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Abstract

Early Exit Neural Networks are networks that accelerate inference by allowing
samples to exit through internal classifiers. One of the understudied areas related
to these networks is whether early exits can provide interpretability alongside the
prediction. In this work, we propose a memory-based self-interpretable design to
make the internal classifiers more interpretable. Our design uses a sparse content-
based attention mechanism to select relevant examples from a memory set and
uses them to aid and explain the decision process. We show that, compared to
alternative self-explainable designs, our design better preserves the performance of
black-box baselines while providing means to inspect its inner mechanisms.

1 Introduction

Advances in deep neural networks have enabled their widespread use across many domains. This
progression comes from larger models and entails significant computational overhead, which lim-
its their applicability in compute-constrained settings, such as edge devices. In order to balance
computational overhead and model performance, Early Exit Neural Networks (EENN) provide an
approach for accelerating inference by allowing samples to exit early through infernal classifiers
(ICs). Despite the recent progress in performance for these methods [[10, [7, |8, 35]], an understudied
question is whether these early exits can provide interpretability alongside the predictions.

This question has been extensively studied in the field of eXplainable Al (XAI), where several
Self-Explainable (SENN) methods have been proposed for standard classification settings [2} [12, [16]].
SENNS incorporate explainable elements into the classification process, grounding their predictions
in these elements. However, they typically rely on specific assumptions, such as that the interpretable
layer is attached to the final layer and that the backbone features are representative and well learned.
These two assumptions do not typically hold for EENNS, since ICs are distributed across intermediate
layers, where features may be noisy or underdeveloped.

In this work, we propose Memory-based Self-Explainable Early Exit Networks (M-SEEEN), a design
to make the ICs of exit networks self-interpretable. Inspired by [16], M-SEEEN uses a sparse content-
based attention mechanism to select relevant examples from a memory set to aid and explain the
decision process. We show that, compared to alternative SENN designs, M-SEEEN better preserves
the performance of black-box baselines while providing means to inspect its inner mechanisms.

2 Related Work

Early Exit Neural Networks Teerapittayanon et al. [31]] introduced the concept of EENNSs, an
architecture equipped with ICs that allow sufficiently processed samples to exit before the network
completes its full computation. This initial design has been improved through alternative EENN
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architectures [8]], exit criteria [[15 O], and training paradigms [[14} 25} |6} 4, [1} [18]. One of the
key challenges of EENNSs is the reliability of features in early layers. Several approaches have
been explored to address this issue. From the training perspective, approaches include training
ICs independently on top of a pre-trained frozen backbone [10], joint training with the backbone
[10} 18 18], and mixed [14] training strategies. Other approaches propose to enrich the information
available by cascading the predictions of earlier ICs to subsequent exits [35]], maintaining fine-to-
coarse feature maps throughout the network [8], or separating classification and feature extraction
into independent branches [7]. Despite this progress, obtaining informative representations at
early layers remains a fundamental challenge. In this context, interpretability represents another
underexplored aspect of EENNs. In particular, to the best of our knowledge, existing work has
used interpretability techniques to determine which features to keep or compress [18], to identify
the features relevant to specific exits [26] or predictions [[10], and to improve exit strategies [26].
Our work complements these directions by introducing a design specialized to work with noisy and
underdeveloped features, making it particularly suited to EENNs. At the same time, the proposed
design exposes information about its decision process and the evolution of decisions across exits,
thus improving the interpretability of early-exit networks.

Self-Explainable Neural Networks SENNs are models that provide explanations alongside their
predictions. Among the most popular families of SENNs, we can distinguish between Concept
Bottleneck Models (CBMs) and Prototypical-Part Networks (ProtoPNets). CBMs [12] introduce an
intermediate layer between the feature extractor and the classifier, trained so that each dimension
corresponds to an interpretable concept and its value encodes the degree of the presence of a
concept. The final classifier then predicts the class by combining the resulting concept scores. This
framework has been improved by reducing its dependence on annotated datasets [23} 30} 27, 137]
and by introducing alternative architectural and training designs [38}133]]. ProtoPNets [2]] share the
principle of introducing an interpretable bottleneck, but provide spatially grounded explanations by
comparing regions of the input representation with a fixed set of learned prototypes. The literature
has explored several directions, such as variations in the number of prototypes [28} 29, 22]] and the
improvement of the semantic quality of the explanations [5,[21}34]. Beyond these two main families,
a variety of SENNGs ([20, 36} [16]]) have been proposed for specific architectures, tasks, or application
domains. Among these, our work is inspired by Memory Wrap [16], a lightweight memory-based
module designed for small-data settings that can improve the predictive performance of deep neural
networks while exposing information about their decision process. Compared with other SENNs,
our approach does not require a strong pre-trained backbone, specialized training procedures or
metric-learning objectives, and, more generally, does not assume a particular structure in the input or
task, such as the availability of predefined concepts or fine-grained visual categories.

3 M-SEEEN

M-SEEEN is an early exit network that uses a memory module to augment ICs and provide inter-
pretability. Specifically, let F' be a neural network with n layers, x the input, f; the j-th layer, and
F;(-) = fj(fj—1(... f1(-))) the composition of the first j layers. M-SEEEN attaches a set of £ ICs
to this structure, where each IC is attached to a distinct layer f;. Each IC E; compares and combines
the latent representation of an input z at its previous layer f; and the cached latent representations at
the same layer of a set of k memory samples M = {my, ..., my} randomly sampled from a pool of
N training representations. Specifically, M-SEEEN applies sparsemax [3}[19]] to the cosine similarity
between these representations and uses the resulting scores a(®) as weights to compute a combination
of the memory representations: V,(ﬁ) = Zmre M a&e)mge) . Finally, a linear classifier predicts the

probability distribution () = softmax(fg, ... ([FJ (x), vgﬁ)])) from the concatenation of the input

representation and the weighted memory vector. As common in literature [10], given a confidence
threshold 7, early exiting is performed by evaluating the exits in order e = 1, ..., E and returning
(¢ at the first exit satisfying max §(®) > 7. If no exit exceeds 7, then the prediction with the highest
confidence over all E exits is returned.

To explain its predictions, M-SEEEN exposes the memory samples assigned a non-zero weight by
sparsemax. Inspecting the distribution of these samples across exits can provide insights into how
the decision evolves and how concentrated or uncertain the model is at each stage. Among them,
we identify two types of explanations. The best explanation by example is the memory sample with



Table 1: Accuracy (%) reached by competitors across inference budgets under joint training, averaged
over 3 runs. Bold indicates the best SENN method, underline the best overall result.

WideResNet32-4-SDN MSDNet
Classifier 25% 50% 75% 100% Max 25% 50% T75% 100% Max
CIFAR-10

Black-box  87.8 943 944 944 944 922 932 932 932 932

M-SEEEN 86.2 939 941 941 94.1 91.7 929 929 929 929
LF-CBM 746  91.8 940 941 94.1 91.6 925 925 925 926
VLG-CBM 728 91.7 944 944 944 921 932 932 932 932
PIP-Net 735 874 89.6 89.6 89.7 847 87.8 88.0 88.0 88.0
ProtoPNet 793 814 815 815 81.6 81.1 81.1 81.1 81.1 820

CIFAR-100
Black-box  60.9 74.0 76.1 759 76.2 642 720 728 7277 729

M-SEEEN 59.0 732 764 762 764 628 711 726 724 72.6
LF-CBM 355 577 725 747 747 61.3 693 704 70.1 705
VLG-CBM 30.7 538 722 758 758 624 703 715 715 717
PIP-Net 347 47.1 518 51.8 522 46.0 532 551 550 553
ProtoPNet  41.7 449 457 449 458 399 435 441 440 442

TinyImageNet
Black-box 403 55.7 624 622 62.7 458 566 602 599 603

M-SEEEN 38.7 542 619 618 624 44 560 603 60.1 60.5
LF-CBM 156 362 537 600 600 404 503 553 551 555
VLG-CBM 18.6 36.1 547 61.6 61.7 422 523 572 572 576
PIP-Net 244 36.0 415 418 426 303 36.1 39.7 405 406
ProtoPNet  26.8 293 306 30.6 31.0 306 324 329 321 332

the highest weight among those predicted in the same class as the input. The best counterfactual
candidate is instead the highest-weight memory sample predicted in a class different from that
assigned to the input. Together, these explanations provide a view of the evidence considered at each
exit and can help characterize both the prediction and its evolution throughout the network.

4 Experiments

4.1 Performance

Setup To validate our method, we compare its performance against the black-box baseline IC,
implemented as either SDN [10] or MSDNet [8]], two representative CBMs (LF-CBM [23]] and
VLG-CBM [30]]) and two ProtoPNets (ProtoPNet [2] and PIP-Net [22]). We select these SENN
competitors because they are among the most popular approaches and are relatively compatible
with exit-network settings (see Section [B] for an extended discussion of their implementation and
training). We use SDN and MSDNet as representative designs of EENN due to their flexibility in
terms of combination with additional interpretable layers. We leave for future work the evaluation
of additional recent EENNs. We evaluate all methods on CIFAR-10 [[13], CIFAR-100 [13]], and
TinyImageNet [[17], using WideResNet32-4 [39] and MSDNet as backbones. We set the size k of the
memory sets to 100 for CIFAR-10, and 1000 for both CIFAR-100 and TinyImageNet. The reader can
find additional experiments with alternative backbones in Section[A]of the appendix. We report the
computational overhead introduced by each interpretable classifier in Section [D)|

Results We follow [10] and quantify the performance of the exit network by sweeping over
candidate exit thresholds and reporting the achieved accuracy at the closest computation budget in
% of the full network as well as the maximum accuracy achieved with all considered thresholds.
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Figure 1: Two sample trajectories when using an exit confidence threshold of 0.7 on CIFAR-10. For
each exit, both the input and the top weighted memory images are shown with their predicted classes.
The scores correspond to the confidence for the input and the weights for the memory images.

Table [T] shows that the performance of SENNSs tends to degrade at lower computational budgets,
with the largest gaps relative to the black-box baselines occurring at the earliest exits. This behavior
is consistent with the limited semantics encoded in shallow representations, which may not yet
support the complex concepts or prototypes required by these architectures. As depth increases and
representations become more informative, SENNs progressively reduce or close the performance gap.
In contrast, M-SEEEN exhibits substantially more stable performance across computational budgets
and, overall, the smallest average gap relative to the black-box model. The difference is especially
pronounced at the lowest computational budgets, where M-SEEEN outperforms the other SENN
approaches by large margins. Similar trends are observed with alternative backbones (Section [A).

4.2 Explanations

This section analyzes, discusses, and showcases the quality of explanations retrievable by M-SEEEN.
Specifically, we will showcase how M-SEEEN can help users understand the prediction flow through
the EENN and the extent to which M-SEEEN preserves the explanation quality typically associated
with memory-based explanations. We additionally show how the memory can be used to determine
the reliability of predictions in section [C|of the appendix.

Visual Interpretation Here, we show how M-SEEEN can help users analyze and understand the
trajectory of samples across the ICs by analyzing the samples in fig. [T} The horse sample (top)
corresponds to an easy sample, as the model exits at the first IC. In this case, all the selected memories
strongly agree with the input in terms of both visual appearance and class. In the other sample
(bottom), the model is uncertain, and this is reflected by the conflicting memory samples selected at
the first two exits. Note that, in the first exit, the relatively high confidence may incorrectly suggest
that the model is sufficiently confident in its prediction. At the third exit, the representation has
become sufficiently rich and the model predicts the correct class. Accordingly, the selected memory
samples mostly agree with the predicted class.

Quantitative Analysis A crucial question in the context of EENNSs is whether the properties of
memory-based explanations are preserved at intermediate exits. To investigate this, we follow the
protocol of La Rosa et al. [16] and study the quality of explanations by example and counterfactuals
retrieved from the memory across the exits. As metrics, we use input non-representativeness and



Table 2: Input and prediction non-representativeness per exit for MobileNet-SDN, averaged over 3
runs. Ours denotes M-SEEEN; Rand denotes the random baseline. Lower is better.

Input non-representativeness Prediction non-representativeness
Method 1 2 3 4 5 6 1 2 3 4 5 6
C100

Ours 229 283 264 263 206 197 069 034 021 0.13 0.05 0.03
CHP 228 282 260 260 211 2.03 075 044 032 020 0.09 0.05
KNN= 224 275 254 255 204 195 0.74 042 028 0.18 0.07 0.04
Rand 265 322 3.07 317 257 250 078 044 030 0.19 0.09 0.04

TIM

Ours 215 266 340 4.11 349 279 121 067 034 0.16 0.04 0.03
CHP 2.13 262 337 406 351 282 125 076 043 0.24 0.08 0.05
KNN=+ 210 258 333 401 344 274 124 072 040 022 0.07 0.04
Rand 236 288 3.65 443 381 3.13 127 077 040 021 0.06 0.04

Table 3: Results of the IM1, IIM1, and IM2 scores at different exits on MobileNet-SDN, averaged
over 3 runs. Lower is better.

Exit 1 2 3 4 5 6

M1 0978 0979 0983 0988 0991 0.991
C100 1M1 1.040 1.040 1.036 1.030 1.026 1.026
IM2 0479 0467 0458 0454 0454 0457

IMI 0983 0983 0985 0.984 0985 0.992
TIM I1IM1 1.026 1.027 1.026 1.027 1.024 1.016
IM2 0451 0448 0.440 0439 0435 0431

prediction non-representativeness for explanations by examples, and the IM1 [32], [IM1 [16], and
IM2 [32]] scores for counterfactuals. In this section, we report the results computed over all exits with
MobileNet as a backbone architecture. However, similar results can be observed in other models, as
discussed in Section [E] together with a description of the metrics used for evaluation.

Table [2] shows a progressive degradation in the scores from the last exit toward the earliest one.
However, because these metrics are computed from the logits, differences in magnitude across
layers may affect their values. To determine whether this trend reflects an actual degradation in
the quality of explanations, we compare them against explanations by example produced by the
post-hoc methods CHP [11] and KNN [24], as well as against a sample randomly selected from the
memory, following the evaluation protocol of La Rosa et al. [16]]. We observe a similar degradation
across all methods, including the random baseline. This suggests that the trend may be driven by
layer-dependent differences rather than by a deterioration specific to memory-based explanations.
Importantly, the explanations remain consistently better than the random baseline across exits,
indicating that the retrieved examples continue to provide meaningful explanations even at earlier
layers. Moreover, M-SEEEN achieves scores comparable to those of the post-hoc methods across all
settings, while requiring less time to compute the explanations. These results are consistent with those
previously observed in small data settings [[16]. Conversely, the scores associated with counterfactual
explanations (Table [3) remain more stable across exits, thus confirming their independence from
the specific layer for which they are computed. Overall, these results suggest that memory-based
explanations preserve their relative quality when attached to different stages of an EENN, supporting
memory-based mechanisms as a promising approach for self-interpretable early-exit architectures.

5 Conclusion

In this work, we introduced M-SEEEN, a self-explainable architecture for Early Exit Neural Networks.
We showed that M-SEEEN better preserves the predictive performance of black-box EENN baselines
than alternative self-explainable approaches, while providing meaningful explanations at each exit.



Future work will investigate explainable exit strategies and architectural extensions aimed at further
improving both predictive performance and explanation quality.
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A Performance

In this section, we evaluate performance using the same protocol as in Section[d.1] with MobileNet
and ResNet56 as additional SDN backbones. Table [ reports these results, where M-SEEEN again
performs within a small margin of the corresponding black-box classifier. On MobileNet, several
methods are unable to operate at the 25% computational budget: M-SEEEN and ProtoPNet on
CIFAR-100 and TinyImageNet, and PIP-Net on TinyImageNet. As shown in fig.[2} the additional
computational overhead introduced by these methods causes the minimum average inference cost
to exceed 25% of the base network. This is also true in the case of the ProtoPNet classifier on
ResNet56-SDN for TinylmageNet. We also observe that VLG-CBM outperforms M-SEEEN on
CIFAR-10; however, this does not persist on the more complex CIFAR-100 and TinyImageNet
datasets.

B Extended Setup

In this section, we provide details about changes made to the training or evaluation procedures and
how the competitor SENN methods are incorporated with the exit network backbones.

ICs Placement. In the case of MSDNet [§] we follow their standard approach for IC placement.
Otherwise, we follow SDN [[10] to place the ICs and to train the backbone and the ICs jointly.

PIP-Net Adapting PIP-Net [22]] as an internal classifier follows its original implementation.

We use a 1 x 1 convolution at each IC to project the varying number of backbone channels to a
fixed dimensionality across exits. This ensures that all ICs have access to a sufficiently large number
of prototypes. Specifically, we project the feature maps to 128 channels for CIFAR-10, 512 for
CIFAR-100, and 1024 for TinyImageNet. The effect of this design choice is evaluated in Table [5]
which reports performance with and without the additional convolution. The spatial resolution
(H x W) of the intermediate feature maps also varies across layers. To obtain more consistent inputs
across ICs, we apply average pooling to a 4 x 4 grid for CIFAR-10 and CIFAR-100 and an 8 x 8
grid for TinyImageNet. When the backbone produces a smaller feature map, we retain its original
resolution rather than upsampling it.

For a fair comparison with the other methods, we do not initialize the PIP-Net ICs with a pre-trained
backbone. Instead, we extend the initial joint pre-training phase to 50 epochs, allowing the backbone
and the prototypes of all ICs to be learned jointly. We then perform 100 additional epochs of joint
training. During the first three epochs of this phase, all parameters except the classifiers are frozen,
following the training procedure of PIP-Net. Since this optimization deviates from the original
PIP-Net setting, we additionally evaluate a two-stage training procedure that more closely follows
the original training protocol. In the first stage, we initialize the model with a backbone pre-trained
on the target task and replace its final classifier with the PIP-Net architecture. We first pre-train the
backbone and final classifier for 50 epochs, followed by 100 epochs of joint optimization of the
backbone and PIP-Net classifier. During the first three epochs of this second phase, only the classifier
is fine-tuned. In the second stage, we attach the PIP-Net ICs and freeze the backbone. We first train
the ICs for 50 epochs to optimize their prototypes, followed by 50 epochs of training of all parameters
within the PIP-Net ICs. During the first three epochs of this phase, only the classifiers are trained.

As shown in Table[6] performance remains poor under this training procedure, suggesting that the
results observed with PIP-Net are not primarily caused by our joint-training adaptation.

During evaluation, we apply the same transformation used during training to the raw outputs of the
non-negative linear layer before computing the softmax. This preserves the scale of the classifier
inputs between training and evaluation. It also prevents PIP-Net from abstaining from making a
prediction, which is necessary in our setting because each IC must produce a prediction for every
1nput.

ProtoPNet Similar to PIP-Net, the implementation and training procedure of ProtoPNet [2] require
minor adaptations for the early-exit setting. We preserve the original ProtoPNet architecture and use
10 prototypes per class for all datasets.
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As with PIP-Net, we apply average pooling so that the feature grid is 4 x 4 for CIFAR-10 and
CIFAR-100 and 8 x 8 for TinyImageNet. In our default setting, the backbone is randomly initialized.
We therefore remove ProtoPNet’s warm-up phase, whose purpose is to adapt the prototype vectors
and add-on layers to a pre-trained backbone, and instead train the network jointly for 100 epochs.
Because the backbone is trained from scratch, we increase its learning rate from 1 - 10~%to1-1073.
We perform prototype pushing at epochs 60, 70, and 100 and, after each push, optimize only the
classifiers for 20 epochs. Following the original ProtoPNet setup, we do not apply data augmentation
during training.

Since this training procedure differs from the original ProtoPNet protocol, we additionally evaluate a
two-stage setting that more closely reproduces its original training conditions. In the first stage, we
initialize the model with a backbone pre-trained on the target task and replace its classifier with the
ProtoPNet classifier. During the first 5 of 100 training epochs, we optimize only the prototype vectors
and add-on layers, while keeping the backbone and classifier frozen. For the remaining epochs, we
jointly optimize the backbone, prototypes, and add-on layers while keeping the classifier frozen.
At epochs 60, 70, and 100, we perform a prototype push followed by 20 epochs of classifier-only
optimization. In the second stage, we freeze the trained backbone and attach the ProtoPNet ICs. We
optimize the prototypes and add-on layers of the ICs for 50 epochs, perform a prototype push after
the final epoch, and then train only the classifiers for 20 additional epochs.

As shown in Table[6] this procedure improves ProtoPNet’s performance, but it remains below that of
M-SEEEN trained using the corresponding two-stage setting.

CBM The architectures of LF-CBM [23]] and VLG-CBM [30] follow their original implementations.
Since both methods are trained on top of a frozen backbone, our “jointly trained” CBM setting refers
to the backbone rather than to the CBM training procedure itself. Specifically, we first train the
backbone jointly on the target task, replace the original ICs with the corresponding CBM-based ICs,
freeze the backbone, and then train the CBM ICs on the resulting intermediate representations.

C Prediction Reliability

Inspired by [16] we can flag the reliability of a model’s prediction by simply looking at the sample in
memory associated with the highest weight. We first define an example as a memory sample that was
used in the memory set of the prediction and predicted as the same class as the input. Conversely, a
counterfactual is a memory sample that was similarly used, however received a different prediction
than the input.

We evaluate the performance of all classifiers in the network when the sample associated with the
highest weight is a counterfactual or an example in Table [/l Across all classifiers, an example as
the top-weighted memory sample clearly defines a set of more correct predictions as compared to a
counterfactual. This follows from the retrieval mechanism: a prototypical sample sits well inside
its own class cluster, so it retrieves memories predominantly from that cluster. A counterfactual
explanation indicates the model is confused and likely the input sits near a decision boundary. This
can quickly signal to a user that an otherwise confident prediction may be untrustworthy. It is logical
that the example set generally grows with depth while the counterfactual set shrinks, as the more a
sample is processed, the more closely it will sit within its class cluster.

D Computational Cost

Here, we evaluate the additional computational cost introduced by the interpretable classifiers.
Figure 2| reports the cumulative GFLOPs up to and including each classifier, together with the total
GFLOPs required by the backbone. In most settings, the additional overhead introduced by the SENN
classifiers remains small relative to the computational cost of the backbone.

MobileNet represents the main exception, as its comparatively low backbone cost makes the overhead
of the additional classifiers more pronounced. The computational overhead varies across SENN
architectures for different reasons. For ProtoPNet, the largest increase occurs on datasets with
more classes, namely CIFAR-100 and TinyImageNet. This behavior follows from the number
of prototypes scaling linearly with the number of classes, which consequently increases the cost
of prototype matching. M-SEEEN also introduces substantial relative overhead when applied to
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Figure 2: Cumulative compute (GFLOPs) at each internal classifier. The CNN column gives the
GFLOPs of the unmodified backbone; MSDNet has no single-exit counterpart, so no baseline is
reported.
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MobileNet. The representations of the memory samples can be cached up to the distance-computation
stage; therefore, at inference time, only the latent representation of the input must be compared
against the cached representations of the memory set. However, M-SEEEN does not enforce
a fixed feature dimensionality, and the cost of these comparisons consequently depends on the
representations produced by the backbone at each exit. In the case of MobileNet, the backbone itself
requires relatively few GFLOPs, while the cosine-similarity computation over the memory remains
comparatively expensive. As a result, the relative computational overhead introduced by M-SEEEN
is substantially larger at each IC.

E Extended Explanation Quality

La Rosa et al. [16] showed that explanations by example and counterfactual explanations generated
through the memory are comparable in quality to those produced by post-hoc baselines, while
requiring lower computational cost. In this section, we provide more details about the metrics and the
setup used to measure the quality of explanations, together with experiments on additional models.

E.1 Metrics

For explanations by example, we use two metrics: input non-representativeness, which measures the
L, distance between the logits of the current prediction and those of the selected explanation, and
prediction non-representativeness, which measures the cross-entropy loss between the logits of the
selected explanation and the predicted class. For counterfactual explanations, we use the IM1 and
IM2 metrics introduced by Van Looveren and Klaise [32]], together with the IIM1 score proposed by
La Rosa et al. [16]. The IM1 score is the ratio between the reconstruction error of the counterfactual
under an autoencoder trained on samples from the input class and the reconstruction error under an
autoencoder trained on samples from the counterfactual class. The IM2 score measures the similarity
between reconstructions of the counterfactual produced by an autoencoder trained on its predicted
class and by an autoencoder trained on all classes. Finally, the IIM1 score is the ratio between
the reconstruction error of the counterfactual under an autoencoder trained on samples from the
counterfactual class and that obtained using an autoencoder trained on samples from the input class.

E.2 Explanation By Examples

By viewing Table[8] we can see that for the additional architectures the input non-representativeness
of M-SEEEN is on-par with the post-hoc baselines. Similarly, Table [9] shows the prediction non-
representativeness of M-SEEEN is almost always better than the post-hoc baselines, highlighting the
quality of M-SEEEN’s selected memory at all depths of the network.

E.3 Counterfactuals

Tablereports the IM1, IM2, and IIM1 scores on ResNet56-SDN, WideResNet32-4-SDN, and MS-
DNet. We can again see that while an increase in depth will improve the selection of counterfactuals
the scores stay within a small margin across classifiers of different depths.
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Table 4: Results for additional SDN models. We report the accuracy (%) reached by competitors
across inference budgets under joint training, averaged over 3 runs. Bold indicates the best SENN
method, underline the best overall result. “— denotes configurations that are unable to reach that
compute budget. Conventions as in Table[T]

MobileNet-SDN
Data  Classifier 25% 50% 75% 100% Max
Black-box  84.7 904 904 904 904

M-SEEEN 79.0 89.6 897 89.7 898
C10 LF-CBM 73.6 895 903 903 90.3
VLG-CBM 680 892 903 903 903
PIP-Net 476 715 719 67.6 718
ProtoPNet  72.1 843 844 844 845

Black-box  57.6 665 656 648 66.7

M-SEEEN — 596 641 66.1 66.5
C100 LF-CBM 379 569 624 627 629
VLG-CBM 292 525 63.0 644 644
PIP-Net 264 378 438 464 46.6
ProtoPNet — 478 512 513 518

Black-box  40.6 559 59.6 589 5938

M-SEEEN — 500 568 59.6 5938
TIM LF-CBM 21.3 404 516 542 543
VLG-CBM 165 350 507 57.0 57.1
PIP-Net — 268 348 399 436
ProtoPNet — 324 353 369 375

ResNet56-SDN
Data  Classifier 25% 50% 75% 100% Max
Black-box 80.1 904 91.0 91.0 91.0

M-SEEEN 771 89.6 905 905 905
C10 LF-CBM 435 788 90.1 90.1 90.8
VLG-CBM 49.7 80.1 906 90.6 91.0
PIP-Net 413 729 792 793 793
ProtoPNet 756 824 824 824 824

Black-box  47.7 642 689 679 69.0

M-SEEEN 441 60.3 672 665 67.4
C100 LF-CBM 122 31.6 540 659 66.0
VLG-CBM 14.0 329 549 658 66.7
PIP-Net 20.6 31.8 393 417 419
ProtoPNet  40.1 453 462 441 464

Black-box  30.2 44.1 527 52.1 532

M-SEEEN 29.1 42.0 504 513 521
TIM LF-CBM 76 19.1 357 48.6 48.6
VLG-CBM 123 232 385 49.6 496
PIP-Net 128 19.1 245 281 288
ProtoPNet — 283 299 314 337
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Table 5: Accuracy (%) at fractions of the base network’s compute budget for a WideResNet32-4-SDN
trained jointly with PIP-Net ICs, with and without the 1 x 1 convolution at each IC. Removing the
1 x 1 conv decreases the number of prototypes at each IC. Results are mean =+ std; “Max” is the

highest accuracy reached at any budget.

Data Conv 25% 50% 75% 100% Max

C10 v 73.55+0.76 87.36+0.11 89.61 £0.57 89.61 £0.57 89.74 +0.56
X 61.04 £641 8451 +041 88.69+048 88.69+0.48 88.99 + 0.60

C100 v 3472 +0.71 47.13+1.71 51.77 £2.67 51.83+297 52.17+2.94
X 13.18 £2.51 34.09+1.68 4868 +2.19 50.80+2.02 51.13+2.14

Table 6: Performance of two-stage training on prototype competitors and M-SEEEN, averaged over 3
runs.

ResNet56-SDN

Data  Classifier 25% 50% T5% 100% Max
M-SEEEN 65.7 846 904 90.5 90.6
C10 PIP-Net 2277 66.1 87.1 89.1 89.1
ProtoPNet 59.8 79.1 880 889 894
M-SEEEN 359 528 645 655 66.2
C100 PIP-Net 15.0 294 465 542 542
ProtoPNet 26.6 378 499 592 62.1
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Table 7: Accuracy, averaged over 3 runs, split by whether the top-weighted memory sample is an
example (predicted the same class as the input) or a counterfactual (predicted a different class).
Coverage is the percentage of evaluation samples whose top-weighted memory is an example; the
remainder fall in the counterfactual row. MobileNet-SDN has six exits.

Exit
1 2 3 4 5 6 7

MobileNet-SDN

Example 83.6 91.8 937 927 91.6 914 N/A
C10 Counterfactual 71.7 80.0 785 62.6 545 544 N/A
Coverage 409 533 62.0 903 949 954 N/A
Example 712 81.0 822 812 787 176.6 N/A
C100 Counterfactual 47.6 559 57.8 53.1 455 39.0 N/A
Coverage 20.8 275 371 472 595 678 N/A
Example 52.1 677 758 785 786 763 N/A
TIM  Counterfactual 34.6 44.5 497 503 495 442 N/A
Coverage 98 127 159 206 304 448 N/A
ResNet56-SDN
Example 73.0 81.1 90.5 927 941 94.1 925
C10 Counterfactual 604 66.5 763 77.1 756 674 523
Coverage 38.7 434 442 650 76.1 86.8 948
Example 53,5 60.1 744 775 827 834 79.0
C100 Counterfactual 33.7 38.1 496 523 565 540 463
Coverage 19.1 217 259 302 365 449 61.3
Example 348 419 572 63.1 705 732 70.0
TIM  Counterfactual 23.2 265 37.8 40.6 459 452 402
Coverage 13.8 129 146 158 181 220 36.7
WideResNet32-4-SDN
Example 842 86.6 935 956 952 955 95.1
C10 Counterfactual 70.6 72.8 826 81.8 756 63.1 48.1
Coverage 46.5 504 56.6 73.6 879 954 98.0
Example 70.9 738 823 84.8 868 877 81.9
C100 Counterfactual 48.0 50.2 593 616 621 59.2 38.6
Coverage 22.1 248 285 34.1 437 593 864
Example 482 528 70.1 742 784 802 740
TIM  Counterfactual 32.0 34.0 45.1 493 519 520 41.5
Coverage 119 141 158 18.7 249 347 625
MSDNet
Example 86.4 88.6 908 919 928 938 94.0
C10 Counterfactual 574 58.8 579 556 552 549 564
Coverage 859 882 912 934 957 968 973
Example 609 683 735 767 785 804 81.8
C100 Counterfactual 37.3 427 470 494 496 483 49.0
Coverage 498 506 543 584 650 713 715
Example 43.0 542 615 671 70.6 739 77.1
TIM  Counterfactual 25.7 329 385 423 447 46.5 46.6
Coverage 355 32.8 334 344 383 427 444
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Table 8: Input non-representativeness per exit for additional backbones, mean over 3 runs. Lower is
better.

ResNet56-SDN Exit
Dataset Method 1 2 3 4 5 6 7
M-SEEEN 1.60 1.87 244 294 337 373 1.73
C10 CHP 1.60 1.87 238 282 320 3.64 1.78
KNN* 1.57 184 232 275 3.12 351 1.64

Random 1.89 217 276 334 377 428 251
M-SEEEN 1.76 198 245 282 320 384 274

C100 CHP 1.76 199 244 281 320 388 2387
KNN 171 194 237 272 3.09 372 267
Random 2.13 238 2.87 328 3.67 438 348
M-SEEEN 1.59 188 231 256 281 3.18 262
TIM CHP 1.60 186 231 257 279 3.17 266
KNN3 1.56 181 224 249 272 3.08 254
Random 1.85 2.11 258 284 3.06 343 3.04
WideResNet32-4-SDN Exit
Dataset Method 1 2 3 4 5 6 7
M-SEEEN 2.15 237 320 3.80 379 391 090
C10 CHP 2.10 233 3.08 364 369 371 097
KNN:« 208 229 3.03 356 352 360 0.86
Random 245 273 354 429 426 446 1.30
M-SEEEN 231 249 3.13 348 394 443 1.19
C100 CHP 228 248 3.05 338 392 440 1.32
KNN3 222 241 299 331 378 424 1.18
Random 267 289 350 3.88 441 498 1.50
M-SEEEN 2.17 230 291 324 384 444 1.66
TIM CHP 2.13 228 287 320 382 443 1.78
KNN3 209 221 280 3.13 370 428 1.64
Random 239 256 3.14 349 414 478 194
MSDNet Exit
Dataset Method 1 2 3 4 5 6 7
M-SEEEN 096 1.15 124 129 124 1.15 1.6l
C10 CHP 098 1.15 122 124 1.17 1.07 149
KNN 088 1.05 1.12 1.15 1.09 1.01 142
Random 138 160 1.72 1.77 171 159 2.19
M-SEEEN 1.09 136 154 168 176 1.75 246
C100 CHP 1.13 142 160 174 1.83 181 254
KNN3 1.04 130 147 160 168 1.68 2.38
Random 143 175 195 211 219 218 3.04
M-SEEEN 1.07 142 1.65 183 202 220 3.01
TIM CHP 1.10 147 170 188 2.07 226 3.06
KNN3 1.04 138 1.60 1.78 196 214 2091

Random 134 172 197 217 237 256 343
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Table 9: Prediction non-representativeness per exit, mean over 3 runs. Lower is better.

ResNet56-SDN Exit
Dataset Method 1 2 3 4 5 6 7
M-SEEEN 045 031 0.12 0.06 0.02 0.01 0.01
C10 CHP 047 032 0.17 0.10 0.05 0.02 0.01
KNN3 047 032 0.15 009 0.04 001 0.01

Random 049 036 0.17 0.10 0.05 0.02 0.01
M-SEEEN 1.16 092 055 039 021 0.09 0.10

C100 CHP 1.20 095 0.62 047 030 0.16 0.15
KNN3 1.20 095 0.61 045 028 0.14 0.13
Random 1.22 101 066 050 030 0.14 0.15
M-SEEEN 1.69 144 094 0.78 0.55 0.37 0.39
TIM CHP 172 149 1.01 088 0.68 052 0.50
KNN: 172 148 098 084 0.62 047 048
Random 175 152 1.06 090 0.66 046 049
WideResNet32-4-SDN Exit
Dataset Method 1 2 3 4 5 6 7
M-SEEEN 0.22 0.17 0.05 0.01 0.00 0.00 0.00
C10 CHP 0.25 020 0.08 0.03 0.01 0.00 0.00
KNN3 0.25 020 0.07 0.03 0.01 0.00 0.00
Random 0.27 022 0.08 0.02 0.01 0.00 0.00
M-SEEEN 064 052 025 0.15 0.06 0.01 0.01
C100 CHP 0.73 060 033 023 0.12 0.02 0.02
KNN3 0.72 058 031 021 0.10 0.02 0.02
Random 075 063 034 023 0.10 0.02 0.02
M-SEEEN 1.11 095 052 038 0.19 0.05 0.08
TIM CHP 1.20 101 062 046 030 0.11 0.14
KNN3 1.18 1.00 0.58 044 026 0.10 0.10
Random 1.22 105 062 047 026 0.09 0.13
MSDNet Exit
Dataset Method 1 2 3 4 5 6 7
M-SEEEN 0.09 0.06 0.03 0.01 0.00 0.00 0.00
C10 CHP 0.15 0.10 0.05 0.03 0.01 0.00 0.00
KNN3 0.14 0.09 0.05 0.02 0.01 0.00 0.00
Random 0.18 0.11 0.06 0.03 0.01 0.00 0.00
M-SEEEN 0.68 045 0.30 0.20 0.11 0.06 0.02
C100 CHP 086 061 042 030 0.18 0.10 0.04
KNN: 0.82 056 038 027 0.16 0.08 0.04
Random 0.89 063 044 031 0.19 0.10 0.04
M-SEEEN 143 1.04 0.81 0.62 046 0.29 0.12
TIM CHP 1.58 1.18 094 0.75 0.57 0.38 0.17
KNN3 1.54 1.14 091 0.72 054 036 0.16

Random 1.57 119 094 0.75 0.57 039 0.17

18



Table 10: Results of the IM1, IIM1, and IM2 scores at different exits on ResNet56-SDN,
WideResNet32-4-SDN, and MSDNet, averaged over 3 runs. Lower is better.

ResNet56-SDN
Exit 1 2 3 4 5 6 7

IMI 0989 0987 0984 0.984 0983 0.982 0.994
C10 1M1 1.035 1.043 1.040 1.040 1.044 1.051 1.033
IM2 0255 0.260 0.254 0.252 0.254 0.254 0.249

IMI 0982 0981 0977 0979 0979 0.981 0.992
C100 IIM1 1.035 1.037 1.040 1.039 1.039 1.039 1.023
IM2 0471 0470 0.467 0463 0463 0.463 0.460

IMI 0985 0983 0985 0.985 0985 0.985 0.992
TIM 1M1 1.025 1.032 1.024 1.025 1.025 1.026 1.016
IM2 0441 0439 0.440 0440 0438 0.436 0.430

WideResNet32-4-SDN
Exit 1 2 3 4 5 6 7

IMI 0986 0987 0986 0.988 0986 0.983 0.997
C10 1M1 1.032 1.033 1.032 1.032 1.036 1.050 1.029
IM2 0246 0.249 0.246 0.247 0.246 0.252 0.247

IMI 0975 0977 0979 0.980 0979 0.980 0.993
C100 1M1 1.041 1.039 1.037 1.037 1.039 1.038 1.022
IM2 0476 0479 0476 0469 0462 0458 0.459

IMI 0983 0985 0986 0.986 0987 0.988 0.995
TIM 1M1 1.025 1.024 1.022 1.023 1.022 1.021 1.012
IM2 0443 0444 0442 0440 0436 0435 0430

MSDNet
Exit 1 2 3 4 5 6 7

IMI 0996 0.998 0.99 0.999 0.998 0.997 0.996
C10 IIM1 1.030 1.026 1.029 1.026 1.027 1.026 1.030
IM2 0250 0.247 0.247 0.244 0.246 0.245 0.246

IMI 0988 0.987 0988 0.990 0.990 0.990 0.990
C100 IIM1 1.026 1.027 1.025 1.025 1.025 1.025 1.025
IM2 0453 0455 0455 0455 0456 0.457 0.455

IMI 0993 0992 0992 0.992 0992 0.994 0.993
TIM 1M1 1.015 1.016 1.016 1.015 1.015 1.013 1.014
IM2 0423 0425 0426 0426 0426 0429 0430

19



	Introduction
	Related Work
	M-SEEEN
	Experiments
	Performance
	Explanations

	Conclusion
	Performance
	Extended Setup
	Prediction Reliability
	Computational Cost
	Extended Explanation Quality
	Metrics
	Explanation By Examples
	Counterfactuals


