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Abstract

This extended abstract summarizes our work presenting the
Calibrated Hierarchical QPM (CHiQPM), originally ac-
cepted at NeurIPS 2025. It extends QPM, a model with built-
in global interpretability. Alongside global explanations,
detailed local explanations are a crucial complement to effec-
tively support human experts during inference. CHiQPM of-
fers uniquely comprehensive global and local interpretability,
paving the way for human-Al complementarity. It achieves
superior global interpretability by contrastively explaining
the majority of classes and offers novel hierarchical explana-
tions that are more similar to how humans reason and can
be traversed to offer a built-in interpretable Conformal pre-
diction (CP) method. Our comprehensive evaluation shows
that CHiQPM achieves state-of-the-art accuracy as a point
predictor, maintaining 99% accuracy of non-interpretable
models. Furthermore, its calibrated set prediction is com-
petitively efficient to other CP methods, while providing
interpretable predictions of coherent sets along its hierarchi-
cal explanation. The code with demo is published:https :
//github.com/ThomasNorr/CHiQPM/

1. Introduction

Using more transparent models, e.g. those that are inter-
pretable by-design, is a promising approach to facilitate
safe deployment of deep neural networks and is even re-
quired by law for some applications [[16]. For domains like
autonomous driving, with no expert present during infer-
ence, models with built-in global interpretability, that can
generally explain their behavior, are valuable as their reason-
ing can be robustly tested and verified before deployment.
QPM and Q-SENN [[7,|9] follow that goal by enforcing very
compact class representations, that are made up of general,
diverse and contrastive features, which are properties of
human-friendly explanations [S]]. Considering the cognitive
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Figure 1. Contrastive global Explanation, comparing the class
representations of Shiny and Bronzed Cowbirds for CHiQPM that
represents every class with 3 of 30 features. The cowbirds are
differentiated based on the red eye.

limitations of average humans [4], QPM represents every
class with the binary assignment of very few, usually < 5,
broadly shared features. A consequence is the emergence of
highly contrastive class representations. Similar to Figure|T]
the difference between two classes in the model’s representa-
tion space can be concretely pointed out, like differentiating
the two birds via their eye, just like humans do [18]. While
the contrastive representations are very helpful for QPM,
they are also fairly rare, e.g.on average just 0.13% pairs per
class on CUB-2011 [18]].

Other domains, e.g.medicine or science, can profit off of
additional interpretability. When a human expert is present,
they should be supported rather than replaced, a notion
known as human-Al complementarity. While global inter-
pretability is still beneficial in this scenario, the value of ex-
plaining the decision for a single sample rises, known as local
explanation. These typically have the form of saliency maps,
such as GradCAM [13]], that visualize where the explainee
saw support for its decision. They can also be meaningfully
computed for individual features if the globally interpretable
model can be decomposed into detecting general human un-
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derstandable concepts [9]. This crucial property is a key
feature of our proposed CHiQPM, as demonstrated in Fig-
ures || and 2| However, those heatmaps generally do not
transport a notion of certainty. Therefore, predicting a set of
classes with configurable guarantees on the accuracy using
Conformal Prediction (CP) [17] has emerged as a promis-
ing direction for supporting experts [14} [15]]. Intuitively,
more classes are predicted for uncertain or less conform
samples, whereas a point-predictor always predicts just one
class. However, these sets typically contain a larger variety
of classes, that resemble the misalignment between human
and machine representations.

This work introduces the Calibrated Hierarchical QPM
(CHiQPM). It improves the global interpretability of QPM
while maintaining or improving the state-of-the-art accuracy
by enforcing more pairs of classes with highly contrastive
class representations and adapting the training pipeline to
ensure class representations made of interpretable features
via the proposed Feature Grounding Loss L.+ combined
with ReLLU activation. CHiQPM is the first model with a
built-in interpretable set prediction that can be calibrated via
CP, inheriting all its robust guarantees. Intuitively, CHiQPM
predicts sets of classes by predicting all classes that share
the dominant n features with the most likely class, e.g. pre-
dicting all the black birds in the hierarchical explanation in
Figure 2| below the blue feature. This results in a novel way
of providing hierarchical local explanations and traversing
them to dynamically and understandably construct coherent
prediction sets similar to how a human would reason. Con-
sidering the graph in Figure[2] the CHiQPM found the green
and blue feature, that identify black birds, but no sufficient
evidence to differentiate between them. Therefore, it pre-
dicts the coherent set of various black birds, including the
correct class.

Our main contributions are:

* We present the Calibrated Hierarchical QPM (CHiQPM).
It is based on a heavily constrained discrete quadratic
problem (QP), that selects features from a black-box model
and assigns them to classes. The features of CHiQPM then
adapt to the optimal solution, resulting in a globally and
locally interpretable model.

* CHiQPM offers novel hierarchical local explanations and
can be calibrated to reach a target coverage with compet-
itive efficiency while ascending through its dynamically
constructed interpretable class hierarchy and selecting the
appropriate level. Thus, CHiQPM can be considered an
interpretable conformal predictor.

e We present the Feature Grounding Loss L, Which,
alongside an additional ReLLU, leads to learning more
grounded and sparser features that facilitate compact hier-
archical explanations along more human concepts.

¢ The state-of-the-art performance of CHiQPM as point- and
built-in interpretable calibrated coherent set-predictor is
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Figure 2. Exemplary local explanation provided by our CHiQPM,
with the global explanation in Figure[T] for a difficult test image of
a Bronzed Cowbird with a pale red eye that is not clearly visible.
This leads to negligible activation of the red-eye detecting Feature
7. The calibrated CHiQPM provides a hierarchical explanation that
communicates clear evidence for the predicted coherent set of black
birds, but no sufficient evidence to differentiate between them.

evaluated across datasets, including ImageNet-1K [[L1],
where the gap to the black-box baseline is more than
halved.

2. Method

The proposed CHiQPM classifies an input image by extract-
ing a feature vector f* € R"7 and multiplying it by a sparse
binary assignment matrix W* € {0, 1}"<*"s. Compared
to QPM [9]], we apply an additional ReLU to the features
f* = ReLU(f), so that CHiQPM only reasons positively, and
negligible activations are suppressed. Notably, all classes
in CHiQPM are represented with the same number 1, of
features per class, which leads to easily comparable class
representations. It is easiest, when two classes share exactly
nwe — 1 features, as the differentiating factor can then be
concretely pointed out, as shown in Figure |1} We denote the
set of these pairs with

P={(i,5):1<i<j<ncandwjw’] =nyw—1} (1)

CHiQPM follows a similar pipeline to QPM [9]. CHiQPM
improves upon QPM with easier interpretable class represen-
tations for more of the classes via an increased |P|, directly
enforced in the QP (Sec. 2.1)), alongside a built-in inter-
pretable conformal prediction method traversing the novel
local hierarchical explanations (Sec. and an improved
fine-tuning with a new Feature Grounding Loss Ly, that
improves grounding and compactness of CHiQPM’s expla-
nations (Sec.[2.3).



2.1. Hierarchical Constraint

In order to ensure a higher cardinality |P| resulting in more
easily comparable class representations, an additional con-
straint is added to the quadratic problem. A set K of pairs
of classes that are highly similar in our dense model is de-
termined, and we ensure that they are incorporated into the
resulting P. K contains the p - n. most similar class pairs
based on the dense model’s class-class similarity matrix used
in the QP, where p is a density hyperparameter. Representing
these K class pairs similarly is enforced in the QP:

(weows)'s =nye—1 Ve d)eK @

A higher p increases the number of classes that can be
contrastively globally explained as in Figure[T} thus improv-
ing global interpretability. Forcing similar classes to be
represented very similarly by CHiQPM further induces an
efficient use of the n} features, as shared concepts need only
be detected by shared features.

2.2. Hierarchical Explanation

Our CHiQPM enables the construction of hierarchical local
explanations for a concrete test sample, as shown in Figure[2]
It contains nodes for all nonzero feature activations and
indicates the presence of all classes that are assigned to at
least one of the shown feature-nodes. For every class c
with its assigned features F© € {1,..., n}}”WC, the features
are shown in the order of their activation, which can be
interpreted as reasoning from the more clearly visible feature
like the neck in Figure E] to the less certain features, such
as the pale red eye. The class node is then attached to its
last activating feature and the class would be predicted if
CHiQPM’s calibration or fixed level determines that this
feature and all its descendants should be predicted. For a
formal definition, we refer the reader to the main paper [8]].

2.2.1. Interpretable Conformal Prediction

We introduce interpretable conformal prediction which pre-
dicts coherent sets Y that contain the target label with an
error rate « € (0, 1) while traversing the explaining hier-
archy. Towards that goal, we introduce a nonconformity
score based on how similar the class is in the hierarchy to
the initially predicted class ¢, as we are ascending the hier-
archy that led to ¢. For every class ¢, we propose to use the
activations of the features in the shared path down the tree
as nonconformity score:

Nwe

sup(€) = = 3 _ 05 [ 3)
j=1

Here, 65 € {0, 1} encodes if all top j features are shared

between ¢ and ¢ and F¢ € F?w describes the ordered in-
dices of assigned features for every class c by activation in
descending order. We call this simple nonconformity score
up as it goes strictly up the tree.

Table 1. Comparison on Accuracy, Compactness, Contrastiveness
and Structural Grounding. Compact describes the number of fea-
tures n; and features per class nwec. It is binned into very compact
+ (nwe = 5 and n} = 50), medium o, and the baseline, denoted -
(Nwe = 2048 and n} = 2048) Among more compact (o or above)
models, the best result is marked in bold, second best underlined.

Method Accuracy T Com- Contrastiveness 1 SG 1
CUB CAR IN pact CUB CAR IN CUB
Dense Resnet50 86.6 92.1 76.1 - 744 751 71.6 340
glm-sagas 780 86.8 58.0 o 740 745 717 25
PIP-Net 82.0 86.5 - o 995 995 - 6.7
ProtoPool 794 875 o 76.7 789 - 13.9
SLDD-Model 845 91.1 727 + 87.2 897 934 292
Q-SENN 847 915 743 + 93.0 942 92,6 234
QPM 85.1 91.8 742 + 96.0 977 893 479
CHiQPM (Ours) 853 919 753 + 999 100 99.9 75.0

Subtree Selection The conformal predictor can predict
with more granularity and achieve its guarantees when the
prediction can also go down towards only some subtrees
below the feature node determined by s,(c). That also
allows CHiQPM to predict those descendants preferably that
have some support beyond the shared path, e.g. choosing to
predict only the cowbirds in Figure[2] Therefore, we extend
the nonconformity score to also account for the activation of
the feature at the point of diversion after sharing k features:

Nywe—1
iV =T, with k= )" & (4)
j=1
Nwe—1
sset(€) = —faw — D 85 f (5)
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Limited Level Finally, the maximum number of levels
the set is constructed from is limited to ensure efficient sets.
Towards that goal, the minimum reachable error rate o, ;
on the calibration data for each fixed level n is calculated.
The conformal prediction is then limited to the highest level
nlimit that still reaches the target coverage defined by . To
ensure the limitation, we limit s,,;, to n'™*, and multiply the
score with the indicator function d;, indexed at 6 ;... - This
ensures all classes that were not correctly predicted under

nlimit get the most nonconform nonconformity score of

Nwe—1
$() = O | —fiw = D Gfi ] ©
Limitation g=14niimit '
Limited sge1

2.3. Feature Grounding Loss

When two similar classes share n.,. — 1 features, Cross-
Entropy loss causes only a significant gradient on the single

'Equations (4) to @ constitute a correction of the published work.



Table 2. Average Set Size |Y| of CHiQPM calibrated to reach various coverages 1 — o comparing different conformal prediction methods.
All methods are very close or reach the desired coverage.

Y[ Inter- CUB CARS INET
Method Prefble 615 =01 0=0.075 a=005 a=0.075 a=0.05 a=0.0025 a=022 a=02 a=0.175 a=0.15
Ours 1.22 1.73 2.94 9.05 1.05 1.25 8.25 1.10 1.42 3.25 4.58
$ = Sl 462 615 9.53 29.4 3.62 5.95 28.4 8.14 11.3 17.9 30.5
5= Sup 3.03 3.91 8.87 18.7 232 3.27 17.9 436 623 11.8 314
THR X 1.16 1.32 1.67 2.41 1.02 1.15 2.09 1.05 1.16 1.40 1.87
APS X 630  7.20 8.54 113 5.64 6.83 9.61 16.7 18.9 22.1 26.8
differentiating feature, largely ignoring the shared concepts. 3.2. Results

To encourage all assigned features to activate meaningfully
on the ground truth class while inducing overall sparsity, we
propose the Feature Grounding Loss Lgeay:

£ I
Zie]}«‘ /] — ZieF 7
max(f*)

(N

Efeat =

where F and F € {1,... ,n}}”?’”wc are the indices of
the features assigned and not assigned to the ground truth
class, respectively. Scaled by the maximum activation, Lscat,
balances the gradient across all positively assigned features.

3. Experiments

Following QPM [9], we evaluate our method on the most
commonly used datasets for interpretability, CUB-2011 and
Stanford Cars [3l]. Additionally, ImageNet-1K is used to
demonstrate how the method scales to larger problems with
more real-world applications. While the proposed method
can be applied to any backbone, this extended abstract in-
cludes results for Resnet50 [2] with ny,. = 5 and n"’i = 50 as
main architecture configuration. The main paper [8] includes
more extensive results and detailed implementation details.
Further, we generally set the density parameter for our class
hierarchy to p = 0.5, as it is sufficient to demonstrate the
improvements in built-in set prediction without sacrificing
accuracy as point-predictor.

3.1. Metrics

CHiQPM is designed to improve upon QPM, primarily via
more easily interpretable class representations, being able to
produce meaningful hierarchical explanations and by offer-
ing the built-in interpretable calibrated set prediction. There-
fore, we evaluate CHiQPM across all QPM metrics in ad-
dition to the accuracy as point predictor in relation to its
compactness. For evaluating the performance as set predic-
tor, we report the size of the predicted sets, when calibrated
to reach a specific accuracy or coverage.

This section discusses the main quantitative results of our
proposed method. Further qualitative examples are included
in the conference paper. The accuracy as point predictor
along the generally preferable qualities of Compactness,
Contrastiveness and Structural Grounding is shown in Tab. [T}
CHiQPM shows state-of-the-art accuracy for compact point
predictors. Further, it scores nearly perfectly on Contrastive-
ness. CHiQPM learns features that can be more clearly
separated between active and inactive than even the class
detectors of PIP-Net 6], indicating a gap between the ReL.U-
induced minimum of 0 and the activations where a relevant
concept is found. The clear distinction between active and
inactive enables our saliency maps, like in Figures[I]and 2]
to also transport activation rather than just location without
a reference test image and therefore enables extensive lo-
cal explanations in practice. Finally, Structural Grounding
quantifies that the additionally added pairs via Equation (2))
are also similar in reality and thus lead to more grounded
class representations. The state-of-the-art accuracy as point
predictor paves the way for accurate set prediction along the
hierarchical explanation, as the sets are conditioned on the
predicted class.

As comparable CP methods, THR [12] and APS [10] are
used, as they are applicable without hyperparameters and
broadly used [[1]. Table[2]compares our built-in CP method
with these and also with the two simpler nonconformity
scores sge1 and sup. Evidently, our proposed nonconformity
score that restricts the sets to be constructed by going up the
hierarchical local explanations shows competitive efficiency
to THR for higher error rate o and approaches APS for
lower values. The reason can be seen when comparing our
approach with the simpler sg¢) that does not restrict the tree
level to nlimit: With lower «, the gap decreases, as plimit
has to be set more loosely, allowing larger and therefore
inefficient sets.

4. Conclusion

This work introduces the Calibrated Hierarchical QPM
(CHiQPM). Faithfully following its grounded globally inter-



pretable class representations, CHiQPM provides hierarchi-
cal local explanations. CHiQPM is calibrated as a form of
built-in interpretable Conformal Prediction to traverse the
hierarchy at test time and predict a set of coherent classes,
similar to how a human reasons, which can be a step towards
human-AI complementarity. Finally, CHIQPM’s improved
global and additional novel form of local interpretability
come with state-of-the-art accuracy as compact point predic-
tor and efficiency on par with non-coherent set predictors
even on ImageNet-1K, ensuring broad applicability.
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