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o LC}QFot &Alokss https://pytorch.org/docs/stable/nn#loss—functions

* PytorchOf|lA| HlSots Ext2tHRAL, B HE2AL WAIMEZL] &gt

MAE

Cross entropy

L1LOSS

CLASS torch.nn.ll1lloss(size_average=None, reduce=None, reduction="mean")

Creates a criterion that measures the mean absolute error (MAE) between each element in the input & and target ).

MSE

MSELOSS

CLASS torch.nn.MSELoss(size_average=None, reduce=Nane, reductiaon="mean") [SOURCE]

Creates a criterion that measures the mean squared error (squared L2 norm) between each element in the input 2 and target /.

Data Mining e, e
Quallity Analytics rb\-a

BCELOSS

CLASS toxch.nn.BCELoss(weight=None, size average=None, reduce=None, reduction="mean ")

Creates a criterion that measures the Binary Cross Entropy between the target and the output:

BCEWITHLOGITSLOSS

CLASS torch.nn.BCEWithLogitsloss{(weight=None, size_average=None, reduce=None, reduction="mean’,

pos_weight=None)

This loss combines a Sigmoid layer and the BCELoss in one single class. This version is more numerically stable than using a plain
Sigmoid followed by a BCELoss as, by combining the operations inte one layer, we take advantage of the log-sum-exp trick for
numerical stability.

NLLLOSS

CLASS torch.nn.NLLLoss(weight=None, size average=None, ignore_index=-100, reduce=None,

reduction="mean")

The negative log likelihood loss. It is useful to train a classification problem with C classes.

CROSSENTROPYLOSS

CLASS torch.nn.CrossEntropyloss(weight=None, size_average=None, ignore_index=-108, reduce=None,

reduction="mean')

This criterion combines LogSoftmax and NLLLoss in one single class



https://pytorch.org/docs/stable/nn#loss-functions

2. O|O|E{ &Al0]f| 2 &AISEA

o C}QFot &AISE2s hittps://pytorch.org/docs/stable/nn#loss—functions
* PytorchOllM XiSol= &4ete 2135(2021/7/23 7|1&

Loss Functions _ ; Creates a criterion that measures the loss given inputs 1,

h Himgl T2, two 1D mini-batch Tensors, and a label 1D mini-batch

tensor y (contsining 1 or

Creates a criterion that measures the mean absolute error

Mieasures the loss given an input tensor T and a labels

(MAE) between each element in the input T and target .

tenser Y (containing 1 or -1

Creates a criterion thar optimizes 3 multi-class multi-
classification hinge loss {margin-based loss) between input
L T (a 2D mini-barch Tensor) and output I (which is 2 2D

Tensor of target class indices)

Creates a criterion that measures the mean squaréd error

(squared L2 norm) between each element in the input T and

target Y.

Creates a criterion thart uses a squared term if the absoluze
e . 45 slement-wise error falls below delta 2nd a defta-scaled L1
term otherwise.

This criterion combines L nax and NLLLoss in one

e IOSSENT

single class.
Creates a criterion that uses a squared term if the absolute
p— . i L - element-wise error falls below beta and an L1 term
otherwise.
TCLoss The Connectionist Temporal Classification loss.
Creates a criterion that optimizes a tw ass classification
& il istic loss between input tensor o and tanget tensor
(centaining1 or -1).
nr LLoss The negative log likelihood loss.

sates a criterion that optimizes a multi-label one-versus-all
55 based on max-entropy, between input T and target }f of

=(N,C)
I | Negative log likelihood loss with Poisson distribution of
- - —
target.
Creates a criterion that measures the loss given input
2 o = tensors I, 3 nsor label i with values1 or 1.
i B LLLosE Gaussian negative log likelihood loss. Creates a crite: that optimizes a multi-class classification
. Mul® i . hinge loss (margin-based loss) between input = (a 2D mini-
batch Tensor) and output i {which is 2 1D tensor of target
class indices, 0 < ¥ = ize(1) — 1)-
M. oSS The Kullback-Leibler divergence loss measure
Creates a criterion that measures the triplet loss given an
igletMace i nput tensors 1, 2, £3 and a margin with a value greater

than 0.
Creates a criterion that measures the Binary Cross Entropy

between the target and the output:

M BELDSS
Creates a eriterion that measures the triplet loss given input
tensors a, I, and 71 (representing anchor, pasitive, and

negative axamples, respactivel negative, real-

Lo

Data Mining e, ,.d
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This loss combines a Sigmoid layer and the BCELoss in one
single class.

valued funcrion (“distance function™) used to compute the
relationship between the anchor and positive example
(“pasitive distance™) and the anchor and negative example

(“negative distance”
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Update parameters to minimize loss
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I Conditional Network:

I Update parameters to maximize loss
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Figure 4. Monocular depth estimation results on the KITTI bench-
mark using the “Baseline™ network of [41]. Replacing only the
network’s loss function with our “adaptive™ loss over wavelet co-
efficients results in significantly improved depth estimates.
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s AM-LFS: AutoML for Loss Function Search
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AutoML: computer program

Control over tunable configurations
4 k& ¥

Input
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Many components
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+ SE|OMO|X= Adame2 1Y & x7|5t & DIt 2UE S5l

qu:l R(8,)V log(g(8;;p,,0) )

Mg =M + B

Update u,

Forward L ., MO

Backward ™, . t

Sample Train Get
g, a) =~ one epach reward
\' .

Update M;

MH-i

Figure 2. The bilevel optimization framework of our proposed AM-LFS approach. In this bilevel setting, the inner objective is the min-
imization of sampled loss w.r.t network parameters. while the outer objective is the maximization of rewards (e.g. accuracy or mAP)
w.rt loss function distnbution. After each train epoch, we broadeast the model parameters with the highest reward to each sample for
synchronization.

Broadcast for synchronization
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Algorithm 1 :AM-LFS

Imput: Initalized model M., initalized distribution
fig. total training epochs T, distribution learning rate 5

Output: Final model A,

fort=1to T do
Sample B hyper-parameters @, ..
Nip, o)
Train the model M, for one epoch separately with the
sampled hyper-parameters and get M., ... M_=
Calculate the score B(8,). ... R{#gz) '
Decide the index of model with highest score ¢ =
arg max F(@;);
Llpdal.JE pte using Eq. (20)
Update M., ,, = M.

end for '

return M,

B via distribution
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Table 2. Results on the dataset CIFAR-10 using ResNet-20, show-
ing the ratio of noise label, the top-1 test error rate (%) with stan-
dard cross entropy, L2T-DLF and AM-LFS.

Noise ratio(%) CE [4] L2T-DLF[41] AM-LFS
0 8.75 7.63 6.92
10 12.05 — 10.05
20 15.05 — 12.73

Table 3. Comparison with state-of-the-art loss functions on the
MegaFace dataset using ResNet-20. For SphereFace and Cosine-
Face, we directly reported the results from the onginal paper. For
ArcFace, we report their results by running the source codes pro-
vided by their respective authors to train the models by ourselves
following the same setting with CosineFace.

Method MegaFace rank1 @ lef
SphereFace [22] 67.4
CosineFace [37] T2.5

ArcFace [5] 724

AM-LFS T35

=t hcol

Table 4. Comparison with state-of-the-art methods on the Market-
1501 dataset using ResNet 50 showing mAP, rank | and rank 5.
RK refers to implementing re-ranking operation.

Methods mAP rankl rank5
MLFN (2] 743 900 —
HA-CNN [18] 757 912 —_
DuATM [32]) 766 914 97.1
Part-aligned [34] 796 917 96.9
PCB [35] 774 923 97.2
SphereRelD [6] 836 944 98.0
SFT [24] 827 934 —
MGN [38] 869 957 —
MGN(RK) [38] 942  96.6 —
SphereRelD+ours 844  95.0 98.1
SFT+ours 832 936 97.9
MGN+ours 88.1 95.8 98.4
MGN(RK)+ours 946  96.1 98.4

Table 5. Comparison with state-of-the-art methods on the
DukeMTMC-RelD dataset using ResNet 50 showing mAP, rank
I and rank 5. RK refers to implementing re-ranking operation.

Methods mAP  rankl ranks
PSE [30] 620 798 897
MLFN 2] 628 BLO —_
HA-CNN [18] 638 BDS —
DuATM [32] 646 B18 902
Part-aligned [34] 693 844 922
PCE+RPF [35] 69.2 B33 —_
ShpereRelD [6] 685 E30 W6
SFT [24] 732 E6O 939
MGN [38] T84 BRT —
MGN(RE) [38] 886 909 —_
ShpereRelD+ours 698 843 920
SFT+ours 738 87.0 951
MGN+ours 800 B99 952
MOMN(EK)+ours  90.1 924 95.7
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