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A. Appendix
A1. Gradient Analysis
Let us consider the general cross entropy loss, given by

L = −
N∑
i=1

pi log(p̂i), (1)

where p is an arbitrary target distribution and p̂i =
softmax(z)i is the predicted probability for class i. The
derivative of the loss with respect to p̂i is

∂L

∂p̂i
= −pi

p̂i
, (2)

while the softmax Jacobian has two cases:

∂p̂i
∂zj

=

{
p̂i(1− p̂i) if i = j,

−p̂ip̂j if i ̸= j.
(3)

Applying the chain rule gives

∂L

∂zj
=

N∑
i=1

∂L

∂p̂i

∂p̂i
∂zj

, (4)

which expands to

=
∑
i̸=j

−pi
p̂i

· (−p̂ip̂j)︸ ︷︷ ︸
i̸=j

+

(
−pj
p̂j

· p̂j(1− p̂j)

)
︸ ︷︷ ︸

i=j

, (5)

leading to the simplified form

∂L

∂zj
=

∑
i̸=j

pip̂j + pj(p̂j − 1). (6)

We now substitute the two target distributions: the standard
one-hot vector p and the proposed one-cold uniform target
vector p̄ used in the definition of the CDLuni loss. For a
target class c:

pi =

{
1 i = c,

0 i ̸= c,
p̄i =

{
0 i = c,

1
N−1 i ̸= c.

(7)

For standard cross entropy LCE, substituting p gives

∂LCE

∂zi
=

{
p̂i − 1 i = c,

p̂i i ̸= c.
(8)

For the proposed uniform Complementary Dissimilarity
Loss Luni

CD , substituting p̄ results in

∂Luni
CD

∂z̄i
=

{
ˆ̄pi i = c,

ˆ̄pi − 1
N−1 i ̸= c.

(9)

We now examine what conditions force ∇zL = 0 for each
loss, assuming no other constraints on the logits.

Cross-entropy (CE) case. The stationary point equations
require p̂c → 1 and p̂k → 0 (k ̸= c). Since the softmax
satisfies p̂i = exp(zi)/

∑
j exp(zj), we obtain

p̂c → 1 =⇒ zc → +∞, (10)

p̂k → 0 =⇒ zk → −∞ (k ̸= c). (11)

Thus CE drives the target logit to +∞ and all non-target
logits to −∞, diverging in opposite directions.

Proposed (CDLuni) case. For the proposed objective, the
complementary predicted probabilities satisfy

ˆ̄pi = softmax(−z)i.

The gradient conditions require ∇z̄L
uni
CD → 0, which im-

plies

ˆ̄pc =
exp(−zc)∑
j exp(−zj)

→ 0 =⇒ zc → +∞, (12)

ˆ̄pk =
exp(−zk)∑
j exp(−zj)

→ 1

N − 1
=⇒

exp(−zk) →
1

N − 1

∑
j ̸=c

exp(−zj). (13)

Since the right-hand side is the average over the comple-
mentary logits, each non-target logit must converge to the
same finite value:

zk → zconst for all k ̸= c. (14)

Unlike standard CE, which pushes all non-target logits to
−∞, CDLuni forces the non-target logits to collapse to a
common finite value, while still driving the correct logit zc
to +∞. This symmetric convergence of the non-target log-
its enables the improved margin and spread behavior ana-
lyzed Section 3.3 of the main paper.



A2. Proof of Theorem 1
We fix K ≥ 2 classes and consider a correctly classified
sample with predicted logits z. Let us define the mean of the
non-target logits µ−c, the centered deviation of each non-
target logit δk and the margin between target and non-target
mean m as:

µ−c =
1

K − 1

∑
k ̸=c

zk, (15)

δk = zk − µ−c (k ̸= c), and (16)

m = zc − µ−c. (17)

The centered deviations satisfy
∑

k ̸=c δk = 0. We collect
all non–target centered deviations into the vector δ−c =
(δk)k ̸=c. The non–target spread is then defined as:

σ =

√
1

K − 1

∑
k ̸=c

δ2k =
∥δ−c∥√
K − 1

. (18)

We first isolate how a single gradient step affects the cen-
tered non-target deviations, which is the quantity control-
ling the spread σ. A gradient step on logits under SGD,
where z+ denotes the updated logit values, is defined as:

z+ = z− ηg, g = ∇zL(z; c). (19)

Then the following lemma holds.

Lemma 1 (Centering identity). Let g = ∇zL(z; c) de-
note the gradient of the loss with respect to the logits, so that
gk is the gradient entry corresponding to logit zk. Define the
mean gradient over the non-target classes as:

ḡ =
1

K − 1

∑
j ̸=c

gj . (20)

After one gradient step z+k = zk−ηgk, the updated centered
deviation for each non-target logit is given by:

δ+k = z+k − µ+
−c, (k ̸= c), (21)

where µ+
−c is the updated non-target mean. Then:

δ+k = δk − η (gk − ḡ), for every k ̸= c. (22)

Proof of Lemma 1. The logit update is z+k = zk−ηgk. The
updated non-target mean is:

µ+
−c =

1

K − 1

∑
j ̸=c

z+j =
1

K − 1

∑
j ̸=c

(zj−ηgj) = µ−c−η ḡ.

(23)
The updated centered deviation of non-target logit k is:

δ+k = z+k −µ+
−c = (zk−ηgk)−(µ−c−ηḡ) = δk−η(gk−ḡ).

(24)

To analyze how the spread evolves after one gradient step,
we now apply Lemma 1 and derive explicit expressions for
the centered gradients gk − ḡ under CE and CDLuni. These
expressions determine the linear part of the update for δ−c

and lead directly to the contraction rates claimed in Theo-
rem 1.

Main proof. Lemma 1 yields the centered update

δ+−c = δ−c − η
(
g−c − ḡ 1

)
. (25)

We analyze gk − ḡ assuming

∥δ−c∥ ≤ r, m ≥ m0, (26)

which ensure that all quantities remain in a bounded region,
where the following Taylor approximations are valid with
uniform constants.

Cross-entropy (CE) case. The gradient of CE with re-
spect to logit zk, for k ̸= c, can be written as:

gk = softmax(z)k =
exp(δk)

exp(m) +
∑

j ̸=c exp(δj)
. (27)

We use the fact that each δk is small (because
∑

k ̸=c δk = 0
and ∥δ−c∥ controls their magnitude). A first–order Taylor
expansion of exp(x) around x = 0 then gives the following
approximations:

exp(δk) = 1 + δk +O(∥δ−c∥2), (28)∑
j ̸=c

exp(δj) = (K − 1) +O(∥δ−c∥2). (29)

Substituting the expansions (28), (29) into (27) we obtain:

gk =
1 + δk

exp(m) +K − 1
+O

(
∥δ−c∥2

exp(m) +K − 1

)
. (30)

Since
∑

k ̸=c δk = 0, we have:

gk − ḡ =
δk

exp(m) +K − 1
+ rCE

k , (31)

with |rCE
k | ≤ C

∥δ−c∥2

exp(m) +K − 1
. (32)

Substituting into (25), we get:

δ+−c =

(
1− η

exp(m) +K − 1

)
δ−c + rCE, (33)

with ∥rCE∥ ≤ C η
∥δ−c∥2

exp(m) +K − 1
. (34)

Thus:

σ+ =

(
1− η

exp(m) +K − 1

)
σ +O(ησ2). (35)



Proposed (CDLuni) case. The gradient of CDLuni with
respect to logit zk, for k ̸= c, can be written as:

gk =
1

K − 1
− softmax(−z)k, (36)

where

softmax(−z)k =
exp(−δk)

exp(−m) +
∑

j ̸=c exp(−δj)
. (37)

As in the CE case, each δk is small, so a first–order Taylor
expansion of exp(x) around x = 0 gives:

exp(−δk) = 1− δk +O(∥δ−c∥2), (38)∑
j ̸=c

exp(−δj) = (K − 1) +O(∥δ−c∥2). (39)

Substituting (38) and (39) into (37) we obtain:

softmax(−z)k =
1− δk

exp(−m) + (K − 1)

+O

(
∥δ−c∥2

exp(−m) + (K − 1)

)
. (40)

Using ḡ = 1
K−1

∑
j ̸=c gj and

∑
k ̸=c δk = 0, we get:

gk − ḡ =
δk

K − 1
+ rCDL

k , (41)

with |rCDL
k | ≤ C

(
∥δ−c∥2 + exp(−m) ∥δ−c∥

)
. (42)

Substituting (41) into (25), we get:

δ+−c = δ−c − η (g−c − ḡ 1) , (43)

which, componentwise for k ̸= c, becomes

δ+k = δk − η

(
δk

K − 1
+ rCDL

k

)
. (44)

Thus:

σ+ =

(
1− η

K − 1

)
σ +O(ησ2)

+
��������:0 for m ≥ m0

O(η exp(−m)σ)

(45)

Conclusion. From (35) and (45), for σ ≤ r and m ≥ m0,

σ+ =

(
1− η

exp(m) +K − 1

)
σ+O(ησ2) for CE, (46)

σ+ =

(
1− η

K − 1

)
σ +O(ησ2) for CDLuni. (47)

The CE update contracts at a rate proportional to
(exp(m) + K − 1)−1, which decays exponentially with
the margin m, while CDLuni contracts by the mar-
gin–independent factor (1− η/(K − 1)).

A3. Neural Collapse Metrics
For completeness, we summarize the metrics used to quan-
tify neural collapse during training. These definitions fol-
low the framework in [39]. The global mean hG and class
means hk of the last-layer features {hk,i} are

hG =
1

nK

K∑
k=1

n∑
i=1

hk,i, (48)

hk =
1

n

n∑
i=1

hk,i (1 ≤ k ≤ K). (49)

Within-class and Between-class Variability (NC1). The
within-class and between-class covariance matrices are

ΣW =
1

nK

K∑
k=1

n∑
i=1

(hk,i − hk)(hk,i − hk)
⊤, (50)

ΣB =
1

K

K∑
k=1

(hk − hG)(hk − hG)
⊤. (51)

Neural collapse variability is measured by

NC1 =
1

K
trace

(
ΣWΣ†

B

)
. (52)

Simplex ETF Convergence (NC2). The alignment of the
classifier matrix W with a Simplex ETF is quantified by

NC2 =

∥∥∥∥ WW⊤

∥WW⊤∥F
− 1√

K − 1

(
IK − 1

K
1K1⊤

K

)∥∥∥∥
F

.

(53)

Convergence to Self-duality (NC3). Let

H =
[
h1 − hG . . . hK − hG

]
∈ Rd×K . (54)

Self-duality between classifier weights W and centered
class means is measured by

NC3 =

∥∥∥∥ WH

∥WH∥F
− 1√

K − 1

(
IK − 1

K
1K1⊤

K

)∥∥∥∥
F

.

(55)

Collapse of the Bias (NC4). If the global mean hG is
nonzero, the bias vector b often compensates it via

Whk,i + b = W(hk,i − hG) +WhG + b︸ ︷︷ ︸
≈ 0

.

Thus, the collapse of bias is captured by the magnitude of

NC4 = ∥b+WhG ∥2. (56)



(a): CE (b): LS [26] (c): NL [10]

(d): COT [4] (e): Proposed CDLuni (f): Proposed CDLself

Figure 1. Comparison of negated gradient vector fields for different loss functions.

A4. Extended Discussion

Figure 1 shows the negated gradient fields of the examined
objectives on the same toy example as in Section 3.3, high-
lighting how each method shapes the feature space and the
geometry of non-target classes.

Cross-Entropy (CE). CE increases the target logit while
suppressing non-target logits only through the softmax.
Gradients on non-target classes vanish rapidly once confi-
dence grows, leaving most of the space without meaning-
ful supervision. CE therefore neither structures non-target
classes nor regulates feature geometry, and neural collapse
arises only in late training after margin saturation.

Label Smoothing (LS) [26]. LS softens the target dis-
tribution but still treats all non-target classes uniformly and
solely through their relation to the target. Gradients again
decay for highly confident predictions, limiting the influ-
ence on non-target geometry. LS reduces overconfidence
but also reduces margins and provides no mechanism for
shaping inter-class structure.

Negative Learning (NL) [19]. NL penalizes comple-
mentary classes but, even when applied to all non-targets,
mainly pushes their logits down without encoding their re-
lationships. Its gradients remain dominated by softmax
normalization, resulting in behavior close to CE in high-
confidence regions and offering little control over the ge-
ometry or collapse dynamics of the representation.

Complement Objective Training (COT) [4]. COT en-
courages uniformity among non-target classes by maximiz-
ing their entropy relative to the target probability, yet the
softmax suppresses gradients for distant classes and re-
stricts the method to uniform complementary distributions.
Consequently, COT flattens some logits but cannot impose
richer geometric structure or meaningfully influence neural
collapse patterns.

Proposed CDLuni. CDLuni assigns a uniform non-
target distribution directly to the negated logits, avoiding
softmax attenuation and preserving strong, non-vanishing
gradients across the entire space. This drives non-target
logits toward a shared value, inducing a symmetric arrange-
ment aligned with the Simplex ETF geometry associated
with neural collapse. As shown in the main text, the re-
sulting gradient fields contract the non-target spread inde-
pendently of margin size and accelerate the emergence of
NC1-NC4.

Proposed CDLself . CDLself replaces the uniform prior
with a self-distilled dissimilarity prior that adapts to the
learned representations. This results in asymmetric gradi-
ents across non-target classes, allowing the model to em-
phasize truly dissimilar classes. CDLself thus preserves
low NC1 and strong separation without enforcing strict
ETF symmetry, enabling more flexible and realistic class
geometries while retaining the global, non-vanishing gradi-
ent benefits of CDL.



B. Experimental Details

B1. Datasets and Network Architectures

Datasets. Table 1 summarizes all datasets used in our
main experiments and Appendix. We evaluate our method
across a broad spectrum of settings: (i) closed-set clas-
sification on CIFAR100, TinyImageNet, and the large-
scale ImageNet-1k benchmark, (ii) open-set recognition
on SVHN, CIFAR100, and TinyImageNet, (iii) few-shot
learning on the standard CUB and MiniImageNet bench-
marks, and (iv) domain generalization on the widely used
PACS dataset, which includes four distinct test domains.
This diversity ensures that our findings hold across small-
, medium-, and large-scale datasets as well as across several
challenging evaluation protocols.

Table 1. Evaluated datasets details.

Dataset Dimensions Classes Train size

SVHN [20] 32× 32× 3 10 73,257
CIFAR100 [12] 32× 32× 3 100 50,000
TinyImageNet [13] 64× 64× 3 200 100,000
ImageNet-1k [5] 224× 224× 3 1000 1,281,167
CUB [29] 84× 84× 3 200 5900
MiniImageNet [28] 224× 224× 3 200 38,400
PACS [14] 224× 224× 3 7 9,991

Models. Table 2 lists all architectures used in our study.
We evaluate our approach on a diverse set of mod-
els, ranging from lightweight networks (MobileNetV2),
to medium-scale convolutional architectures (ResNet18/34,
DenseNet121, WideResNet28-10), and up to large-scale
convolutional architectures (ResNet50/101), as well as
transformer-based backbones (DeiT-S). This broad cover-
age demonstrates that our findings hold across varying
model capacities, depths, and architectural families.

Table 2. Evaluated models details.

Model Parameters (M) Feature dim.

ResNet18 [8] 11.7 512
ResNet34 [8] 21.8 512
ResNet50 [8] 25.6 2048
ResNet101 [8] 44.5 2048
DenseNet121 [9] 8.0 1024
MobileNetV2 [21] 3.4 1280
WideResNet28-10 [35] 36.5 640
DeiT-Small [27] 22.0 384

B2. Classification Experiments
Here we provide all the experimental settings used in our
main closed-set classification experiments.

CIFAR-100 and TinyImageNet. We use two distinct hy-
perparameter configurations for these datasets.

For the comparisons against cross-entropy variants and
regularization methods (Table 1), we train for 150 epochs
using SGD with momentum 0.9, batch size 128, weight
decay 1 × 10−4, and a base learning rate of 0.1 decayed
by a factor of 0.1 at epochs 50 and 100. For the compar-
isons against Self-KD methods (Table 2), we adopt a longer
schedule of 200 epochs with the same optimizer, batch size,
and weight decay, and use a base learning rate of 0.1 de-
cayed by 0.2 at epochs 60, 120 and 160.

For the baseline methods, we use official implementa-
tions when available and follow their recommended hyper-
parameters. For Label Smoothing (LS) [26], we set ϵ = 0.1.
Negative Learning (NL) [10] is used in combination with
CE with weight w = 1.0. Complement Objective Train-
ing (COT) [4] and Complement Cross Entropy (CCE) [11]
use a complement-entropy weight γ = 1.0, where COT em-
ploys two separate optimizers (one for CE and one for com-
plement entropy), whereas CCE combines the losses into a
single objective with one optimizer. For Focal Loss (FL)
[17], we use ϵ = 0.1 and γ = 2.0. For its variants Asym-
metric Loss (ASL) [1] and Cyclical Focal Loss (CFL) [24],
we set γpos = 2 and γneg = 2; for CFL we additionally
use γhc = 3 and a cyclical factor of 4. For Maximum Sup-
pression (MaxSup) [38], we follow the proposed linearly
increasing schedule for the regularization weight a, starting
at 0.1 and increasing to 0.2 over training.

For the Self-KD methods, we use each method’s recom-
mended configuration. For Online Label Smoothing (OLS)
[36], we use α = 0.5. For Zipf’s Label Smoothing [16], we
set λ = 0.1 and α = 1, where λ controls the regularization
strength and α controls the decay shape of the Zipf distri-
bution. For Unified Self-Knowledge Distillation (USKD)
[33], we use α = 1.0 and β = 0.1, where α controls the
target-class distillation and β the weak non-target distilla-
tion.

We also provide a sensitivity analysis of CDL’s hyperpa-
rameters on CIFAR-100 with 5 seeds, which is prestented
in Figure 6.

ImageNet. For ImageNet, we provide all training hyper-
parameters in the main text. For the compared methods, we
follow their recommended hyperparameters as reported in
the original papers. For Teacher-free Knowledge Distilla-
tion (Tf-KD) [34], we use the official implementation and
align the training protocol with the other baselines. Specifi-
cally, we adopt their recommended temperature τ = 20 and
label-smoothing coefficient α = 0.1.



(i) γ weight (ii) architecture scale (iii) α weight (γ=1, τ=1) (iv) τ weight (γ=1, α=0.5)

Figure 6. Sensitivity analysis on CIFAR-100 (5 seeds). (i) γ ablation shows that the influence CDL is stable, (ii) scaling ablation indicates
increasing improvement margins with larger architectures, (iii) α ablation shows that self-KD with α=0.5 further improves accuracy, and
(iv) τ ablation shows that τ ≈ 1 is optimal.

B3. Open-set Recognition Experiments
For our Open-set Recognition experiments, we employ the
Maximum over Softmax Probabilities (MSP) [22] method
to identify unknown classes, using a threshold that distin-
guishes the lower confidence of unknown instances from
the higher confidence of known ones.

Regarding training hyperparameters, following [3], we
use the same splits and network architecture for SVHN,
where 4 classes are assigned as known and 6 as unknown.
For TinyImageNet and CIFAR-100, we use a larger ResNet-
18 architecture. In the case of TinyImageNet, we follow the
standard split used in prior works (20 known and 180 un-
known classes). For CIFAR-100, we define a setup with 50
known and 50 unknown classes.

We compare against Cross Entropy (CE), Binary
Cross Entropy (BCE), Generalized Convolutional Prototype
Learning (GCPL) [32], Reciprocal Points Learning (RPL)
[2], and Adversarial Reciprocal Points Learning (ARPL)
[3]. In ARPL, the authors propose the use of Confus-
ing Samples (CS), which involve GAN generated adversar-
ial samples for which the classification network should in-
crease uncertainty by maximizing the entropy of its predic-
tions. In our experiments, this results in improved perfor-
mance but in an average training overhead of approximately
four times longer. We also show how the same augmented
confusing samples can be incorporated into our framework
by assigning uniform dissimilarities to all known classes.

For our proposed CDL objective weighting factor, we se-
lect the value of γ for each dataset based on hold-out valida-
tion over the grid γ ∈ {0.1, 0.2, 0.5, 1}, while for CDLself

we set the distillation factor α to 0.5 for all experiments.

B4. Few-Shot Learning Experiments
Few-Shot Classification aims to enable models to quickly
adapt to new tasks with limited data. Recent work has
shown that the training and adaptation phases can be de-
coupled and optimized independently [18]. Additionally,
neural collapse has been observed to generalize to unseen
samples and classes, supporting the use of pretrained fea-
ture extractors in few-shot settings [7]. Building on these

insights, we study how uniform and class-dependent anti-
class distributions affect the emergence of neural collapse
during pretraining and its impact on few-shot performance.

We evaluate our method using established meta-learning
algorithms, including MatchingNet [28], ProtoNet [25],
Finetune [6], and SimpleShot [31] on two widely adopted
few-shot learning benchmarks: CUB, which consist of 100
train, 50 validation, and 50 test classes, and miniImageNet,
which consist of 64 train, 16 validation, and 20 test classes.
Following [6], we use WideResNet28-10 as the backbone
and pretrain for 300 epochs with SGD, momentum of 0.9,
batch size of 128, a base learning rate of 0.1, decayed at
epochs 200 and 250 by 0.1. Evaluation is conducted on 5-
way 1-shot and 5-shot tasks. The hyperparameter γ of our
CDL objective is selected via a sweep over {0.02, 0.05, 0.1,
0.2}, using the validation classes for tuning, while the dis-
tillation factor α in CDLself is set to 0.5 for all experiments.

B5. Domain Generalization Experiments
For the final set of experiments on Domain Generalization
(DG), we consider multiple domains containing the same
set of classes. We use the common benchmark dataset
PACS [14], which consists of four domains: Photo, Art
Painting, Cartoon, and Sketch. In DG, one of the domains is
typically held out for testing, while the model is trained on
the remaining domains. The goal is to generalize beyond
the training domains, thereby evaluating robustness under
distributional shifts.

Increasing the degree of neural collapse results in
compact, symmetric class representations, where class-
conditional features align with a Simplex ETF geometry.
As a consequence, decision boundaries become more sta-
ble and less sensitive to spurious cues or background vari-
ations, promoting better generalization beyond the training
distribution and improved robustness to distribution shifts.

For our experiments, we used the DeepDG toolkit [30]
and evaluated four commonly used DG methods: Empiri-
cal Risk Minimization (ERM), Mixup [37], MMD [15], and
DANN [23]. All these methods employ cross-entropy loss,
allowing our Complementary Dissimilarity Loss (CDL) to



be seamlessly applied as a complementary objective that en-
courages class dissimilarities to follow a uniform distribu-
tion, thereby suppressing spurious correlations.

We trained a ResNet-18 for 70 epochs with a base learn-
ing rate of 10−2 using a cosine scheduler, SGD with mo-
mentum 0.9, a batch size of 64, and weight decay of 10−4.
Following previous works, we split the training data into
90% train and 10% validation, and for each test domain
we use the corresponding validation set to select the CDL
weighting factor γ via grid search over {0.1, 0.2, 0.5, 1.0}.
For the baseline methods, we use their recommended hy-
perparameters, specifically α = 0.2 for Mixup, α = 1 for
DANN, and γMMD = 1 for MMD.

To further analyze the robustness of the learned rep-
resentations under domain shifts, we examine the intra-
class structure of the features on the PACS benchmark.
Specifically, we evaluate two complementary metrics on
the target domain: (i) NC1: the Neural Collapse within-
/between-class variability metric, which measures the ra-
tio of intra-class feature variance to the separation between
class means. Lower values indicate more compact and
better separated class representations, (ii) Intra-Class Do-
main Alignment (ICDA): the average cosine similarity be-
tween the source-domain and target-domain intra-class fea-
ture centroids. Higher values indicate stronger alignment of
class representations across domains.

Intuitively, NC1 captures how tightly samples cluster
around their class centers in the target domain, while ICDA
measures how well the class structure learned on the source
domains transfers to the unseen target domain. Table 3 re-
ports these metrics for standard ERM training with cross-
entropy (ERM) training and for CE augmented with the pro-
posed Complementary Dissimilarity Loss (CDL). We ob-
serve that CDL substantially reduces NC1 across all do-
mains, indicating significantly more compact and better
separated class representations. At the same time, CDL
consistently increases ICDA, demonstrating stronger align-
ment between source and target domain intra-class repre-
sentations.

Table 3. Domain generalization intra-class robustness analysis on
PACS. Lower NC1 indicates tighter class clustering, while higher
ICDA indicates stronger alignment of class representations across
domains.

Metric Method P A C S Mean

NC1 (↓) ERM 0.898 1.015 0.618 1.192 0.931
+CDL 0.216 0.218 0.129 0.443 0.252

ICDA (↑) ERM 0.953 0.966 0.947 0.952 0.955
+CDL 0.984 0.987 0.976 0.987 0.984
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