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Abstract

Self-attention has been widely used in deep learning, and recent efforts have been
devoted to incorporating self-attention modules into convolutional neural networks
for computer vision. Previous approaches usually use fixed channels to compute
feature affinity for self-attention, which limits the capability of selecting the most
informative channels for computing such feature affinity and affects the perfor-
mance of downstream tasks. In this paper, we propose a novel attention module
termed Differentiable Attention (DA). In contrast with conventional self-attention,
DA searches for the locations and key dimension of channels in a continuous space
by a novel differentiable searching method. Our DA module is compatible with
either fixed neural network backbone or learnable backbone with Differentiable
Neural Architecture Search (DNAS), leading to DA with Fixed Backbone (DA-FB)
and DA-DNAS respectively. We apply DA-FB and DA-DNAS to two computer
vision tasks, person Re-IDentification methods (Re-ID) and image classification,
with state-of-the-art results on standard benchmarks and compact architecture
compared to competing methods, revealing the advantage of DA.

1 Introduction

Self-attention, with its success in natural language processing, has recently drawn increasing interest
beyond the NLP literature. Efforts have been made to introduce self-attention to deep convolutional
neural networks (CNNs) for computer vision tasks with compelling results. The success of self-
attention in computer vision is arguably attributed to its capability of capturing fine-grained cues
and important parts of objects in images, which is particularly helpful for downstream tasks such as
person Re-IDentification methods (Re-ID) and image classification. For example, non-local neural
network [1] employs self-attention to aggregate input features to attention enhanced features by
weighted summation of the input features. The weights in the weighted summation are the pairwise
feature affinity, which is computed as the dot product between input features. Lacking an effective
way of selecting channels, previous works [1, 2] use fixed channels to computer such feature affinity,
and such fixed channels are selected by handcrafted pooling and sampling. As a result, the selected
channels may not be the most informative ones for the downstream tasks.

We argue that more informative channels should be selected in the attention modules to calculate
more meaningful affinities among the features. In this paper, we propose a novel Differentiable
Attention (DA) module which searches for the most informative channels in a differentiable manner.
Figure 1 illustrates the difference between the vanilla self-attention and the proposed DA module.
The main contributions of this paper are as follows.

First, we propose the Differentiable Attention (DA) module. In contrast with conventional self-
attention where fixed channels are used to compute pairwise similarity between input features, DA
selects the most informative channels to compute task-oriented pairwise affinity, which outperforms
the vanilla self-attention modules by extensive empirical study. DA employs a novel differentiable
searching algorithm which learns the position and key dimension of the most informative channels
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in the input features. In contrast with Gumbel-softmax based searching limited to a fixed number
of options, DA searches for the location and key dimension in a continuous space comprising
uncountably infinite options for these two parameters. While location and key dimension are integers
with respect to which the loss function of the neural network is not differentiable, we extend these
two parameters to real value domain by carefully designed bilinear interpolation, which enables
differentiable optimization. The location and key dimension of the selected channels form a window,
and the channels inside the window found by DA are used in the inference process of neural networks
with DA modules. Since DA with a single window risks loosing informative channels, we further
extend Single-Window DA to Multi-Window DA so as to further boost the performance of DA. A
natural window merging process is used to merge overlapping windows obtained by Multi-Window
DA, which adaptively infers the number of final disjoint windows.

Second, DA modules are incorporated into either Fixed neural network Backbone or learnable
backbone with Differentiable Neural Architecture Search (DNAS) algorithm, leading to DA-FB and
DA-DNAS respectively. DA-DNAS is a new neural architecture search method jointly learning the
network backbone and the architecture of DA, that is, the location and key dimension of channels.
We apply DA to two computer vision tasks, person Re-ID and image classification with extensive
empirical study. DA-FB and DA-DNAS not only outperform current state-of-the-art, but also render
much more compact architecture compared to competing methods. Notably, DA achieves the mean
Average Precision and top-1 accuracy of 61.0% and 82.7% with only 12.8% of the FLOPs of the
model with best precision so far. We also have interesting findings which are of independent interest.
For example, we find DA tends to be more selective in channel selection in higher layers than it does
in bottom layers, reflecting the fact that only a few channels have the useful semantic information for
prediction. By pruning unselected channels, neural networks with DA enjoys smaller parameters than
their counterparts with vanilla self-attention. Our experiments also suggest that Multi-Window DA
further improves the performance of Single-Window DA with almost the same neural network size
and FLOPs.

1.1 Related Work

Integrating attention mechanism into CNN models also achieved great success in person Re-ID
and image classification. Existing works in Re-ID [3, 4] enforce the attention mechanism using
convolutional operations with small receptive fields on feature maps. There are also works [5, 6]
exploring external clues of human semantics (pose or mask) as attention or to use them to guide
the learning of attention. The explicit semantics which represent human structures is helpful for
determining the attention. However, the external annotation or additional model for pose/mask
estimation is usually required. Following the success of self-attention in natural language processing
[7] and its adaption to computer vision tasks [1], recent studies [8, 9, 10] in Person Re-ID also
adopted self-attention modules and non-local blocks, which aims at enhancing the features of the
target position via aggregating information from all positions. Self-attention is also used to enhance
CNNss for image classification and recognition [11, 12]. To the best of our knowledge, all attention
modules are confined to the regime of fixed channels for computing feature affinity. The proposed
DA module focuses attention on the most informative channels of input features.

Our DA module falls in the class of Neural Architecture Search (NAS) methods in the sense that
the architecture of attention modules, i.e. the channels used to compute feature affinity, is learned.
Existing NAS methods can be grouped into two categories by optimization scheme, namely Dif-
ferentiable NAS (DNAS) and Non-differentiable NAS. NAS methods heavily rely on controllers
based reinforcement learning [13] or evolution algorithms [14] to discover better architecture. The
search phase of such methods usually cost thousands of GPU hours. Recently, DNAS have shown
promising results with improved efficiency. DNAS frameworks are able to save a huge amount
of GPU hours in the search phase. So far all the DNAS methods [15, 16, 15] search for optimal
options for architecture in a handcrafted and finite option set. They transform the discrete network
architecture space into a continuous space over which differentiable optimization is feasible, and use
gradient descent techniques to search the continuous space. However, the continuous space is for the
coefficients used to interpolating finite architecture options, not for architecture itself. For example,
DARTS [15] relaxes the originally discrete optimization problem of NAS to a continuous problem in
terms of the option interpolation coefficients, enabling efficient optimization by Stochastic Gradient
Descent (SGD). In a similar manner, almost all the other DNAS methods [17, 18] adapt Softmax
or Gumbel Softmax to search among a finite set of candidate operations. For example, to search
for the best filter numbers at different convolution layers, FBNet [18, 17], models each option as a
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term with a Gumbel Softmax mask. In contrast with existing DNAS methods, DA searches for the
architecture of attention modules in a continuous architecture space with uncountably many options
for the location and key dimension of channels.

The rest of this paper is organized as follows. We first revisit the vanilla self-attention in Section 2.1.
Then we introduce our proposed Differentiable Attention (DA) module and its differentiable searching
method in Section 2.2. We then introduce the multi-window extension of DA in Section A.1. Lastly,
we introduce how we integrate DA into fixed neural network backbones and learnable backbones in
Section B.5, with extensive experimental results in Section 3. The right figure of Figure 1 illustrates
the overview of a deep neural network with a DA module.

2 Proposed Approach
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Figure 1: Left: Comparison between the vanilla self-attention and the proposed Differentiable
Attention (DA). The channels used in these two types of attention modules are illustrated as boxes in
red with notation y. While fixed channels are used in the vanilla self-attention to compute feature
affinity, DA automatically searches for informative channels to compute task-oriented feature affinity.
Please refer to Section 2.1 and Section 2.2 for more details. Right: Deep neural networks with the
vanilla self-attention (top) and DA (bottom) for the Re-ID task. As illustrated by the visualization of
the output feature representation with Grad-CAM, DA captures more accurate parts of human body
than the vanilla self-attention. Please refer to Section A.6 of the supplementary for more visualization
results.

2.1 Revisit Self-Attention and Non-local Block

Vanilla Self-Attention The self-attention module applied in Transformer [7] is in the form of a
scaled dot-product. Suppose X is an input feature of shape h x w x ¢ which is reshaped as a matrix
X € R"*¢_ The vanilla self-attention module applies three projections to X to obtain key (K),
query (Q)), and value (V) representations. The output is computed as a weighted sum over the value

V by Attention(Q, K, V) = softmax(%)V. Following the success of self-attention in natural
language processing, non-local block [1] is put forward to integrate self-attention mechanism into
CNNs for computer vision tasks. In a non-local block, the attention module can be formulated as
Attention = f(0(X), #(X))g(X), where 6(-), ¢(-) and g(-) are transformations applied on the input
X. Recent work [2] demonstrates that 6, ¢, and g in this equation can be removed due to CNNs’
strong capability of function approximation. By using dot-product to model the correlation between

features, the non-local attention module can be simplified as

1
Attention = —— XX "X, 1
ntion 69 (1)
where matrix X € R"*¢ is reshaped from the input tensor X. C'(X) is a normalization factor similar
to the softmax function in self-attention. As dot-product is used to compute feature affinity, C'(X)
equals to the number of positions in X. In previous non-local attention module designs [1, 2, 14],
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Figure 2: Interpolation process in Differentiable Attention. The left figure illustrates the forward and
backward processes for the key dimension [ of DA. The right figure illustrates these processes for the
position s of DA.

the channels used to compute the affinity between input features are usually selected by handcrafted
pooling [1] or sampling [2]. As a result, the feature affinity matrix is expressed as

r(IO)(X) — X(Io)X(Io)T’ )
where X(0) is a submatrix of X formed by aggregating columns of X with column indices in a set
Iy. For example, LightNL [2] compresses X by setting I to {1,2,..., |r X c¢|}, where r is a fixed
ratio, such as 0.5. Such X(T0) is the channels marked in red in the left figure of Figure 1 for the
vanilla self-attention, with y = X To),

2.2 Differentiable Attention and Its Differential Searching Method

Clearly, different channels of the input features encode different information. As a result, handcrafted
sampling or pooling methods risk overlooking key channels important for feature affinity and using
uninformative channels to generate the feature affinity matrix r.

To solve this problem, we propose a novel differentiable searching algorithm to search for the the
most important channels to compute the feature affinity. In other words, we propose to search for an

optimal T and the compute the feature affinity matrix by r( (X)) = X(DX® T Note that T is a subset
of all the indices of columns of X. For convenience of optimization, we restrict I to consecutive
indices so that it can be parameterized by a staring location s and a size, or key dimension /. In this
manner, I is expressed as 1, ;) = {s,s+1,...,s+ 1}, and our goal is reduced to searching for s
and [. The correlation matrix can be expressed as

r(I(s,z))(X) — X(I(s,l))X(I(s,l))T’ 3)

where s and [ are integers in the conventional setting of attention modules. Note that X (It=.n) forms
a window of channels, so our goal is to search for a window to potentially improve the performance
of the vanilla self-attention. In the left figure of Figure 1 for DA, X I=0) is illustrated as a red box
of learnable location and size/key dimension, where y = X (X:.0), Existing DNAS methods [15, 18]
treat different choices of s and [ as different options and adopt Softmax or Gumbel Softmax based
searching methods to search among a handcrafted and finite option set. The performance of such
methods highly depends on the choice of option set. Moreover, the searching process of representaive
DNAS methods, such as FBNetV2 [17], involve a separately tuned temperature parameter which is
not trained by SGD used to optimize the network weights. As a result, there could be inconsistency
between searching for architecture and training of neural network weights in the searching process.
To this end, we propose to search for the starting location s and the key dimension [ for DA by a
novel differentiable searching method where s and [ can take fractional values and the network loss
function is differentiable with respect to s and [ . The advantages of the differentiable searching
method are two-fold. First, it searches for the optimal s and | among uncountably infinite options
because s and [ are in a continuous domain. Second, s and [/ are optimized by the same SGD
used to optimize the network weights. As a result, the searching for s and [, or equivalently the
searching for the architecture of the DA module, is seamlessly incorporated into the optimization
of other network weights by the regular SGD, so there is no inconsistency between optimization of
architecture parameters and network weights.
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To further explore the result of the searching of s and [ over the feature map X, we visualized an
input feature map of DA with searched s and [ in Figure 3 deferred to the supplementary. We have
also marked the X(I0) where I, is the first half of all the channels of X suggseted by LightNL. As
shown in this figure, the red-boxed area of X It=:0) is potentially more informative since it exhibits
more variation in patterns than other areas selected by X (To).

To optimize s and ! with SGD, we need to first calculate the gradient of the loss function w.r.t. s and

l. While the loss function of the neural network is not differentiable with respect to integer s and [
under the conventional setting, DA employs bilinear interpolation to define the correlation matrix

with fractional s and [. The r(X¢.») (X)) with fractional s and I can be expressed as

r(I(s,z))(X) — [1 — Sdec Sdec} R(I(s,z))(X) [1 l—dldcc} ’ 4)
where
(T lin)) (Tt +1))
(Ies 1)) . r' (Sint>lint (X) r' (Sint>lint (X)
R0 (X) = Wt 1000) () p Tt 1) (X | (5)
In equation (5), Sint = [ S|, Sdec = § — | 8),and line = [1] , lgec = ! — |1] are integral part and decimal

part of s and [ respectively, where |x | denotes the greatest integer less than or equal to . With the
bilinear interpolation, we are now able to compute the gradients of the loss function w.r.t. sqe. and

ldec by
Vel =V a0 5 L+ Vet 160 (X), (6)

VieL = vr(l(s,z))

(X)

x)L Vi ren)(X). (7
V. rTe0)(X) and Vi, rden) (X) are the gradients of correlation matrix W.r.t. sgee and lgee. With
equation (4), the gradients of correlation matrix w.r.t. sqec and lge. are computed by

VSdCCI‘(I(S'l))(X) = (]. — ldec)(r(l(sinlJrl’linl))(X) — r(I(SimJim))(X))

8
+ ldec(r(1<sm,+1,z,m+1))(X) _ I-(I<Sam>l.m+1))(X)), ®)

and
Vit 0 (X)) = (1 = lgee) (2T Gim tint ) (X)) — p T tin) (X))

9
+ ldec(r(I(si“'+1‘I’i“'+1))(X.) _ r(I(<5|n[+1=linl))(X)). ©)

Note that in equation (5), £ tut1) (X) and I'(I(SmlJrl’lierl))(X_) contain one more element than
rIeutn) (X) and rTeut160) (X). To make their size compatible in the bilinear interpolation, we
pad one zero after r(1<~‘int~lim))(X) and rMi+1.10)) (X).

In the above formulation, s;, and lj;,; are indices for slicing X to compute spatial correlation. Our
key observation is that, while the network loss function is not differentiable with respect to siy
and [y, it is indeed differentiable with respect to sgec and /4. based on our calculation. Therefore,
we can apply regular SGD to optimize sqe. and l4., and update s;,; and l;,; whenever the decimal
values of Sgec and lye. are out of the range of (0, 1). Training a neural network with DA using the
proposed differentiable searching algorithm is described in Algorithm 1. Moreover, Figure 2 shows
how re.n) (X) is computed by bilienar interpolation in the forward process, and how Uiy, lgec, Sint,
Sdec are updated in the backward process.

So far we have introduced our new differentiable searching algorithm for DA which searches for a
single window of channels, or Single-Window DA. In order to avoid the potential risk of loosing
informative channels by using only one window and enhance the flexibility of the window searching
process, we extend the Single-Window DA to Multi-Window DA where multiple windows are
searched for, which is detailed in Section A.1 of the supplementary.

2.3 DA with Fixed Backbone and Learnable Backbone

With our novel differentiable searching method for DA in in Algorithm 1 deferred to the supple-
mentary, the searching for the architecture of DA can be performed by regular SGD. As a result,
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DA can be incorporated into arbitrary neural network backbone, and the weights of the backbone
and the architecture of DA modules can be jointly trained by SGD. To evaluate the performance
of DA for person Re-ID, we designed two models where DA is incorporated into popular feature
extraction backbones, such as MobileNetV2, and the learnable backbone by FBNetV2 [17], leading
to DA-FB and DA-DNAS respectively. Both Single-Window DA and Multi-Window DA can be used
for DA-FB or DA-DNAS.

3 Experiments

In this section, we demonstrate the performance of DA for the Re-ID task. Table 1 shows the
performance of DA-FB with single-window DA and competing baselines on the three person Re-ID
datasets. In particular, Table 1 demonstrates that DA-DNAS archives superior results on all the
standard Re-ID benchmark datasets over other competing Re-ID methods with a compact neural
architecture. With only 1.809 GFLOPs, DA-DNAS achieves much better performance than existing
methods which require higher GFLOPs, such as Auto-RelID [10] and ABD-Net [9].

More results and details are deferred to the supplementary. In the supplementary, Section B.1
introduces the datasets and evaluation metrics, and Section B.2- Section B.3 detail our results for
single-window and multi-window DA. Section B.4 further shows the performance of multi-window
DA on the image classification task on the ILSVRC-12 dataset [19].

Table 1: Performance of DCS-FB with comparisons to state-of-the-art Re-ID models

Market1501  DukeMTMC-reID MSMT17

Methods Backbones Input Size  Params(M) FLOPs(G) AP Rl AP ]I AP Ri
Trained from scratch

HACNN [20] Inception 160 x 64 4.5 0.55 799 923 638 80.5 - -
OSNet [21] OSNet 256 x 128 22 0.98 81.0 93.6 68.6 84.7 433 710

Auto-ReID [9] ResNet50 384 x 128 13.1 2.05 74.6  90.7 - - - -

RGA [8] MobileNetV2 256 x 128 5.13 2.63 81.5 929 - - - -

Baseline (ours) MobileNetV2 256 x 128 2.22 0.380 789 92.0 - - - -
DCS-FB (ours) MobileNetV2 256 x 128 2.23 0.382 845 939 736 85.5 369 63.6
DCS-FB (ours) MobileNetV2 - 200 256 x 128 5.09 0.884 873 951 772 88.6 459 723
DCS-FB (ours) OSNet 256 x 128 22 0.98 840 938 732 85.2 36.7 63.4-

Pre-trained on ImageNet

AANet [22] ResNet50 256 x 128 >23.5 - 853 947 753 84.0 - -

CAMA [23] ResNet50 256 x 128 >23.5 - 845 947 729 85.8 - -

BAT-Net [24] ResNet50 256 x 128 >23.5 - 874 951 773 87.7 - -
ABD-Net [9] ResNet50 384 x 128 69.17 14.1 88.28 95.6 78.59 89.0 60.8 823
Auto-RelID [10] ResNet50 384 x 128 13.1 2.05 85.1 945 - - 525 782
OSNet [21] OSNet 256 x 128 22 0.98 849 948 735 88.6 529 8.7
RGA [8] ResNet50 256 x 128 28.3 - 87.5 96.0 - - 575 803
DCS-FB (ours) MobileNetV2 256 x 128 2.23 0.382 85.0 947 752 86.7 527 782
DCS-FB (ours) MobileNetV2 - 200 256 x 128 5.09 0.884 87.1 95.1 78.6 89.1 548 785
DCS-FB (ours) OSNet 256 x 128 22 0.98 864 946 754 88.7 546 793
DCS-FB (ours) MobileNetV2 384 x 128 2.23 0.571 863 950 764 88.2 562 799
DCS-FB (ours) MobileNetV2 - 200 384 x 128 5.09 1.32 883 953 793 90.1 57.8 805
DCS-FB (ours) ResNet50 384 x 128 23.5 6.55 884 96.0 763 88.4 56.2 803
DCS-DNAS(ours) - 384 x 128 24.5 1.809 883 957 798 91.1 629 83.6
DCS-DNAS(ours) - 384 x 128 13.2 1.235 882 956 795 90.6 62.1 82.8

4 Conclusion

We presented Differentiable Attention (DA), which searches for the informative channels when
computing the feature affinity matrix in attention modules. In contrast with conventional self-
attention modules, DA searches for the location and key dimension of channels in a continuous
space comprising uncountably infinite options. We also extend DA to a Multi-Window design, which
further improves the performance of DA. DA with fixed or learnable neural backbones outperforms
other competing methods for two computer vision tasks, person Re-ID on three public benchmark
datasets and image classification on the ILSVRC-12 dataset, in terms of prediction accuracy and
size/FLOPs of the resultant models.
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Supplementary for Differentiable Attention

A Additional details in Section 2

In this section, we first show the visualization of the input feature map of DA with searched s and [
in Figure 3, and the algorithm for training a deep neural network with Differentiable Attention in
Algorithm 1.

X X))

Figure 3: The visualization of X (=) where the feature map X is the input to the third DA module
in MobileNetV2-200 on an image from the DukeMTMC-relD dataset for the Re-ID task. Here
s =29.049 and [ = 37.013, and the shape of X is 96 x 128.

Algorithm 1 Training a Deep Neural Network with Differentiable Attention

Input: Maximum iterations 7", mini-batch of training samples { X1, X, ..., Xn }, network learning rate 7,
DA learning rate -, and the loss function of the network L(X, €, Sqec, ldec ), the percentage p used for the
search of DA in each mini-batch.
Output: The network parameters 2, DA location parameters lgec, lini, and DA key dimension parameters Sqec,
Sint
fort=1,2,...,T do
fori=1,2,...,|N x (1 —p)| do
Compute the loss L(X;, €2, Sdec, laec)
Obtain the gradient of Q denoted by Vo L(X;, Q, Sdec, ldec)
QO — UVQL(X“ Q7 Sdec, ldec)
end for
fori=|Nx(1-p)]+1,..,Ndo
Compute the loss L(X, 2, Sdec, ldec)
Compute the gradient of correlation matrix w.r.t. sq¢ec denoted by V dccr(luvl))(X) with equation (8)
Compute the gradient of s¢ec denoted by VsdecL(Xi7 Q, Sdec, ldec) With equation (6)
ijdate Sdec € Sdec — ’szdch(Xi, Q7 Sdec, ldec)
if 0 S Sdec < 1 then
continue
else
Sdec < Sdec — Lsdecj
Sint < Sint + LsdecJ
end if
Compute the loss L(X, €2, Sdec, ldec)
Compute the gradient of correlation matrix w.r.t. l¢ec denoted by V; decr(I“vl))(X) with equation (9)
Compute the gradient of lg.c denoted by V;,  L( X, £, Sdec, laec) With equation (7)
Update lgec < lgec — ’ledecL(Xi, Q, Sdec, ldec)
if 0 < lgec < 1 then
continue
else
ldec — ldec - |_ldecJ
lim — lim + leecj
end if
end for
end for
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A.1 Multi-Window Differentiable Attention

Section 2 introduces our new differentiable searching algorithm for DA which searches for a single
window of channels, or Single-Window DA. In order to avoid the potential risk of loosing informative
channels by using only one window and enhance the flexibility of the window searching process,
we extend the Single-Window DA to Multi-Window DA where multiple windows are searched for.
We herein define the features with channels selected by each window as X(9) = XTeit0) | We
use (s;,[;) to denote the starting location and the size or key dimension of each window, where
1 €{1,2,...., M} and M is the number of windows. Because channels selected by Multi-Window
DA are the union of channels selected by all the windows, we need to combine overlapping windows
together. Overlapping windows are defined as follows. Let O be a sequence of windows, if the union
of all the windows in O is a window with starting position sp and a key dimension /o, then O is a
sequence of overlapping windows. Let {(sg,, lk, ), (Sky, Uk )s -5 (Skp, lkp )} e the starting positions
and key dimensions of the windows in such O, then sp and [o are computed by

SH = min Sg. l = max S"‘l — sh. 10
o =1, P kj» o j:1,...,P( k; k]) o) ( )

In this way, all the M windows of Multi-Window DA can be merged into 7" disjoint windows with
T < M. Suppose that {X(©1) X(O2) " X(O1)1 are the final disjoint windows after merging, then
the features with channels selected by the union of all the M windows in Multi-Window DA are

XM} — Concat [X<01),X<02>, ...,X<OT>} . (11)

Then, the correlation matrix in Multi-Window DA can be computed by
r M (X)) = XM M (12)

Similar to Single-Window DA, the loss function of a neural network equipped with Multi-Window DA
is still differentiable with respect to all the starting locations and key dimensions of the M windows,
which are {s;,1;},. Algorithm 1 can be used to train a neural network with Multi-Window DA, and
the integral and decimal parts of each s; and /; are updated according to the same updating rules in
Algorithm 1 for sjp(, Sgec and lin, lgec- By the aforementioned window merging process, the number
of final windows T’ is adaptively inferred. In Section A.5 of the supplementary, we provide statistics
on how T varies with comparison to M in different settings, and it is showed that Multi-Window
DA can always learn a very compact set of disjoint final windows which contain potentially richer
information than than that of Single-Window DA.

B Additional Experimental Results

B.1 Datasets and Evaluation Metrics

In this section, we evaluate our proposed DA modules on three public person Re-ID datasets, i.e.,
Market-1501 [25], DukeMTMC-relD [26], MSMT17 [27]. Standard Re-ID metrics top-1 accuracy
(R1), and the mean Average Precision (mAP) are used to evaluate the performance of DA and baseline
models. Note that for the fairness of comparison, re-ranking [28] and multi-query fusion [29] were
not used.

B.2 Single-Window DA
B.2.1 DA with Fixed Backbones and Learnable Backbones

DA modules are compatible with popular manually designed feature extraction CNN backbones,
such as InceptionNet [30], ResNet [31], and MobileNetV2 [32]. In our experiments, we evaluate
the performance of DA modules on widely used lightweight CNN backbone, MobileNetV2, with
width 1.0. Similar to ResNet, MobileNetV2 is also built upon bottleneck structures. Following the
common practices in person Re-ID [8, 9], the attention modules are added after each convolution
stage. Table 1 shows the performance of DA-FB with Single-Window DA and competing baselines
on the three person Re-ID datasets. The fixed backbone can be pre-trained on the ImageNet dataset
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Table 2: Performance of DA-DNAS on

Table 3: Performance of Multi-Window DA

MSMT17
Methods Params(M) FLOPs(G) mAP R1
Auto-RelD [10] 13.1 2.05 525 78.2
RGA (8] 28.3 - 57.5 80.3
ABD-Net [9] 69.17 14.1 60.8 823
DA-DNAS 13.2 1.235 62.1 82.8
DA-DNAS 245 1.809 62.9 83.6

Market1501 DukeMTMC-reID MSMTI17
Methods Backbones AP R AP ]I AP R
Single-Window DA
DA-FB MobileNetV2 86.3 950  76.4 88.2 56.2 799
DA-FB MobileNetV2 - 200 88.3 95.3 79.3 90.1 57.8 80.5
DA-DNAS FBNetV2 88.3 957 7198 91.1 62.9 83.6
Multi-Window DA
DA-FB MobileNetV2 86.2 950 764 882 56.0 79.8
DA-FB MobileNetV2 - 200 88.2 954  79.2 90.3 57.8 80.8
DA-DNAS FBNetV2 88.6 96.0  80.1 91.5 63.1 83.9

[19] or not. It can be observed that DA-FB outperforms the corresponding baseline network with
the same manually designed backbone, reflecting the advantage of searching for the location and
key dimension of attention models automatically in a continuous space. Notably, with pre-training
on ImageNet, DA-FB with the backbone of MobileNetV2-200 leads to a model of only 5.09M
parameters and 1.32G FLOPs achieving mAP and R1 of 79.2% and 90.1% on DukeMTMC-relD.
To integrate learnable backbone with DA, we adopt the supergraph proposed in FBNetV2 [17] and
jointly train the network backbone and DA modules following Section B.5. The learned backbone
is a subgraph of the supergraph learned by the DNAS algorithm. The inverted residual bottleneck
with 3 x 3 convolution kernel is used as the basic building block of the supergraph. DNAS algorithm
is used to search the channel number of each convolution layer. The experiment results of DA with
learnable backbone on MSMT17 is shown in Tabel 2. On MSMT17, DA-DNAS achieve the best
mAP and R1 with only 12.8% of the FLOPs required by the second best model in accuracy, ABD-Net
[9]. For each neural backbone, a DA module is inserted after each of its four stages. Section B.5
of the supplementary includes the detailed architecture of MobileNetV2,MobileNetV2-200 and the
supergraph of FBNetV2 used in the experiments. For DA-FB and DA-DNAS, the architecture of DA,
which includes location and key dimension of channels, and the architecture of the neural backbone
(if applicable) are learned during the search phase, and the learned architecture is then trained again to

obtain the final performance. The training details are included in Section B.6 of the supplementary.

B.3 Multi-Window DA

In this section, we demonstrate the performance of
Multi-Window DA with comparison to its single-
window counterpart, that is, Single-Window DA.
To this end, we replace every Single-Window
DA in the MobileNetV2, MobileNetV2-200 and
FBNetV2 in the previous section with a Multi-
Window DA. The length of each window in the
Multi-Window DA is initialized to [y. The starting
positions of different windows are initialized as
{0,1p x 1,1p X 2,...,10(M — 1)}, where c is the
number of channels of the input feature and the
initial window number is M = [ ]. Note that the
size of the last window is set to c—lo(M —1) which
may not be /. {o is empirically set to 8 in our exper-
iments. In this manner, the windows are initialized
to cover all the channels of the input features be-

L1 _.9 N —
(a) (b)

- 96

-0

©

128

Figure 4: Comparisons between windows
learned by Multi-Window DA and Single-
Window DA inserted after the third stage in
(a) MobileNetV2, (b) MobileNetV2-200 and (¢)
FBNetV2 on the Market-1501 dataset

fore searching. It is worthwhile to emphasize that 8 is an empirical choice of the initial window size
which should be a small number, so that Multi-Window DA can start with many small windows. By
the window merging process introduced in Section A.1, windows will be merged and the final window
number can be automatically inferred. The optimization settings for the searching phase and training
phase are the same as that we used for Single-Window DA in Section B.2. The experiment results of
Multi-Window DA with comparison to Single-Window DA on three public benchmarks are shown in
Table 3. The results manifest that Multi-Window DA outperforms Single-Window DA on the public
benchmarks. The best accuracy on MSMT17, (mAP,R1) of (63.1%,83.9%), is achieved with even
smaller FLOPs of 1.798M after removing channels not selected by Multi-Window DA, compared to
1.809M in Table 2. We also visualize the windows learned by Multi-Window DA and Single-Window
DA inserted after the third stage of MobileNetV2 and MobileNetV2-200 on the Market-1501 dataset
in Figure 4, where the windows are marked in colors. Figure 4 illustrates that the windows learned
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by Multi-Window DA sparsely spread over all the channels and select channels not chosen by its
Single-Window counterpart. The distribution of windows also suggests that Multi-window DA has
more flexibility in searching for the most informative channels for computing pairwise affinity of
the input features. In Section B.7, we further study the windows learned by these two variants of
DA, and show 1) the statistics including the sum of the length of windows compared to the channel
number of input features; 2) the histogram of window length for Multi-Window DA. We observe that
Multi-Window DA can adaptively select more compact set of channels in higher layers. Additionally,
the sum of the window length of Multi-Window DA is usually smaller than the window length of
Single-Window DA. Notably, In Table 8 and Table 9 of Section B.7 showing the window statistics,
we observe that while DA selects most channels after Stage 1 of MobileNetV2 and FBNetV2, it only
selects less than 48.6% channels after Stage 4 for all neural backbones. This suggests that Multi-
Window DA is capable of searching for the inherent sparsity structure of the channels that contribute
to capturing task-oriented feature correlation. Such observation is of independent interest, since it
provides a principled way of identifying redundant channels in models with attention modules.

B.4 Multi-Widow DA for Image Classification on ImageNet

We also evaluate DA for the

Table 4: Performance of Multi-Window DA for Image Classifi- task of large-scale image clas-
cation on ImageNet. SA stands for the vanilla self-attention, and sification. Table 4 shows the

MW-DA stands for Multi-Window DA performance of Multi-Window
DA with two neural backbones,
Methods FLOPs(M)/#Params(M)  Top-1  Top-5 MobileNetV2 and FBNetV2, on
MobileNetV2 327.7/3.51 71.8 90.5 the ILSVRC-12 dataset [19].
MobileNetV2+SA 330.2/3.51 721 9L1 The architecture of the Mo-
MobileNetV2+MW-DA 329.1/3.51 72.4 91.2 bileNetV2 and the supergraph
T, 0TIl TN nd i

e 2/7. . . . .
FBNetV2+MW-DA 331.7/7.50 761930 ere the vanilla Self-Attention

(SA)/Multi-Window DA (MW-
DA) modules are inserted into
the corresponding neural back-
bones are the same as that used for the Re-ID task in Section B.3, expect for slight adjustment in the
last layer for classification purpose. It can be observed that while SA improves the accuracy of the
corresponding baseline, MW-DA further improves the Top-1 accuracy of SA by the same amount
as the improvement of SA over the baseline (0.3% for MobileNetV2, 0.2% for FBNetV2). Notably,
such accuracy improvement of MW-DA over SA is promising, as the resultant model even enjoys
slightly less FLOPs by removing the redundant channels not selected by MW-DA.

B.5 DA with Fixed Backbones and Learnable Backbones

We introduce the details about the architecture of MobileNetV2, MobileNetV2-200 and the supergraph
of FBNetV2 used in the experiments of the main paper.

MobileNetV2 [33, 32] is an efficient neural network model with depthwise separable convolution
and inverted residual block as building blocks. The original MobileNetV2 has 53 convolution layers.
Following the convention of incorporating non-local attention blocks into neural networks [1, 8],
we insert DA modules to the end of each convolution stage of MobileNetV2. To further explore the
potential of DA with deeper backbone, we designed a deeper variant of MobileNetV2 with 200 layers
termed MobileNetV2-200, which is inspired by the design of 200-layer ResNet [34]. Table 5 shows
the structure of MobileNetV2 and MobileNetV2-200 as well as the positions of DA modules.

We also combined DA modules and the supergraph of FBNetV2 [17] to propose DA-DNAS where the
neural network backbone and the DA modules are jointly trained. FBNetV2 employs Differentiable
Neural Architecture Search (DNAS) algorithm to learn the backbone architecture by choosing options
in a supergraph. FBNetV2 designs a search space with building blocks inspired by the design of
MobileNetV?2. It features a masking mechanism based on Gumbel Softmax for feature map reuse
so that it can efficiently search for the number of filters of each convolution layer. We insert DA
modules into the supergraph of FBNetV2, and the supergraph of FBNetV2 and the positions of DA
modules are shown in Table 7.
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n

Operator | ¢ ‘ ¢ [ MobileNetV2 | MobileNetv2-200 | *
conv2d - 32 1 1 2
bottleneck | 1 16 1 1 1
bottleneck | 6 24 2 3 2
DA Module Inserted
bottleneck [ 6 | 32 ] 3 21 2
DA Module Inserted
bottleneck | 6 64 4 19 2
bottleneck | 6 96 3 18 1
DA Module Inserted
bottleneck | 6 | 160 3 3 2
bottleneck | 6 | 320 1 1 1
DA Module Inserted
conv2d - | 1280 1 1 1
avgpool - - 1 1 -
conv2d - - - -
Table 5: The backbone structure of MobileNetV2 and MobileNetV2-200 Each line describes a

sequence of 1 or more identical layers, repeated n times. All layers in the same sequence have the
same number c of output channels. The first layer of each sequence has a stride s and all others use
stride 1. The expansion factor ¢ is always applied to the input feature.

Operator e f n s
FBNetV2 | FBNetV2-Large

conv2d 1 16 1 1 2

bottleneck 1 (12, 16, 4) 1 1 1

bottleneck | (0.75, 3.25, 0.5) (16, 28, 4) 1 1 2

bottleneck | (0.75, 3.25,0.5) (16, 28, 4) 2 6 1
DA Module Inserted

bottleneck | (0.75, 3.25, 0.5) (16, 40, 8) 1 3 2

bottleneck | (0.75, 3.25, 0.5) (16, 40, 8) 2 6 1
DA Module Inserted

bottleneck | (0.75, 3.25,0.5) (48, 96, 8) 1 3 2

bottleneck | (0.75, 3.25, 0.5) (48, 96, 8) 2 6 1

bottleneck | (0.75,4.5,0.75) | (72,128, 8) 4 12 1
DA Module Inserted

bottleneck | (0.75,4.5,0.75) | (112,216, 8) 1 3 2

bottleneck | (0.75,4.5,0.75) | (112,216, 8) 3 3 1
DA Module Inserted

conv2d - 1984 1 1 1

avgpool - - 1 1 1

fc - 1 -

Table 6: The supergraph of FBNetV2 and FBNetV2-Large (3 x depth), with block expansion rate
e, number of filters f, number of blocks n, and stride of first block s Tuples of three values in the
column of expansion rate e and number of filters f represent the lowest value, highest, and steps
between options (low, high, steps).

The backbone architecture of FBNetV2 is learned in a differentiable manner by SGD, therefore,
the searching for the backbone architecture and the architecture of our DA modules can be jointly
performed by SGD. The proposed DA-DNAS jointly searches for the backbone architecture and
the architecture of DA modules. Similar to the design of MobileNetV2-200, we also designed a
deeper search space for FBNetV2, termed as FBNetV2-Large. The depth of FBNetV2-Large is 3
times the depth of the original FBNetV2. The structure of FBNetV2-Large is also shown in Table
6. Combining our DA module with DNAS algorithm, we are able to search for models of different
size. To test the performance of our DA module with larger backbone, we also designed a deeper
version of FBNetV2-Large, which is approximately 6 x the depth of the original FBNetV2. Table 7
shows the supergraph of the deeper FBNetV2-Large. The performance of DA with FBNetV2-Large
(DA-DNAS (3x)) and the deeper FBNetV2-Large (DA-DNAS (6)) is shown in Table 2. It can be
observed that DA-DNAS (6 x) outperforms ABD-Net[9] in terms of top-1 accuracy, while the model
size and FLOPs are fractions of that of ABD-Net.
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Operator e f n | s

conv2d 1 16 1 ]2

bottleneck 1 (12,16, 4) 1|1

bottleneck | (0.75, 6.25, 0.5) (16, 28, 4) 1 2

bottleneck | (0.75,6.25,0.5) | (16,28,4) | 12| 1
DA Module Inserted

bottleneck | (0.75, 6.25,05) | (16,40,8) | 6 | 2

bottleneck | (0.75, 6.25, 0.5) (16, 40, 8) 12 ] 1
DA Module Inserted

bottleneck | (0.75, 6.25, 0.5) (48, 96, 8) 6

bottleneck | (0.75,6.25,0.5) | (48,96,8) | 12 | 1

bottleneck | (0.75,7.5,0.75) | (72,128,8) | 24 | 1
DA Module Inserted

bottleneck | (0.75,7.5,0.75) | (112,216,8) | 6 | 2

bottleneck | (0.75,7.5,0.75) | (112,216,8) | 6 | 1
DA Module Inserted

conv2d - 1984 1|1

avgpool - - 1|1

fc - - - -

Table 7: The supergraph of FBNetV2-Large (6 x depth), with block expansion rate e, number of

filters f, number of blocks n, and stride of first block s Tuples of three values in the column of
expansion rate e and number of filters f represent the lowest value, highest, and steps between options
(low, high, steps).

B.6 Training Details of DA with Fixed Backbones and Learnable Backbones
B.6.1 DA with Fixed Backbones

During the search phase, we use input size of 256 x 128 with a batch size of 64. Momentum SGD is
used to optimize both the architecture parameters and network parameters for 300 epochs. In each
epoch, the network weights are trained with 80% of training samples, and the parameters for positions
and key dimensions of all DA modules are trained with the remaining 20% of training samples. The
initial learning rate for architecture parameter is set to 0.3, and cosine schedule is applied. The initial
learning for network parameters is set to 0.035, and we decay it by 10 at the 150-th and 240-th epoch.
The architecture parameters and network parameters are updated iteratively during the search phase.

In the training phase, the size of input images is 256 x 128 for all datasets. Following common
practice, we also use random cropping, horizontal fiipping, and random erasing to augment the data.
Both identification loss with label smoothing [35] and triplet loss with hard mining [36] are used to
supervise the training. All models are trained with momentum SGD for 600 epochs. The momentum
for SGD is set as 0.9. The initial learning rate is set to 0.035, and we decay the learning rate by 10 at
the 300-th and 500-th epoch. We set the weight decay of SGD to 0.0005.

The experiment results of DA with fxied backbone is shown in Tabel 1 of the main paper, where
DA-FB denotes our model. In the experiments, DA is integrated into multiple CNN backbones
including OSNet, MobileNetV2, and ResNet50. We compare the performance of our model with
other state-of-the-art methods on three datasets. For fair comparisons with some state-of-the-art
methods like Auto-RelD, we have also tried input size of 384 x 128.

B.6.2 DA with Learnable Backbones

During the search phase, we use input size of 384 x 128 with a batch size of 64. Both the architecture
parameters and network parameters are trained for 300 epochs. In each epoch, the network weights
are trained with 80% of training samples by SGD. The Gumbel Softmax sampling parameters in the
supergraph and the parameters for positions and key dimensions of all DA modules are trained with
the remaining 20% using Adam. The initial learning rate for optimizing architecture parameters is set
to 0.03, and cosine learning rate schedule is applied. The initial learning rate for network parameters
is set to 0.035, and it is decayed by 10 at the 150-th and 240-th epoch.

After the search phase, we pre-train the model on ImageNet. Then we fine-tune the model on the
Re-ID datasets. During the fine-tuning process, the input images are augmented by random horizontal
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fiip, normalization, random erasing, and mixup. Adam is used to fine-tune the network. The initial
learning rate is set to 0.00035. A warmup strategy is used in the fine-tune process. In the beginning,
the backbone weights are frozen and only the weights associated with classifiers are trained. After 10
epochs, all layers are freed for training for the remaining 390 epochs. The learning rate is decayed by
10 after 200 and 300 epochs.

Table 8: Window statistics of Single-Window DA and Multi-Window DA for Re-ID

. i . Stage | Stage 2 Stage 3 Stage 4
Methods Backbones sum of channel sum of channel sum of channel sum of channel
window length  number | window length number | window length  number window length number
Single-Window DA
DA-FB MobileNetV2 23.392 24 30.903 32 57.005 96 126.326 320
DA-FB MobileNetV2 - 200 23.907 24 31.790 32 51.215 96 137.993 320
DA-DNAS FBNetV2 27.011 28 38.033 40 50.016 128 120.360 216
Multi-Window DA
DA-FB MobileNetV2 21371 3 = 2) 24 30.209 (4 — 3) 32 52955 (12 — 6) 96 133.623 (40 — 15) 320
DA-FB MobileNetV2 - 200 | 19.603 (3 — 1) 24 28.317 (4 — 3) 32 46.669 (12 — 8) 96 119.270 (40 — 13) 320
DA-DNAS FBNetV2 26.367 (4 — 3) 28 37.015(5 =+ 2) 40 50.901 (16 — 8) 128 87.216 (27 = 9) 216

Table 9: Window statistics of Multi-Window DA for ImageNet Classification

Stage 1 Stage 2 Stage 3 Stage 4
Methods Backbones sum of channel sum of channel sum of channel sum of channel
window length  number | window length number | window length  number window length number

DA-FB MobileNetV2 | 22.293 (3 — 1) 24 31.107 (4 — 2) 32 47.692 (12 — 6) 96 128.919 (40 — 13) 320
DA-DNAS FBNetV2 26.739 (4 — 2) 28 37.861 (5 —2) 40 63.031 (16 — 8) 128 105.397 (27 — 10) 216

B.7 More Details about Multi-Window DA for Re-ID

The experiment results of Multi-Window DA with comparison to Single-Window DA on three public
benchmarks are shown in Table 3 of the main paper. The results manifest that Multi-Window DA
outperforms Single-Window DA on the public benchmarks. To further study the windows learned
by these two variants of DA, statistics including the sum of the length of windows, and the channel
number of input features are shown in Table 8 and Table 9 for Re-ID and image classification
respectively. For Multi-Window DA, the number of windows before and after merging is also
provided. The sum of window length for Multi-Window DA is the sumber of windows after the
window merging process. We observe that Multi-Window DA can adaptively learn a compact of
number of windows in DA. Additionally, the sum of the window length of Multi-Window DA is
usually smaller than the window length of Single-Window DA. This suggests that Multi-Window DA
is more capable of searching for the sparsity structure of the channels that are necessary for capturing
task-oriented feature similarity. Figure 5 and Figure 6 illustrate the histograms of window lengths
before and after the window merging process in Multi-Window DA inserted after the fourth stage in
MobileNetV2, MobileNetV2-200 and FBNetV2 on the Market1501 dataset for the RelD task. We
can see that even after the window merging process, most of the final disjoint windows still have a
length less than 10. This observation also indicates that Multi-Window DA is able to capture sparse
structure of the channels that are important for calculating pairwise affinity of the input features.

16



10

[=)]
© B N W R U OO

2 a4 6 8 10 12 1 2 3 4

5
(b) ©

6 7 8 9

Figure 5: Histograms of window length before merging in Multi-Window DA inserted after the fourth
stage for (a) MobileNetV2, (b) MobileNetV2-200 and (¢) FBNetV2. In (a) and (b), the histogram
is drawn for 40 windows. In (c), the histogram is drawn for 27 windows. In each histogram of this
figure and Figure 6, the horizontal axis denotes the length of windows and the vertical axis denotes
the number of windows.
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Figure 6: Histograms of window length after the window merging process in Multi-Window DA
inserted after the fourth stage for (a) MobileNetV2, (b) MobileNetV2-200 and (¢) FBNetV2. The
number of windows in (a), (b) and (c) are 15, 13 and 9, respectively. The vertical axis denotes the
number of final disjoint windows after the window merging process described in Section 2.3 of the
main paper.
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