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Abstract

Out-of-distribution (OOD) detection is a well-known chal-
lenge due to deep models often producing overconfident. In
this paper, we reveal a key insight that trained classifiers tend
to rely on sparse parameter contribution patterns, meaning
that only a few dominant parameters drive predictions. This
brittleness can be exploited by OOD inputs that anomalously
trigger these parameters, resulting in overconfident predic-
tions. To address this issue, we propose a simple yet effec-
tive method called Shaping Parameter Contribution Patterns
(SPCP), which enhances OOD detection robustness by en-
couraging the classifier to learn boundary-oriented dense con-
tribution patterns. Specifically, SPCP operates during training
by rectifying excessively high parameter contributions based
on a dynamically estimated threshold. This mechanism pro-
motes the classifier to rely on a broader set of parameters
for decision-making, thereby reducing the risk of overcon-
fident predictions caused by anomalously triggered parame-
ters, while preserving in-distribution (ID) performance. Ex-
tensive experiments under various OOD detection setups ver-
ify the effectiveness of SPCP.

1 Introduction

Deep neural networks have been widely applied in various
fields (Radford et al. 2018; Dosovitskiy et al. 2021; Wan and
Yang 2025) and have achieved remarkable success (Liu et al.
2021; Achiam et al. 2023; Yang et al. 2024). However, when
deployed in real-world scenarios, deep models may fail by
confidently yet erroneously classifying OOD data as one of
the predefined training classes (Nguyen, Yosinski, and Clune
2015; Bendale and Boult 2016; Yang et al. 2021). The pres-
ence of such unreliable behavior can introduce considerable
risks, particularly in safety-critical domains like autonomous
driving (Geiger, Lenz, and Urtasun 2012) and medical diag-
nosis (Litjens et al. 2017). Therefore, equipping models with
the capability to reliably identify and reject predictions for
OOD inputs, a task known as OOD detection, is essential to
ensure the trustworthiness of Al systems.

To date, extensive efforts have been dedicated to ad-
vancing reliable methods for OOD detection (Zhang et al.
2023b). One line of research focuses on designing suit-
able OOD scoring functions (Hendrycks and Gimpel 2017;
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Figure 1: An illustrative example of parameter contribution
patterns in a ResNet-18 classifier trained on CIFAR-10 using
cross-entropy loss. Units are sorted in the same order. This
example focuses on the ‘airplane’ class, showcasing the con-
tributions of each unit in the classifier weights to the model
outputs for both ID and OOD samples. The parameter con-
tributions are defined with reference to Eq. (4). Since model
outputs are directly determined by parameter contributions,
OOD input that anomalously triggers dominant parameters
can be confidently yet incorrectly classified as ID categories
and hurt OOD detection.

Liu et al. 2020; Hendrycks et al. 2022) for a given well-
trained model to estimate OOD uncertainty, or to further im-
prove them through post-hoc network adjustments (Zhang
et al. 2020; Zhu et al. 2022; Xu et al. 2024; Xu and Yang
2025). A complementary line of work aims to strengthen
the model’s OOD detection capabilities with training-time
regularization. Among these, some methods utilize outlier
exposure (Hendrycks, Mazeika, and Dietterich 2019; Zhang
et al. 2023a; Wang et al. 2023) to guide the model in learn-
ing more robust decision boundaries. However, such outlier
data may not always be readily available in practice. Alter-
natively, other methods tackle OOD detection by imposing
favorable constraints during the training process (Wei et al.
2022; Regmi et al. 2024; Zhu et al. 2023; Zhang et al. 2024;
Ghosal, Sun, and Li 2024), which do not require any ad-
ditional data and offer a promising path toward improved
performance, being the primary focus of this paper.

In this paper, we present a novel perspective on the causes
of model overconfidence by examining how classifier pa-
rameters contribute to predictions. As illustrated in Figure
1, we reveal the empirical observation that a well-trained
model’s classifier tends to exhibit sparse contribution pat-
terns in its predictions (see more examples in Appendix A),
a finding also supported by (Frankle and Carbin 2019; Sun



and Li 2022). The sparsity of parameter contribution pat-
terns indicates that a small subset of parameters dominates
the classifier’s predictions. This pattern makes OOD detec-
tion brittle because some of these dominant parameters can
be anomalously triggered by OOD inputs (Nguyen, Yosin-
ski, and Clune 2015; Sun, Guo, and Li 2021). Such param-
eters are exploited by OOD inputs, leading to overconfident
predictions favoring ID categories (as shown in the right
panel of Figure 1). Therefore, suppressing the dominance
of parameters with excessive predictive power is crucial for
robust OOD detection.

The above analysis naturally motivates the proposal of
Shaping Parameter Contribution Patterns (SPCP), a simple
yet effective method for OOD detection. The core idea be-
hind SPCP is to induce contribution bounds for the clas-
sifier’s parameters to enhance the robustness of OOD de-
tection. To achieve this, SPCP truncates parameter contri-
butions that exceed a dynamically estimated threshold dur-
ing the training process. This strategy enforces bounded
constraints on the dominant parameter contributions, com-
pelling the classifier to rely on a broader subset of param-
eters during decision-making. As a result, SPCP reduces
the risk of overconfident predictions potentially caused by
anomalously triggered parameters, making the OOD scores
derived from the calibrated model more reliable and im-
proving the ID-OOD separation. Extensive experiments on
the authoritative OpenOOD benchmark (Zhang et al. 2023b)
verify the effectiveness of SPCP, demonstrating that our
SPCP can enhance the model’s OOD detection capability
across various OOD scenarios, while also preserving ID task
performance.

2 Preliminaries

Setup. In this paper, we focus on the setting of K-way im-
age classification. Formally, let X denote the input space
and let the ID label space be defined as Y = {1;2;::;; K}.
The learner has access to a labeled training set Dy, =
{(Xi; ¥i) }jv,, where samples are drawn i.i.d. from a joint
distribution Pxv. Let f : X — RX denote the classifica-
tion model. For typical architectures, f first extracts a D-
dimensional penultimate feature representation h(x) € RP
from an input X € X. The classifier layer, parameterized by
a weight matrix W € RP K and a bias vector b € RK,
then maps h(X) to the output vector f(x) € R¥. Formally,
the output of the model can be written as:

f(xX) = W~ h(x) + b: (1)

Out-of-distribution Detection. The goal of OOD detection
is to determine whether a given input X originates from an
irrelevant distribution whose label set does not intersect with
Y (Yang et al. 2021). In practice, this task is often formulated
as a binary decision problem using level-set estimation:
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where is a threshold typically chosen such that the ma-
jority (e.g., 95%) of ID data are correctly classified, and
S(x; ) : X — R s the scoring function that quantifies the

model’s predictive uncertainty as a scalar value. A widely
adopted option for S(X;f) is the Energy score (Liu et al.
2020), which is defined as follows:

exp(fi(X)); 3)
k2y

SEnergy(X; f) = |0g

where i (-) denotes the K-th output logit. The underlying as-
sumption is that OOD inputs are expected to receive lower
scores than ID cases, as they lie outside the training label
space. However, OOD detection remains a non-trivial task
because deep models may behave overconfidently when pre-
sented with OOD data (Nguyen, Yosinski, and Clune 2015).

3 Proposed Method
3.1 Defining the Parameter Contribution
For a given input X, the contribution cx(X; @ij) of a spe-
cific parameter 6;j to class K is defined as the change in the
model’s k-th output when 6jj is present versus when it is
absent (i.e., setting 6;j to 0) (Xu and Yang 2025), formally
expressed as:

ck(X; 0ij) = i (X) — T (x; 85 = 0): )

Consistent with prior work (Sun and Li 2022; Chen et al.
2023; Xu and Yang 2025), we primarily focus on the con-
tribution of the parameters that are directly responsible for
making predictions, i.e., the classifier weight matrix W.
This focus is motivated by two main considerations: (1) the
adjustment of the deepest classifier layer is most effective for
OOD detection, as the high-level semantics captured by the
classifier layer are generally the most relevant and impactful
for identifying OOD samples (Zhu et al. 2022; Xu and Yang
2025), and (2) the per-parameter contribution of the classi-
fier layer is computationally efficient, since the contribution
of the element W;j to the k-th class can be expressed in a
simplified form (see Appendix B for details):

Wij -hi(X); if k :j;

ck(X; Wij) = 0: ik #

&)
where each Wij is exclusively responsible for the cor-
responding class j. Accordingly, the model’s k-th output
T (X) can be rewritten in terms of the classifier’s weight pa-
rameter contributions as:

fk(X) = Ck(X; de) + by: (6)
d=1

3.2 Shaping Parameter Contribution Patterns

Motivation. As illustrated in Figure 1, the classifier layer
typically relies on sparse contribution patterns when making
predictions. That is, the model’s decisions are driven by a
small subset of parameters that exert disproportionately high
influence. This brittleness can be exploited by OOD inputs
that anomalously trigger these parameters (Nguyen, Yosin-
ski, and Clune 2015; Sun, Guo, and Li 2021), resulting in
overconfident predictions. This critical issue motivates us to
propose SPCP, which encourages the model to learn a more
robust contribution pattern for improved OOD detection.



Training Procedure. SPCP explicitly imposes an upper
bound on the contributions during the training process, ap-
plied element-wise to the weight parameters W of the
model’s classifier layer:

T (6 Wij) = min(ck (X; Wij); ); (7

where denotes the threshold. As — oo, Eq. (7) be-
comes equivalent to the original unbounded formulation. In
effect, this operation truncates the contribution above to
prevent the classifier’s parameters from producing dispro-
portionately large contributions. In this context, the model
output for the K-th class after applying SPCP is given by:

fEPCP(X; ) = Ty (X; de) + by: 8)
d=1

Similarly to previous methods (Sun, Guo, and Li 2021; Chen
et al. 2023), we obtain the threshold by using a percentile

. Let C(X) denote the contribution matrix W.r.t. the clas-
sifier weights W for a given sample X. The threshold is
set to the values corresponding to the top -th percentile of
C(X), averaged over the entire training set Dyy,;,. To adapt
to the dynamic behavior of training while adhering to mini-
batch processing, we apply an Exponential Moving Average
(EMA) for estimation at each iteration t:

X

Top( ;C(xi)); (9

Xi2B¢

1
tv1= - ¢+ (- )‘@

where € [0;1] is the smoothing factor controlling the
update rate, B¢ denotes the mini-batch of data at the t-
th iteration, |B¢| denotes the cardinality of the set B, and
Top( ; C(X)) refers to the value corresponding to the top -
th percentile of the contribution matrix C(X) for the given
sample X. To stabilize early training, ¢ is intentionally ini-
tialized with a relatively large value for warm-up. The learn-
ing objective, based on the cross-entropy loss “cg, is to min-
imize the following expected risk:

R(FSFP) = Eeyyzp,, ‘ce(FFF(; )y): (10)

Inferring Procedure. SPCP adopts the Energy Score (Liu
et al. 2020) as the default OOD scoring function, as it is
provably aligned with the input density and generally per-
forms well. Given a test input X, the predictive uncertainty
of the model after applying SPCP is quantified as:

>

Sspcp(X; FSPF) = log exp(FFP(x; )): (11)
K2Y

To ensure consistency, is set to the value estimated from
Eq. (9) at the point of training completion. The pseudo code
of SPCP is available in Appendix K.

3.3 Insight Justification

Remark 1. SPCP effectively prevents predictions from
being dominated by a small subset of classifier’s pa-
rameters. In modern deep learning models, many de-
sign choices drive sparse contribution patterns, including
over-parameterization (Sun and Li 2022), regularization

Average Contribution Matrix

Class Index

Units
(a) Vanilla training (b) SPCP training
Figure 2: Comparison of the classifier’s parameter contribu-
tion patterns before and after applying SPCP, with the aver-
age contribution matrix on the ID test set sorted for clarity.
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Figure 3: Comparison of normalized OOD score distribu-
tions before and after applying SPCP.

techniques (e€.g., L regularization (Tibshirani 1996)), and
sparsity-inducing activations (e.g., ReLU (Agarap 2018)).
Such sparsity causes a small subset of parameters to dom-
inate the prediction disproportionately. In response, our pro-
posed SPCP explicitly enforces an upper bound on the
contributions of the classifier’s parameters. This restriction
limits their excessive influence on predictions during train-
ing and encourages the adoption of relatively denser contri-
bution patterns. As shown in Figure 2, the model’s decisions
are based on a broader set of parameters after SPCP training,
effectively mitigating the prediction from being dominated
by only a few parameters.

Remark 2. SPCP mitigates overconfidence by shaping
boundary-oriented dense contribution patterns. Due to
deep models that may activate neurons even for unfamiliar
inputs (Nguyen, Yosinski, and Clune 2015; Sun, Guo, and
Li 2021), the behavior of dominant parameters may pose
significant risks under sparse contribution patterns. Specif-
ically, anomalous triggering of dominant parameters can
drive the prediction toward incorrect ID categories with high
confidence, resulting in overconfident predictions. To ad-
dress this issue, our proposed SPCP guides the model to
learn boundary-oriented dense contribution patterns, thereby
enhancing the model’s resilience to anomalous parameter
contributions induced by OOD inputs. As shown in Figure 3,



ID datasets | CIFAR-10 | CIFAR-100
00D datasets \ FPR95] AUROCT \ FPR95| AUROCT
| Vanilla training / SPCP training (Ours)
CIFAR-10 - - 59.21 0.5/ 60.10 095 79.05 0.11/79.09 0.22
Near-OOD CIFAR-100 | 66.60 446/35.74 051 86.36 053/90.42 0.17 - -
TIN 56.08 4.83/27.59 048 88.80 036/92.72 0.07 | 52.03 050/50.33 0.85 82.76 0.08/83.40 0.28
Average 61.34 4.63/31.67 o025 87.58 0.46/91.57 o011 | 55.62 o0.61/55.21 o085 80.91 o.08/81.25 019
MNIST 2499 1293/19.09 114 94.32 253/94.76 0.69 | 52.62 3.83/49.33 355 79.18 137/80.98 270
SVHN 35.12 6.11/16.52 274 91.79 098/95.35 1.33 | 53.62 3.14/43.00 6.73 82.03 1.74/86.02 3.60
Far-OOD | Textures 51.82 6.11/20.09 057 89.47 070/95.00 0.03 | 62.35 206/54.87 1.21 78.35 0s83/81.32 0.28
Places365 54.85 652/26.47 054 89.25 078/93.09 012 | 57.75 086/55.16 o0.61 79.52 023/80.37 0.38
Average 41.69 532/20.54 067 91.21 092/94.55 042 | 56.59 138/50.59 183 79.77 o061/82.17 132

Table 1: OOD detection performance on CIFAR benchmarks. All values are percentages, and the best results are in bold. 1

indicates that larger values are better, | indicates that smaller values are better.

ID datasets |

ImageNet-200

OOD datasets \ FPR95| AUROCYT
| Vanilla training / SPCP training (Ours)
SSB-hard 69.77 0.32/70.23 o021 79.83 0.02/79.80 0.05
Near-OOD NINCO 50.70 o0.89/49.32 0.40 85.17 o0.11/85.24 0.06
Average 60.24 0.57/59.77 o025 82.50 0.05/82.52 0.03
iNaturalist 26.41 229/23.86 0.94 92.55 0.50/92.91 o0.08
Far-OOD Textures 41.43 185/33.83 0.69 90.79 o0.16/91.73 0.21
Openlmage-O 36.74 1.14/33.59 034 89.23 0.26/89.75 0.6
Average 34.86 130/30.43 045 90.86 021/91.46 o0.14

Table 2: OOD detection performance on large-scale ImageNet benchmark.

SPCP reduces the overlap in the right tails of the OOD score
distributions between OOD and ID samples, achieving im-
proved ID-OOD separation in both near-OOD and far-OOD
scenarios. These results demonstrate that SPCP effectively
mitigates the model’s overconfidence on OOD inputs.

4 Experiments
4.1 Experimental Setup

Our evaluation is based on the standard practice of the
OpenOOD v1.5 benchmark (Zhang et al. 2023b), which in-
cludes both small-scale CIFAR benchmarks and large-scale
ImageNet benchmark, spanning near-OOD scenarios with
semantic shifts and far-OOD scenarios with further obvious
covariance shifts !.
Datasets. The setup for the small-scale experiment uses
CIFAR-10/100 (Krizhevsky 2009) as the ID dataset. Evalu-
ations cover near-OOD group, including CIFAR-100/10 and
TinyImageNet (TIN) (Le and Yang 2015), as well as far-
OOD group, including MNIST (Deng 2012), SVHN (Netzer
et al. 2011), Textures (Cimpoi et al. 2014), and Places365
(Zhou et al. 2018).

For the large-scale experimental setup, a 200-class subset
of ImageNet-1K (Deng et al. 2009), referred to as ImageNet-

!Code is available at https:/github.com/njustkmg/A A AI2026-
SPCP

200, is adopted as the ID dataset. The near-OOD group in-
cludes SSB-hard (Vaze et al. 2022) and NINCO (Bitterwolf,
Miiller, and Hein 2023), while the far-OOD group contains
iNaturalist (Horn et al. 2018), Textures (Cimpoi et al. 2014),
and Openlmage-O (Wang et al. 2022).

Evaluation Metrics. We report the following three widely
adopted metrics for comparison: (1) FPR95, the false posi-
tive rate of OOD data at a 95% true positive rate of ID data;
(2) AUROC, the area under the receiver operating character-
istic curve; and (3) ID ACC, the classification accuracy on
the ID test set. The evaluation adopts the same number of
independent runs and random seed settings as in OpenOOD
(Zhang et al. 2023b), with results reported as the mean and
standard deviation.

Baselines. We compare SPCP with a broad range of compet-
itive baselines: (1) post-hoc methods, including OOD scor-
ing methods: MSP (Hendrycks and Gimpel 2017), Energy
(Liu et al. 2020); and network adjustment methods: DICE
(Sun and Li 2022), ReAct (Sun, Guo, and Li 2021), ASH
(Djurisic et al. 2023), SCALE (Xu et al. 2024); and (2)
training-time regularization methods: LogitNorm (Wei et al.
2022), CIDER (Ming et al. 2023), UMAP (Zhu et al. 2023),
SNN (Ghosal, Sun, and Li 2024) and T2FNorm (Regmi et al.
2024). Baseline results are sourced from the authoritative
OpenOOD leaderboard (Zhang et al. 2023b).

Implementation Details. Our implementation strictly fol-



\ CIFAR-10 \ CIFAR-100

Method Near-OOD Far-OOD Near-OOD Far-OOD

ear: ar: ID ACCt ear: ar- ID ACC}

FPR95] AUROC?T FPR95| AUROCYT FPR95] AUROCT FPR95|, AUROCYT
Post-hoc methods (vanilla training with cross-entropy)
MSP (Hendrycks and Gimpel 2017) | 48.17 3.92 88.03 025 31.72 184 90.73 043 95.06 030 | 54.80 033 80.27 0.1 58.70 1.06 77.76 044 77.25 o0.10
Energy (Liu et al. 2020) 61.34 4.63 87.58 046 41.69 532 91.21 092 95.06 030 | 55.62 o.61 80.91 0.08 56.59 138 79.77 o.61 77.25 0.10
DICE (Sun and Li 2022) 70.04 7.64 78.34 079 51.76 442 84.23 189 95.06 030 | 57.95 053 79.38 023 56.25 0.60 80.01 0.18 77.25 o0.10
ReAct (Sun, Guo, and Li 2021) 63.56 733 87.11 o061 4490 837 90.42 141 95.06 030 | 56.39 034 80.77 005 54.20 156 80.39 049 77.25 o0.10
ASH (Djurisic et al. 2023) 86.78 1.82 75.27 104 79.03 422 78.49 258 95.06 030 | 65.71 024 78.20 0.15 59.20 246 80.58 o0.66 77.25 o0.10
SCALE (Xu et al. 2024) 80.45 4.02 82.55 036 67.53 750 86.39 1.86 95.06 030 | 55.68 069 80.99 0.2 54.09 1.07 81.42 043 77.25 o.10
Training-time regularization methods

LogitNorm (Wei et al. 2022) 29.34 081 92.33 0.08 13.81 020 96.74 006 94.30 025 | 62.89 057 78.47 031 53.61 345 81.53 126 76.34 0.17
CIDER (Ming et al. 2023) 32.11 094 90.71 o.16 20.72 085 94.71 036 - 72.02 031 73.10 039 54.22 124 80.49 o068 -
UMAP (Zhu et al. 2023) 33.12 006 91.00 007 21.70 157 94.20 036 95.06 030 | 59.71 065 79.49 023 52.11 236 81.62 137 77.25 o.10
SNN (Ghosal, Sun, and Li 2024) 37.21 070 90.25 0.09 26.05 234 92.49 078 95.11 043 | 60.32 144 80.33 022 53.52 1.77 82.17 069 77.56 027
T2FNorm (Regmi et al. 2024) 26.47 035 92.79 043 12.75 073 96.98 0.23 94.69 0.07 | 58.47 135 79.84 040 51.25 252 82.73 1.01 76.43 0.3
SPCP \31.67 025 91.57 0.1 20.54 067 94.55 042 94.91 027\ 55.21 o085 81.25 0.19 50.59 1.83 82.17 132 77.70 0.20

Table 3: Comparison on CIFAR benchmarks. All values are percentages, and OOD detection results are averaged over multiple
OOD datasets. Detailed results for each OOD dataset are provided in Appendix D. The best results are in bold, with the second

and third best results underlined.

Near-OOD Far-OOD .
Method FPR95#  AUROC" FPR95#  AUROC™ Ib ACC

Post-hoc methods (vanilla training with cross-entropy)
MSP (Hendrycks and Gimpel 2017) 54.82 035 83.34 0.06 3543 038 90.13 0.09 86.37 0.08
Energy (Liu et al. 2020) 60.24 057 82.50 0.05 34.86 130 90.86 0.21 86.37 0.08
DICE (Sun and Li 2022) 61.88 067 81.78 0.14 36.51 118 90.80 031 86.37 0.08
ReAct (Sun, Guo, and Li 2021) 62.49 219 81.87 098 28.50 095 92.31 056 86.37 0.08
ASH (Djurisic et al. 2023) 64.89 090 82.38 0.19 27.29 112 93.90 027 86.37 0.08
SCALE (Xu et al. 2024) 57.29 090 84.84 0.28 26.46 081 93.98 0.5 86.37 0.08

Training-time regularization methods

LogitNorm (Wei et al. 2022) 56.46 037 82.66 0.15 26.11 052 93.04 021 86.04 o0.15
CIDER (Ming et al. 2023) 60.10 0.73 80.58 1.75 30.17 275 90.66 1.68 -
UMAP (Zhu et al. 2023) 60.81 084 81.08 0.39 32.47 067 91.62 029 86.37 0.08
SNN (Ghosal, Sun, and Li 2024) 59.85 046 81.33 0.19 28.04 064 92.28 021 86.56 0.03
T2FNorm (Regmi et al. 2024) 55.01 036 83.00 0.07 25.37 055 93.55 0.17 86.87 0.19
SPCP 59.77 025 82.52 0.3 30.43 045 91.46 0.4 86.59 o0.10
LogitNorm+SPCP 55.33 045 83.20 0.07 21.95 073 94.11 o.28 86.37 0.09

Table 4: Comparison on large-scale ImageNet benchmark.

lows the OpenOOD benchmark (Zhang et al. 2023b). Specif-
ically, ResNet-18 (He et al. 2016) is employed as the back-
bone architecture. The models are trained for 100 epochs
using stochastic gradient descent (SGD) with a learning
rate of 0.1, following a cosine annealing decay schedule
(Loshchilov and Hutter 2017), a momentum of 0.9, and a
weight decay of 5 x 10 #. The batch size is set to 128 for the
CIFAR experiment and 256 for the ImageNet experiment.
More details are available in Appendix C.

4.2 Main Results

In this section, we report the performance of SPCP on
the CIFAR benchmarks as well as on the more realistic
and challenging ImageNet benchmark. Specifically, Tables
1 and 2 provide a fine-grained comparison of our SPCP with
vanilla training, while Tables 3 and 4 show comparisons with
other competitive methods. The results reveal that: (1) SPCP

boosts OOD detection in nearly all cases while preserving
ID performance. On the CIFAR-10 benchmark, SPCP out-
performs the baseline by a large margin, reducing the aver-
age FPR95 by 29.67% in near-OOD settings and 21.25% in
far-OOD settings. (2) In comparison to post-hoc methods,
SPCP offers notable improvements by establishing more
robust contribution patterns for OOD detection. Moreover,
SPCP is complementary to various existing post-hoc meth-
ods to push their performance further, as will be discussed in
Section 4.4. (3) Compared to a suite of training-time regu-
larization methods, SPCP delivers competitive OOD detec-
tion performance and achieves promising results. It is note-
worthy that no single method emerges as the definitive win-
ner on the authoritative OpenOOD benchmark (Zhang et al.
2023b). Our SPCP achieves top or near-top performance in
most OOD settings, indicating the effectiveness of our pro-
posed shaping contribution pattern strategy.



Stage

Near-OOD

Far-OOD

Training Inferring | FPR95| AUROCT FPR95, AUROC} D ACCT
X X 55.62 o061 80.91 008 56.59 138 79.77 061 77.25 o.10
v X 55.49 077 81.09 o021 51.96 225 81.71 145 77.70 0.4
X v 60.28 046 79.50 008 53.66 313 80.59 110 76.94 o0.12
v v 55.21 o085 81.25 019 50.59 183 82.17 132 77.70 o0.20

Table 5: Ablation study of contribution truncation in different stages on the CIFAR-100 benchmark.
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Figure 4: Ablation studies on the hyperparameters: (a) effect of varying the percentile
; (¢) influence of initial threshold . The OOD results are averaged over both near- and

impact of the EMA smoothing factor
far-OOD groups on the CIFAR-100 benchmark.

4.3 Ablation Study

Effects of Truncating Contributions at Different Stages.
Table 5 presents an ablation study on the impact of truncat-
ing contributions during training and inference. The results
indicate that: (1) Imposing contribution truncation during
training is more effective than doing so only during infer-
ence, highlighting the critical role of shaping contribution
patterns in the training process. (2) Applying contribution
truncation exclusively during inference helps mitigate over-
confidence and leads to modest improvements in far-OOD
scenarios. However, the absence of corresponding regular-
ization during training can hurt performance in near-OOD
settings and cause a slight degradation in ID task perfor-
mance. (3) SPCP achieves contribution truncation in both
the training and inference processes, which preserves pattern
consistency and further drives performance improvements.
Effect of the Percentile . In Figure 4a, we investigate the
impact of varying the percentile , which is used to deter-
mine the parameter contribution threshold in Eq. (9). Com-
pared to the baseline (i.e., = 0), properly constraining the
upper bound of parameter contributions with a suitable im-
proves OOD detection while maintaining generalization on
ID tasks. However, an inappropriately small may cause
the model to rely excessively on numerous and overlapping
parameter decisions, leading to inter-class conflicts and de-
graded performance.

Effect of the EMA Factor . Figure 4b presents an analy-
sis of the effect of the EMA smoothing factor as defined in
Eq. (9). As shown, performance degrades when the dynamic
updating strategy is disabled (i.e., = 1:0), highlighting
the critical role of dynamically adjusting the threshold dur-
ing training. However, a smaller may lead to suboptimal
performance due to unstable threshold estimation from rapid
updates. Therefore, striking a moderate balance is more ben-
eficial for performance improvement.

(b) Diff. EMA Factor (3

(c) Diff. Initial Threshold Ao

used for threshold estimation; (b)

Effect of the Initial Threshold (. Figure 4c explores the
impact of different initial threshold values set for ¢ in Eq.
(9). The results indicate that a smaller initial value of ¢
leads to excessive intervention before sufficient learning has
occurred, thereby disrupting the early learning process. In
contrast, a moderately large ¢ serves as a form of warm-up
and leads to performance improvements. Consequently, se-
lecting a suitably large ¢ is essential for facilitating effec-
tive early-stage learning and improving final performance.

4.4 Further Analysis

Generalizing to Different Backbones. In Table 6, we
evaluate the generalization of SPCP to different back-
bones, including the widely used and lightweight ResNet-
18 (He et al. 2016), the high-capacity WideResNet-28-10
(Zagoruyko and Komodakis 2016), and the densely con-
nected DenseNet-101 (Huang et al. 2017). As shown in the
table, our SPCP consistently improves FPR95 and AUROC
across both near- and far-OOD scenarios on various back-
bones, while also preserving ID generalization. These results
indicate that SPCP generalizes well across different back-
bones and effectively enhances OOD detection robustness.

Compatibility with Other OOD Detection Methods. To
validate the compatibility of our SPCP, we integrate repre-
sentative OOD detection methods spanning diverse informa-
tion sources: probability space (MSP (Hendrycks and Gim-
pel 2017)), logits space (Energy (Liu et al. 2020)), gradi-
ent space (GradNorm (Huang, Geng, and Li 2021)), feature
space (KNN (Sun et al. 2022)), penultimate activation ma-
nipulations (ASH (Djurisic et al. 2023)), and training-time
regularization (LogitNorm (Wei et al. 2022)). The results in
Table 7 show that SPCP consistently improves OOD detec-
tion performance across a range of methods, indicating that
the contribution patterns shaped by SPCP are broadly appli-
cable and compatible with various algorithmic paradigms.



Near-OOD

Far-OOD

Model Method | ppposy  AUROC™ — FPROS#  AUROC" 1D ACC
ResNet-18 Vanilla 55.62 061 80.91 008 56.59 138 79.77 061 77.25 0.10
esivet- SPCP | 5521 o085 81.25 0.19 50.59 1.3 82.17 132 77.70 020

. Vanilla 5448 130 82.31 041 55.34 167 80.87 080 80.53 0.13
WideResNet-28-10 | gpep | 5348 .52 82.63 024 52.84 093 81.69 031 80.56 022
DenseNet-101 Vanilla 61.57 136 79.27 036 65.49 245 76.16 081 76.54 0.42
enseiet- SPCP | 58.93 1.14 80.28 048 56.75 2.62 78.68 162 76.86 029

Table 6: Generalization to different backbones on the CIFAR-100 benchmark.

Near-OOD

Far-OOD

Method FPROS# AUROC"  FPR9S# AUROC™ [DACC

MSP (Hendrycks and Gimpel 2017) 54.80 033 80.27 o011 5870 1.06 77.76 044 77.25 0.10
MSP+SPCP 55.04 068 80.41 0.28 54.31 095 80.22 093 77.70 0.20
Energy (Liu et al. 2020) 55.62 o061 80.91 008 56.59 138 79.77 061 77.25 0.10
Energy+SPCP 55.21 o085 81.25 019 50.59 183 82.17 132 77.70 020
GradNorm (Huang, Geng, and Li 2021) | 85.58 046 70.13 047 83.68 1.92 69.14 105 77.25 0.10
GradNorm+SPCP 80.33 128 73.71 o071 7947 260 73.70 169 77.70 0.20
KNN (Sun et al. 2022) 61.22 0.14 80.18 0.15 53.65 028 82.40 0.17 77.25 o0.10
KNN+SPCP 59.13 046 80.55 0.07 51.97 097 82.52 079 77.70 0.20
ASH (Djurisic et al. 2023) 65.71 024 78.20 0.15 59.20 246 80.58 066 77.25 0.10
ASH+SPCP 61.15 018 79.75 013 56.06 1.33 82.07 029 77.70 0.20
LogitNorm (Wei et al. 2022) 62.89 057 78.47 031 53.61 345 81.53 126 76.34 0.17
LogitNorm+SPCP 60.70 077 79.20 031 47.81 116 83.99 066 75.94 0.0

Table 7: Compatibility with other OOD detection methods on the CIFAR-100 benchmark.

5 Related Work

Post-hoc Methods aim to provide suitable measures to indi-
cate the likelihood that a given sample is OOD. Early meth-
ods for detecting OOD samples work by scoring the net-
work outputs (Liang, Li, and Srikant 2018; Liu et al. 2020;
Huang, Geng, and Li 2021; Hendrycks et al. 2022). For ex-
ample, MSP (Hendrycks and Gimpel 2017) uses the max-
imum SoftMax score as an indicator. Based on the OOD
score, various post-hoc network adjustment methods (Xu
et al. 2023; Ahn, Park, and Kim 2023; Xu and Yang 2025)
are proposed to further enhance OOD score reliability. For
example, ReAct (Sun, Guo, and Li 2021) and SCALE (Xu
et al. 2024) improve ID-OOD separability by rectifying and
scaling penultimate-layer activations, respectively. In this
work, we reveal that shaping the parameter contribution pat-
terns can help reduce model overconfidence and boost the
performance of most existing post-hoc methods.

Training-Time Regularization Methods aim to provide
better discriminative representations for OOD detection by
calibrating the model. One category of methods leverages
outlier exposure (Hendrycks, Mazeika, and Dietterich 2019;
Zhang et al. 2023a; Wang et al. 2023; Jiang et al. 2024)
to help the model learn more robust decision boundaries.
As a representative method, Hendrycks et al. (Hendrycks,
Mazeika, and Dietterich 2019) propose enforcing a uni-
form predictive distribution for outlier data. Although ef-
fective, such methods often hurt ID task performance, and
access to outlier data may not always be available. An-

other category tackles OOD detection by imposing favor-
able constraints during the training process (DeVries and
Taylor 2018; Huang and Li 2021; Du et al. 2022; Yang and
Xu 2025). For instance, SNN (Ghosal, Sun, and Li 2024)
mitigates the curse-of-dimensionality issue by learning the
most relevant subspace. LogitNorm (Wei et al. 2022) and
T2FNorm (Regmi et al. 2024) offer a simple fix to cross-
entropy loss by decoupling the impact of logits and feature
norms, respectively. However, these methods overlook the
classifier’s tendency to develop a sparse contribution pattern,
which can easily push the model to overconfidence when
dominant parameters are spuriously triggered. Our methods
alleviate this issue by shaping a more robust contribution
pattern for OOD detection while preserving ID performance.

6 Conclusion

This paper investigates the underlying factors contributing
to the brittleness of OOD detection from the perspective
of parameter contribution patterns. We identify that sparse
contribution patterns can increase the risk of overconfident
predictions and hurt OOD detection. To mitigate this issue,
we propose SPCP, a method that constrains the upper bound
of parameter contributions during training, thereby promot-
ing the development of dense and bounded contribution pat-
terns. As a result, SPCP enhances the model’s resilience to
anomalous parameter contributions induced by OOD inputs.
Extensive experiments across various OOD scenarios con-
firm the effectiveness and broad applicability of SPCP.
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A Sparse Parameter Contribution Patterns

To further support our observations on the sparsity of clas-
sifier parameter contributions, we provide additional exam-
ples across various datasets and model architectures. Specif-
ically, as shown in Figure 5, we present results from mod-
els trained on CIFAR-10 (Krizhevsky 2009), CIFAR-100
(Krizhevsky 2009), and ImageNet-200 (Deng et al. 2009),
using ResNet-18 (RN18) (He et al. 2016), WideResNet-
28-10 (WRN) (Zagoruyko and Komodakis 2016), and
DenseNet-101 (DN101) (Huang et al. 2017) as backbones.
The results demonstrate that, across diverse settings, predic-
tive behavior in modern deep models is commonly domi-
nated by a small subset of classifier parameters.

B Details of Parameter Contribution
To derive the simplified contribution form for classifier
weights, we consider a linear classifier setup in typical clas-
sification model. Let h(x) € RP be the feature represen-
tation of input X produced by the penultimate layer of the
network. The classifier layer then computes logits as:

f(xX) = W™h(X) + b; (12)

where W € RP K is the weight matrix and b € RX is the
bias vector. Accordingly, the K-th output logit is given by:

X
i) = Wakha(x) + b (13)
d=1
To compute the contribution of an individual parameter Wi;
to class K, we compare the output fi (X) with and without
Wi j-
Ok (6 Wij) = Ti(X) — i Wiz = 0)

X
= Wkha(X) + by

d=1 1

X .
- Wacha(X) + by (14)
d=1
where W/ is identical to W except for the element W! j =
0. This simplifies to:

Wijhi(x); if j =Kk;
0; if j #k:
The principle behind this is that Wjj directly affects only the
logit corresponding to class j, due to the structure of the sin-
gle matrix-vector product. For input X, we define the classi-
fier parameter contribution matrix C(x) € RP K w.rt. the
entire weight matrix W. According to Eq. (15), the contri-
bution matrix can be efficiently computed by broadcasting

the feature vector h(x) to match the shape of W and per-
forming the Hadamard product:

C(x;W)=Wo h(X)1g ; (16)

ck(X; Wij) = (15)

where o denotes the Hadamard product and 1, € RX is a
vector of ones. The additional computational overhead intro-
duced by computing the classifier parameter contributions is
analyzed in Appendix G.

C Implementation details

Hardware and Software. All experiments in this work are
conducted using Python 3.8.19 and PyTorch 2.0.1, running
on NVIDIA GeForce RTX 4090 GPUs.

Hyperparameter Selection. Following (Zhang et al.
2023b), SPCP performs hyperparameter tuning using the ID
and OOD validation sets provided by the OpenOOD bench-
mark. In cases where a realistic OOD validation set is un-
available, Gaussian noise can effectively substitute as the
OOD validation data (Zhu et al. 2022; Xu and Yang 2025).
To ensure hyperparameter consistency across datasets with
varying numbers of classes K, we introduce a normalized
control parameter ,om, to replace the original contribution
percentile € [0; 100] (defined in Eq. (9) of the main paper).
Specifically, is redefined as —nom 100 norm decouples the
effect of K from , enabling scalable and interpretable hy-
perparameter tuning. We conduct a grid search over o
values in the set {0:1;0:2;0:3;0:4;0:5; 1:0; 2:0; 3:0; 5:0}.
Other hyperparameters are fixed based on prior empirical
recommendations: = 0:999 and ¢ = 1000. Following
OpenOOD (Zhang et al. 2023b), we select the o value
that yields the highest AUROC on the validation set for final
evaluation on the test set. The selected o 1S then consis-
tently applied across all experiments using the same model.
For the CIFAR-10 benchmark, the optimal hyperparameter
iS norm = 3:0, whereas for CIFAR-100, om = 0:5 yields
the best performance. In the case of ImageNet-200, the op-
timal setting is norm = 0:4.

Empirical Guidelines for Choosing ,,-m. Based on the
optimal parameter values identified in the grid search, we
observe an empirical trend: datasets with fewer classes tend
to benefit from relatively larger values of . In such
cases, competition among model parameters is less intense,
and imposing a stricter upper bound on parameter contribu-
tions can enhance the model’s resilience to OOD-triggered
parameter, thereby mitigating overconfidence. Conversely,
for datasets with a larger number of classes, smaller val-
ues of o are generally more effective. As class density
increases, the risk of inter-class interference becomes more
pronounced. In this setting, overly restrictive limits on pa-
rameter contributions can lead to conflicts in parameter at-
tribution, reduce class separability, and ultimately degrade
OOD detection performance. Overall, this observation pro-
vides a useful heuristic for grid search: datasets with fewer
classes are likely to favor larger o values, whereas those
with more classes often require smaller ones.

Sampling Strategy. To compute the percentile parameter
contributions within a batch as defined in Eq. (9) of the main
paper, we adopt different strategies depending on the dataset
scale. For small-scale experiments on CIFAR, the estima-
tion is performed using all samples within each batch. As for
large-scale experiments on ImageNet, where both the batch
size and the number of classifier parameters are substantially
larger, we uniformly sample 16 instances from each batch
of 256 samples to perform the estimation, striking a balance
between computational efficiency and estimation quality.






