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Abstract
Fine-grained image retrieval is a fundamental and challenging problem in computer
vision due to the intra-class diversities and inter-class confusions. Existing hashingbased approaches employed convolutional neural networks (CNNs) to learn hash codes
for fast fine-grained image retrieval, which are limited by the inherent locality constrain
of the convolution operations and yield sub-optimal performance. Recently, transformers
have shown colossal potential on vision tasks for their excellent capacity to capture longrange visual dependencies. Therefore, in this paper, we take the first step to exploit the
vision transformer-based hashing network for fine-grained image retrieval. We propose
the SwinFGHash, which takes advantage of transformer-based architecture to model the
feature interactions among the spatially distant areas, e.g., the head and the tail of a
bird on an image, thus improving the fine-grained discrimination of the generated hash
codes. Besides, we enhance the critical region localization ability of SwinFGHash by
designing a Global with Local (GwL) feature learning module, which preserves subtle yet
discriminative features for fine-grained retrieval. Extensive experiments on benchmark
datasets show that our SwinFGHash significantly outperforms existing state-of-the-art
baselines in fine-grained image retrieval.

1

Introduction

Learning to hash has become an effective way for fast image retrieval [21, 27], which maps
high-dimensional data into compact binary codes and efficiently computes pair-wise similarity with Hamming distance. With the development of deep learning, deep hashing methods [2, 3, 11, 18, 24, 31, 35] equipped with Convolutional Neural Networks (CNNs) have
© 2021. The copyright of this document resides with its authors.
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shown great advantages over traditional methods. Recent works [7, 15, 22, 32, 34, 36, 37]
have extended the deep hashing framework to the fine-grained image retrieval scenario,
where a meta-class (e.g., the dog) can be further divided into various sub-classes (e.g., the
Chihuahua and the Husky). The challenges of fine-grained image hashing lie in the intraclass diversities (e.g., various backgrounds and views) and the inter-class confusions (e.g.,
different sub-classes in the same meta-class can share similar appearances) [7]. Although
CNN-based methods can well capture local discriminative regions based on the Gaussian
distribution of the effective receptive fields [20], it is worth noting that long-distance interactions [1, 5] among the local visual information are not well exploited in CNN-based
architectures due to the intrinsic locality of convolution operations. Most recently, Transformer [25] has caught much attention in the field of computer visions [14, 38] because of its
strong ability of modeling long-range visual dependencies [9, 25]. The enormous potentials
of transformer for fine-grained image retrieval are still under-explored.
In this paper, we take the first step to exploit the vision transformer-based hashing
network for fine-grained image retrieval. Specifically, we propose a novel hashing-based
method termed SwinFGHash. SwinFGHash is based on Swin Transformer [19] as it achieves
better performance at a lower complexity with its self-attention mechanism within shifted
windows. SwinFGHash consists of three modules, including intermediate feature learning,
global with local (GwL) feature learning, and hash code learning, as shown in Figure 1. The
first two modules are used to learn fine-grained image representation. The original Swin
Transformer uses average pooling along the spatial dimension in the last layer to aggregate
features, which leads to the loss of some fine-grained subtle information. To better adapt to
fine-grained hashing scenarios, we add the GwL feature learning module to capture those
subtle yet discriminative local features. We concatenate the local features and the global
features as the final representation. In the hash code learning module, we add an auxiliary
classification loss to optimize the hashing codes learning globally in Hamming space.
Our contribution can be summarized as follows:
• We propose a novel fine-grained image hashing retrieval model, SwinFGHash, in conjunction with the transformer model. To the best of our knowledge, this is the first
exploration of fine-grained hashing via the transformer.
• We design a global with local feature learning module to further enhance fine-grained
retrieval by generating various local features.
• Extensive experiments have shown that SwinFGHash achieves state-of-the-art results
on fine-grained benchmark datasets.

2

Related Works

Fine-Grained Image Hashing. Fine-Grained Image Retrieval (FGIR) aims at finding subcategory images belonging to a meta-category. The slight inter-class variance and significant
intra-class variance make FGIR a challenging task. Learning to hash (L2H) is one of the
most widely used Approximate Nearest Neighbor (ANN) search approach. There are two
branches in L2H, namely quantization and binary hashing methods. The quantization methods [28, 29, 30, 33] divide the real data space into disjoint cells and the data points in each
cell are approximately represented as the centroid. The hashing methods convert the data
into Hamming space so that the distance can be quickly measured by bitwise operations.
Currently, deep CNN-based hashing methods [2, 3, 11, 18, 24, 31, 35] have achieved satisfactory performance on coarse-grained datasets, e.g., CIFAR-10, while the accuracy drops
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Figure 1: Overview structure of our proposed SwinFGHash, which consists of three modules.
(i) The intermediate feature learning module is used to learn obtain middle layer features
from divided image patches. (ii) The global with local feature learning module is used to get
both global and local features. (iii) The hash code learning module is used to generate binary
hash codes. We define a learning objective consisting of hashing similarity part, classification
part, and local feature distribution part, and we optimize the model by back-propagation.
drastically on fine-grained ones because these methods fail to capture subtle clues. Recently,
several fine-grained hashing methods [7, 15, 22, 32, 34, 36] have been proposed, but they
still adopt CNN as backbone and rely on sophisticated-designed feature enhance module.
Different from these works, we adopt Swin Transformer [19] as the backbone, which shows
superior performance on vision tasks recently. With a simple yet effective GwL feature
learning module, we explore subtle details and global features simultaneously and achieve
state-of-the-art on two public benchmarks.
Vision Transformer. Vision Transformer (ViT) [9] applies a pure transformer to a sequence
of image patches and achieves state-of-the-art results in image classification. Since then, a
flow of transformer-based models emerges and makes a remarkable breakthrough on various
vision tasks [1, 5, 10, 12]. For instance, Swin Transformer [19] proposes a hierarchical structure while incorporating self-attention within shifted windows and improves accuracy on various tasks while reducing complexity. TransReID [14] utilizes side information and designs
a novel jigsaw branch, surpassing previous works by a large margin on several object reidentification datasets. Nonetheless, the transformer has not yet been explored on FGIR. Our
SwinFGHash is the first transformer-based model designed specifically under fine-grained
image retrieval scenarios. The encouraging performance on several public benchmarks sheds
light on the transformer application for FGIR.

3

Methodology

In this section, we describe the proposed SwinFGHash method in detail.
Problem Formulation. Given a fine-grained dataset consisting of N images that belong to
Nc categories, i.e., {Ii , yi }Ni=1 , where Ii denotes the i-th image and yi ∈ {0, 1, · · · , Nc − 1}
denotes the label of the i-th image. For each image pair in the training set, we can construct
a similarity matrix S, where si j = 1 when Ii has the same label as I j ; and vice versa then
si j = 0. The goal of deep hashing image retrieval is to learn a nonlinear hash function
F : Ii 7→ {0, 1}B that takes the image Ii encoded as a binary hash code vector hi of length B,
and we expect the binary hash code vector to maintain the similarity relationship in matrix
S. That is, if si j = 1, the Hamming distance between hi and h j should be small, while the
Hamming distance should be large when si j = 0.
Model Overview. Our proposed model framework, SwinFGHash, is shown in Figure 1.
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Êil

LN

W-MSA

1

LN

Eil
<latexit sha1_base64="8AGBKLqS6K4QtQhBIH7hN+BJlA8="></latexit>

Eil+1
<latexit sha1_base64="XBeR4RtTbRv7j+qTw66GkPU1Qm4="></latexit>

Figure 2: Swin Transformer Block
The network structure is based on the Swin Transformer [19] model, and the overall framework consists of three modules. (i) The intermediate feature learning module, which is used
to learn global intermediate features. In this module, the input images are split into nonoverlapping image patches in the first. Each patch is treated as a token and fed into the
stacked Swin Transformer blocks. (ii) The GwL feature learning module. We design this
module to generate global and local intermediate features and feed them into a refinement
network to obtain the final feature representation. (iii) The hash code learning module. This
module goes from the feature representation to the binary hash code. The loss function of
hash code learning consists of three parts: hashing similarity quantization loss, auxiliary
classification loss, and local feature distribution loss.

3.1

Intermediate Feature Learning Module

The size of the fine-grained input image is H ×W ×3. We partition the input images into nonoverlapping patches of 4×4 to form sequence embeddings. Each patch is considered a token,
and by this partitioning method, the feature dimension of each patch becomes 4 × 4 × 3 = 48.
Afterward, a linear embedding layer is applied to project the feature dimension to an arbitrary size (denoted as C). The projected patch tokens are passed through several Swin
Transformer blocks and patch merging layers to generate intermediate feature representations. Specifically, the patch merging layer is responsible for downsampling and increasing
the dimensionality, and the Swin Transformer block is responsible for feature representation
learning.
Unlike conventional multi-head self-attention (MSA) modules, Swin Transformer blocks
are built based on shifted windows. As shown in Figure 2, each Swin Transformer block consists of LayerNorm layer, multi-head self-attention module, residual connection, and twolayer MLP. Two consecutive Swin Transformer blocks apply the window-based multi-head
self-attention (W-MSA) module and the shifted-window-based multi-head self-attention (SWMSA) module. The W-MSA module models the locality of the image by performing multihead self-attention operations only inside the local window. In contrast, SW-MSA shifts the
windows, thus enabling the interaction of information between different windows. Based on
such window division mechanism, the consecutive Swin Transformer blocks can be formulated as following for image Ii :
Êil = W -MSA(LN(Eil−1 )) + Eil−1
Eil
Êil+1
Eil+1

= MLP(LN(Êil )) + Êil
= SW -MSA(LN(Eil )) + Eil
= MLP(LN(Eil+1 )) + Êil+1

(1)
(2)
(3)
(4)

The patch merging layer concatenates the features of each group of 2 × 2 neighboring
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patches, which reduces the number of tokens to a quarter and increases the dimensionality
of the features by a factor of 4. Then a linear embedding layer is applied to unify the feature
dimension to the 2× of the original size.
Our intermediate feature learning module can be viewed as a three-stage network. The
number of patch tokens after projecting is H4 × W4 , and the feature dimension is C. By feeding
these tokens into several Swin Transformer blocks, followed by a patch merging layer, the
number of tokens becomes H8 × W8 and the feature dimension becomes 2C, which is the first
H
stage. By a similar operation, after the second stage, the number of tokens becomes 16
×W
16
and the feature dimension becomes 4C. Finally, after the end of the third stage, the number
H
of tokens becomes 32
×W
32 and the feature dimension becomes 8C, which are the desired
global intermediate features.

3.2

Global with Local Feature Learning Module

The subtle and discriminative parts of images are critical to the learning of fine-grained image features. To better capture these part features, we propose the GwL feature learning
module. This module consists of a local saliency learning submodule and a refinement feature learning submodule.
The image Ii is fed into the intermediate feature learning module and the intermediate
features obtained are represented as
Ei = fibl (Ii ) ∈ RL×C f

(5)

H
where L = 32
×W
32 is the number of tokens and C f = 8C is the dimension of the features.
The local saliency map learning submodule consists of 2 Swin Transformer blocks and a
linear embedding layer. The linear embedding layer maps the features from C f -dimensions
to K-dimensions, where K is the number of local saliency maps. The local saliency maps are

Ai = FC( flsm (Ei )) ∈ RL×K

(6)

where llsm (·) is the Swin Transformer blocks and FC(·) is linear embedding layer.
Then we obtain K local intermediate features by Ai and Ei
Eilocal = Ai ⊗ Ei ∈ RK×L×C f

(7)

where ⊗ is a special operation as we first make Ai and Ei have the same dimension by repeat
operation and then multiply them element by element. Now we have global intermediate
features and local intermediate features.
The refinement feature learning submodule also consists of 2 Swin Transformer blocks,
and the obtained output, after average pooling along the token’s direction, gives the final
feature representation. We denote the Swin Transformer blocks in this module as fr f l (·)
and average pooling layer as Avg(·). We first input the global intermediate features into the
refinement feature learning module to obtain a global representation of the image
Figlobal = Avg( fr f l (Ei )) ∈ RC f

(8)

Then, we input the local intermediate features into the refinement feature learning module to
obtain the local feature representation
Filocal = Avg( fr f l (Eilocal )) ∈ RK×C f

(9)
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We concatenate the local features and the global features to get the final feature representation
(10)
FiGwL = [Filocal ; Figlobal ]cat ∈ R(K+1)C f

3.3

Hash Code Learning Module

The purpose of the hash code learning module is to convert the real-valued features into
binary hash codes that maintain the similarity among the images in Hamming space. For
each image Ii , we use a linear embedding layer as the hash layer fhash (·) to map its final
feature representation to B-dimension feature ĥi , i.e.,
ĥi = fhash (FiGwL ) ∈ RB

(11)

Then the B-bit binary hash codes hi can be generated from the approximate hash representation by the sign(·) function: hi = sign(ĥi ). Instead of directly optimizing discrete hash
codes hi , we choose to optimize the continuous approximate hash representation ĥi . We
approximate the distance dH (hi , h j ) with dH (ĥi , ĥ j ):
!
ĥi , ĥ j
B
dH (ĥi , ĥ j ) =
1−
(12)
2
kĥi kkĥ j k
where h·, ·i denotes inner product and k·k is the length of a vector.
To maintain the similarity relation during the training of hashing codes, inspired by
DCH [2], we design the similarity reconstruction loss consists of hash similarity loss Ls
and quantization loss Lq :
Ls =

∑ wi j

si j ∈S



dH (ĥi , ĥ j )
γ
+ log 1 +
si j log
γ
dH (ĥi , ĥ j )

(13)

where γ is the scale parameter of the Cauchy distribution and γ controls the compactness of
the distribution of the learned hash codes. Besides, weight wi j is used to balance positive
(si j = 1) and negative sample pairs (si j = 0). The quantization loss defined as follow is to
ensure the output of approximate hashing representations to be close to 1 or -1.

N
dH (|hi |, 1) 
Lq = ∑ log 1 +
γ
i=1

(14)

To make good use of supervised information, we take the output of the hash layer to a
classification layer that directs the learning of hashing representation by an auxiliary softmax
cross-entropy loss Lcls , i.e.,
N

Lcls = ∑ lce (yi , ŷi ),

(15)

i=1

where yi denotes the real label of image Ii , while ŷi denotes the predicted label.
To generate diverse local features for fine-grained image retrieval, inspired by ExchNet [7], we design the local feature distribution loss Ll f d based on the Hellinger distance:
!
q
q
K
1
Ll f d = max t − √ K  ∑
pki − pli 2 , 0
(16)
2 2 k,l=1
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local ).
where t ∈ [0, 1] is a hyper-parameter to adjust the diversity, and pki = so f tmax(Fi,k
We can obtain the overall loss LT FGH as following:

LT FGH = Ls + λq Lq + λcls Lcls + λl f d Ll f d

(17)

where λq , λcls , λl f d are hyper-parameters that adjust the overall loss.

4
4.1

Experiments
Datasets and Experimental Settings

Datasets. We conduct experiments on two widely used fine-grained benchmark datasets:
CUB-200-2011 and Stanford Dogs . CUB-200-2011 [26] is a fine-grained bird dataset,
which consists of 11,788 images belonging to 200 categories. Following [15, 22, 34, 36], we
adopt the official split strategy. We use the test set containing 5,794 images as the test query
set, while the train set containing 5,994 is used to train the hash models and is also used as
the retrieval database. Stanford Dogs [16] is a fine-grained dog dataset consisting of 20,580
images in 120 categories. Each category has approximately 150 images. We use official
partitions according to [15, 22, 34, 36], and 100 images are selected from each category to
form the training set, while the remaining 8,580 images are used as the test query set. Similar
to CUB-200-2011, the training set is also used as a retrieval database.
Metrics and Baselines. To measure the performance of hashing, we use three evaluation
metrics: the Mean Average Precision (mAP), the Precision-Recall (PR) curves, and the
Precision curves w.r.t. different numbers of top-returned samples (P@N). We compare
the retrieval performance of the proposed SwinFGHash with state-of-the-art baselines, including: 1) seven generic deep hashing methods, DSH [18], DTSH [31], HashNet [3],
GreedyHash [24], DCH [2], DPN [11] and CSQ [35]. 2) six fine-grained hashing methods, DSaH [15], FPH [34], PWH [32], ExchNet [7], SRLH [36] and CFH [22].
Experimetal Details. We implement SwinFGHash with PyTorch [23] and adopt SwinTiny [19] as the backbone. Because Swin-Tiny (29M parameters & 4.5 GFLOPS) has a
comparable model capacity to ResNet-50 (26M parameters & 4.1 GFLOPS) [13], we adopt
ResNet-50 as CNN backbone for those CNN-based methods for fair comparision. All backbones are pre-trained on ImageNet [8] and finetuned on fine-grained datasets. We adopt an
AdamW [17] optimizer for 300 epochs with a weight decay of 5e-4 and gradient clipping
with a max norm of 1 and fix the batch size as 64. We use a cosine decay learning rate scheduler with an initial learning rate of 2.5e-4 and 20 epochs of linear warm-up. All input images
are resized to 224 × 224 and augmented with RandAugment [6] strategies in training. The
intermediate feature learning module weights are initialized by the first three stages of SwinTiny pre-trained on ImageNet. The fourth stage initializes the Swin Transformer blocks of
the GwL feature learning module. We set γ = 20, t = 0.4, and λq = λcls = λl f d = 0.1.

4.2

Experimental Results

We have tried to reproduce open-sourced methods, including the seven generic hashing methods. Nevertheless, it is more difficult to reproduce those six more complicated fine-grained
hashing methods (marked with the superscript †), as the codes are not publicly available. We
directly quote the results from the original papers [7, 15, 22, 32, 34, 36] only when the experimental settings keep consistent with ours, i.e., the same dataset with the same partition and
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CUB-200-2011

Stanford Dogs

Method

16bits

32bits

48bits

64bits

16bits

32bits

48bits

64bits

HashNet
DSH
DTSH
DCH
GreedyHash
CSQ
DPN

11.95
21.05
69.35
67.17
66.82
71.03
73.83

44.92
56.51
71.98
71.10
74.35
74.72
75.23

49.89
72.72
72.70
72.84
76.94
77.85

54.36
73.68
73.56
75.25
78.02
77.01
78.25

18.77
16.84
66.81
74.33
68.84
72.25
73.97

59.35
25.60
70.57
75.41
75.45
74.81
75.50

62.65
48.97
72.44
76.21
77.78
76.53

63.51
64.86
73.86
79.14
79.59
77.57
77.92

DSaH†
FPH†
PWH†
ExchNet†
SRLH†
CFH†

14.08
51.69
69.08
72.08

28.17
58.32
62.79
67.74
69.22
73.41

34.28
61.24
69.56
71.05
70.87
73.21

43.13
62.33
70.10
72.71

39.76
63.40
66.68
79.33

52.83
69.09
74.02
79.96

59.50
70.60
75.16
79.47

64.52
71.30
75.38
79.34

SwinFGHash(ours)

77.71

84.26

83.73

83.55

82.03

83.74

82.42

81.80

Table 1: mAP(%) Results on CUB-200-2011 & Stanford Dogs Dataset of Different Bits. †
means we did not reproduce these methods, but we quote the results from original papers
under the same settings. - indicates that the method does not support a specific number of
bits or there are no results in the literature.
the same metrics. The mAP results on two datasets, CUB-200-2011 and Stanford Dogs, are
shown in Table 1, which shows that our proposed SwinFGHash substantially outperforms
all the methods. To be more specific, on the CUB-200-2011 dataset, we achieve a 6.02%
improvement in average mAP compared with the current state-of-the-art method DPN. Similarly, on the Stanford Dogs dataset, SwinFGHash outperforms CFH, the best method among
the compared methods, by 2.97% in terms of average mAP. The results of mAP show that
our proposed SwinFGHash method successfully captures the discriminative part features
while achieving good interaction between different part features to generate better binary
hash codes, thus obtaining superior retrieval results.
1.0

1.0

1.0

1.0

0.6

0.6

0.6

0.6

0.8

0.2

0.0
0.00

0.25

0.50

Recall

0.75

(a) PR-CUB

1.00

0.4
0.2
0.0

0

50

100

150

# Top Returned Samples

(b) P@200-CUB

200

0.8

Precision

0.4

0.8

Precision

Precision

Precision

0.8

0.4
0.2

0.0
0.00

0.25

0.50

Recall

0.75

(c) PR-Dogs

1.00

0.4
0.2
0.0

0

50

100

150

# Top Returned Samples

200

CSQ
DCH
DPN
DSH
DTSH
GreedyHash
HashNet
SwinFGHash

(d) P@200-Dogs

Figure 3: (a) (b) Precision-Recall curves & Precision@Top-N curves on the CUB-200-2011
datasets with binary codes@32 bits. (c) (d) Precision-Recall curves & Precision@Top-N
curves on the Stanford Dogs datasets with binary codes@32 bits.
Figure 3 shows the Precision-Recall curves and the Precision curves w.r.t. a different
number of top returned items on CUB-200-2011 and Stanford Dogs, respectively, with binary codes at 32 bits. SwinFGHash essentially achieves higher precision than other baselines, especially in the case of a low recall. In addition, SwinFGHash consistently finds
more relevant images in the returned top-N (N < 100) list, which is advantageous because
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users will be more concerned with the top-ranked results in the retrieval system.

4.3

Ablation Study

Backbone

GwL

16bits

32bits

48bits

64bits

K

32bits mAP(%)

Swin-Tiny
Swin-Tiny

%
!

76.40
77.71

83.18
84.26

83.03
83.73

82.26
83.55

Swin-Base
Swin-Base

%
!

81.13
84.05

85.95
87.40

85.61
87.11

84.02
84.92

2
4
6
8

83.32
84.26
83.76
83.61

(a)

(b)

Table 2: (a) mAP(%) Results of with/without GwL Feature Learning Module on CUB-2002011 with Swin-Tiny & Swin-Base. %means replacing the GwL module. (b) mAP(%)
Results of different Local Feature Number K on CUB-200-2011 with Swin-Tiny with binary
codes@32 bits.
To validate the effectiveness of the proposed GwL feature learning module, we conducted
experiments on the CUB-200-2011 dataset after replacing this module with the fourth stage
of the Swin Transformer. As shown in Table 2a, despite the already relatively high baseline,
the GwL module still improves the average mAP by about 1.10%. As shown in Table 2a,
we also conducted experiments on a larger model, Swin-Base, to verify the scalability of
our approach and the effectiveness of the GwL module on larger models. The results show
that the retrieval performance further improves as the model capacity becomes larger, and
the GwL module improves the average mAP on Swin-Base by about 1.69%. The result
shows that our proposed GwL module can capture discriminative but subtle part features,
thus improving retrieval performance on fine-grained datasets.
We use K to denote the number of local features in the GwL module. As shown in
Table 2b, we have experimented with different K on the CUB-200-2011 dataset with a bit
number of 32. As we can see, the mAP increases and then decreases as K increases, but the
performance is always better than replacing the GwL module. This result suggests that the
number of K is essential to the GwL module. A smaller K may not be sufficient to capture
complete fine-grained information, while a larger K may be challenging to optimize. In all
other experiments in this paper, we set K = 4 to get the best performance.

4.4

Qualitative Analysis

Because of the multi-head self-attention (MSA) mechanism with dynamic attention and
global information fusion based on sequences, Transformer has a strong ability of modeling long-range dependencies [9, 25]. Intuitively, the Transformer model is suitable for finegrained retrieval scenarios, as fine-grained feature extraction often requires the interaction of
features at spatially distant locations, such as the head and tail of a bird.
The GradCAM++ [4] visualization results of the ResNet and the SwinFGHash on the
CUB-200-2011 dataset are shown in Figure 4. For the proposed SwinFGHash, we separate
the global branch and several local branches of the GwL module to show more clearly the
role of each part. Comparing the result of ResNet with the SwinFGHash global branch, we
find that SwinFGHash captures more global contextual information and more discriminative
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ResNet

GwL: G

GwL: L1

GwL: L2

GwL: L3

GwL: L4

Figure 4: GradCam++ [4] visualization of attention maps on CUB-200-2011 datasets. From
left to right are the original image, ResNet result, GwL Global branch result, and the last
four are GwL Local branch results.
parts by modeling long-range visual dependencies. We also find that the local branch of
GwL focuses on different discriminative local parts, which is crucial for fine-grained retrieval
tasks.

5

Conclusion

This paper proposes SwinFGHash, the first use of a vision transformer-based hashing network for fine-grained image retrieval. The self-attention mechanism gives Transformer a
solid ability to model long-range dependencies, which is suitable for fine-grained retrieval
scenarios. We use the first three stages of the Swin Transformer to extract intermediate
features. Besides, we propose a global with local feature learning module to capture those
subtle yet discriminative local features. Comprehensive experiments demonstrate the superiority of SwinFGHash over state-of-the-art methods. With the promising results achieved
by SwinFGHash, we believe that the transformer-based models have significant potential on
fine-grained image retrieval scenarios.
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