Interpretable 3D Neural Object Volumes for Robust Conceptual Reasoning
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Fig. 1: CAVE - Concept Aware Volumes for Explanations. (a) We learn 3D object volumes (left), here ellipsoids, with
concept representations. Each concept captures distinct local features of objects (color coded). At inference (right), these
concepts are matched with 2D image features, achieving robust and interpretable image classification. (b) CAVE achieves
the best robustness vs. interpretability tradeoff across methods (higher is better on both axes). We measure robustness with
OOD accuracy (%) on Occluded Pascal3D+ [40], and interpretability with concept spatial localisation (defined in Appendix).

Abstract

Robustness and interpretability are crucial to ensure trust-
worthiness of neural networks. Advances in 3D-aware
classifiers that map image features to object volumetric
representation, rather than relying on 2D appearance,
greatly improve robustness on out-of-distribution (OOD)
data. Such classifiers are not yet studied from the per-
spective of interpretability, while concept-based XAI meth-
ods often neglect OOD robustness. We introduce CAVE —
Concept Aware Volumes for Explanations — a new direction
that unifies interpretability and robustness in image clas-
sification. We design CAVE as a robust, inherently inter-
pretable classifier that learns concepts from 3D object rep-
resentation. We propose 3D Consistency (3D-C) to measure
concept consistency. Unlike existing metrics that rely on
human-annotated parts, 3D-C uses object meshes as com-
mon surfaces to project and compare explanations. CAVE
achieves competitive classification accuracy, and discovers

consistent concepts across OOD settings.
1. Introduction

Deep neural networks (DNNs) achieve strong performance
in various applications, but their predictions often rely on
spurious cues and remain opaque [30]. In explainable Al
(XAI), post-hoc methods explain pre-trained models with-
out changing their architecture [2, 10, 12, 13, 18], but
such explanations are only approximations and need not
be faithful to the model’s computation. Inherently inter-
pretable models instead impose interpretability during train-
ing [1, 6,27, 28, 31], yet they are often not designed for ro-
bustness under distribution shift, e.g., adverse weather (cf.
Fig. 2). We introduce CAVE (Concept Aware Volumes
for Explanations), an OOD-robust and inherently inter-
pretable image classifier. CAVE builds on neural object vol-
ume (NOVs) [22], replacing dense volumetric features with
a sparse set of high-level concepts that are more model-
faithful (cf. Fig. 1). It leverages zero-shot pose estimates
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Figure 2. CAVE (Ours) discovers consistent concept for Mo-
torbike images under challenging OOD nuisances in OOD-CV
dataset. Columns correspond to inputs with different OOD nui-
sances: underwater, fog, shape, and context. Rows show attribu-
tions from NOVUM + ICE (best post-hoc), TesNet (best ad-hoc)
and Ours. CAD mesh (right) visualises the class-level 3D con-
sistency of a concept, where highlighted regions visualise the ag-
gregated concept attributions across test images. CAVE produces
more consistent and localised explanations, NOVUM + ICE and
TesNet detect concepts inconsistently under nuisances.

from Orient-Anything [43], removing the need for 3D pose
supervision, and adapts layer-wise relevance propagation
(LRP) for attributing concepts in volumetric architectures.
We propose 3D consistency (3D-C), a part-annotation-free
metric that evaluates whether concepts remain spatially
consistent across viewpoints and OOD nuisances by pro-
jecting them onto a shared 3D surface. In summary, our
main contributions include:

(i) CAVE as a robust, inherently-interpretable classifier
through ellipsoid NOVs. Our concepts are spatially-
aware, and its explanations are model-faithful,

(i1) an adaptation of LRP for concept attribution in clas-
sifiers with volumetric representations,

(iii) and a novel part-annotation-free consistency metric
3D-C that captures the spatial coherence of concepts
across viewpoints and OOD nuisances.

2. Related Work

Leveraging 3D supervision. 3D information is useful
for 2D feature representations in downstream tasks like
segmentation and depth estimation, but these require rich
multi-view data [15, 19, 45]. Recently, NOVUM pioneers
using 3D information for robust classification, by consid-
ering 3D pose information to fit cuboid NOVs to an im-
age [22]. This line of work forms the basis of our approach.

Concept-based explanations. A major line of work in XAI
focuses on discovering concept representations. Post-hoc
concept extraction methods such as CRAFT [13, 14] and
ICE [46] factorise model activations to uncover latent con-
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Figure 3. CAVE adopts ellipsoid NOVs and produces a sparse
set of concepts that replace the dense thousands of Gaussians in
NOVUM, thus providing more interpretable explanations.

cepts, while MCD [39] uses sparse subspace clustering to
identify concept subspaces, and PCX [9] learns concepts
from relevance maps. These approaches offer implicit in-
terpretability, and only approximate its computation (i.e.,
not model-faithful). A different class of approaches makes
the model predictions themselves explicitly interpretable by
design such as concept bottleneck models (CBMs) [23, 31]
and prototype-based networks [6, 28, 42].

3. Concept-Aware Volumes for Explanations

Our goal is to build an image classifier with two key proper-
ties: (i) OOD robust classification, and (ii) inherently inter-
pretable model predictions. While specific solutions exist
for each property individually, combining them remains far
from trivial. Building upon NOVUM, our method leverages
volumetric object representations to simultaneously achieve
both robustness and interpretability. We provide a prelimi-
nary section on NOVUM in Appendix. We show how to ex-
tract a sparse set of interpretable concepts from dense Gaus-
sian features on NOVs, which then form our concept-based
NOVs for inherently interpretable classification. Figure 4
gives an overview of CAVE. We attribute these concepts
from the model prediction, through these concept-based
NOVs, to the input image for explanations using our modi-
fied LRP. In Appendix, we discuss how to improve learning
NOVs via more expressive shapes and weak 3D supervision
with estimated poses for CAVE, thus extending its applica-
bility to settings without ground-truth 3D pose annotations.
From NOVs to Concept-Based NOVs. To achieve an in-
herently interpretable NOV-based classifier, we identify a
meaningful concept basis from each NOV and replace the
latter with these concepts (cf. Fig. 4). Formally, for a NOV
g, € REXC" of class y, we formulate our class-wise con-
cept extraction problem with dictionary learning [14, 25]:
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Figure 4. CAVE - Concept Aware Volumes for Explanations, a framework for robust conceptual reasoning and classification through
3D-aware concept-based neural object volumes (NOVs). In this visual illustration, colors indicate the top-5 concepts within each class.
For classification, CAVE combines (a) extracted image features F), and (b) interpretable concept-aware NOVs H through a bag-of-word
concept matching (c) with equation 1, where each feature f; € Fj is best aligned with # by cosine similarity. Correct classification
happens when image features activates Car concepts, while concepts in other classes fail to align with any feature (crossed-out arrows).
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where the weight matrix Wy € R¥*P

of D concept vectors H = N S
minimize the element-wise distance between our Gaussian
features G, and W, HT In the case of hard clustering, the
weight matrix W, reduces to a discrete assignment matrix.
This allows clusterlng to be much more interpretable than
methods with less sparse weight matrices. We adopted K-
Means clustering for its balance of accuracy, concept spar-
sity, and alignment to the learned NOVs. The concept
dictionary H, is now seen as a sparse and interpretable
concept-based NOV to replace the original dense NOV
G, (Fig. 3). We modulate the original feature matching
¢(Fy,G) in NOVUM with concept matching ¢(F,, H)
that establishes correspondences between F),, and new volu-
metric representation H = [Hj; H; ... Hy] € RVPXC
Class y logit is then computed as:

Zmaxfz (1

This reformulation, illustrated in Fig. 4b-c, enables feature
matching against a compact and interpretable concept set
instead of thousands of Gaussians, yielding sparser repre-
sentations, stronger robustness, and more confident predic-
tions compared to NOVUM (cf. Fig. 5).

and the dictionary
c RDXC/

d(Fy, Hy)

Attributing concepts with NOV-aware LRP. We aim to
provide interpretable explanations on the input-level for our
NOV-based concepts H, thereby demonstrating the model’s
reasoning through neural volumetric concepts. To achieve
this, we build on LRP, a well-established attribution method
that traces relevances from the model’s prediction back to
the input pixels [3, 32]. A key principle of LRP is the con-
servation property, which requires the total relevance to re-
main constant throughout the network [32]. However, we
empirically find that when directly applied to NOV-based
architectures, LRP fails to uphold this property and instead
unfaithfully leaks relevances (see Appendix). We address
this by introducing a redistribution rule that preserves the
conservation property through the concept-matching opera-
tor ¢(F,,H), ensuring that the total relevance assigned to
input pixels equals that at the concept level > fier, Br, =
> hen Bo(h) = Ry-. This NOV-aware extension allows
us to correctly attribute predictions through volumetric con-
cepts with LRP, enabling robust and reliable concept ex-
planations even under challenging OOD conditions. Full
derivation is provided in Appendix.

4. Experiments

Datasets and metrics. @ We evaluate CAVE on in-
distribution Pascal3D+ [44] and ImageNet3D [24], and on
00D OccludedP3D+ [40] and OOD-CV [47] for accuracy



(a) In-distribution

(b) Out-of-distribution (OOD)

(¢) Top-2 score gap distribution

100

- o
o8

96
—8— CAVE (Ours) / Pascal3D+
-== NOVUM / Pascal3D+

92 CAVE (Ours) / TmageNet3D

94 4

Accuracy

90 4

88 4

[ CAVE (Ours)

———————————————————————————————— 1 NOVUM
NOVUM / ImageNet3D - CAVE (Ours) / OOD-CV
o --- NOVUM / OOD-CV 02 l
5
—#— CAVE (Ours) / OccludedP3D+ L3
5 i 0.0 ——— ——— —— ———
--= NOVUM / OccludedP3D+ L3 : " —
40 X EAV] SON N
— . . . , . . . . o , . . . . : . . 2D oD D O
510 20 30 40 50 60 70 80 90 510 20 30 40 50 60 70 80 90 ?_\gcx\\z‘ 2\%&“ ACAQB oY
. - o WY AW
Number of Concepts (D) Number of Concepts (D) W o

Figure 5. CAVE replace 1130 dense Gaussians in NOVUM with a compact concept dictionary, yielding ~ 98% sparser represen-
tations that match or slightly exceed the performance of NOVUM especially in OOD settings in (a—b). (c) shows improved model
prediction; more confident predictions indicate a clearer class separation, which improves reliability [17] and explanation confidence [29].
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Figure 6. CAVE (Ours) produces most consistent concepts
across different classes, compared to NOVUM + ICE (best post-
hoc) and TesNet (best ad-hoc). Higher 3D-C means more consis-
tent mapping to the same region.

and 3D-C. Localisation and object coverage are evaluated
on Pascal-Part [7]. See further details in Appendix.

Baselines. We compare against post-hoc concep methods
CRAFT [13], MCD [39], ICE [46], and PCX [9] applied on
NOVUM, as well as inherently interpretable baselines LF-
CBM [31], ProtoPNet [6], TesNet [42], PIP-Net [28], and
MGProto [41]. All methods use ResNet-50 backbone and
D = 20 concepts per class.

CAVE discovers spatially consistent concepts. Table |
and Fig. 6 show that CAVE achieves the strongest overall
concept quality. It yields the best localisation and substan-
tially higher object coverage than all baselines, covering
about 80% of the object on average versus 56% for the next
best method. CAVE also achieves the highest 3D-C scores
across in-distribution and OOD settings, indicating that its
concepts remain more stable under viewpoint and nuisance
shifts. Even with weak 3D supervision, CAVE outperforms
post-hoc explanations built on fully supervised NOVUM.

CAVE maintains competitive classification accuracies.
We measure robustness in terms of OOD accuracy on
OccludedP3D+ and OOD-CV, and further report accu-
racy on in-distribution Pascal3D+ and ImageNet3D (cf.

Localise. 1 Coverage T 3D Consistency (3D-C) 1
Models Pascal-Part Pascal3D+ ImageNe3D  OccludedP3D+  OOD-CV
» NOVUM + CRAFT [13] 0.18 042 028 0.26 0.15 0.15
£ NOVUM +MCD [39] 0.15 034 0.16 025 o1l 014
% NOVUM + ICE [46] 0.12 0.44 028 021 0.1s 0ls
= NOVUM 4 PCX [9] 0.11 033 0.10 021 0.08 0.11
LF-CBM [31] 0.20 056 015 014 0.13 0.11
ProtoPNet [6] 022 043 0.19 013 021 0.09
& TesNet[42] 025 0.44 020 018 018 012
T PIPNet 2] 0.12 0.13 0.09 0.09 0.07 0.00
MGProto [41] 025 03s 0.19 0.16 0.16 0.07

CAVE (Ours)
CAVE (with full 3D supervisios

0.28 (4 0.001)  0.80 (:0.002) 0.40 (+0.001)  0.40 (+ 0.001)  0.23 (£ 0.006) 024 (+ 0.002)
0.28 (0.001)  0.87 (0.002) 042 (0.001) 043 (+0.0003) 023 (£0.010) 026 (+0.001)

Table 1. Concept interpretability evaluation. Our CAVE pro-
duces concepts that are spatially localised, sufficiently diverse to
cover the object, and robustly consistent across in-distribution and
OOD settings. We report our results across 10 random seeds.

In-distribution Out-of-distribution (OOD)

W/o Ground-truth

Models

3D Pose Pascal3D+  ImageNet3D  Occluded P3D+  OOD-CV
LF-CBM [31] Yes 98.4 833 66.4 735
ProtoPNet [6] Yes 97.4 74.0 60.5 712
TesNet [42] Yes 97.6 77.9 63.8 70.1
PIP-Net [28] Yes 957 510 68.6 60.0
MGProto [41] Yes 97.2 . 73.8 3
CAVE (Ours) Yes 99.0 (£ 0.03) 84.6(+0.02) 768(x£0.51) 803 (£0.27)
CAVE (with full 3D supervision) No 99.4(+0.02) 885(+003) 81.3(£0.30) 840 (£0.21)
NOVUM (with full 3D supervision) No 99.5 88.3 81.7 81.3

Table 2. Classification accuracy (%, 1) comparison. CAVE with
weak supervision delivers competitive accuracy without ground-
truth 3D pose, with only a modest gap to full supervision.

Tab. 2). Across datasets, CAVE with ground-truth 3D poses
achieves performance competitive with NOVUM, even
slightly surpassing it on large-scale ImageNet3D (+0.2%)
and OOD-CV (+2.7%), while using much sparser represen-
tations. With weak supervision (no ground-truth 3D poses),
CAVE shows comparatively mild drops in performance on
ImageNet3D and OOD-CYV relative to ground truth pose su-
pervision, yet still clearly outperforms baselines. CAVE
provides a unique combination of inherent interpretability
and robustness to OOD data unmatched by existing work

5. Conclusion

We proposed CAVE, a 3D-aware image classifier with
concept-based NOVs to jointly achieve OOD robustness
and interpretability, while removing the need for ground-
truth 3D poses. This enables faithful concepts with strong
task performance across OOD settings. We complement ex-
isting XAl metrics with our novel 3D-C to measure concept
consistency, without relying on pre-defined parts.
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