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Abstract

To ensure the reliability of deep models in real-world appli-
cations, out-of-distribution (OOD) detection methods aim
to distinguish samples close to the training distribution (in-
distribution, ID) from those farther away (OOD). In this
work, we propose a novel OOD detection method that uti-
lizes singular value decomposition of the weight matrix
of the classification head to decompose the model’s acti-
vations into decisive and insignificant components, which
contribute maximally, respectively minimally, to the final
classifier output. We find that the subspace of insignificant
components more effectively distinguishes ID from OOD
data than raw activations in regimes of large distribution
shifts (Far-OO0D). This occurs because the classification ob-
Jjective leaves the insignificant subspace largely unaffected,
vielding features that are “untainted” by the target classi-
fication task. Conversely, in regimes of smaller distribution
shifts (Near-OOD), we find that activation shaping methods
profit from only considering the decisive subspace, as the
insignificant component can cause interference in the acti-
vation space. By combining two findings into a single ap-
proach, termed ActSub, we achieve state-of-the-art results
in various standard OOD benchmarks.'

1. Introduction

Improvements in the accuracy of deep neural networks
(DNN5s) continue to drive their deployment in a broad range
of real-world settings. Consequently, ensuring the reliabil-
ity of these models across a variety of conditions is becom-
ing increasingly crucial. Since realistic applications can vi-
olate the closed-world assumption of typical DNNs, an ac-
tive area of research is devoted to the development of out-
of-distribution (OOD) detection methods [60]. OOD de-
tection is concerned with distinguishing OOD inputs, devi-
ating from any of the predefined class distributions, from
in-distribution (ID) inputs that belong to the training dis-
tribution [17]. Methods for OOD detection usually utilize
score functions [33, 36, 37] to output a single scalar for each
input, indicating if that input is OOD or ID. These score

IThe code is available at https:/github.com/visinf/actsub/.

3509

Stefan Roth '
Zhessian.Al
MSP
A
=
X 40 R i
I A  Energy
& GEN
8 Reget  vim
e} Wei‘Per A
8
= 201~ SCALE B
Ours ¢
o ASH-S
| | | |
50 55 60 65 70 75

Near-OOD FPR (%, |)

Figure 1. False positive rate (FPR) for OOD detection when OOD
inputs are close to (Near-OOD) and far from (Far-OOD) the ID
domain. Our approach outperforms established baselines, espe-
cially for more challenging Near-OOD examples.

functions can be based on model inherent information, such
as logits [20, 36, 64], distances [15, 31, 35, 52], or (shaped)
activations [11, 51, 57, 58].

In this work, we show that DNN activations can be de-
composed into decisive directions/components, which con-
tribute significantly to the classifier output, and insignif-
icant directions/components, which have minimal effect
on the model’s output. Interestingly, activations still vary
strongly across the insignificant subspace, which affects
typical score functions for OOD detection. Based on this
observation, we derive two important implications for OOD
detection: First, while decisive directions are affected by
the model’s classification objective — yielding activations
that specifically support the separation of the target classes
(rather than ID from OOD data) — this effect is less pro-
nounced for insignificant directions that are mostly ignored
during training. As a result, the insignificant activation sub-
space is akin to powerful features from a random neural net-
work [4, 10, 53], which allow to solve other classification
tasks, such as OOD detection. While a similar proposition
was already made in [8], we extend these results by utiliz-
ing a larger set of insignificant directions. Second, direc-
tions from the insignificant subspace can interfere with the
decisive subspace, causing different activations to produce
the same output. This leads to them being handled inconsis-
tently by activation shaping methods, which is undesirable.



To make use of these implications, we decompose the
weight matrix of the linear classification head in a DNN
with singular value decomposition, allowing us to decom-
pose the weight matrix into decisive and insignificant sub-
spaces. The first observation is realized by computing score
functions after projecting activations into the insignificant
subspace, i.e., when decisive directions are pruned from the
activations. The second implication is addressed by apply-
ing activation shaping methods on the projection of activa-
tions into the decisive subspace, i.e., when interfering in-
significant directions are pruned from the activations. In a
wide range of experiments, we demonstrate that the pro-
posed activation subspaces drastically improve OOD detec-
tion, making our approach state of the art (SotA).

Specifically, our contributions are as follows: (i) We de-
compose activations into orthogonal decisive and insignif-
icant subspaces using singular value decomposition of the
weight matrix of the classification head. (ii) We show that
the insignificant components provide a powerful feature
space for OOD detection. (iii) We reduce the influence of
interference between insignificant and decisive directions in
the activation space by selectively applying activation shap-
ing to the decisive subspace. (iv) We combine the energy
score from the shaped decisive subspace and the cosine sim-
ilarity score from the insignificant components. (v) Our em-
pirical findings suggest that when applied in combination,
scores from the two activation subspaces significantly out-
perform previous baselines, achieving SotA results.

2. Related Work

Preliminaries. OOD detection can be reduced to estimat-
ing a score function that separates ID and OOD inputs. A bi-
nary decision function G(-) determines if an input x is OOD
(G = 1) for model F' using a threshold 7 and score function
S(-) via G(x, F,7) = [S(x, F') > 7], with [-] denoting the
Iverson bracket [28]. To improve OOD detection, training
time regularizations [18, 24, 38, 39, 46] aim to constrain
the activation space to increase ID-OOD separability. On
the other hand, post-hoc methods utilize an already trained
model and its available training data [11, 36, 52, 55]. We fo-
cus on post-hoc methods, which can be further categorized
by the information used to construct the score function.

Distance-based methods typically rely on the activation’s
position in the embedding space. The distance of that posi-
tion to the estimated ID distribution can be measured with
a Mahalanobis distance [31]. NuSA utilizes the norm of
the projection of the activation to the null space [8]. KNN
measures the average Euclidean distance of the normalized
activation [52]. Recently, it has been shown that distances
of activations to decision boundaries are discriminative for
OOD detection [35]. Alternatively, PCA-based methods use
the reconstruction error as score function [13, 15, 55]. For
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ID data, one expects low coverage over residual directions
of PCA, as those are the directions with low expected vari-
ance. Consequently, if the norm of the residual, hence the
reconstruction errot, is high, the input is detected as OOD.
We emphasize that the directions deemed insignificant in
our work are rather distinct from PCA residuals, as our di-
rections are determined by their contribution to the decision,
not the projection’s variance.

Logit-based methods utilize the model’s prediction instead
of the activation [17, 20, 36, 64]. For example, one can use
the prediction’s confidence [17] or the information entropy
of the prediction [5, 37] as the score function [17]. Simi-
larly, the free Helmholtz energy [36], simply referred to as
energy, is highly used in the literature [11, 14, 21, 34, 51,
66]. PCA-based methods commonly combine the recon-
struction error with the energy [15, 55]. NNGuide uses the
energy as a guidance term for cosine similarity [41]. SHE
uses the energy function of a Hopfield network to store class
patterns [62]. Activation shaping methods utilize the energy
of the shaped activations [1, 11, 51, 57, 58, 61].

Activation shaping methods aim to actively identify and
mitigate activation channels that decrease ID-OOD separa-
bility. ReAct uses truncation to mitigate abnormal OOD
activations [51]. BATS uses inherent information in batch
normalization layers [26] to determine the range for trun-
cation [66]. RankFeat removes the direction of the highest
variance, estimated from the data matrix [48]. VRA targets
both abnormally high and low activations using a variational
method [58]. ASH selects top channels while pruning the
rest [11], applying exponential scaling to top activations.
SCALE further analyses and extends ASH, demonstrating
that the key factor in ASH’s effectiveness is scaling rather
than pruning [57]. In parallel, methods, such as DICE, tar-
get the weight matrix to eliminate abnormal channels [50].
LINe uses Shapley [47] values to identify important neu-
rons [1]. DDCS leverages the discriminability of neurons
when selecting the channels to prune [61]. SeTAR uses low-
rank approximation to refine the weight matrix, primarily
targeting vision-language models [32].

Gradient-based methods investigate the gradients of the
model weights. GradNorm uses the norm of the gradi-
ents [25]. GradOrth uses the projection of gradient to the
singular directions of the data matrix, following a similar
motivation as PCA methods [2]. GAIA utilizes abnormali-
ties in gradient-based attributions [6].

3. OOD Detection in Activation Subspaces

In this work, we propose a novel algorithm, termed ActSub,
for OOD detection that leverages decisive and insignificant
activation subspaces of a DNN. We will first convey the in-
tuition behind our approach and then outline the algorithm
in detail in Sec. 3.1.
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Figure 2. Softmax output (softmax, ) for the class associated with
Logit,, assuming a setting with two classes. The black lines repre-
sent contour lines for the output values 0.1, 0.5, and 0.9. Note how
they are parallel, illustrating that there is a direction in the logit
space that does not affect the softmax output.

Insignificant directions for OOD detection.  We let
F': R™ +— R" denote a DNN that maps an input x € R™ to
a feature activation a € R". To classify x, such an activa-
tion is projected onto class logits 1 € R€ via a linear trans-
formation 1 = Wa with W € R*™ (we omit the bias b for
simplicity of exposition and empirical insignificance). Our
intuition behind using activation subspaces is based on a
simple observation that was also discussed in [8, 55]: there
are directions in the activation space of a DNN that have
only a minimal impact on the classification output. With
a grain of salt, we call these directions insignificant while
they turn out indeed important for OOD detection.

The existence of these directions is easy to show with the
nullspace of W [8] — the nullspace of a matrix W consists
of all vectors q such that Wq = 0 [49]. For any matrix
W e R*™ with n > ¢, the nullspace is guaranteed to be
non-trivial, and we let Q denote the orthogonal basis span-
ning that nullspace. For example, in an ImageNet-1k [9, 44]
trained ResNet-50 [16], the activation a is in R*=2%8 while
the class logits 1 are in Re=1000 " Gince 2048>1000, the
weight matrix W of the model has a non-trivial nullspace
and, therefore, there are directions q in the column space of
Q that do not affect the model’s classification output.

The existence of such insignificant directions has two in-
teresting implications for OOD detection. First, activations
along these directions still encode input statistics, making
them particularly useful for OOD detection [8]. We posit
that these insignificant directions are helpful because DNNs
tend to enforce activations to align with known classifica-
tion directions due to the cross-entropy loss, which max-
imizes the class posterior [27]. This presents a challenge
for OOD detection because OOD activations are also biased
toward high alignment with the known directions, making
them difficult to distinguish from in-domain (ID) activa-
tions. Second, the insignificant directions remain “invisi-
ble” to the loss during training — since the output and the
gradients along these directions are constant, the model re-
tains its behavior from the random initialization of weights.
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In this insignificant activation subspace, the DNN thus be-
haves akin to a random neural network, which are known
to support challenging classification tasks [10]. We exploit
this for OOD detection.

Proposition 3.1. Insignificant directions in the activation
space that only marginally affect the output of a classifier
can be useful for distinguishing OOD from ID activations.

Until now, our presented intuition mostly aligns with that
of [8]; however, we go beyond their work by considering
a larger set of insignificant directions. Further, we identify
a novel second implication of the existence of insignificant
directions: Different activations along the insignificant di-
rections yield the same model output, while individual acti-
vation elements a; may change. Consequently, the highest
activating elements can vary, potentially impacting the re-
sponse of activation shaping methods [11, 51, 57, 58]. This
inconsistency can lead to different prunings for activations
that result in the same model output, which is undesirable.

Proposition 3.2. Insignificant directions in the activation
space may interfere with decisive directions, potentially
harming activation shaping methods.

3.1. Going beyond the nullspace of weights

Now that we have established two propositions claiming
that insignificant directions in the activation space of a DNN
are helpful for OOD detection, we extend our analysis by
exploring additional insignificant directions.

The softmax-invariant direction. We assume that a clas-
sification model was trained using a cross-entropy loss,
where the softmax function of the logits 1 is computed as

eli
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When plotting the softmax output for the two-dimensional
case (cf. Fig. 2), it becomes directly evident that there is
a direction where the softmax output remains constant (de-
noted by the parallel black lines). It is easy to show that this
direction is given by 1 = (1,...,1)T € R" for the general
n-dimensional case. Due to the linearity of W & R*"™,
there is also a direction p in the activation space of the
model where the softmax output remains constant when
adding that direction to any activation vector a: @

Va € R.

ey

softmax(1); =

softmax(Wa); = softmax(W (a + ap));

Specifically, that direction is given by p = W1, with W
denoting the pseudoinverse of W. Note that by definition,
p is not in the null space of W, since Wp =1 # 0.

Relaxing insignificant directions. Directions in the
nullspace of W and the above softmax-invariant direction
do not change the output of the model at all when added
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Figure 3. Flow diagram of our proposed ActSub algorithm. Briefly, an input x is fed through a model F' to obtain the activation a, which

Rd
is decomposed into the insignificant component a and the decisive component & using SVD on the weight matrix W. Our final score S is

a combination of § (obtained by comparing a to insignificant activations from the training set a(*)) and S (obtained by applying activation
shaping ®(-) on ). Please refer to Sec. 3.2 for a detailed explanation.

to any activation. However, Propositions 3.1 and 3.2 also
apply for insignificant directions that only marginally affect
the model output. Thus, in a more general sense, we are in-
terested in finding all directions in the activation space that
only slightly affect the classification output. To find such di-
rections, we make use of the singular value decomposition
(SVD) by factorizing the classifier weight matrix as

W =UuxV”. (3)

Without loss of generality, we assume that the singular val-
ues X;; are in descending order. Intuitively, the rows in V7
build an orthonormal basis where the first rows correspond
to the most important, i.e. decisive, subspace of W, and the
last rows to the least important, i.e. insignificant, subspace.
The corresponding singular values indicate how important
the respective directions are. Although the SVD in Eq. (3)
does not explicitly include the softmax function, we empiri-
cally find that the right singular vector corresponding to the
smallest non-negative singular value almost perfectly aligns
with the softmax-invariant direction, p = W1, described
earlier, for many backbone models. We believe this prop-
erty emerges during training with the softmax, as this direc-
tion is irrelevant to the loss, leading to W naturally ignoring
it. Further, the right singular vectors corresponding to the
zero singular values lie in the nullspace of W. These two
findings nicely connect the previously outlined theory with
our actual method and further validate our approach.

With W being decomposed into orthonormal directions
of decreasing importance, we define two auxiliary bases

VT viT ifi <k VT o7 ifi<k @
- T . bl T . bl
0 otherwise v; otherwise

K3

for subspaces that only contain the decisive, respectively
insignificant, directions of V7. v, denotes the ™ column
in V. We can now express an activation a in terms of these
bases, effectively pruning the insignificant, respectively
decisive, directions from a:
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— — —
a=VVTa, a=VVTa,

®)

Since a is mostly relevant for the decision of the model, we
call it the decisive component. Correspondingly, we call a
the insignificant component.

The hyperparameter k in Eq. (4) specifies the number of
directions in V7 that are considered decisive/insignificant.
In other words, k determines the degrees of freedom of
the respective subspace. Each additional direction increases
the expected norm of the projected representation; thus the
norm can serve as a proxy for the amount of information
captured in each subspace. We select k such that the norms
of the decisive (a(¥)) and insignificant @) components of
activations a(?) of the training samples x(*) are as close as
possible:

N

1 . )
in [ = 20| H(z))
argmin > (1A - 2

1=1

(6)

Our approach eliminates the hyperparameter search on k,
which can otherwise vastly differ for different models and
numbers of classes. We provide further analysis in the sup-
plement.

3.2. Utilizing the activation subspaces

Building on the above approach to extract the decisive, re-
spectively insignificant, directions of the activation a, we
now outline our OOD detection algorithm, combining two
score functions that are based on Propositions 3.1 and 3.2.

Comparing directions. In Proposition 3.1, we argued that
OOD and ID activations should be easier to distinguish in
the insignificant subspace that only has a minor impact on
the model output. Using the above formulation, we can
directly formalize this idea with a score function S. We
extend the implementation of NNGuide [41] to insignif-
icant components and calculate the average cosine simi-
larity of pruned test-time input activations to pruned acti-
vations from training samples; contrary to NNGuide, we



omit the guidance term. More specifically, we iterate over a
small random subset (10%) of the training dataset and com-
pute the average cosine similarity cos_sim(-) between the
insignificant component a and insignificant components of
the top N samples a(*) from the randomly sampled training
subset with the highest similarity to a:

> )

§:—log<

While the average cosine similarity is a discriminative mea-
sure, it lies within a tight range, causing issues when com-
bining it with our second score function § (see below). To
address this, we use log(1—. . . ) on the average cosine simi-
larity to expand the range of the values and bring both score
functions into similar ranges.

N
1 —(2 —
1-— N E cos_sim(a, a)

i=1

Activation shaping. Using the above formulations, the
logit output of our model can be approximated as

UxVTa~ USVTa, (8)

Recalling Proposition 3.2, & only contains decisive direc-
tions, which should improve activation shaping methods
®(-) by reducing the interference from insignificant direc-
tions. We thus compute the second score function S of our
approach as the energy F [36] over K logits:

S—_E (UEV%(E))
K . ©)
= —log Z exp ((UEVT(I)(E))j
7

).

The final score function S of our proposed ActSub algo-
rithm for OOD detection is defined as

“ =\

S=5

—

-5, (10)
with A being a scalar that modulates the two score functions
and is estimated via a hyperparameter search on a small
range of values on the validation split (see supplement).
Fig. 3 provides a flow diagram for our proposed approach.

Distinction to PCA-based approaches. At first glance,
our proposed method may appear similar to PCA-based
OOD detection methods [13, 15, 55]. They project acti-
vations onto the directions with the lowest variance, as de-
termined by applying PCA to the activation covariance ma-
trix of the in-distribution training samples. However, these
methods are fundamentally different from our proposed ap-
proach. Theoretically, there is no direct connection between
the directions of the smallest variance in the activations and
those that only marginally affect the linear classifier. How-
ever, the model could still learn to align these directions. To
demonstrate that this is not the case, in Fig. 4, we show the
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Figure 4. Projection of the softmax-invariant direction p from
Eq. (2) onto the right singular vectors of the weight matrix (SVD)
or the eigenvectors of the activation covariance (PCA). The x-axis
represents the respective directions in descending order of their
singular values, respectively, eigenvalues. The y-axis shows the
magnitude of the projection onto each of the corresponding di-
rections. The softmax-invariant direction almost perfectly aligns
with the right singular vector corresponding to the smallest non-
negative singular value. For PCA, it aligns with many directions
of high variance, especially the highest variance one.

projection of the softmax-invariant direction p from Eq. (2)
to the right singular vectors of the weight matrix (SVD) and
the eigenvectors of the activation covariance (PCA). We use
an ImageNet-1k [9, 44] pre-trained ResNet-50 [16] with an
activation dimension of n = 2048 and samples from the Im-
ageNet-1k training split with 1000 classes. For SVD on the
weight matrix W, the softmax-invariant direction perfectly
aligns with the direction of the smallest non-negative sin-
gular value. However, for PCA on the training activations,
the softmax-invariant direction shows high alignment with
many directions of high variance. Interestingly, the align-
ment is particularly high with the direction of the largest
variance.

4. Experiments

Metrics. We report results on two established standard
metrics for OOD detection [17]: the area under the receiver
operating-characteristic curve (AUC), where higher values
indicate better accuracy, and the false positive rate (FPR) of
the OOD inputs, where the true positive rate of ID inputs is
95 %. For FPR, lower indicates better results.

4.1. Main results

To demonstrate the effectiveness of our method, we fol-
low the standard setting in the literature [24, 51] and report
the OOD detection accuracies for an ImageNet-1k [9, 44]
trained ResNet-50 [16] for OOD data from iNaturalist [22],
SUN [56], Places [65], and Textures [7] in Tab. 1. We
use the ResNet-50 checkpoint of torchvision [42] to en-
sure reproducibility and fair comparison. We compare our
method against established and state-of-the-art methods,
focusing on different method families, such as distance-
based, logit/energy-based, and activation shaping-based ap-
proaches. To ensure fair comparisons to the respective
method families, we not only report results for our fi-



iNaturalist SUN Places Textures Average
Method AUC (1) FPR({) AUC (1) FPR({) AUC (1) FPR({) AUC (1) FPR(]) AUC (1) FPR({)
Mahalanobis [31] 52.65 97.00 42.41 98.50 41.79 98.40 85.01 55.80 55.47 87.43
© KNN [55] 86.47 59.00 80.72 68.82 75.76 76.28 97.07 11.77 85.01 53.97
% ViM [52] 87.42 71.85 81.07 81.79 78.40 83.12 96.83 14.88 85.93 62.91
2 CoRP [13] 89.32 50.07 83.74 62.56 78.91 72.76 98.14 9.02 87.53 48.60
A fDBD [35] 93.67 40.24 86.97 60.60 84.27 66.40 92.12 37.50 89.26 51.19
§(0urs) 91.77 42.80 87.43 56.71 82.08 69.23 98.33 8.53 89.90 44.32
MSP [17] 88.17 51.44 79.95 72.04 78.84 74.34 54.90 78.69 81.41 63.18
ODIN [33] 91.32 41.07 84.71 64.63 81.95 68.36 85.77 50.55 85.94 56.15
Energy [36] 89.95 55.72 85.89 59.26 82.86 64.92 85.99 53.72 86.17 58.41
= NNGuide [41] 95.12 25.73 91.21 37.18 88.67 46.97 92.30 27.70 91.82 34.39
& NRE[15] 91.09 50.36 87.55 54.19 84.00 64.13 92.59 29.33 88.81 49.50
~ DML [64] 91.61 47.32 86.14 57.40 84.68 61.43 86.72 52.80 87.28 54.74
SHE [62] 90.18 3422 84.69 54.19 90.15 45.35 87.93 45.09 88.24 44.71
CoRP [13] 95.15 26.85 90.76 40.38 87.35 51.26 97.17 12.11 92.61 32.65
—FE . §(0urs) 95.21 26.30 91.20 39.82 87.63 51.84 97.43 10.35 92.87 32.08
ReAct [51] 96.22 20.38 94.20 24.20 91.58 33.85 89.80 47.30 92.95 31.43
BATS [66] 97.67 12.57 95.33 22.62 91.83 34.34 92.27 38.90 94.28 27.11
DICE [50] 96.24 18.64 93.94 25.45 90.67 36.86 92.74 28.07 93.40 27.25
o NRE[I5] 97.97 10.17 95.80 18.50 93.39 27.31 95.95 18.67 95.76 18.66
£ VRA [58] 97.12 15.70 94.25 26.94 91.27 37.85 95.62 21.47 94.57 25.49
g LINe [1] 97.56 12.26 95.26 19.48 92.85 28.52 94.44 22.54 95.03 20.70
z ASH-S [11] 97.87 11.49 94.02 27.98 90.98 39.78 97.60 11.93 95.12 22.80
g CoRP [13] 97.85 10.77 95.75 18.70 93.13 28.69 97.21 12.57 95.98 17.68
E fDBD [35] 98.07 10.19 94.87 24.58 92.00 36.12 97.48 12.52 95.61 20.85
;:5 DDCS [61] 97.85 11.63 95.68 18.63 92.89 28.78 95.77 18.40 95.55 19.36
SCALE [57] 98.17 9.50 95.02 23.27 92.26 34.51 97.37 12.93 95.71 20.05
NN-SCALE 98.04 10.08 94.72 24.12 91.74 35.58 97.53 12.50 95.51 20.57
§ (ours) 98.67 6.71 96.48 15.16 95.05 21.95 89.09 43.48 94.80 21.82
>
S ActSub (ours) 98.51 7.19 96.40 16.73 94.40 25.64 97.66 11.01 96.74 15.14

Table 1. OOD detection accuracies for ResNet-50 trained on ImageNet-1k (all in %). We consider three model families. For baseline
methods that are mentioned multiple times, we report the version that corresponds to each model family. For each setting, we select the
top results from the respective paper (e.g., for fDBD [35], we consider the variant with SCALE [57]).

nal method (§), but also separate it into its components:
for distance-based approaches, we report OOD detection
results when only considering the cosine similarities of
the insignificant component (§); for logit/energy-based ap-
proaches, we replace the decisive component (§ ) of S with
energy over the logits (—E(Wa) - S); and for activation
shaping-based approaches, we also consider only using ac-
tivation shaping on the decisive component (§). Note that
method families are not strictly defined and may overlap;
rather, they indicate the primary focus of each respective
method. If not stated otherwise, we use the current Soté
activation shaping method SCALE [57] to define ® in S
(cf. Eq. 9); however, as we show in Tab. 4, other activation
shaping methods can be used.

Remarkably, the different components of our method
achieve superior accuracy in each respective method fam-
ily. We achieve the highest average values among distance-
based approaches, particularly excelling in detecting OOD
samples from the Textures dataset. We increase the AUC
by 0.64 % points and reduce the FPR by 6.87 % points on
average compared to the closest baseline (in terms of AUC)
fDBD [35]. Similarly, we outperform other methods when
focusing on logit/energy-based approaches, outperforming
NNGuide [41] by 1.05 %/2.31 % points for AUC/FPR, re-
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spectively. Our approach achieves SotA results among ac-
tivation shaping methods on iNaturalist, SUN, and Places.
However, the accuracy on Textures lags significantly, which
impacts the overall average. When considering our final
method ActSub (§) and not only its individual components,
we achieve SotA results on all datasets. Specifically, com-
pared to the recent SCALE [57], our method increases the
AUC by 1.03 % and reduces the FPR by 4.91 % points.

We hypothesize that combining both components works
particularly well because the activation shaping part suf-
fers on Textures while the distance part recovers the ac-
curacy when combined. Both target different aspects of
the distribution shift, and thus, they complement each other
when combined. Additionally, we evaluate NNGuide [41]
combined with the current SotA activation shaping-method
SCALE (denoted as NN-SCALE) to demonstrate that
a straightforward approach of combining SCALE with
guided cosine similarity does not suffice.

4.2. Further backbones and datasets

To ensure that our findings generalize to different back-
bones and datasets, we next conduct a number of further
experiments analogous to Sec. 4.1.

MobileNetV2. In Tab. 2, we report results on iNatural-



iNaturalist SUN Places Textures Average

Method AUC (1) FPR({) AUC (1) FPR({) AUC (1) FPR({) AUC (1) FPR(]) AUC (1) FPR({)
MSP [17] 85.71 63.09 76.01 79.67 75.51 81.47 76.49 75.12 78.43 74.84
Energy [36] 88.91 59.50 84.50 62.65 81.19 69.37 85.03 58.05 8491 62.39
ODIN [33] 91.33 45.61 83.44 63.03 80.85 70.01 85.61 52.45 85.31 57.78
ReAct [51] 92.72 43.07 87.26 5247 84.07 59.91 90.96 40.20 88.75 48.91
BATS [66] 94.33 31.56 90.21 41.68 86.26 52.43 90.76 38.69 90.39 41.09
DICE [50] 93.57 32.30 92.86 31.22 88.02 46.78 96.25 16.28 92.68 31.64
NRE [15] 93.66 35.84 90.77 40.35 86.76 52.38 95.39 18.44 91.65 36.75
LINe [1] 95.53 24.95 92.94 33.19 88.98 47.95 97.05 12.30 93.62 29.60
ASH-S[11] 91.94 39.10 90.02 43.62 84.73 58.84 97.10 13.12 90.95 38.67
NNGuide [41] 91.19 45.73 87.87 51.03 84.44 60.60 92.47 29.50 88.99 46.72
CoRP [13] 94.27 31.72 90.98 40.77 86.42 55.69 97.49 10.48 92.29 34.66
DDCS [61] 96.87 17.44 95.83 17.42 91.80 30.49 94.86 25.11 94.84 22.61
SCALE [57] 94.43 30.26 91.67 38.56 87.35 53.28 96.66 14.63 92.52 34.18
§(ours) 70.43 82.72 73.12 83.53 64.83 91.89 96.42 17.27 76.20 68.85
=

S (ours) 97.67 12.54 96.24 17.30 93.51 28.66 92.58 36.21 95.00 23.68
>

S ActSub (ours) 97.43 13.90 96.02 18.31 93.08 30.26 94.95 24.34 95.37 21.70

Table 2. OOD detection accuracies for MobileNetV2 trained on ImageNet-1k (all in %). We report each of our components separately and
in combination. For baseline methods, we consider best-reported results with this setting, e.g., in combination with a previous method.

CIFAR10 CIFAR100 Near-OOD (Avg,) Far-OOD (Avg.)
Method AUC (1)  FPR ({) AUC (1)  FPR ({) Method AUC (1)  FPR({) AUC (1)  FPR ({)
Energy [36] 92.53 35.55 77.39 81.34 MSP [17] 76.02 65.67 85.23 51.47
ReAct [51] 93.77 3531 80.24 77.38 Energy [36] 75.89 68.56 89.47 38.40
DICE [50] 93.09 3021 83.15 62.00 ReAct [51] 77.38 66.75 93.67 2631
LINe [1] 95.75 20.88 84.63 4574 RankFeat [48] 50.99 91.83 53.93 87.17
ASH-S [11] 95.25 21.12 87.76 47.89 ViM [52] 72.08 71.35 92.68 24.67
DDCS [61] 96.05 19.35 86.73 43.05 SHE [62] 73.78 73.01 90.92 4145
SCALE [57] 96.16 17.84 88.44 45.86 GEN [37] 76.85 65.32 89.76 35.61
= ASH-S [11] 79.63 62.03 96.47 16.86
S ActSub (ours) 96.87 1537 89.35 41.26 WeiPer+KLD [14] 80.05 61.39 95.54 22.08

) . SCALE [57] 81.36 59.76 96.53 16.53
Table 3. CIFAR OOD detection accuracies for DenseNet-101 (all =
in %). We report average accuracy over four OOD datasets when %i“:“b w/ ie‘::‘ 71‘70 62‘26 96'5? ii;;
CIFAR10 and CIFAR100 are ID. o AdtSub w/ASH-S 8400 3246 969 :

S ActSub w/ SCALE 84.24 52.60 96.96 14.29

ist, SUN, Places, and Textures for an ImageNet-1k trained
MobileNetV2 [45] (from torchvision). Since evaluations
on this backbone are less established in related work than
for ResNet-50, with fewer reported results, we include a
smaller set of baselines. However, to ensure fair and com-
plete comparisons, we reproduce key baselines, such as
SCALE. Confirming the results of the ResNet-50 setup,
our combined method achieves Soté results on MobileNet,
with the activation shaping variant S lagging behind in Tex-
tures while the distance variant S excels on Textures.

CIFAR with DenseNet-101. Table 3 shows the accuracy
of ActSub for CIFAR10 [29] and CIFAR100 [29] as ID
setup. To vary the backbone even more, we use the popular
DenseNet-101 [23] model, trained as in [1, 50]. For OOD
detection, we report the average accuracy over four datasets:
SVHN [40], iSUN [59], Places365 [65], and Textures [7].
Similarly to previous experiments, our method ActSub out-
performs the considered baselines. We increase the AUC
over SCALE by 0.71 %/0.91 % points and reduce the FPR
by 2.47 %/4.60 % points for CIFAR10 and CIFAR100, re-
spectively. These observations emphasize the generaliza-
tion capabilities of our approach to different datasets.
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Table 4. OpenOOD OOD detection accuracies for ResNet-50
trained on ImageNet-1k (all in %). We report average Near- and
Far-OOD accuracy.

OpenOOD. We extend our experiments to the more chal-
lenging OpenOOD [63] benchmark. OpenOOD proposes a
categorization of OOD datasets based on how close they are
to the domain as Near- and Far-OOD. For ImageNet-1k as
ID, OpenOOD considers NINCO [3] and SSB-Hard [54]
as Near-OOD; iNaturalist [22], Textures [7], and Open-
Image-O [55] as Far-OOD. We again use the torchvision
ResNet-50 checkpoint trained on ImageNet-1k. We further
evaluate ActSub in combination with ReAct, ASH-S, and
SCALE, and present the results in Table 4. For Far-OOD,
we observe a consistent improvement with our method
ActSub. For ReAct, ASH-S, and SCALE, we increase
the AUC by 2.89 %/0.44 %/0.43 % points and reduce the
FPR by 10.74 %/2.64 %/2.24 % points, respectively. Fur-
thermore, ActSub significantly outperforms SCALE and
ASH-S in the more challenging Near-OOD case, increasing
the AUC by 2.88 %/4.43 % points and reducing the FPR by
7.16 %/9.57 % points, respectively. When combined with
SCALE, ActSub reaches SotA results for OpenOOD.



Near-OOD (Avg.) Far-OOD (Avg.)

Basis AUC (1)  FPR({) AUC (1) FPR({)
PCA 64.10 75.84 71.55 63.00
— SI-PCA 65.68 78.42 90.62 34.94
S Null Space 66.43 77.64 92.20 31.11
SVD 67.51 76.27 92.74 29.51
PCA 80.97 60.30 96.10 18.75
< SI-PCA 81.37 60.06 96.36 17.54
S Null Space 81.68 59.71 96.35 17.80
SVD 84.90 56.39 93.58 29.31
PCA 80.40 58.44 96.17 17.30
< SI-PCA 80.69 59.99 96.73 15.43
S Null Space 80.04 60.94 96.78 15.10
SVD 84.24 52.60 96.96 14.29

Table 5. Different bases for S S and S. Our proposed SVD ba31s
outperforms other bases for S on the Far- OOD setting and for S
in the Near-OOD setting (gray). However, S with SVD suffers in
the Far-OOD setting (red). When combining both score functions,
SVD leads in both settings.

4.3. Ablation studies

Motivated by the behavior of our method on Textures —
a Far-OOD dataset compared to iNaturalist, SUN, and
Places — we conduct ablations with the experimental set-
ting of OpenOOD to gain a better understanding of different
methods under Near- and Far-OOD settings separately.

Different basis-selection strategies. In Tab. 5, we investi-
gate how different basis-selection strategies for decisive and
insignificant subspaces affect the individual and combined
components of our method. We compare our method (SVD)
against three different basis-selection strategies: (PCA) We
take principal directions from eigenvectors of the covari-
ance matrix of activations as the decisive component; resid-
ual directions define the insignificant component. (SI-PCA)
We enforce the softmax-invariant direction to be captured in
the residual subspace of PCA by setting the activation vari-
ance along the softmax-invariant direction to zero. (Null
Space) We define the insignificant component as the null
space of the weight matrix, leaving the row space for the de-
cisive component. For PCA and SI-PCA, we take D = 512
directions, which corresponds to 95 % of the variance.

For the cosine similarity on the insignificant component,
ie., §, we observe that PCA particularly suffers in Far-
OOD. Capturing the proposed softmax-invariant direction
in the PCA residuals strongly improves the accuracy, high-
lighting the importance of distinguishing between activation
variance and activation directions that only marginally af-
fect the classifier output. Null space improves over SI-PCA,
as it targets the directions orthogonal to the model’s deci-
sion. Our relaxation of the null space further improves the
accuracy. For activation shaping on the decisive component,
ie., § , we observe similar trends as before, but now on the
Near-OOD setup, with our SVD decomposition achieving
the highest accuracy. However, the Far-OOD accuracy un-
derperforms with SVD. Combining information from both
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Near-OOD (Avg.) Far-OOD (Avg.)

Component for g AUC (1) FPR ({) AUC (1)  FPR({)
N a 70.18 73.74 76.34 60.50
S a 71.75 70.11 87.77 40.80
a 67.51 76.27 92.74 29.30
., a 81.89 56.77 92.47 28.41
S a 84.11 52.86 96.00 17.98
a 84.24 52.60 96.96 14.29

Table 6. Different components for S. We show how different ac-
tivation components (a, a, a) affect our cosine similarity-based
score function S, when considered in isolaﬁ}ion and in combination
with the activation shaping-based S (i.e., S).

subspaces of our method (§ ) again complements each other,
achieving the highest accuracy in both settings.

Different components for S. Tab. 6 shows the accuracy
when different activation components — i.e., the entire ac-
tivation a, the decisive component a, and the insignificant
component a — are utilized for our cosine similarity-based
score . For Far-OOD, the accuracy of S from the decisive
component A is significantly behind that of the activation a.
This observation follows our motivation on the model en-
forcing alignment on the directions with high significance.
Supporting our approach, using the insignificant component
a yields the best results. The same conclusions are drawn
when combining both of our score functions (§).

Limitations. (i) Similar to other distance-based ap-
proaches, our cosine similarity-based score S relies on the
training data, which limits the applicability when not avail-
able. (ii) While our method is not overly sensitive to the
hyperparameter A (see supplement), the optimal A can still
vary for different backbones. (iii) Our method relies on a
linear classification head. (iv) Our evaluation is limited to
the image classification domain, and the extension to other
tasks, such as semantic segmentation, could provide valu-
able insights about our method’s generalization.

5. Conclusion

OOD detection methods rely on the information contained
in the activation space. In this study, we define two orthog-
onal subspaces within the activation space: decisive and in-
significant. The decisive component of activations deter-
mines the model’s decision. On the other hand, the insignif-
icant component is decoupled from the classification output
and yields powerful features, akin to a random neural net-
work, that are discriminative for OOD detection. Further,
we observe that selectively applying activation shaping to
the decisive component increases the separability of ID and
OOD distributions, particularly for OOD inputs close to the
ID domain. By combining discriminative information from
both subspaces, our method ActSub outperforms relevant
baselines across a variety of different benchmarks.
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