furthermore, let W (ĉ) represent the row

of the weight matrix W corresponding to the predicted class ĉ,

and Wĉd represent the specific entry for class ĉ and feature d. The

diversity loss Ldiv is defined by the following equations:

Ldiv = −
∑

i∈I

∑

j∈J

max
d∈F

Ŝ
d
ij (8)

where the weighted diversity maps Ŝd
ij are computed for all

i ∈ I, j ∈ J , and d ∈ F according to:

Ŝ
d
ij =

exp(F d
ij)∑

i′∈I

∑
j′∈J

exp(F d
i′j′

)

fd

max
d′∈F

fd′

|Wĉd|

∥W (ĉ)∥2
(9)

Eq. (9) employs the softmax function to normalize F d across

its spatial dimensions i and j. Simultaneously, the feature map

is weighted in the feature dimension d: first, by the value of fea-

ture d relative to the maximum of the feature vector, and second,

by scaling Wĉd relative to the L2-norm of the weights for all fea-

tures associated with the predicted class. These components serve

to highlight decision-relevant features. Eq. (8) then ensures that

the normalized feature maps Ŝ
d

focus on distinct spatial regions.

Overall, Ldiv acts as a regularizer to the standard cross-entropy

loss, resulting in a total objective function:

Ltotal = LCE + βLdiv (10)

where β ∈ R+ is a weighting hyperparameter.

8. Definition of Additional Interpretability

Metrics

To assess model interpretability, we apply several metrics follow-

ing Norrenbrock et al. [41, 42, 44]. Since interpretability is mul-

tifaceted, multiple metrics addressing distinct concepts are neces-

sary.

Throughout this section, we utilise the following notation for

index sets: i ∈ I = {1, . . . ,Wf} and j ∈ J = {1, . . . , Hf}
denote spatial dimensions, d ∈ F = {1, . . . , Nf} denotes the

feature indices, c ∈ C = {1, . . . , Nc} denotes class indices, and

x ∈ Xtrain represents samples from the training dataset.

8.1. SID@k

Similar to the Ldiv presented in Sec. 7, we utilise the Scale-

Invariant Diversity (SID) from Norrenbrock et al. [44]. This metric

measures the distinctiveness between the feature maps F d of each

feature d.

F̂
d
ij =

1

F d
avg

F
d
ij

with F
d
avg =

1

WfHf

∑

i∈I

∑

j∈J

∣∣∣F d
ij

∣∣∣
(11)

First, the feature maps F d are normalized by their absolute

mean F d
avg for all d ∈ F (Eq. (11)).

Ŝ
d
ij =

exp
(
F̂ d
ij

)

∑

i′∈I

∑

j′∈J

exp
(
F̂

d
i′j′

)

∀ i ∈ I, j ∈ J , d ∈ F

(12)

A softmax function is then applied to the normalized feature

maps F̂
d

to obtain Ŝ
d
.

Ŝ
max
ij = max

d∈Fk

Ŝ
d
ij

∀ i ∈ I, j ∈ J
(13)

Subsequently, along the feature dimension, the maximum of

the k highest-weighted, normalised feature maps Ŝ
d

is computed

for each spatial element. Here, Fk ⊂ F denotes the subset of

exactly those k features associated with the highest weights. The

SID@k is defined as the sum over all Ŝmax
ij , normalized by k.

SID@k =
1

k

∑

i∈I

∑

j∈J

Ŝ
max
ij (14)

8.2. Class­Independence τ

Norrenbrock et al. [44] propose Class-Independence τ as a mea-

sure of whether features represent a general or a class-specific

concept. For this purpose, the individual feature values fd
x per

data point and feature are first normalized over the entire training

dataset such that their minimum is 0.

f
d
x,norm = f

d
x − f

d
min

with f
d
min = min

x′∈Xtrain

f
d
x′

(15)

The resulting fd
x,norm values (for all x ∈ Xtrain, d ∈ F) are

then used in conjunction with the label vector lc—where lcx = 1



if x belongs to class c, and 0 otherwise—to obtain ϕcd. This term

indicates how strongly feature d focuses on class c.

ϕ
cd =

∑

x∈Xtrain

l
c
x · fd

x,norm

∑

x∈Xtrain

f
d
x,norm

∀ c ∈ C, d ∈ F

(16)

By selecting the class c on which each feature d focuses most

strongly and averaging these values, the Class-Dependence is ob-

tained. The Class-Independence τ is then defined as the comple-

ment of the Class-Dependence relative to 1.

τ = 1−
1

Nf

∑

d∈F

max
c∈C

ϕ
cd

(17)

8.3. Contrastiveness

Let the empirical feature distribution p̂(fd
x ) be a normalized his-

togram over the vector fd, containing the feature values of a fea-

ture d for all training data. To measure contrastiveness, a Gaus-

sian Mixture Model (GMM) with two components is constructed

for each feature distribution p̂(fd
x ), yielding two normal distribu-

tions N d
1 and N d

2 . The first component models the non-activation

region, while the second approximates the activation region.

Contrastiveness = 1−
1

Nf

∑

d∈F

Overlap
(
N d

1 ,N
d
2

)
(18)

Contrastiveness results as the expected non-overlap [27] of the

two distributions N d
1 and N d

2 . Thus, a feature is considered (max-

imally) contrastive if and only if it can be represented by a bimodal

distribution of two non-overlapping distribution functions.

9. Implementation Details

All input images are resized to 224 × 224 pixels and normalised

according to the dataset mean values.

Unless otherwise specified, the Multi-Layer Perceptron (MLP)

consists of four layers featuring ReLU activation and batch nor-

malisation. The number of features is set to Nf = 512, and the

number of neurons in the hidden layers is Nhidden = 2048. To man-

age the learning rate, a schedule-free approach following Defazio

et al. [17] is employed in combination with Adam as our optimiser.

In dense training we train for 40 epochs using a weight decay of

7 · 10−4 with batch size 32 and a start learning rate of 10−3. In

our BLDD layer we use a dropout of 0.2. Besides LCE we use Ldiv

with λdiv = 0.5.

In fine-tuning training we train for 50 epochs with a weight de-

cay of 8 · 10−4 with batch size 32 and a start learning rate of

5 · 10−3. We explicitly do not use dropout in our BLDD layer

when fine-tuning. Besides LCE we use Ldiv with λdiv = 1, LL1-FM

with λL1-FM = 5 and LL1-FV with λL1-FV = 1.

The QP is solved using Gurobi [23], while the neural network ar-

chitectures are implemented in PyTorch [48]. For measuring the

training time in Tab. 2, we used an NVIDIA GeForce RTX 3090

GPU combined with an 11th Gen Intel(R) Core(TM) i9-11900K

@ 3.50GHz CPU.

We report the mean and standard deviation across 5 random

seeds for all models, with the exception of our DINO-QPM base

configuration, which was evaluated over 15 seeds due to a config-

uration oversight. This larger sample size provides a more precise

estimate of the mean without introducing any bias into the com-

parison.

10. Impact of Auxiliary Losses

The Ldiv loss, as proposed by Norrenbrock et al. [41] and intro-

duced in detail in Sec. 7, is analysed here. Fig. 11 illustrates the

influence of Ldiv on accuracy and SID@5. Notably, increasing the

weight of this loss has a strong positive correlation with SID@5.

Hence, the lightweight interpretability adapter can be steered sim-

ilarly to the end-to-end trained models.

In the finetuning stage, besides the aforementioned LL1-FM an

additional L1 regularization loss LL1-FV on the feature vector is in-

troduced alongside Ldiv. Looking at Fig. 12 we observe its positive

impact on accuracy.

11. Impact of MLP Depth

Fig. 13 illustrates the accuracy plotted against the number of neu-

rons in the MLP’s hidden layers Nhidden. Small accuracy gains are

observed up to Nhidden = 2048, regardless of the number of fea-

tures Nf which is why we chose Nhidden = 2048 and Nf = 512,

obtaining optimal accuracy while minimising compactness.
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Figure 11. Accuracy and Feature Diversity (SID@5) on CUB-2011 across variations of the Ldiv weight during dense and finetuning

training.
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Figure 13. Mean finetuning accuracy on CUB-2011 for various numbers of features Nf across a range of hidden layer neurons Nhidden in

the MLP. We observe small accuracy gains up until Nhidden = 2048 regardless of the number of features Nf .



12. Visualisations

12.1. Class Comparisons
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Figure 14. Faithful global interpretability on CUB-2011: DINO-QPM autonomously discovers the 5 diverse, generalisable features for each

class used to represent the Hooded Oriole and Hooded Warbler, completely without external supervision. The probed QPM distinguishes

them using their evidently different throat.
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Figure 15. Faithful global interpretability on CUB-2011: DINO-QPM autonomously discovers the 5 diverse, generalisable features for

each class used to represent the Blue Winged Warbler and Kentucky Warbler, completely without external supervision. The probed QPM

distinguishes them using their evidently different eye area.
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Figure 16. Faithful global interpretability on Stanford Cars: DINO-QPM autonomously discovers the 5 diverse, generalisable features

for each class used to represent the Acura Rl Sedan 2012 and Cadillac Cts-V Sedan 2012, completely without external supervision. The

probed QPM distinguishes them using their evidently different headlights.
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Figure 17. Faithful global interpretability on Stanford Cars: DINO-QPM autonomously discovers the 5 diverse, generalisable features

for each class used to represent the Bentley Continental Gt Coupe 2007 and Bentley Continental Flying Spur Sedan 2007, completely

without external supervision. The probed QPM distinguishes them using their evidently different door configurations. The probed QPM

distinguishes them using their evidently different door configurations. As the most prominent distinguishing factor is the number of doors,

the model’s non-overlapping features for the Flying Spur (Sedan) specifically highlight the rear doors and rear door handles, which the GT

(Coupe) lacks



12.2. Dense F froz Failure vs. DINO­QPM Correct Classification
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Figure 18. Comparison on the Orchard Oriole (CUB-2011). We show test samples where our DINO-QPM correctly classi-

fies the image while the dense baseline fails. Columns from left to right: original image (X), GradCAM activation map of

the dense model, the most similar training sample from the dense-predicted class alongside its cosine similarity score (sim =
maxs∈Scpred

CosSim(f froz
CLS(X), f froz

CLS(s))), and the colour-coded local explanation of DINO-QPM for the true class. Row labels in-

dicate the dense prediction (top) and the DINO-QPM prediction (bottom). The dense model consistently confuses Orchard Orioles with

visually similar species by attending to non-discriminative regions such as foliage and branches. In contrast, DINO-QPM correctly lo-

calises diverse features strictly on the bird’s body, enabling accurate classification despite the visual similarity to other species.
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Figure 19. Comparison on the Louisiana Waterthrush (CUB-2011). We show test samples where our DINO-QPM correctly clas-

sifies the image while the dense baseline fails. Columns from left to right: original image (X), GradCAM activation map of

the dense model, the most similar training sample from the dense-predicted class alongside its cosine similarity score (sim =
maxs∈Scpred

CosSim(f froz
CLS(X), f froz

CLS(s))), and the colour-coded local explanation of DINO-QPM for the true class. Row labels indicate

the dense prediction (top) and the DINO-QPM prediction (bottom). The dense model consistently confuses the Louisiana Waterthrush

with extremely similar species (e.g., Northern Waterthrush or Palm Warbler), often attending to less discriminative regions. In contrast,

DINO-QPM correctly localises diverse features strictly on the bird’s body, enabling accurate classification despite the extreme visual over-

lap between these species.



12.3. Dense F froz vs. DINO­QPM Correct Classification
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Feature Colours

Feature 32 Feature 33 Feature 38 Feature 39 Feature 42

Figure 20. Comparison on the Summer Tanager (CUB-2011). We compare the dense baseline and DINO-QPM on eight test images,

correctly classified by both models. Each sample is shown as a triplet: the original image (X), the GradCAM attribution of the dense

model, and the local explanation of DINO-QPM for the true class ctrue. The GradCAM attributions of the dense model frequently

spread across the background or miss the bird entirely (e.g., samples on the right), demonstrating inconsistent localisation despite correct

predictions. In contrast, DINO-QPM’s local explanation consistently focuses on the bird, decomposing it into interpretable parts such as

the red body plumage (Feature 42), the upper head (Feature 32), and the eye region (Feature 38). This illustrates that DINO-QPM not only

localises more reliably but also provides explicit part-level evidence for its decisions, whereas the dense model relies on diffuse, poorly

grounded visual cues.
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Figure 21. Indigo Bunting samples from the CUB-2011 test set. We compare the dense baseline and DINO-QPM on eight test images,

correctly classified by both models. Each sample is shown as a triplet: the original image (X), the GradCAM attribution of the dense

model, and the local explanation of DINO-QPM for the true class ctrue. While both models localise the bird reliably across varying

poses and backgrounds, the key difference lies in what each model communicates. The dense model focuses on a single discriminative

region, resulting in a non-diverse localisation. In contrast, DINO-QPM decomposes its focus into semantically distinct parts—e.g. the belly

(Feature 20), the mantle and back (Feature 7), and the head region (Feature 12)—offering a richer, more diverse, part-level explanation of

why the prediction is made.



12.4. DINO­QPM Failure Analysis

P
re
d
ic
te
d
:
B
el
te
d
K
in
gfi

sh
er

Original (X) GradCAM (Dense) Features (DINO-QPM, ctrue) Features (DINO-QPM, cpred)

sim = 0.688

Sim. sample (pred.)
P
re
d
ic
te
d
:
R
in
ge
d
K
in
gfi

sh
er

sim = 0.786

P
re
d
ic
te
d
:
B
el
te
d
K
in
gfi

sh
er

sim = 0.862

P
re
d
ic
te
d
:
P
ie
d
K
in
gfi

sh
er

sim = 0.886

P
re
d
ic
te
d
:
R
in
ge
d
K
in
gfi

sh
er

sim = 0.864

Feature Colours

Feature 0

Feature 3

Feature 5

Feature 7

Feature 13

Feature 14

Feature 20

Feature 21

Feature 27

Feature 28

Feature 31

Feature 38

Feature 40

Feature 45

Feature 49

Figure 22. Failure analysis on the Green Kingfisher (CUB-2011). Comparison of test samples misclassified by both models. Columns

(left to right): original image (X); dense model GradCAM; DINO-QPM local explanations for both the true and predicted classes; and the

nearest training sample from the predicted class with its cosine similarity (sim = maxs∈Scpred
CosSim(f froz

CLS(X), f froz
CLS(s))). Although

both models struggle to distinguish these highly fine-grained kingfisher species, their failure modes differ significantly. The dense model

provides no meaningful insight into its errors, whereas DINO-QPM transparently communicates the source of its confusion through faithful,

part-level local explanations. Notably, some of these misclassifications might be due to incorrect ground-truth labels [63]. For example,

the fourth sample appears to be incorrectly annotated, demonstrating how our concept-based explanations can assist in auditing dataset

quality.
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Figure 23. Failure analysis on the Least Flycatcher (CUB-2011). We show test samples where the dense baseline classifies correctly

but DINO-QPM does not. Columns from left to right: original image (X), GradCAM attribution of the dense model, DINO-QPM local

explanations for the true and predicted classes, and the most similar training sample from the predicted class with its cosine similarity score

(sim = maxs∈Scpred
CosSim(f froz

CLS(X), f froz
CLS(s))). While we previously demonstrated that DINO-QPM successfully overcomes poorly

localised dense representations, this strict feature decomposition can occasionally induce errors. In this failure case, although the dense

baseline correctly predicts the target class using ungrounded cues, DINO-QPM’s refusal to exploit these uninterpretable shortcuts leads to

confusion among visually similar flycatcher and Sayornis species.



13. Detailed Results
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https://github.com/ThomasNorr/Qpm
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