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6. Initialization Details

For layer ¢ with N centroids, k-means clustering with N
centroids was used to find the initialization positions for the
centroids. This can be done quickly for a large batch of data
using web-scale k-means clustering with k-means++ initial-
ization [, 38]. Then for each datapoint in the initialization
batch, the distance to its closest centroid is computed, pro-
ducing a vector in R™, where n is the number of datapoints
in the batch. Similarly, for each centroid, the distance to
its closest datapoint was computed, producing a vector in
RY. Note that distances were computed using |-, which
is also used in the RBFN forward pass.

To set BZE 0 We take inspiration from the Gaussian dis-

tribution. In the Gaussian distribution, 95% of datapoints
fall within 2 standard deviations of the mean. This can be
represented as 20 = d, or equivalently, 402 = d?. Since
L ﬁ:r(é), we should expect to set ﬁj(e) proportional to
%.
Returning to our two vectors in R™ and RY, call the
larger of the 95% quantile of each of these metrics d. We
can use this d as an estimate of the necessary width of a
Gaussian distribution, and thus set ﬂj 0= ;—2. Note that we
initialize every inverse-width in a layer to the same value,
L;%. In our code, where ﬂj@ = softplus(fBe ), we ac-
tually initialize 5.,y = inverse—softplus(;—z).

To see this procedure work in code, please see our code
in section 9.

7. Moons

To enable development and achieve a simple baseline, we
employed a 4-class moons problem. Similar datasets have
been used in other papers on uncertainty quantification due
to their ease of visualization.

The 4-class moons dataset was generated from scikit-
learn’s make moons function with noise parameter 0.2,
which produces a 2-class moons problem [32]. Two extra
classes were generated by shifting the base 2-class moons
problem by 2 units in each direction. Overall, the dataset
had 1000 training datapoints and 500 testing datapoints split
equally among each class. The dataset was normalized prior
to training.

We trained a 3-layer MLRBEN with N = 50 centroids
in the first and second layers and N = C' = 4 centroids in
the third layer. A projection dimension of o = 100 was used
in the first and second layers. k was set to 2 for all layers.
The Adam optimizer was used with a learning rate of 1073
[20]. The network was trained for 250 epochs with a batch

size of 100.

Figure |1 demonstrates the performance of our MLRBFN
on the 4-class moons problem. Datapoints are scattered and
colored according to their true class. Color in the back-
ground represents the class prediction while shading repre-
sents the confidence of the network, with white being low
confidence and dark being high confidence. It is clear that
the network can classify the dataset correctly (> 99.5%
training and testing accuracy) and is only confident near the
training data manifold.



8. Results Continued
8.1. Tabular Results

In this section, we include tabular results referred to in the
main body of the paper. These can be seen in Table 1, Ta-
ble 2, Table 3, and Table 4.

In the main body, we perform a deep analysis of Ta-
ble 1 and Table 2, so here we discuss the other two tables.
From Table 3, it is clear that MLRBFNs produce signif-
icantly better results than MSP and are competitive with
other presented methods. Some other methods, like RMDS,
have significantly better performance across all datasets, but
these methods can be incorporated with MLRBFNs to pro-
duce even better performance.

From Table 4, MLRBEN results are significantly better
than MSP: MSP has a 100% false positive rate across all
datasets, while MLRBFNs reduce this significantly. Again,
MLRBENS can be combined with other methods presented
in the table to produce improved performance.

8.2. OOD Detection with Increasing Number of
Classification Layers

Finally, we tested how the number of trainable “head” lay-
ers affects OOD detection performance in DNNs and ML-
RBFNs. To do this, we trained networks with 1, 2, 3,
or 4 head layers on CIFARI10 features extracted by CLIP,
and measured AUROC on near-OOD and far-OOD datasets.
Results are shown in Figure 5. As can be seen, MLRBFN
performance slightly increases as the number of layers in-
creases, while DNNs with ReLU activation functions pro-
duce worse performance as the number of layers increases.
This may be a sign that feature collapse can occur rapidly, as
the DNN'’s trainable “head” layers map all inputs to one of
the training classes even when DNNs use powerful frozen
feature extractors. MLRBFNSs are able to achieve similar
accuracy to DNNs but do not have degrading robustness to
OOD inputs.
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Figure 5. AUROC for near- and far-OOD tasks on the CIFAR10
dataset. MSP was used for DNN OOD detection. As the number
of classification layers increases, MLRBFNs maintain high AU-
ROC for the OOD detection task, while DNNs have decreasing
AUROC. This supports MLRBFNSs as networks which are natu-
rally capable of detecting OOD inputs.



Table 1. Comparing the performance of MLRBFNs to published benchmarks and existing methods in the OpenOOD v1.5 study. In this
table, we use AUROC as the metric for OOD detection. Whenever possible, we report the average number and the corresponding standard
deviation obtained from 3 training runs. In almost all cases, MLRBFNs using the ResNet18 (for CIFAR10/CIFAR100/ImageNet200)
and ResNet50 (for ImageNet1K) backbones are competitive with the average performance of methods from the OpenOOD v1.5 study.
MLRBFNSs using DINOv2 and CLIP as feature extracts generally outperform the best performing methods from OpenOOD v1.5.

CIFAR10 CIFAR100 ImageNet200 ImageNet1K

Near-OOD  Far-OOD ID Acc. Near-OOD  Far-OOD ID Acc. Near-OOD  Far-OOD ID Acc. Near-OOD  Far-OOD ID Acc.
- Multi-layer Radial Basis Function Networks
ResNet 88.88(:026) 90.01(z058) 94.63:0.19) | 77.300.49) 80.51(x1.18) 69.64x030) | 81.02 89.10 84.50 74.30 86.60 70.72
DINOvV2 96.01z034) 97.60z0.64) 97.79z0.04) | 8918073y  93.181.17) 85.25w032) | 90.24:022)  96.82:052) 94.61(:037) | 78.84(x025) 92.57x021) 78.62¢20.12)
CLIP 95.75z035) 98.46(x020) 95.78z0.16) | 86.53z084) 95.96(:135) 76.04:017) | 85.05:042) 94780420 90.97007) | 72.03z051)  88.50032 72.16¢z0.11)
- OpenOOD v1.5 Benchmarks
Best Post-hoc 90.64(z020) 93482024y 95.06(x030) | 81.05:007) 8292042y 77.25w0.10) | 83.69:004) 93.90027) 86.37(x008) | 78.17 95.74 76.18
Best Mod. Training | 92.68:027) 96.74:006) 95.35:052) | 80.93x029) 88.40(0.13) 77.20@0.10) | 82.66(z0.15) 9449007y 86.37(20.16) | 76.52 92.18 76.55
Best Outlier Exp. 94.82:021)  96.000.13)  94.95z0.04) | 88.30i0.10) 81411490 76.84:042) | 84.84:016) 89.021:018 86.121:007) | N/A N/A N/A
Avg. Post-hoc 79.18 83.24 95.06 73.16 76.43 77.25 75.88 84.02 86.37 71.11 85.36 76.18
Avg. Mod. Training | 88.06 91.91 94.15 76.28 78.88 73.74 79.44 90.47 85.52 72.96 87.35 75.36
Avg. Outlier Exp. 91.12 93.25 94.12 81.09 78.03 74.84 81.35 87.08 81.44 N/A N/A N/A

Table 2. Comparing the performance of MLRBFNSs to published benchmarks and existing methods. In this table, we use AUROC as
the metric for OOD detection. Whenever applicable, we report the average number and the corresponding standard deviation obtained
from 3 training runs. The table demonstrates that MLRBFNSs outperform MSP in all cases (emphasized in red), meaning that the outputs of
MLRBFNS are better suited for OOD detection than standard DNNs. This result supports our goal of building a neural network architecture
which is better able to inherently detect OOD inputs than modern DNNGs.

CIFAR10 CIFAR100 ImageNet200 ImageNet1K
Near-OOD  Far-OOD ID Acc. Near-OOD  Far-OOD ID Acc. Near-OOD  Far-OOD ID Acc. Near-OOD  Far-OOD ID Acc.
- Multi-layer Radial Basis Function Networks
MLRBEN DINOV2 | 96.01034 97.60064) 97.79:0.04) | 89182073y  93.18117)  85.25032) | 90.24022)  96.82:052 94.61(x037) | 78.84005)  92.57x021) 78.62x0.12)
CLIP 95.751035)  98.46(x020) 95.78(0.16) | 86.53z0.84) 95.96(x135) 76.04:017) | 85.052042) 9478042y 90.97:007) | 72.03051  88.50w032 72.1600.11)
- Foundation Model Benchmarks
MSP DINOvV2 | 86.74z050) 90.301.59) 98.13s0.00) | 83.85z046) 87.28z088) 87.62:0.17) | 7909033y 86.25018) 94.95us0.08) | 6780038y  72.99:046) 77.940.17)
CLIP 77.67x024y 765621800 95.922000) | 72.85w0.67) 72.08(1.12)  79.140.47) | 75.55@060) 83.51oo1y  92.73w0.10) | 6504032  69.84067) 7221011
ODIN DINOV2 | 9627021, 97.16w0sn 9813000 | 85.70w0ss 8906115 87.62u017) | 81.54moss) 8449021 9496008 | 5561wz  49.15w1s 7842012
CLIP 83.56@107)  T4.320248) 9592009 | 6473181 53.04m079)  79.16@017) | 69.18120) 7342188y 92.74wo0a0) | 61.51004)  63.161232)  72.74(s0.15)
GEN DINOV2 | 9698015y 97.850030) 9813009 | 8843020 9173078 87.62:017) | 88.03k039) 94.06008 94.95:008 | 7017056  75-17Go0s3y  77.94c01n
CLIP | 89.19025 8701wz 9592u009 | 74490as 71.62c000 79.14w01n | 80.68¢0cs  88.12u0sn 9273010 | 68.50¢0d0  7533ciie 722l
e DINOVZ | 9524009 974900 98.13ua0n | 94060000 9549e0s0 87.62u0m) | 9178s00n 9830 9495uaom | 8178som  9483eam 794
CLIP | 93.53u007 98950006 95.92:000 | 88.74c01s 9744w020) 79.14uoun) | 80050017  89.78oas 92.73w010) | 66.77m04s 795607 722101
SHEE DINOV2 | 97.62¢:001) 98.74(:005) 98.13(x009) | 94.89z006) 96.41z007) 87.62:017) | 92.60x004) 97.83008) 94.95008) | 83.58z0.11) 94.10i007) 7794017
CLIP 94.72:005) 9910001y  95.92(20.09) | 89.74z0.15) 98.030.18) 79.140.17) | 8557007 9341031y 92.730.10) | 73.97031)  85.441026) 72.21(x0.1)
KNN DINOV2 | 95570000 96.06000) 98.13s0.09) | 914420000  86.57000) 87.62s0.17) | 81.51z000) 96.20m0.00) 94.95ws0.08) | 77-530.000  94.65x000) 77.940.17)
CLIP 90.71z000) 978220000 95.92(20.09) | 82.14z000) 91.39:000) 79-140.17) | 68.36(x000) 722820000 92.73(z0.10) | 57.80000) 61.12z000) 72.21(z0.11)
RMDS DINOV2 | 98.27:000) 99.19:000) 98.13(:000) | 95.16000)  97.53@z0000 87.62z0.17) | 94.77z000) 98.89:000) 94.95z008) | 83.79:0000 96.31z0.00) 77.94z0.17)
CLIP 957320000 97812000 95.92(2009) | 93.23z0000 98.8lzo00) 79.-140.17) | 92.09:000) 978820000 92.73z0.10) | 7821000y 91.50000) 72.21(z0.11)




Table 3. Comparing the performance of MLRBFNS to published benchmarks and existing methods. In this table, we use AUPR Out as the
metric for OOD detection. Whenever applicable, we report the average number and the corresponding standard deviation obtained from 3
training runs.

CIFAR10 CIFAR100 ImageNet200 ImageNet1K
Near-OOD  Far-OOD ID Acc. Near-OOD  Far-OOD ID Acc. Near-OOD  Far-OOD ID Acc. Near-OOD  Far-OOD ID Acc.

- Multi-layer Radial Basis Function Networks
DINOV2 | 95.77041)  98.20w060) 97.79w0.04) | 86.47w1.13)  93.80w123) 85.25w032) | 93.50m017) 9583062 94.61a037) | 58.82w107)  69.61o62) 78.620.12)
CLIP 9527051y 98.65:030) 95.78x0.16) | 83.36141)  95.921170) 76.04:0.17) | 88.56(:024) 93.55x076) 90.97007) | 47.53001  61.72w121) 72160011
- Foundation Model Benchmarks

DINOV2 | 9117035y  94.80068) 98.13x009) | 78.91z065) 87.86087) 87.621:0.17) | 88.752023) 88.85009) 94.95us0.08) | 4390051  34.34045 7794047

MLRBFN

MSP CLIP 8240015  85.64x097) 95921009 | 65.07x048) 75140760 79.14@017) | 83.38020)  83.36051)  92.73w0.10) | 40.262024)  29.96:050) 7221 (z0.11)
oy DINOVZ | 9524c0s  9694uas 98.13e0m | 804705y  8B82eian 87.6260m | 8427co1e  T9T2s0u 496uam | 3B9Munw  1696em) TB42e01
CLIP 80.52:1.62) 7714207y 95.92:000) | 5775148 62.89w044) 79.16(:0.17) | 73.26(z085) 66.92¢:171)  92.74:0.10) | 36.44:097) 2354162 72.74z0.15)
N DINOV2 | 96.30w026 97.93w033 9813009 | 8412003  91.88w0ss 87.62u01m | 9145m01s  92.34wory  9495uons | 4391wosy  3394eorn  77.9%wo01m
CLIP | 87.69:020 88.66wi00 9592u00s | 6477051, 7329:045 79.14¢017 | 84.160057 8500100 92.73uor0) | 4215045  3534eisy  7221con
qupp | PINOVZ | 9501comy 982000 98.13uam, | 9360unmm  9705w02m) 876260 | HdSeom  9TTlsory 495uamm | 6319ase  T6.190m T794sor)
CLIP 93.08(:007  98.69:005) 95.922009) | 87.61x023) 97.50024) 79.14z0.17) | 81.93z028) 8546062 92.73w0.10) | 4170037 3770112y 7221001
SHEE DINOV2 | 97.65:002 99.30005) 98.13z0.009) | 94.06(x0.09)  97.30006) 87.62(x0.17) | 94.44x005) 966220200 94.95x008) | 64.35:053)  70.89062) 77.940.17)
CLIP | 94.11u006 98.76u00s 9592u009 | 88.66002s 9764025 79.14c017 | 86440026 9038046 92.73uor0) | 4725030  46.42¢073  7221¢0n
NN DINOV2 | 9537w000) 9776000 9813009 | 91.23¢000 9147000, 87.62w017 | 8608000y 96.14000 9495008 | 60.15:000)  80.160000  77-9%017
CLIP 90.51x000) 97.64x000) 95.922009) | 82.59000) 91.52@0.00) 79.140.17) | 69.15000) 61.81x000) 92.730.10) | 35040000  21.54000) 7221011
RMDS DINOV2 | 97.89:000) 99-17x000) 98.13(2009) | 94.14z0000 98.29:000) 87.620.17) | 97.16x000) 98.63x000) 94.95x0.08) | 74460000 85.21000) 77.940.17)

CLIP 9479000 9708000 9592000 | 92.57w000) 9891000y 79-14wo17) | 94450000y 9727000y 92.73wo0) | 5524mo0n  63-57wo00) 7221w

Table 4. Comparing the performance of MLRBFNs to published benchmarks and existing methods. In this table, we use FPR@95 (False
Positive Rate at 95% True Positive Rate) as the metric for OOD detection. As such, unlike the previous tables, smaller numbers indicate
better performance here. Whenever applicable, we report the average number and the corresponding standard deviation obtained from 3
training runs.

CIFAR10 CIFAR100 ImageNet200 ImageNet1K
Near-OOD  Far-OOD ID Acc. Near-OOD  Far-OOD 1D Acc. Near-OOD  Far-OOD ID Acc. Near-OOD  Far-OOD ID Acc.

- Multi-layer Radial Basis Function Networks
DINOv2 17.99w208)  9:5l@0s)  97.79w004) | 43.39w241)  25.31@as1) 8525032 | 49.55@i07)  11.71w2a3)  94.61:037) | 67.08103)  26.92148)  78.62020.12)
CLIP 16812178y  6.36x130)  95.78(:0.16) | 46.162187y 14.21(:357)  76.04:0.17) | 60.18(2180)  22.03(2223) 90.97(x0.07) | 76.68(21.06) 45.61(x235) 72.16(z0.11)
- Foundation Model Benchmarks

DINOv2 100»001:17.017} 100*00&() 00) 98.1 3&0.17‘)) 100«00&0 00) 45'78lil 41) 87'62(:0 17) IOO-OO(iO.OO) 100~00(ﬂ).170) 94»95&17.0}(} 100~00(ﬂ).170) IOO-OOK:O 00) 77‘94‘i() 17)

MLRBFN

MSP

CLIP 100.00z000)  100.00z000) 95.92(20.00) | 100.000.00) 7712757y 79-14z0.47) | 100.000.00) 100.000.00) 92.73(20.10) | 100.00¢0.00) 100.00¢z0.00) 7221 (0.1
ODIN DINOv2 1411087 1078171y 98.13(000) | 49592620  33.50w268) 87.62¢:0.17) | 62.220224)  47.141125) 94.96(008) | 87.52z061) 88.99w136) 78.42(:0.12)
CLIP 55.69225) 65.67s08)  95.92:000) | 86.4823.18) 7528154y 79.1620.17) | 7712143y  67.04:201) 9274010 | 8237123y  78.30wisny  72.7420.15
GEN DINOv2 11.56:080)  8.32s116)  98.13(20.09) | 42.56(2082) 27.862236) 87.6220.17) | 54.84323) 24.372028) 94.95008) | 76.21x117)  67.282099) 77.9420.17)
CLIP 46151000 5318571y 95.92(20.09) | 67.441249) 6524082y 79.14(20.17) | 66.89s149) 44340100 92.730.10) | 7647081y 6722164 72.21041)
SHEIP DINOv2 18.00z008)  7-85@0.18)  98.13@0.09) | 24.632025)  14.80071) 87.62¢0.17) | 43.91z028)  5.70w018)  94.95008) | 65.630.46)  20.64:0s8)  77-940.17)
CLIP 23.360.15) 4520200  95.921:000) | 3241051  10.30w0s3)  79.140.17) | 60.180309)  32.65x081) 92.730.10) | 8041052  55.66@129)  72.21x0.11)
SHER DINOv2 10.09:006)  4.222013)  98.13(2009) | 2116004y 11.032027) 87.62(x0.17) | 40.78(2013)  6.19:0.15)  94.95x008) | 59.54035)  20.29038)  77.9420.17)
CLIP 18.93u013)  3.620003)  95.92009) | 31.17037)  6.79:052)  79.14:0.17) | 50.88:0.13)  25.04058) 92.73:0.10) | 69.66:021)  42.95@049) 7221011
KNN DINOv2 15250000 109220000 98.1320.09) | 33120000 27.772000) 87.62z0.17) | 669720000 19.31z000) 94.95z0.08) | 71.93x0000 23.96000) 77-94z0.17)
CLIP-KNN | 29.77z000)  8.64000)  95.92z0.09) | 44.97z000) 23.89000) 79.14x0.17) | 70.37x0000  47.78000) 92.73z0.10) | 83.28w0.00) 63.57z000) 72-21(x0.11)
. DINOvV2 6.41(20.00) 2.72:0000  98.13z0.09) | 20.59000) 1051000y 87.62(x0.17) | 33.93x0000  3.90=000)  94.95w0.08) | 64.98w000)  17.07000)  77.940.17)

CLIP 1733000  8.50w000)  95.92009) | 25.61000) 4.2520000 79-14@017) | 38.51w000) 846m000) 92.73w0.10) | 66.41s000) 30.62x000) 7221011




9. Code

In this section, we provide code for RBF layers of an MLRBFN. Additionally, we provide the code for our binary cross-
entropy loss function.

1 import torch

2 import torch.nn as nn

3 import torch.nn.functional as F

4 from torch.nn.modules.lazy import _LazyProtocol

¢ def logsubstractexp(tensor, other):
7 a = torch.max (tensor, other)
8 return a + ((tensor - a).exp() - (other - a).exp()).log()

10 def log_bce_loss(log_y_pred, y, num_classes):
11 y = F.one_hot (y, num_classes=num_classes) .float ()

12 y_flat = y.ravel()

13 log_y_pred_flat = log_y_pred.ravel () le-6

14 zero = torch.zeros(log_y_pred_flat.shape).to(y.device)

15

16 not_log_y_pred = logsubstractexp(zero, log_y_pred_flat)

17 return torch.mean (-1 » ((y_flat » log_y_pred_flat) + (1 - y_flat) * not_log_y_pred))

19 def webscale_kmeans (data, centroid_shape, k, iter=1):

20 v = torch.zeros (centroid_shape[0]) .to(data.device)

21 d = torch.zeros(data.shape[0]) .int () .to(data.device)

2

23 centroids = torch.empty (centroid_shape) .to(data.device)

24 centroids [0, :] = datal0]

25 for ¢ in range(l, centroids.shape[0]):

26 dists = torch.cdist (data, centroids[:c], p=k) #*=* k

27 dists = torch.min(dists, -1).values

28 dists = dists / torch.sum(dists)

29

30 rand_unif = torch.rand(l) .to(data.device)

31 dists_cumsum = torch.cumsum(dists, 0)

32 idx = torch.argmax((dists_cumsum > rand_unif) .to(torch.long))
33 centroids([c, :] = data[idx, :] + le-5 % torch.randn(data.shapel[l]).to(data.device)
34

35 for t in range (iter):

36 for i, x in enumerate (data):

37 x = x[None, :]

38 dists = torch.linalg.norm(centroids - x, ord=k, dim=1) ** k
39 idx = torch.argmin (dists)

40 d[i] = idx

4

2 for i, x in enumerate (data):

3 c = df[i]

44 vic] += 1

45 eta = 1 / vic]

46 centroids[c] = (1 - eta) = centroids[c] + eta * x

47

48 return centroids

49
50 class RBFDepressionLayer (nn.Module) :
51 def _ init_ (self, input_features, num_centroids, projection_features, k=2, last=False):



super () .__init__ ()

self.centroids = nn.Parameter (torch.randn (num_centroids, input_features))
self.init_beta = 1

self.beta = nn.Parameter (torch.ones (num_centroids,))

60

61

62

63

64

self.projections = nn.Parameter (torch.randn (num_centroids, projection_features))
self.k = k
self

forward(self,

depression, recovery=1.1):

distances torch.cdist (x, self.centroids,
sb = F.softplus (self.beta)
if self.last == False:
scales = (sb / F.softplus(self.init_beta)) * torch.exp(-sb * distances)
depressed_scales = scales * \
torch.minimum(depression * recovery, torch.tensor(1.0).to(x.device))[:, None]

depress_next = torch.max (depressed_scales, 1) .values
x = depressed_scales @ self.projections
return x, depress_next, scales
else:
log_scales = -sb % distances
log_recovery = torch.log(torch.tensor (recovery) .to(x.device))

log_depression = torch.log(depression)

90

91

92

93

94

95

96

class KMeansRBFDepressionLayer (nn.modules.lazy.LazyModuleMixin,
cls_to_become:
centroids:
beta:

def _ init__ (self,
super ()
self.centroid_shape

self.beta_shape

self.centroids
self.beta

initialize_parameters (self,
self.centroids.materialize (self.centroid_shape)

self.beta.materialize (self.beta_shape)

= log_scales + \
torch.minimum(log_depression + log_recovery, torch.tensor(0.0).to(x.device)) [:

log_depression,

RBFDepressionLayer) :
RBFDepressionLayer

nn.parameter.UninitializedParameter
nn.parameter.UninitializedParameter

projection_features, last=False) :

input_features, num_centroids,

.__init__ (input_features, num_centroids, projection_features,
self.centroids.shape

self.beta.shape

nn.parameter.UninitializedParameter ()

nn.parameter.UninitializedParameter ()

depression, recovery=1.1):

x_centroid_loc = x[:x.shape[0]//2, :]
x_beta = x[x.shape[0]//2:, :]

cents = webscale_kmeans (x_centroid_loc, self.centroid_shape, self.k, iter=100)
self.centroids[:] = cents
distances = torch.cdist (x_beta, self.centroids, p=self.k) %% self.k

distances_dp = torch.quantile(torch.min(distances, 1).values, 0.95)
distances_cent = torch.quantile(torch.min (distances, 0).values, 0.95)

dist = torch.maximum(distances_dp, distances_cent)
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if ((4 / dist)) < 5:
bs
else:
bs = (4 / dist)
self.init_beta = bs
self.betal[:] = bs

((4 / dist)) .expml () .clamp_min(le-6)

.clamp_max (le4) .log ()
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