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Abstract

We tackle the task of image retrieval with text feedback,

where a reference image and modifier text are combined to

identify the desired target image. We focus on designing an

image-text compositor, i.e., integrating multi-modal inputs

to produce a representation similar to that of the target im-

age. In our algorithm, Content-Style Modulation (CoSMo),

we approach this challenge by introducing two modules

based on deep neural networks: the content and style modu-

lators. The content modulator performs local updates to the

reference image feature after normalizing the style of the

image, where a disentangled multi-modal non-local block

is employed to achieve the desired content modifications.

Then, the style modulator reintroduces global style infor-

mation to the updated feature. We provide an in-depth

view of our algorithm and its design choices, and show

that it accomplishes outstanding performance on multiple

image-text retrieval benchmarks. Our code can be found at:

https://github.com/postBG/CosMo.pytorch

1. Introduction

Image retrieval is a crucial computer vision task that

serves as the foundation for a variety of applications such

as product search [22, 45, 61], person re-identification [69,

14, 42], and internet search [61, 52]. One of the most

challenging aspects of building image retrieval systems is

the ability to understand the user’s intention accurately.

Currently, a majority of image search engines are based

on either image-to-image matching [52, 61] or image-text

matching [59, 74, 70], where a user provides a single im-

age or sentence as an input to find the most relevant images.

However, it is not straightforward to express the complex

target concept via a single image or text and design a model

representing the intended concept. Furthermore, the users

are unable to refine the retrieved results that fail to reflect

their intention effectively.

We explore a different setting of image search—image

retrieval with text feedback [66, 10]—where a reference im-

∗ equal contribution.

Similar t-shirt but 

has a different print.

(a) Example of a content modification

Similar t-shirt but 

blue instead of red.

(b) Example of a style modification

Figure 1. Examples of image retrieval with text feedback. Starting

from a reference image, the user interacts with the system by pro-

viding a text input that expresses the desired changes. Given these

inputs, the system retrieves images from a database that most ac-

curately resembles the user’s request. (a) and (b) depict examples

of content and style modifications, respectively.

age and a modifier text are used jointly as a query, as il-

lustrated in Figure 1. Here, the reference image does not

have any attribute labels, and the modifier text is a de-

scription of how the reference image should be changed to

obtain the desired results, i.e., target images. While in-

herently more complex than the standard image retrieval

setting, this approach allows users to express their con-

cepts more precisely by leveraging visual-linguistic infor-

mation. In addition, since the users can recursively refine

the search results based on previous results, the proposed

algorithm would eventually lead to substantially improved

output quality with high fidelity to input queries.

To tackle the task of image retrieval with text feedback,

we create an image-text composition module that produces

features similar to the target image features by combining

the representations of the reference image and the modi-

fier text. There are two main challenges in designing such a

composition module. First, the module should be able to se-

lectively preserve and modify the reference image features,
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i.e. determine what to maintain and what to update. Sec-

ond, the concepts conveyed in the modifier texts may range

from being specific to certain contents of the image, to be-

ing more global and stylistic changes, as illustrated in Fig-

ure 1(a) and (b), respectively. As such, the module should

be able to handle changes in both content and style.

A few works have contributed to the task of the image re-

trieval with text feedback. Most notably, TIRG [66] adopts

gating and residual modules. The gating module uses a ref-

erence image and a modifier text to produce gate values that

select what to update, while the residual module yields ad-

ditive changes to the gated image feature. Although the al-

gorithm design of TIRG [66] is intuitive, it fails to account

for the wide range of input contents and styles, and thus,

shows limited performance. On the other hand, VAL [10]

employs multiple composition modules in varying depths

of network, and each module produces the outputs that are

used for retrieval. While VAL [10] is better suited to ad-

dress the style-content issue, its use of additional modules

in multiple layers demands much more resources.

In this work, we propose a novel image-text compositor,

the Content-Style Modulator (CoSMo), which directly ad-

dresses both the content and style changes conveyed by the

modifier text. CoSMo consists of two modules: the Con-

tent Modulator (CM) and the Style Modulator (SM). In CM,

we introduce a Disentangled Multi-modal Non-local block

(DMNL), which is an extension of the Non-local block [67]

to the multi-modal setting, to effectively transform the con-

tents of the reference image feature. To ensure that DMNL

focuses on modifying contents rather than style, we first re-

move any style information by instance normalization of the

reference image features. Moreover, we implement a few

tricks in DMNL, which is imperative for stable training, es-

pecially in the multi-modal setting. In SM, we reintroduce

style information to the transformed image feature. This

module gates the channel-wise statistics of the original ref-

erence image feature, and predicts additional channel-wise

statistics based on the modifier text feature.

Overall, our contributions are summarized as follows:

• We propose a novel image-text compositor, referred to

as CoSMo, that is able to modulate both the contents

and the style of the reference image.

• We design the content modulator, which employs the

disentangled multi-modal non-local block with addi-

tional tricks to facilitate stable training. The proposed

style modulator selectively preserves style information

in the original image feature and adds new styles based

on the text input.

• We demonstrate the effectiveness of CoSMo on mul-

tiple image-text retrieval benchmarks, where we out-

perform recent state-of-the-art methods. We also pro-

vide an extensive set of ablation experiments, as well

as analysis that provide insight into our method.

2. Related Works

Image retrieval While traditional research on image

search used handcrafted features [11], recent works have

employed deep learning [52, 18, 61]. The most dominant

image search engines are based on either image-text match-

ing [59, 74, 70] or image-to-image matching [18, 52, 61],

whereby users input a single image or sentence to find the

most relevant images. Despite their simplicity, users are

unable to refine any results that incorrectly reflect their in-

tentions. Hence, many works have studied retrieval sys-

tems that take the user’s feedback in various forms, such

as spatial layouts [50, 48, 4], sketches [72, 13, 17, 57], at-

tributes [75, 49, 2], or modifier texts [20, 10, 66]. In this

paper, we focus on image retrieval with text feedback, since

natural language is the most fundamental form of interac-

tion between a user and system [20, 10].

To tackle this problem, we aim to develop a composite

module that effectively integrates both image and text repre-

sentation [10, 66, 27, 8]. To this end, TIRG [66] proposes a

residual and gating module to compose image features with

text features. While TIRG [66] is simple and intuitive, it

fails to address the aforementioned style-content problem.

To better address this issue, VAL [10] adopts multiple com-

position modules, and LBF [27] employs external off-the-

shelf modules such as RPN [56]. While both methods are

better suited for the task, using multiple composition mod-

ules or external modules requires extra resources. In con-

trast, our proposed method improves performance without

using any off-the-shelf models or numerous composition

modules by explicitly modulating the image’s content and

style to tackle the style-content problem.

Image as a combination of style and content Images

have been interpreted as a combination of contents and style

in various research areas, such as style transfer [76, 31, 16,

33, 38, 37], image synthesis [77, 41, 1, 35], and domain

adaptation or generalization [7, 43, 26, 40, 60, 12]. Style is

often referred to as the channel statistics that are spatially

invariant, while contents are expressed by local features.

With this interpretation, previous works have shown that

an image style can be modified while maintaining the con-

tent information [31, 43, 26, 76, 16, 38, 33, 37]. In many

cases, the modification consists of normalization and mod-

ulation [31, 43, 60, 7]. For instance, AdaIN [31], a style

transfer method, replaces the styles from an image feature

using instance normalization (IN) [62]. Then, it modulates

the normalized feature with the channel statistics of a tar-

get image. Likewise, in domain adaptation, AdaBN [43]

first applies batch normalization (BN) [32] to an image from

the source domain to remove the domain-specific style, then
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fproj
<latexit sha1_base64="JfVBT+uYwOj/iVfUbGTFdvm5ZRQ=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Rjw4jGCeUASwuykNxkzO7POzAphyU948aCIV3/Hm3/jJNmDJhY0FFXddHeFieDG+v63t7K6tr6xWdgqbu/s7u2XDg4bRqWaYZ0poXQrpAYFl1i33ApsJRppHApshqObqd98Qm24kvd2nGA3pgPJI86odVIr6mWJVg+TXqnsV/wZyDIJclKGHLVe6avTVyyNUVomqDHtwE9sN6PaciZwUuykBhPKRnSAbUcljdF0s9m9E3LqlD6JlHYlLZmpvycyGhszjkPXGVM7NIveVPzPa6c2uu5mXCapRcnmi6JUEKvI9HnS5xqZFWNHKNPc3UrYkGrKrIuo6EIIFl9eJo3zSuBXgruLcvUyj6MAx3ACZxDAFVThFmpQBwYCnuEV3rxH78V79z7mrStePnMEf+B9/gB9JpA2</latexit><latexit sha1_base64="JfVBT+uYwOj/iVfUbGTFdvm5ZRQ=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Rjw4jGCeUASwuykNxkzO7POzAphyU948aCIV3/Hm3/jJNmDJhY0FFXddHeFieDG+v63t7K6tr6xWdgqbu/s7u2XDg4bRqWaYZ0poXQrpAYFl1i33ApsJRppHApshqObqd98Qm24kvd2nGA3pgPJI86odVIr6mWJVg+TXqnsV/wZyDIJclKGHLVe6avTVyyNUVomqDHtwE9sN6PaciZwUuykBhPKRnSAbUcljdF0s9m9E3LqlD6JlHYlLZmpvycyGhszjkPXGVM7NIveVPzPa6c2uu5mXCapRcnmi6JUEKvI9HnS5xqZFWNHKNPc3UrYkGrKrIuo6EIIFl9eJo3zSuBXgruLcvUyj6MAx3ACZxDAFVThFmpQBwYCnuEV3rxH78V79z7mrStePnMEf+B9/gB9JpA2</latexit><latexit sha1_base64="JfVBT+uYwOj/iVfUbGTFdvm5ZRQ=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Rjw4jGCeUASwuykNxkzO7POzAphyU948aCIV3/Hm3/jJNmDJhY0FFXddHeFieDG+v63t7K6tr6xWdgqbu/s7u2XDg4bRqWaYZ0poXQrpAYFl1i33ApsJRppHApshqObqd98Qm24kvd2nGA3pgPJI86odVIr6mWJVg+TXqnsV/wZyDIJclKGHLVe6avTVyyNUVomqDHtwE9sN6PaciZwUuykBhPKRnSAbUcljdF0s9m9E3LqlD6JlHYlLZmpvycyGhszjkPXGVM7NIveVPzPa6c2uu5mXCapRcnmi6JUEKvI9HnS5xqZFWNHKNPc3UrYkGrKrIuo6EIIFl9eJo3zSuBXgruLcvUyj6MAx3ACZxDAFVThFmpQBwYCnuEV3rxH78V79z7mrStePnMEf+B9/gB9JpA2</latexit><latexit sha1_base64="JfVBT+uYwOj/iVfUbGTFdvm5ZRQ=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Rjw4jGCeUASwuykNxkzO7POzAphyU948aCIV3/Hm3/jJNmDJhY0FFXddHeFieDG+v63t7K6tr6xWdgqbu/s7u2XDg4bRqWaYZ0poXQrpAYFl1i33ApsJRppHApshqObqd98Qm24kvd2nGA3pgPJI86odVIr6mWJVg+TXqnsV/wZyDIJclKGHLVe6avTVyyNUVomqDHtwE9sN6PaciZwUuykBhPKRnSAbUcljdF0s9m9E3LqlD6JlHYlLZmpvycyGhszjkPXGVM7NIveVPzPa6c2uu5mXCapRcnmi6JUEKvI9HnS5xqZFWNHKNPc3UrYkGrKrIuo6EIIFl9eJo3zSuBXgruLcvUyj6MAx3ACZxDAFVThFmpQBwYCnuEV3rxH78V79z7mrStePnMEf+B9/gB9JpA2</latexit>

Ir<latexit sha1_base64="NsnRQdSzjqgDz0Z+knVALcU8KkM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeCF71VtB/QxrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj65nffkKleSwfzCRBP6JDyUPOqLHS/e2j6pcrbtWdg6wSLycVyNHol796g5ilEUrDBNW667mJ8TOqDGcCp6VeqjGhbEyH2LVU0gi1n81PnZIzqwxIGCtb0pC5+nsio5HWkyiwnRE1I73szcT/vG5qwis/4zJJDUq2WBSmgpiYzP4mA66QGTGxhDLF7a2EjaiizNh0SjYEb/nlVdK6qHpu1bu7rNTreRxFOIFTOAcPalCHG2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gAke42v</latexit><latexit sha1_base64="NsnRQdSzjqgDz0Z+knVALcU8KkM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeCF71VtB/QxrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj65nffkKleSwfzCRBP6JDyUPOqLHS/e2j6pcrbtWdg6wSLycVyNHol796g5ilEUrDBNW667mJ8TOqDGcCp6VeqjGhbEyH2LVU0gi1n81PnZIzqwxIGCtb0pC5+nsio5HWkyiwnRE1I73szcT/vG5qwis/4zJJDUq2WBSmgpiYzP4mA66QGTGxhDLF7a2EjaiizNh0SjYEb/nlVdK6qHpu1bu7rNTreRxFOIFTOAcPalCHG2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gAke42v</latexit><latexit sha1_base64="NsnRQdSzjqgDz0Z+knVALcU8KkM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeCF71VtB/QxrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj65nffkKleSwfzCRBP6JDyUPOqLHS/e2j6pcrbtWdg6wSLycVyNHol796g5ilEUrDBNW667mJ8TOqDGcCp6VeqjGhbEyH2LVU0gi1n81PnZIzqwxIGCtb0pC5+nsio5HWkyiwnRE1I73szcT/vG5qwis/4zJJDUq2WBSmgpiYzP4mA66QGTGxhDLF7a2EjaiizNh0SjYEb/nlVdK6qHpu1bu7rNTreRxFOIFTOAcPalCHG2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gAke42v</latexit><latexit sha1_base64="NsnRQdSzjqgDz0Z+knVALcU8KkM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeCF71VtB/QxrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj65nffkKleSwfzCRBP6JDyUPOqLHS/e2j6pcrbtWdg6wSLycVyNHol796g5ilEUrDBNW667mJ8TOqDGcCp6VeqjGhbEyH2LVU0gi1n81PnZIzqwxIGCtb0pC5+nsio5HWkyiwnRE1I73szcT/vG5qwis/4zJJDUq2WBSmgpiYzP4mA66QGTGxhDLF7a2EjaiizNh0SjYEb/nlVdK6qHpu1bu7rNTreRxFOIFTOAcPalCHG2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gAke42v</latexit>

T
<latexit sha1_base64="E0DCIdjwglU++ASl3bbeijZda9Y=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeCF48t9AvaUDbbSbt2swm7G6GE/gIvHhTx6k/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLW9s7uXnG/dHB4dHxSPj3r6DhVDNssFrHqBVSj4BLbhhuBvUQhjQKB3WB6v/C7T6g0j2XLzBL0IzqWPOSMGis1W8Nyxa26S5BN4uWkAjkaw/LXYBSzNEJpmKBa9z03MX5GleFM4Lw0SDUmlE3pGPuWShqh9rPloXNyZZURCWNlSxqyVH9PZDTSehYFtjOiZqLXvYX4n9dPTXjnZ1wmqUHJVovCVBATk8XXZMQVMiNmllCmuL2VsAlVlBmbTcmG4K2/vEk6N1XPrXrN20q9nsdRhAu4hGvwoAZ1eIAGtIEBwjO8wpvz6Lw4787HqrXg5DPn8AfO5w+vD4zW</latexit><latexit sha1_base64="E0DCIdjwglU++ASl3bbeijZda9Y=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeCF48t9AvaUDbbSbt2swm7G6GE/gIvHhTx6k/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLW9s7uXnG/dHB4dHxSPj3r6DhVDNssFrHqBVSj4BLbhhuBvUQhjQKB3WB6v/C7T6g0j2XLzBL0IzqWPOSMGis1W8Nyxa26S5BN4uWkAjkaw/LXYBSzNEJpmKBa9z03MX5GleFM4Lw0SDUmlE3pGPuWShqh9rPloXNyZZURCWNlSxqyVH9PZDTSehYFtjOiZqLXvYX4n9dPTXjnZ1wmqUHJVovCVBATk8XXZMQVMiNmllCmuL2VsAlVlBmbTcmG4K2/vEk6N1XPrXrN20q9nsdRhAu4hGvwoAZ1eIAGtIEBwjO8wpvz6Lw4787HqrXg5DPn8AfO5w+vD4zW</latexit><latexit sha1_base64="E0DCIdjwglU++ASl3bbeijZda9Y=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeCF48t9AvaUDbbSbt2swm7G6GE/gIvHhTx6k/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLW9s7uXnG/dHB4dHxSPj3r6DhVDNssFrHqBVSj4BLbhhuBvUQhjQKB3WB6v/C7T6g0j2XLzBL0IzqWPOSMGis1W8Nyxa26S5BN4uWkAjkaw/LXYBSzNEJpmKBa9z03MX5GleFM4Lw0SDUmlE3pGPuWShqh9rPloXNyZZURCWNlSxqyVH9PZDTSehYFtjOiZqLXvYX4n9dPTXjnZ1wmqUHJVovCVBATk8XXZMQVMiNmllCmuL2VsAlVlBmbTcmG4K2/vEk6N1XPrXrN20q9nsdRhAu4hGvwoAZ1eIAGtIEBwjO8wpvz6Lw4787HqrXg5DPn8AfO5w+vD4zW</latexit><latexit sha1_base64="E0DCIdjwglU++ASl3bbeijZda9Y=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeCF48t9AvaUDbbSbt2swm7G6GE/gIvHhTx6k/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLW9s7uXnG/dHB4dHxSPj3r6DhVDNssFrHqBVSj4BLbhhuBvUQhjQKB3WB6v/C7T6g0j2XLzBL0IzqWPOSMGis1W8Nyxa26S5BN4uWkAjkaw/LXYBSzNEJpmKBa9z03MX5GleFM4Lw0SDUmlE3pGPuWShqh9rPloXNyZZURCWNlSxqyVH9PZDTSehYFtjOiZqLXvYX4n9dPTXjnZ1wmqUHJVovCVBATk8XXZMQVMiNmllCmuL2VsAlVlBmbTcmG4K2/vEk6N1XPrXrN20q9nsdRhAu4hGvwoAZ1eIAGtIEBwjO8wpvz6Lw4787HqrXg5DPn8AfO5w+vD4zW</latexit>

t
<latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit><latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit><latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit><latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit>

t
<latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit><latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit><latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit><latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit>

t
<latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit><latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit><latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit><latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit>

xr
<latexit sha1_base64="wJAH6RjWLNYryxdqllocqb1nDZE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsn0ph06mYSZiVhCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSATXxnW/ndLa+sbmVnm7srO7t39QPTxq6zhVDFssFrHqBlSj4BJbhhuB3UQhjQKBnWByk/udR1Sax/LeTBP0IzqSPOSMGiv1+xE14yDMnmYPalCtuXV3DrJKvILUoEBzUP3qD2OWRigNE1Trnucmxs+oMpwJnFX6qcaEsgkdYc9SSSPUfjbPPCNnVhmSMFb2SUPm6u+NjEZaT6PATuYZ9bKXi/95vdSE137GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE0VW4K3/OVV0r6oe27du7usNRpFHWU4gVM4Bw+uoAG30IQWMEjgGV7hzUmdF+fd+ViMlpxi5xj+wPn8AYrFkf4=</latexit><latexit sha1_base64="wJAH6RjWLNYryxdqllocqb1nDZE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsn0ph06mYSZiVhCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSATXxnW/ndLa+sbmVnm7srO7t39QPTxq6zhVDFssFrHqBlSj4BJbhhuB3UQhjQKBnWByk/udR1Sax/LeTBP0IzqSPOSMGiv1+xE14yDMnmYPalCtuXV3DrJKvILUoEBzUP3qD2OWRigNE1Trnucmxs+oMpwJnFX6qcaEsgkdYc9SSSPUfjbPPCNnVhmSMFb2SUPm6u+NjEZaT6PATuYZ9bKXi/95vdSE137GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE0VW4K3/OVV0r6oe27du7usNRpFHWU4gVM4Bw+uoAG30IQWMEjgGV7hzUmdF+fd+ViMlpxi5xj+wPn8AYrFkf4=</latexit><latexit sha1_base64="wJAH6RjWLNYryxdqllocqb1nDZE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsn0ph06mYSZiVhCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSATXxnW/ndLa+sbmVnm7srO7t39QPTxq6zhVDFssFrHqBlSj4BJbhhuB3UQhjQKBnWByk/udR1Sax/LeTBP0IzqSPOSMGiv1+xE14yDMnmYPalCtuXV3DrJKvILUoEBzUP3qD2OWRigNE1Trnucmxs+oMpwJnFX6qcaEsgkdYc9SSSPUfjbPPCNnVhmSMFb2SUPm6u+NjEZaT6PATuYZ9bKXi/95vdSE137GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE0VW4K3/OVV0r6oe27du7usNRpFHWU4gVM4Bw+uoAG30IQWMEjgGV7hzUmdF+fd+ViMlpxi5xj+wPn8AYrFkf4=</latexit><latexit sha1_base64="wJAH6RjWLNYryxdqllocqb1nDZE=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsn0ph06mYSZiVhCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSATXxnW/ndLa+sbmVnm7srO7t39QPTxq6zhVDFssFrHqBlSj4BJbhhuB3UQhjQKBnWByk/udR1Sax/LeTBP0IzqSPOSMGiv1+xE14yDMnmYPalCtuXV3DrJKvILUoEBzUP3qD2OWRigNE1Trnucmxs+oMpwJnFX6qcaEsgkdYc9SSSPUfjbPPCNnVhmSMFb2SUPm6u+NjEZaT6PATuYZ9bKXi/95vdSE137GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE0VW4K3/OVV0r6oe27du7usNRpFHWU4gVM4Bw+uoAG30IQWMEjgGV7hzUmdF+fd+ViMlpxi5xj+wPn8AYrFkf4=</latexit> zr<latexit sha1_base64="7Z49OVcor0ffSpo2FVty+f9MyJQ=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsl00g6dTMLMjVBDf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTm9zvPHJtRKzucZpwP6IjJULBKFqp348ojoMwe5o96EG15tbdOcgq8QpSgwLNQfWrP4xZGnGFTFJjep6boJ9RjYJJPqv0U8MTyiZ0xHuWKhpx42fzzDNyZpUhCWNtn0IyV39vZDQyZhoFdjLPaJa9XPzP66UYXvuZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7usNRpFHWU4gVM4Bw+uoAG30IQWMEjgGV7hzUmdF+fd+ViMlpxi5xj+wPn8AY3TkgA=</latexit><latexit sha1_base64="7Z49OVcor0ffSpo2FVty+f9MyJQ=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsl00g6dTMLMjVBDf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTm9zvPHJtRKzucZpwP6IjJULBKFqp348ojoMwe5o96EG15tbdOcgq8QpSgwLNQfWrP4xZGnGFTFJjep6boJ9RjYJJPqv0U8MTyiZ0xHuWKhpx42fzzDNyZpUhCWNtn0IyV39vZDQyZhoFdjLPaJa9XPzP66UYXvuZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7usNRpFHWU4gVM4Bw+uoAG30IQWMEjgGV7hzUmdF+fd+ViMlpxi5xj+wPn8AY3TkgA=</latexit><latexit sha1_base64="7Z49OVcor0ffSpo2FVty+f9MyJQ=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsl00g6dTMLMjVBDf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTm9zvPHJtRKzucZpwP6IjJULBKFqp348ojoMwe5o96EG15tbdOcgq8QpSgwLNQfWrP4xZGnGFTFJjep6boJ9RjYJJPqv0U8MTyiZ0xHuWKhpx42fzzDNyZpUhCWNtn0IyV39vZDQyZhoFdjLPaJa9XPzP66UYXvuZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7usNRpFHWU4gVM4Bw+uoAG30IQWMEjgGV7hzUmdF+fd+ViMlpxi5xj+wPn8AY3TkgA=</latexit><latexit sha1_base64="7Z49OVcor0ffSpo2FVty+f9MyJQ=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsl00g6dTMLMjVBDf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTm9zvPHJtRKzucZpwP6IjJULBKFqp348ojoMwe5o96EG15tbdOcgq8QpSgwLNQfWrP4xZGnGFTFJjep6boJ9RjYJJPqv0U8MTyiZ0xHuWKhpx42fzzDNyZpUhCWNtn0IyV39vZDQyZhoFdjLPaJa9XPzP66UYXvuZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7usNRpFHWU4gVM4Bw+uoAG30IQWMEjgGV7hzUmdF+fd+ViMlpxi5xj+wPn8AY3TkgA=</latexit> or

<latexit sha1_base64="eISW4SO3PBuY6X6JLGqXFzJmDMg=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuCG5cVbCt0xpJJM21oJhnyEMrQ33DjQhG3/ow7/8ZMOwttPRA4nHMv9+TEGWfa+P63V1lb39jcqm7Xdnb39g/qh0ddLa0itEMkl+ohxppyJmjHMMPpQ6YoTmNOe/HkpvB7T1RpJsW9mWY0SvFIsIQRbJwUhik24zjJ5exRDeoNv+nPgVZJUJIGlGgP6l/hUBKbUmEIx1r3Az8zUY6VYYTTWS20mmaYTPCI9h0VOKU6yueZZ+jMKUOUSOWeMGiu/t7Icar1NI3dZJFRL3uF+J/Xtya5jnImMmuoIItDieXISFQUgIZMUWL41BFMFHNZERljhYlxNdVcCcHyl1dJ96IZ+M3g7rLRapV1VOEETuEcAriCFtxCGzpAIINneIU3z3ov3rv3sRiteOXOMfyB9/kDfQaR9Q==</latexit><latexit sha1_base64="eISW4SO3PBuY6X6JLGqXFzJmDMg=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuCG5cVbCt0xpJJM21oJhnyEMrQ33DjQhG3/ow7/8ZMOwttPRA4nHMv9+TEGWfa+P63V1lb39jcqm7Xdnb39g/qh0ddLa0itEMkl+ohxppyJmjHMMPpQ6YoTmNOe/HkpvB7T1RpJsW9mWY0SvFIsIQRbJwUhik24zjJ5exRDeoNv+nPgVZJUJIGlGgP6l/hUBKbUmEIx1r3Az8zUY6VYYTTWS20mmaYTPCI9h0VOKU6yueZZ+jMKUOUSOWeMGiu/t7Icar1NI3dZJFRL3uF+J/Xtya5jnImMmuoIItDieXISFQUgIZMUWL41BFMFHNZERljhYlxNdVcCcHyl1dJ96IZ+M3g7rLRapV1VOEETuEcAriCFtxCGzpAIINneIU3z3ov3rv3sRiteOXOMfyB9/kDfQaR9Q==</latexit><latexit sha1_base64="eISW4SO3PBuY6X6JLGqXFzJmDMg=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuCG5cVbCt0xpJJM21oJhnyEMrQ33DjQhG3/ow7/8ZMOwttPRA4nHMv9+TEGWfa+P63V1lb39jcqm7Xdnb39g/qh0ddLa0itEMkl+ohxppyJmjHMMPpQ6YoTmNOe/HkpvB7T1RpJsW9mWY0SvFIsIQRbJwUhik24zjJ5exRDeoNv+nPgVZJUJIGlGgP6l/hUBKbUmEIx1r3Az8zUY6VYYTTWS20mmaYTPCI9h0VOKU6yueZZ+jMKUOUSOWeMGiu/t7Icar1NI3dZJFRL3uF+J/Xtya5jnImMmuoIItDieXISFQUgIZMUWL41BFMFHNZERljhYlxNdVcCcHyl1dJ96IZ+M3g7rLRapV1VOEETuEcAriCFtxCGzpAIINneIU3z3ov3rv3sRiteOXOMfyB9/kDfQaR9Q==</latexit><latexit sha1_base64="eISW4SO3PBuY6X6JLGqXFzJmDMg=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuCG5cVbCt0xpJJM21oJhnyEMrQ33DjQhG3/ow7/8ZMOwttPRA4nHMv9+TEGWfa+P63V1lb39jcqm7Xdnb39g/qh0ddLa0itEMkl+ohxppyJmjHMMPpQ6YoTmNOe/HkpvB7T1RpJsW9mWY0SvFIsIQRbJwUhik24zjJ5exRDeoNv+nPgVZJUJIGlGgP6l/hUBKbUmEIx1r3Az8zUY6VYYTTWS20mmaYTPCI9h0VOKU6yueZZ+jMKUOUSOWeMGiu/t7Icar1NI3dZJFRL3uF+J/Xtya5jnImMmuoIItDieXISFQUgIZMUWL41BFMFHNZERljhYlxNdVcCcHyl1dJ96IZ+M3g7rLRapV1VOEETuEcAriCFtxCGzpAIINneIU3z3ov3rv3sRiteOXOMfyB9/kDfQaR9Q==</latexit> xc
<latexit sha1_base64="QsGf4NeCj/h3KDVbHA6eZ1P/18g=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsn0ph06mYSZiVhCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSATXxnW/ndLa+sbmVnm7srO7t39QPTxq6zhVDFssFrHqBlSj4BJbhhuB3UQhjQKBnWByk/udR1Sax/LeTBP0IzqSPOSMGiv1+xE14yDMnmYPbFCtuXV3DrJKvILUoEBzUP3qD2OWRigNE1Trnucmxs+oMpwJnFX6qcaEsgkdYc9SSSPUfjbPPCNnVhmSMFb2SUPm6u+NjEZaT6PATuYZ9bKXi/95vdSE137GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE0VW4K3/OVV0r6oe27du7usNRpFHWU4gVM4Bw+uoAG30IQWMEjgGV7hzUmdF+fd+ViMlpxi5xj+wPn8AXQJke8=</latexit><latexit sha1_base64="QsGf4NeCj/h3KDVbHA6eZ1P/18g=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsn0ph06mYSZiVhCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSATXxnW/ndLa+sbmVnm7srO7t39QPTxq6zhVDFssFrHqBlSj4BJbhhuB3UQhjQKBnWByk/udR1Sax/LeTBP0IzqSPOSMGiv1+xE14yDMnmYPbFCtuXV3DrJKvILUoEBzUP3qD2OWRigNE1Trnucmxs+oMpwJnFX6qcaEsgkdYc9SSSPUfjbPPCNnVhmSMFb2SUPm6u+NjEZaT6PATuYZ9bKXi/95vdSE137GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE0VW4K3/OVV0r6oe27du7usNRpFHWU4gVM4Bw+uoAG30IQWMEjgGV7hzUmdF+fd+ViMlpxi5xj+wPn8AXQJke8=</latexit><latexit sha1_base64="QsGf4NeCj/h3KDVbHA6eZ1P/18g=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsn0ph06mYSZiVhCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSATXxnW/ndLa+sbmVnm7srO7t39QPTxq6zhVDFssFrHqBlSj4BJbhhuB3UQhjQKBnWByk/udR1Sax/LeTBP0IzqSPOSMGiv1+xE14yDMnmYPbFCtuXV3DrJKvILUoEBzUP3qD2OWRigNE1Trnucmxs+oMpwJnFX6qcaEsgkdYc9SSSPUfjbPPCNnVhmSMFb2SUPm6u+NjEZaT6PATuYZ9bKXi/95vdSE137GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE0VW4K3/OVV0r6oe27du7usNRpFHWU4gVM4Bw+uoAG30IQWMEjgGV7hzUmdF+fd+ViMlpxi5xj+wPn8AXQJke8=</latexit><latexit sha1_base64="QsGf4NeCj/h3KDVbHA6eZ1P/18g=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsn0ph06mYSZiVhCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSATXxnW/ndLa+sbmVnm7srO7t39QPTxq6zhVDFssFrHqBlSj4BJbhhuB3UQhjQKBnWByk/udR1Sax/LeTBP0IzqSPOSMGiv1+xE14yDMnmYPbFCtuXV3DrJKvILUoEBzUP3qD2OWRigNE1Trnucmxs+oMpwJnFX6qcaEsgkdYc9SSSPUfjbPPCNnVhmSMFb2SUPm6u+NjEZaT6PATuYZ9bKXi/95vdSE137GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE0VW4K3/OVV0r6oe27du7usNRpFHWU4gVM4Bw+uoAG30IQWMEjgGV7hzUmdF+fd+ViMlpxi5xj+wPn8AXQJke8=</latexit>

vr
<latexit sha1_base64="OzeNQJhSfLSVvi67BjwE8I8OvQg=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsn0ph06mYSZSaGE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWdOkAiujet+O6WNza3tnfJuZW//4PCoenzS1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8HkLvc7U1Sax/LRzBL0IzqSPOSMGiv1+xE14yDMpvMnNajW3Lq7AFknXkFqUKA5qH71hzFLI5SGCap1z3MT42dUGc4Eziv9VGNC2YSOsGeppBFqP1tknpMLqwxJGCv7pCEL9fdGRiOtZ1FgJ/OMetXLxf+8XmrCWz/jMkkNSrY8FKaCmJjkBZAhV8iMmFlCmeI2K2FjqigztqaKLcFb/fI6aV/VPbfuPVzXGo2ijjKcwTlcggc30IB7aEILGCTwDK/w5qTOi/PufCxHS06xcwp/4Hz+AIe3kfw=</latexit><latexit sha1_base64="OzeNQJhSfLSVvi67BjwE8I8OvQg=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsn0ph06mYSZSaGE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWdOkAiujet+O6WNza3tnfJuZW//4PCoenzS1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8HkLvc7U1Sax/LRzBL0IzqSPOSMGiv1+xE14yDMpvMnNajW3Lq7AFknXkFqUKA5qH71hzFLI5SGCap1z3MT42dUGc4Eziv9VGNC2YSOsGeppBFqP1tknpMLqwxJGCv7pCEL9fdGRiOtZ1FgJ/OMetXLxf+8XmrCWz/jMkkNSrY8FKaCmJjkBZAhV8iMmFlCmeI2K2FjqigztqaKLcFb/fI6aV/VPbfuPVzXGo2ijjKcwTlcggc30IB7aEILGCTwDK/w5qTOi/PufCxHS06xcwp/4Hz+AIe3kfw=</latexit><latexit sha1_base64="OzeNQJhSfLSVvi67BjwE8I8OvQg=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsn0ph06mYSZSaGE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWdOkAiujet+O6WNza3tnfJuZW//4PCoenzS1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8HkLvc7U1Sax/LRzBL0IzqSPOSMGiv1+xE14yDMpvMnNajW3Lq7AFknXkFqUKA5qH71hzFLI5SGCap1z3MT42dUGc4Eziv9VGNC2YSOsGeppBFqP1tknpMLqwxJGCv7pCEL9fdGRiOtZ1FgJ/OMetXLxf+8XmrCWz/jMkkNSrY8FKaCmJjkBZAhV8iMmFlCmeI2K2FjqigztqaKLcFb/fI6aV/VPbfuPVzXGo2ijjKcwTlcggc30IB7aEILGCTwDK/w5qTOi/PufCxHS06xcwp/4Hz+AIe3kfw=</latexit><latexit sha1_base64="OzeNQJhSfLSVvi67BjwE8I8OvQg=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsn0ph06mYSZSaGE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWdOkAiujet+O6WNza3tnfJuZW//4PCoenzS1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8HkLvc7U1Sax/LRzBL0IzqSPOSMGiv1+xE14yDMpvMnNajW3Lq7AFknXkFqUKA5qH71hzFLI5SGCap1z3MT42dUGc4Eziv9VGNC2YSOsGeppBFqP1tknpMLqwxJGCv7pCEL9fdGRiOtZ1FgJ/OMetXLxf+8XmrCWz/jMkkNSrY8FKaCmJjkBZAhV8iMmFlCmeI2K2FjqigztqaKLcFb/fI6aV/VPbfuPVzXGo2ijjKcwTlcggc30IB7aEILGCTwDK/w5qTOi/PufCxHS06xcwp/4Hz+AIe3kfw=</latexit>
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Figure 2. Overall pipeline of CoSMo.

modulates the image using the statistics of other domains.

Although the style-content interpretation is widespread,

to the best of our knowledge, it has never been applied in

our task. Following this interpretation, we normalize the

reference image feature using IN and modulate its contents

and styles using the proposed content modulator followed

by style modulator.

Non-Local/Self-Attention mechanism The non-local or

self-attention mechanism is an effective tool to capture

long-range dependencies and context information between

features in two different locations. Ever since the self-

attention mechanism was first introduced for natural lan-

guage processing tasks [64, 6], it has been adopted in var-

ious vision tasks such as classification [29], object detec-

tion [68, 19, 9], action recognition [67]. Moreover, many

vision-language tasks such as image captioning [34, 3, 30]

or VQA [73, 15, 46, 47, 51] have adopted the attention

mechanism in various forms, e.g., co-attention and intra-

inter latent attention [39, 15, 51]. In the field of image re-

trieval with text feedback, LBF [27] applies the attention

in a form similar to co-attention, but there is limited due

to its use of an off-the-shelf RPN [56]. VAL [10] also em-

ploys the self-attention by concatenating the image and text

features in each spatial location. However, we empirically

verify that naı̈vely applying this form of self-attention to

our method may lead to training instability. Inspired by the

disentangled non-local block [71], we proposed a disentan-

gled multi-modal non-local (DMNL) block that alleviates

this instability. Hence, we utilize the DMNL as a core com-

ponent of the content modulator for more stable learning

and higher performance.

3. Proposed Method: Overview

Given an input query (Ir, T ) based on a reference image,

Ir, and a modifier text, T , we aim to generate image-text

joint features that are well-aligned with the representation

of the target image It. Our image-text composition frame-

work consists of three major components: 1) the image en-

coder, 2) the text encoder , and 3) the image-text composi-

tor.

The image and text encoders, denoted by fimg(·) and

ftext(·), respectively, extract proper representations from the

multi-modal inputs as

xr = fimg(I
r) (1)

t = ftext(T ), (2)

where xr ∈ R
C×(H×W ) and t ∈ R

N are the encoded ref-

erence image and the modifier text features, respectively.

Then, the image-text compositor, fcomp(·, ·), transforms the

image feature using the modifier text representations appro-

priately, which is given by

xc = fcomp(x
r, t). (3)

The transformed feature xc should be similar to the rep-

resentation of the target image, which is given by xt =
fimg(I

t). To learn the model realizing the constraint, we

project the image-text and target features onto an embed-

ding space using a projection layer, which is given by

vc = fproj(x
c) (4)

vt = fproj(x
t), (5)

and compute the loss between the two projected features us-

ing the dissimilarity based on a distance metric. To mitigate

any biases induced by the differences in vector norm, we

include ℓ2 normalization in the final projection layer.

Following TIRG, we use a batch-based classification loss

(BBCL), which, compared to the triplet loss [25], achieves

better discriminativeness and faster convergence in com-

plex datasets [66]. Each batch consists of B pairs of query

samples—a reference image and a modifier text—and their

respective target images. The loss function is defined by

LBBCL =
1

B

B∑

i=1

− log
exp

(
κ(vc,i,vt,i)

)

∑N
j=1 exp (κ(v

c,i,vt,j))
, (6)

where κ(·, ·) is an arbitrary distance metric, e.g., cosine dis-

tance. Finally, for image retrieval, we rank the distance to

the projected features of the samples in the database from a

composed image-text query feature.

Since the implementation of the encoder modules and

the loss function is straightforward, we primarily focus on

the compositor, i.e., how to effectively fuse the text and im-

age features. The next section describes the details of the

proposed compositor with the intuition of our design choice.

4. Compositor Design

The proposed compositor contains two distinct

modules—Content Modulator (CM) and Style Mod-

ulator (SM)—following the content-style interpreta-

tion [31, 43, 16, 33]. As their names imply, CM and SM

modulate content and style of an input image based on the

corresponding text input.
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Figure 3. Unstable training of the naı̈ve multi-modal non-local

block. We run three independent runs for each sub-dataset in

FashionIQ and observe that the training loss often diverges mid-

training.

Figure 2 illustrates the overall pipeline to generate the

image-text joint feature xc. In the compositor, we first

calculate the underlying style information represented by

(µx
r , σx

r ) and remove it from the image feature xr by ap-

plying instance normalization, which is given by

zr = IN(xr) =
xr − µx

r

σx
r

. (7)

Then, the contents and style are modified based on the text

via CM followed by SM.

4.1. Content Modulator

The Content Modulator (CM) takes the image feature af-

ter instance normalization, zr, and text feature, t, as its in-

puts and fuses them to generate a transformed feature or,

which is given by

or = CM(zr, t) = conv1×1(y
r) + zr, (8)

where conv1×1(·) denotes a 1 × 1 convolution, and yr ∈

R
C×(H×W ) is the output feature map of the Disentangled

Multi-modal Non-Local block (DMNL), in which the non-

local block [67] is appropriately redesigned to better suit

our task. The residual connection allows the CM to modify

the input feature, rather than completely replacing it with

the output of DMNL. Additionally, by providing instance

normalized image features, we allow the content modula-

tor to focus solely on modifying the contents of the image,

rather than the style.

4.1.1 Multi-modal Non-Local Block

We first outline the multi-modal non-local block

(MNL) [67, 10]. We employ the MNL to capture the

long-range dependencies between two positions of visual-

linguistic features using the pairwise relationships. Unlike

the original non-local block [67], MNL takes zr and t and

outputs a composed image-text feature, yr
i ∈ R

C , which is

given by

yr
i =

∑

j∈Ω

ω(zri , z
r
j , t)g([z

r
j , t]), (9)

where zri and zrj are the C-dimensional vector obtained

from zr at the ith and jth locations, respectively, t ∈ R
N

is the encoded text feature, Ω indicates the set of all loca-

tions, and [·, ·] denotes the concatenation of two vectors.

As presented in Eq. (9), two functions make up the MNL

block. The value function, denoted by g(·) is implemented

by a simple multi-layer perceptron (MLP) while ω(·, ·, ·) is

the similarity function, which is given by

ω(zri , z
r
j , t) = ψ(qT

i kj) =
exp(qT

i kj)
∑

s∈Ω exp(qT
i ks)

, (10)

where ψ(·) is the softmax function. Note that qi ∈ R
M

indicates a query and kj ∈ R
M is a key, which are further

defined by

qi = Wq[z
r
i , t] = Wqzz

r
i +Wqtt,

kj = Wk[z
r
j , t] = Wkz

zrj +Wkt
t, (11)

where Wq and Wk are learnable parameters.

Demystifying the similarity function To better under-

stand the similarity function, we unravel the query-key dot

product as

qT
i kj =(Wqzz

r
i +Wqtt)

T
· (Wkz

zrj +Wkt
t)

= (Wqzz
r
i )

T (Wkz
zrj)

︸ ︷︷ ︸

Aj

+(Wqtt)
T (Wkz

zrj)
︸ ︷︷ ︸

Bj

+ (Wqzz
r
i )

T (Wkt
t) + (Wqtt)

T (Wkt
t), (12)

where (Wqzz
r
i )

T (Wkz
zrj) = Aj and (Wqtt)

T (Wkz
zrj)

= Bj , for simplicity. When a softmax function is applied to

Eq. (12), the last two terms are cancelled, which leads to

ω(zri , z
r
j , t) = ψ(qT

i kj)

= ψ (Aj +Bj)

= λiψ (Aj) · ψ (Bj)

= λiωs(z
r
i , z

r
j) · ωc(t, z

r
j), (13)

where λi is a normalization constant. Refer to our supple-

mentary document for details about the derivation. Here

we observe that the similarity function, ω(·, ·, ·), can be de-

composed into the pixel-wise self-attention and the text-

pixel cross-attention, denoted by ωs(·, ·) and ωc(·, ·), re-

spectively.
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<latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit><latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit><latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit><latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit>

t
<latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit><latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit><latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit><latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit>
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Wq
<latexit sha1_base64="+dHwe8Hd6ZBn5XalQBCY3IuvqW4=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQiKK4KblxWsA9oQplMJ+3QySTO3Agl9DfcuFDErT/jzr9x2mahrQcGDufcyz1zwlQKg6777ZTW1jc2t8rblZ3dvf2D6uFR2ySZZrzFEpnobkgNl0LxFgqUvJtqTuNQ8k44vp35nSeujUjUA05SHsR0qEQkGEUr+X5McRRGeWfaf+xXa27dnYOsEq8gNSjQ7Fe//EHCspgrZJIa0/PcFIOcahRM8mnFzwxPKRvTIe9ZqmjMTZDPM0/JmVUGJEq0fQrJXP29kdPYmEkc2slZRrPszcT/vF6G0XWQC5VmyBVbHIoySTAhswLIQGjOUE4soUwLm5WwEdWUoa2pYkvwlr+8StoXdc+te/eXtcZNUUcZTuAUzsGDK2jAHTShBQxSeIZXeHMy58V5dz4WoyWn2DmGP3A+fwBWkZHX</latexit><latexit sha1_base64="+dHwe8Hd6ZBn5XalQBCY3IuvqW4=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQiKK4KblxWsA9oQplMJ+3QySTO3Agl9DfcuFDErT/jzr9x2mahrQcGDufcyz1zwlQKg6777ZTW1jc2t8rblZ3dvf2D6uFR2ySZZrzFEpnobkgNl0LxFgqUvJtqTuNQ8k44vp35nSeujUjUA05SHsR0qEQkGEUr+X5McRRGeWfaf+xXa27dnYOsEq8gNSjQ7Fe//EHCspgrZJIa0/PcFIOcahRM8mnFzwxPKRvTIe9ZqmjMTZDPM0/JmVUGJEq0fQrJXP29kdPYmEkc2slZRrPszcT/vF6G0XWQC5VmyBVbHIoySTAhswLIQGjOUE4soUwLm5WwEdWUoa2pYkvwlr+8StoXdc+te/eXtcZNUUcZTuAUzsGDK2jAHTShBQxSeIZXeHMy58V5dz4WoyWn2DmGP3A+fwBWkZHX</latexit><latexit sha1_base64="+dHwe8Hd6ZBn5XalQBCY3IuvqW4=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQiKK4KblxWsA9oQplMJ+3QySTO3Agl9DfcuFDErT/jzr9x2mahrQcGDufcyz1zwlQKg6777ZTW1jc2t8rblZ3dvf2D6uFR2ySZZrzFEpnobkgNl0LxFgqUvJtqTuNQ8k44vp35nSeujUjUA05SHsR0qEQkGEUr+X5McRRGeWfaf+xXa27dnYOsEq8gNSjQ7Fe//EHCspgrZJIa0/PcFIOcahRM8mnFzwxPKRvTIe9ZqmjMTZDPM0/JmVUGJEq0fQrJXP29kdPYmEkc2slZRrPszcT/vF6G0XWQC5VmyBVbHIoySTAhswLIQGjOUE4soUwLm5WwEdWUoa2pYkvwlr+8StoXdc+te/eXtcZNUUcZTuAUzsGDK2jAHTShBQxSeIZXeHMy58V5dz4WoyWn2DmGP3A+fwBWkZHX</latexit><latexit sha1_base64="+dHwe8Hd6ZBn5XalQBCY3IuvqW4=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQiKK4KblxWsA9oQplMJ+3QySTO3Agl9DfcuFDErT/jzr9x2mahrQcGDufcyz1zwlQKg6777ZTW1jc2t8rblZ3dvf2D6uFR2ySZZrzFEpnobkgNl0LxFgqUvJtqTuNQ8k44vp35nSeujUjUA05SHsR0qEQkGEUr+X5McRRGeWfaf+xXa27dnYOsEq8gNSjQ7Fe//EHCspgrZJIa0/PcFIOcahRM8mnFzwxPKRvTIe9ZqmjMTZDPM0/JmVUGJEq0fQrJXP29kdPYmEkc2slZRrPszcT/vF6G0XWQC5VmyBVbHIoySTAhswLIQGjOUE4soUwLm5WwEdWUoa2pYkvwlr+8StoXdc+te/eXtcZNUUcZTuAUzsGDK2jAHTShBQxSeIZXeHMy58V5dz4WoyWn2DmGP3A+fwBWkZHX</latexit>

Wk
<latexit sha1_base64="Ol86lvGF7Srfyl85v4OHgYg4+eU=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclUQExVXBjcsK9gFNKJPppB06mYSZG6GE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWdOmEph0HW/nbX1jc2t7cpOdXdv/+CwdnTcMUmmGW+zRCa6F1LDpVC8jQIl76Wa0ziUvBtO7gq/+8S1EYl6xGnKg5iOlIgEo2gl348pjsMo784Gk0Gt7jbcOcgq8UpShxKtQe3LHyYsi7lCJqkxfc9NMcipRsEkn1X9zPCUsgkd8b6lisbcBPk884ycW2VIokTbp5DM1d8bOY2NmcahnSwymmWvEP/z+hlGN0EuVJohV2xxKMokwYQUBZCh0JyhnFpCmRY2K2FjqilDW1PVluAtf3mVdC4bntvwHq7qzduyjgqcwhlcgAfX0IR7aEEbGKTwDK/w5mTOi/PufCxG15xy5wT+wPn8AU15kdE=</latexit><latexit sha1_base64="Ol86lvGF7Srfyl85v4OHgYg4+eU=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclUQExVXBjcsK9gFNKJPppB06mYSZG6GE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWdOmEph0HW/nbX1jc2t7cpOdXdv/+CwdnTcMUmmGW+zRCa6F1LDpVC8jQIl76Wa0ziUvBtO7gq/+8S1EYl6xGnKg5iOlIgEo2gl348pjsMo784Gk0Gt7jbcOcgq8UpShxKtQe3LHyYsi7lCJqkxfc9NMcipRsEkn1X9zPCUsgkd8b6lisbcBPk884ycW2VIokTbp5DM1d8bOY2NmcahnSwymmWvEP/z+hlGN0EuVJohV2xxKMokwYQUBZCh0JyhnFpCmRY2K2FjqilDW1PVluAtf3mVdC4bntvwHq7qzduyjgqcwhlcgAfX0IR7aEEbGKTwDK/w5mTOi/PufCxG15xy5wT+wPn8AU15kdE=</latexit><latexit sha1_base64="Ol86lvGF7Srfyl85v4OHgYg4+eU=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclUQExVXBjcsK9gFNKJPppB06mYSZG6GE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWdOmEph0HW/nbX1jc2t7cpOdXdv/+CwdnTcMUmmGW+zRCa6F1LDpVC8jQIl76Wa0ziUvBtO7gq/+8S1EYl6xGnKg5iOlIgEo2gl348pjsMo784Gk0Gt7jbcOcgq8UpShxKtQe3LHyYsi7lCJqkxfc9NMcipRsEkn1X9zPCUsgkd8b6lisbcBPk884ycW2VIokTbp5DM1d8bOY2NmcahnSwymmWvEP/z+hlGN0EuVJohV2xxKMokwYQUBZCh0JyhnFpCmRY2K2FjqilDW1PVluAtf3mVdC4bntvwHq7qzduyjgqcwhlcgAfX0IR7aEEbGKTwDK/w5mTOi/PufCxG15xy5wT+wPn8AU15kdE=</latexit><latexit sha1_base64="Ol86lvGF7Srfyl85v4OHgYg4+eU=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclUQExVXBjcsK9gFNKJPppB06mYSZG6GE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWdOmEph0HW/nbX1jc2t7cpOdXdv/+CwdnTcMUmmGW+zRCa6F1LDpVC8jQIl76Wa0ziUvBtO7gq/+8S1EYl6xGnKg5iOlIgEo2gl348pjsMo784Gk0Gt7jbcOcgq8UpShxKtQe3LHyYsi7lCJqkxfc9NMcipRsEkn1X9zPCUsgkd8b6lisbcBPk884ycW2VIokTbp5DM1d8bOY2NmcahnSwymmWvEP/z+hlGN0EuVJohV2xxKMokwYQUBZCh0JyhnFpCmRY2K2FjqilDW1PVluAtf3mVdC4bntvwHq7qzduyjgqcwhlcgAfX0IR7aEEbGKTwDK/w5mTOi/PufCxG15xy5wT+wPn8AU15kdE=</latexit>

Wqz
<latexit sha1_base64="ZtMUMM78YGdVXAlZSgSs/9Uczko=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQiKK4KblxWsA9oQ5hMJ+3QySTOTAo15E/cuFDErX/izr9x0mahrQcGDufcyz1zgoQzpR3n26qsrW9sblW3azu7e/sH9uFRR8WpJLRNYh7LXoAV5UzQtmaa014iKY4CTrvB5Lbwu1MqFYvFg54l1IvwSLCQEayN5Nv2IMJ6HIRZN/ezR/8p9+2603DmQKvELUkdSrR8+2swjEkaUaEJx0r1XSfRXoalZoTTvDZIFU0wmeAR7RsqcESVl82T5+jMKEMUxtI8odFc/b2R4UipWRSYySKnWvYK8T+vn+rw2suYSFJNBVkcClOOdIyKGtCQSUo0nxmCiWQmKyJjLDHRpqyaKcFd/vIq6Vw0XKfh3l/WmzdlHVU4gVM4BxeuoAl30II2EJjCM7zCm5VZL9a79bEYrVjlzjH8gfX5AznAlAE=</latexit><latexit sha1_base64="ZtMUMM78YGdVXAlZSgSs/9Uczko=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQiKK4KblxWsA9oQ5hMJ+3QySTOTAo15E/cuFDErX/izr9x0mahrQcGDufcyz1zgoQzpR3n26qsrW9sblW3azu7e/sH9uFRR8WpJLRNYh7LXoAV5UzQtmaa014iKY4CTrvB5Lbwu1MqFYvFg54l1IvwSLCQEayN5Nv2IMJ6HIRZN/ezR/8p9+2603DmQKvELUkdSrR8+2swjEkaUaEJx0r1XSfRXoalZoTTvDZIFU0wmeAR7RsqcESVl82T5+jMKEMUxtI8odFc/b2R4UipWRSYySKnWvYK8T+vn+rw2suYSFJNBVkcClOOdIyKGtCQSUo0nxmCiWQmKyJjLDHRpqyaKcFd/vIq6Vw0XKfh3l/WmzdlHVU4gVM4BxeuoAl30II2EJjCM7zCm5VZL9a79bEYrVjlzjH8gfX5AznAlAE=</latexit><latexit sha1_base64="ZtMUMM78YGdVXAlZSgSs/9Uczko=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQiKK4KblxWsA9oQ5hMJ+3QySTOTAo15E/cuFDErX/izr9x0mahrQcGDufcyz1zgoQzpR3n26qsrW9sblW3azu7e/sH9uFRR8WpJLRNYh7LXoAV5UzQtmaa014iKY4CTrvB5Lbwu1MqFYvFg54l1IvwSLCQEayN5Nv2IMJ6HIRZN/ezR/8p9+2603DmQKvELUkdSrR8+2swjEkaUaEJx0r1XSfRXoalZoTTvDZIFU0wmeAR7RsqcESVl82T5+jMKEMUxtI8odFc/b2R4UipWRSYySKnWvYK8T+vn+rw2suYSFJNBVkcClOOdIyKGtCQSUo0nxmCiWQmKyJjLDHRpqyaKcFd/vIq6Vw0XKfh3l/WmzdlHVU4gVM4BxeuoAl30II2EJjCM7zCm5VZL9a79bEYrVjlzjH8gfX5AznAlAE=</latexit><latexit sha1_base64="ZtMUMM78YGdVXAlZSgSs/9Uczko=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQiKK4KblxWsA9oQ5hMJ+3QySTOTAo15E/cuFDErX/izr9x0mahrQcGDufcyz1zgoQzpR3n26qsrW9sblW3azu7e/sH9uFRR8WpJLRNYh7LXoAV5UzQtmaa014iKY4CTrvB5Lbwu1MqFYvFg54l1IvwSLCQEayN5Nv2IMJ6HIRZN/ezR/8p9+2603DmQKvELUkdSrR8+2swjEkaUaEJx0r1XSfRXoalZoTTvDZIFU0wmeAR7RsqcESVl82T5+jMKEMUxtI8odFc/b2R4UipWRSYySKnWvYK8T+vn+rw2suYSFJNBVkcClOOdIyKGtCQSUo0nxmCiWQmKyJjLDHRpqyaKcFd/vIq6Vw0XKfh3l/WmzdlHVU4gVM4BxeuoAl30II2EJjCM7zCm5VZL9a79bEYrVjlzjH8gfX5AznAlAE=</latexit>

Wkz
<latexit sha1_base64="MzjRT2OqbL0a4IbWoL5hT/VIHL8=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQiVFwV3LisYB/QhjCZTtqhk0mYmRRqyJ+4caGIW//EnX/jpM1CWw8MHM65l3vmBAlnSjvOt1XZ2Nza3qnu1vb2Dw6P7OOTropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6V3h92ZUKhaLRz1PqBfhsWAhI1gbybftYYT1JAizXu5nU/8p9+2603AWQOvELUkdSrR9+2s4ikkaUaEJx0oNXCfRXoalZoTTvDZMFU0wmeIxHRgqcESVly2S5+jCKCMUxtI8odFC/b2R4UipeRSYySKnWvUK8T9vkOrwxsuYSFJNBVkeClOOdIyKGtCISUo0nxuCiWQmKyITLDHRpqyaKcFd/fI66V41XKfhPlzXW7dlHVU4g3O4BBea0IJ7aEMHCMzgGV7hzcqsF+vd+liOVqxy5xT+wPr8ATCWk/s=</latexit><latexit sha1_base64="MzjRT2OqbL0a4IbWoL5hT/VIHL8=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQiVFwV3LisYB/QhjCZTtqhk0mYmRRqyJ+4caGIW//EnX/jpM1CWw8MHM65l3vmBAlnSjvOt1XZ2Nza3qnu1vb2Dw6P7OOTropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6V3h92ZUKhaLRz1PqBfhsWAhI1gbybftYYT1JAizXu5nU/8p9+2603AWQOvELUkdSrR9+2s4ikkaUaEJx0oNXCfRXoalZoTTvDZMFU0wmeIxHRgqcESVly2S5+jCKCMUxtI8odFC/b2R4UipeRSYySKnWvUK8T9vkOrwxsuYSFJNBVkeClOOdIyKGtCISUo0nxuCiWQmKyITLDHRpqyaKcFd/fI66V41XKfhPlzXW7dlHVU4g3O4BBea0IJ7aEMHCMzgGV7hzcqsF+vd+liOVqxy5xT+wPr8ATCWk/s=</latexit><latexit sha1_base64="MzjRT2OqbL0a4IbWoL5hT/VIHL8=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQiVFwV3LisYB/QhjCZTtqhk0mYmRRqyJ+4caGIW//EnX/jpM1CWw8MHM65l3vmBAlnSjvOt1XZ2Nza3qnu1vb2Dw6P7OOTropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6V3h92ZUKhaLRz1PqBfhsWAhI1gbybftYYT1JAizXu5nU/8p9+2603AWQOvELUkdSrR9+2s4ikkaUaEJx0oNXCfRXoalZoTTvDZMFU0wmeIxHRgqcESVly2S5+jCKCMUxtI8odFC/b2R4UipeRSYySKnWvUK8T9vkOrwxsuYSFJNBVkeClOOdIyKGtCISUo0nxuCiWQmKyITLDHRpqyaKcFd/fI66V41XKfhPlzXW7dlHVU4g3O4BBea0IJ7aEMHCMzgGV7hzcqsF+vd+liOVqxy5xT+wPr8ATCWk/s=</latexit><latexit sha1_base64="MzjRT2OqbL0a4IbWoL5hT/VIHL8=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQiVFwV3LisYB/QhjCZTtqhk0mYmRRqyJ+4caGIW//EnX/jpM1CWw8MHM65l3vmBAlnSjvOt1XZ2Nza3qnu1vb2Dw6P7OOTropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6V3h92ZUKhaLRz1PqBfhsWAhI1gbybftYYT1JAizXu5nU/8p9+2603AWQOvELUkdSrR9+2s4ikkaUaEJx0oNXCfRXoalZoTTvDZMFU0wmeIxHRgqcESVly2S5+jCKCMUxtI8odFC/b2R4UipeRSYySKnWvUK8T9vkOrwxsuYSFJNBVkeClOOdIyKGtCISUo0nxuCiWQmKyITLDHRpqyaKcFd/fI66V41XKfhPlzXW7dlHVU4g3O4BBea0IJ7aEMHCMzgGV7hzcqsF+vd+liOVqxy5xT+wPr8ATCWk/s=</latexit>

Wm
<latexit sha1_base64="ezhoLytq7dSaI9KR0v1yF5P6H5c=">AAAB83icbVDLSgMxFL3js9ZX1aWbYBFclRkRFFcFNy4r2Ad0hpJJM21okhnyEMrQ33DjQhG3/ow7/8ZMOwttPRA4nHMv9+TEGWfa+P63t7a+sbm1Xdmp7u7tHxzWjo47OrWK0DZJeap6MdaUM0nbhhlOe5miWMScduPJXeF3n6jSLJWPZprRSOCRZAkj2DgpDAU24zjJu7OBGNTqfsOfA62SoCR1KNEa1L7CYUqsoNIQjrXuB35mohwrwwins2poNc0wmeAR7TsqsaA6yueZZ+jcKUOUpMo9adBc/b2RY6H1VMRussiol71C/M/rW5PcRDmTmTVUksWhxHJkUlQUgIZMUWL41BFMFHNZERljhYlxNVVdCcHyl1dJ57IR+I3g4arevC3rqMApnMEFBHANTbiHFrSBQAbP8ApvnvVevHfvYzG65pU7J/AH3ucPUIGR0w==</latexit><latexit sha1_base64="ezhoLytq7dSaI9KR0v1yF5P6H5c=">AAAB83icbVDLSgMxFL3js9ZX1aWbYBFclRkRFFcFNy4r2Ad0hpJJM21okhnyEMrQ33DjQhG3/ow7/8ZMOwttPRA4nHMv9+TEGWfa+P63t7a+sbm1Xdmp7u7tHxzWjo47OrWK0DZJeap6MdaUM0nbhhlOe5miWMScduPJXeF3n6jSLJWPZprRSOCRZAkj2DgpDAU24zjJu7OBGNTqfsOfA62SoCR1KNEa1L7CYUqsoNIQjrXuB35mohwrwwins2poNc0wmeAR7TsqsaA6yueZZ+jcKUOUpMo9adBc/b2RY6H1VMRussiol71C/M/rW5PcRDmTmTVUksWhxHJkUlQUgIZMUWL41BFMFHNZERljhYlxNVVdCcHyl1dJ57IR+I3g4arevC3rqMApnMEFBHANTbiHFrSBQAbP8ApvnvVevHfvYzG65pU7J/AH3ucPUIGR0w==</latexit><latexit sha1_base64="ezhoLytq7dSaI9KR0v1yF5P6H5c=">AAAB83icbVDLSgMxFL3js9ZX1aWbYBFclRkRFFcFNy4r2Ad0hpJJM21okhnyEMrQ33DjQhG3/ow7/8ZMOwttPRA4nHMv9+TEGWfa+P63t7a+sbm1Xdmp7u7tHxzWjo47OrWK0DZJeap6MdaUM0nbhhlOe5miWMScduPJXeF3n6jSLJWPZprRSOCRZAkj2DgpDAU24zjJu7OBGNTqfsOfA62SoCR1KNEa1L7CYUqsoNIQjrXuB35mohwrwwins2poNc0wmeAR7TsqsaA6yueZZ+jcKUOUpMo9adBc/b2RY6H1VMRussiol71C/M/rW5PcRDmTmTVUksWhxHJkUlQUgIZMUWL41BFMFHNZERljhYlxNVVdCcHyl1dJ57IR+I3g4arevC3rqMApnMEFBHANTbiHFrSBQAbP8ApvnvVevHfvYzG65pU7J/AH3ucPUIGR0w==</latexit><latexit sha1_base64="ezhoLytq7dSaI9KR0v1yF5P6H5c=">AAAB83icbVDLSgMxFL3js9ZX1aWbYBFclRkRFFcFNy4r2Ad0hpJJM21okhnyEMrQ33DjQhG3/ow7/8ZMOwttPRA4nHMv9+TEGWfa+P63t7a+sbm1Xdmp7u7tHxzWjo47OrWK0DZJeap6MdaUM0nbhhlOe5miWMScduPJXeF3n6jSLJWPZprRSOCRZAkj2DgpDAU24zjJu7OBGNTqfsOfA62SoCR1KNEa1L7CYUqsoNIQjrXuB35mohwrwwins2poNc0wmeAR7TsqsaA6yueZZ+jcKUOUpMo9adBc/b2RY6H1VMRussiol71C/M/rW5PcRDmTmTVUksWhxHJkUlQUgIZMUWL41BFMFHNZERljhYlxNVVdCcHyl1dJ57IR+I3g4arevC3rqMApnMEFBHANTbiHFrSBQAbP8ApvnvVevHfvYzG65pU7J/AH3ucPUIGR0w==</latexit>

Wqz
<latexit sha1_base64="ZtMUMM78YGdVXAlZSgSs/9Uczko=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQiKK4KblxWsA9oQ5hMJ+3QySTOTAo15E/cuFDErX/izr9x0mahrQcGDufcyz1zgoQzpR3n26qsrW9sblW3azu7e/sH9uFRR8WpJLRNYh7LXoAV5UzQtmaa014iKY4CTrvB5Lbwu1MqFYvFg54l1IvwSLCQEayN5Nv2IMJ6HIRZN/ezR/8p9+2603DmQKvELUkdSrR8+2swjEkaUaEJx0r1XSfRXoalZoTTvDZIFU0wmeAR7RsqcESVl82T5+jMKEMUxtI8odFc/b2R4UipWRSYySKnWvYK8T+vn+rw2suYSFJNBVkcClOOdIyKGtCQSUo0nxmCiWQmKyJjLDHRpqyaKcFd/vIq6Vw0XKfh3l/WmzdlHVU4gVM4BxeuoAl30II2EJjCM7zCm5VZL9a79bEYrVjlzjH8gfX5AznAlAE=</latexit><latexit sha1_base64="ZtMUMM78YGdVXAlZSgSs/9Uczko=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQiKK4KblxWsA9oQ5hMJ+3QySTOTAo15E/cuFDErX/izr9x0mahrQcGDufcyz1zgoQzpR3n26qsrW9sblW3azu7e/sH9uFRR8WpJLRNYh7LXoAV5UzQtmaa014iKY4CTrvB5Lbwu1MqFYvFg54l1IvwSLCQEayN5Nv2IMJ6HIRZN/ezR/8p9+2603DmQKvELUkdSrR8+2swjEkaUaEJx0r1XSfRXoalZoTTvDZIFU0wmeAR7RsqcESVl82T5+jMKEMUxtI8odFc/b2R4UipWRSYySKnWvYK8T+vn+rw2suYSFJNBVkcClOOdIyKGtCQSUo0nxmCiWQmKyJjLDHRpqyaKcFd/vIq6Vw0XKfh3l/WmzdlHVU4gVM4BxeuoAl30II2EJjCM7zCm5VZL9a79bEYrVjlzjH8gfX5AznAlAE=</latexit><latexit sha1_base64="ZtMUMM78YGdVXAlZSgSs/9Uczko=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQiKK4KblxWsA9oQ5hMJ+3QySTOTAo15E/cuFDErX/izr9x0mahrQcGDufcyz1zgoQzpR3n26qsrW9sblW3azu7e/sH9uFRR8WpJLRNYh7LXoAV5UzQtmaa014iKY4CTrvB5Lbwu1MqFYvFg54l1IvwSLCQEayN5Nv2IMJ6HIRZN/ezR/8p9+2603DmQKvELUkdSrR8+2swjEkaUaEJx0r1XSfRXoalZoTTvDZIFU0wmeAR7RsqcESVl82T5+jMKEMUxtI8odFc/b2R4UipWRSYySKnWvYK8T+vn+rw2suYSFJNBVkcClOOdIyKGtCQSUo0nxmCiWQmKyJjLDHRpqyaKcFd/vIq6Vw0XKfh3l/WmzdlHVU4gVM4BxeuoAl30II2EJjCM7zCm5VZL9a79bEYrVjlzjH8gfX5AznAlAE=</latexit><latexit sha1_base64="ZtMUMM78YGdVXAlZSgSs/9Uczko=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQiKK4KblxWsA9oQ5hMJ+3QySTOTAo15E/cuFDErX/izr9x0mahrQcGDufcyz1zgoQzpR3n26qsrW9sblW3azu7e/sH9uFRR8WpJLRNYh7LXoAV5UzQtmaa014iKY4CTrvB5Lbwu1MqFYvFg54l1IvwSLCQEayN5Nv2IMJ6HIRZN/ezR/8p9+2603DmQKvELUkdSrR8+2swjEkaUaEJx0r1XSfRXoalZoTTvDZIFU0wmeAR7RsqcESVl82T5+jMKEMUxtI8odFc/b2R4UipWRSYySKnWvYK8T+vn+rw2suYSFJNBVkcClOOdIyKGtCQSUo0nxmCiWQmKyJjLDHRpqyaKcFd/vIq6Vw0XKfh3l/WmzdlHVU4gVM4BxeuoAl30II2EJjCM7zCm5VZL9a79bEYrVjlzjH8gfX5AznAlAE=</latexit>

Wkz
<latexit sha1_base64="MzjRT2OqbL0a4IbWoL5hT/VIHL8=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQiVFwV3LisYB/QhjCZTtqhk0mYmRRqyJ+4caGIW//EnX/jpM1CWw8MHM65l3vmBAlnSjvOt1XZ2Nza3qnu1vb2Dw6P7OOTropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6V3h92ZUKhaLRz1PqBfhsWAhI1gbybftYYT1JAizXu5nU/8p9+2603AWQOvELUkdSrR9+2s4ikkaUaEJx0oNXCfRXoalZoTTvDZMFU0wmeIxHRgqcESVly2S5+jCKCMUxtI8odFC/b2R4UipeRSYySKnWvUK8T9vkOrwxsuYSFJNBVkeClOOdIyKGtCISUo0nxuCiWQmKyITLDHRpqyaKcFd/fI66V41XKfhPlzXW7dlHVU4g3O4BBea0IJ7aEMHCMzgGV7hzcqsF+vd+liOVqxy5xT+wPr8ATCWk/s=</latexit><latexit sha1_base64="MzjRT2OqbL0a4IbWoL5hT/VIHL8=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQiVFwV3LisYB/QhjCZTtqhk0mYmRRqyJ+4caGIW//EnX/jpM1CWw8MHM65l3vmBAlnSjvOt1XZ2Nza3qnu1vb2Dw6P7OOTropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6V3h92ZUKhaLRz1PqBfhsWAhI1gbybftYYT1JAizXu5nU/8p9+2603AWQOvELUkdSrR9+2s4ikkaUaEJx0oNXCfRXoalZoTTvDZMFU0wmeIxHRgqcESVly2S5+jCKCMUxtI8odFC/b2R4UipeRSYySKnWvUK8T9vkOrwxsuYSFJNBVkeClOOdIyKGtCISUo0nxuCiWQmKyITLDHRpqyaKcFd/fI66V41XKfhPlzXW7dlHVU4g3O4BBea0IJ7aEMHCMzgGV7hzcqsF+vd+liOVqxy5xT+wPr8ATCWk/s=</latexit><latexit sha1_base64="MzjRT2OqbL0a4IbWoL5hT/VIHL8=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQiVFwV3LisYB/QhjCZTtqhk0mYmRRqyJ+4caGIW//EnX/jpM1CWw8MHM65l3vmBAlnSjvOt1XZ2Nza3qnu1vb2Dw6P7OOTropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6V3h92ZUKhaLRz1PqBfhsWAhI1gbybftYYT1JAizXu5nU/8p9+2603AWQOvELUkdSrR9+2s4ikkaUaEJx0oNXCfRXoalZoTTvDZMFU0wmeIxHRgqcESVly2S5+jCKCMUxtI8odFC/b2R4UipeRSYySKnWvUK8T9vkOrwxsuYSFJNBVkeClOOdIyKGtCISUo0nxuCiWQmKyITLDHRpqyaKcFd/fI66V41XKfhPlzXW7dlHVU4g3O4BBea0IJ7aEMHCMzgGV7hzcqsF+vd+liOVqxy5xT+wPr8ATCWk/s=</latexit><latexit sha1_base64="MzjRT2OqbL0a4IbWoL5hT/VIHL8=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiQiVFwV3LisYB/QhjCZTtqhk0mYmRRqyJ+4caGIW//EnX/jpM1CWw8MHM65l3vmBAlnSjvOt1XZ2Nza3qnu1vb2Dw6P7OOTropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6V3h92ZUKhaLRz1PqBfhsWAhI1gbybftYYT1JAizXu5nU/8p9+2603AWQOvELUkdSrR9+2s4ikkaUaEJx0oNXCfRXoalZoTTvDZMFU0wmeIxHRgqcESVly2S5+jCKCMUxtI8odFC/b2R4UipeRSYySKnWvUK8T9vkOrwxsuYSFJNBVkeClOOdIyKGtCISUo0nxuCiWQmKyITLDHRpqyaKcFd/fI66V41XKfhPlzXW7dlHVU4g3O4BBea0IJ7aEMHCMzgGV7hzcqsF+vd+liOVqxy5xT+wPr8ATCWk/s=</latexit>

(a)�MNL (b)�MNL�(Mul�à Add) (c)�DMNL

zr<latexit sha1_base64="7Z49OVcor0ffSpo2FVty+f9MyJQ=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsl00g6dTMLMjVBDf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTm9zvPHJtRKzucZpwP6IjJULBKFqp348ojoMwe5o96EG15tbdOcgq8QpSgwLNQfWrP4xZGnGFTFJjep6boJ9RjYJJPqv0U8MTyiZ0xHuWKhpx42fzzDNyZpUhCWNtn0IyV39vZDQyZhoFdjLPaJa9XPzP66UYXvuZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7usNRpFHWU4gVM4Bw+uoAG30IQWMEjgGV7hzUmdF+fd+ViMlpxi5xj+wPn8AY3TkgA=</latexit><latexit sha1_base64="7Z49OVcor0ffSpo2FVty+f9MyJQ=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsl00g6dTMLMjVBDf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTm9zvPHJtRKzucZpwP6IjJULBKFqp348ojoMwe5o96EG15tbdOcgq8QpSgwLNQfWrP4xZGnGFTFJjep6boJ9RjYJJPqv0U8MTyiZ0xHuWKhpx42fzzDNyZpUhCWNtn0IyV39vZDQyZhoFdjLPaJa9XPzP66UYXvuZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7usNRpFHWU4gVM4Bw+uoAG30IQWMEjgGV7hzUmdF+fd+ViMlpxi5xj+wPn8AY3TkgA=</latexit><latexit sha1_base64="7Z49OVcor0ffSpo2FVty+f9MyJQ=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsl00g6dTMLMjVBDf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTm9zvPHJtRKzucZpwP6IjJULBKFqp348ojoMwe5o96EG15tbdOcgq8QpSgwLNQfWrP4xZGnGFTFJjep6boJ9RjYJJPqv0U8MTyiZ0xHuWKhpx42fzzDNyZpUhCWNtn0IyV39vZDQyZhoFdjLPaJa9XPzP66UYXvuZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7usNRpFHWU4gVM4Bw+uoAG30IQWMEjgGV7hzUmdF+fd+ViMlpxi5xj+wPn8AY3TkgA=</latexit><latexit sha1_base64="7Z49OVcor0ffSpo2FVty+f9MyJQ=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgxmUF+4A2lsl00g6dTMLMjVBDf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTm9zvPHJtRKzucZpwP6IjJULBKFqp348ojoMwe5o96EG15tbdOcgq8QpSgwLNQfWrP4xZGnGFTFJjep6boJ9RjYJJPqv0U8MTyiZ0xHuWKhpx42fzzDNyZpUhCWNtn0IyV39vZDQyZhoFdjLPaJa9XPzP66UYXvuZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7usNRpFHWU4gVM4Bw+uoAG30IQWMEjgGV7hzUmdF+fd+ViMlpxi5xj+wPn8AY3TkgA=</latexit>

Concat

t
<latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit><latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit><latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit><latexit sha1_base64="Lf7Q4t+1RFwDZwuwRrsYOmlZxlQ=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCDOfDas2tuwuQdeIVpAYFWsPq12AUszTiCpmkxvQ9N0E/oxoFk3xeGaSGJ5RN6Zj3LVU04sbPFonn5MIqIxLG2j6FZKH+3shoZMwsCuxkntCsern4n9dPMbzxM6GSFLliy4/CVBKMSX4+GQnNGcqZJZRpYbMSNqGaMrQlVWwJ3urJ66RzVffcund/XWs2izrKcAbncAkeNKAJd9CCNjBQ8Ayv8OYY58V5dz6WoyWn2DmFP3A+fwD2i5EW</latexit>

yr
<latexit sha1_base64="33NJgA8PRZ45xP4zCPdBLiaa5u8="></latexit><latexit sha1_base64="33NJgA8PRZ45xP4zCPdBLiaa5u8="></latexit><latexit sha1_base64="33NJgA8PRZ45xP4zCPdBLiaa5u8="></latexit><latexit sha1_base64="G30nvnJkyKBlKcCymNnrqTxJgV4=">AAACtXicjVLLSgMxFD0dX7VWrWs3g0VwVTJudCnowmUF+4BaZCZNa+y8TDJCKf6AWz9O/AP9C2/iCGoRzTAzJ+fec5KbmyiPpTaMvVS8peWV1bXqem2jXtvc2m7UuzorFBcdnsWZ6kehFrFMRcdIE4t+rkSYRLHoRdNTG+/dC6Vlll6aWS6GSThJ5Vjy0BDVvm40WYu54S+CoARNlCNrPOMKI2TgKJBAIIUhHCOEpmeAAAw5cUPMiVOEpIsLPKBG2oKyBGWExE7pO6HZoGRTmltP7dScVonpVaT0sU+ajPIUYbua7+KFc7bsb95z52n3NqN/VHolxBrcEPuX7jPzvzpbi8EYx64GSTXljrHV8dKlcKdid+5/qcqQQ06cxSOKK8LcKT/P2Xca7Wq3Zxu6+KvLtKyd8zK3wJvdJfU3+NnNRdA9bAWsFVwwVLGLPRxQG49wgnO00SHLER7x5J15t97dxz3wKuWF2MG34el34YWM3A==</latexit><latexit sha1_base64="g2doTjrF7Jwvfoo7SWeXsf3fs+M="></latexit><latexit sha1_base64="g2doTjrF7Jwvfoo7SWeXsf3fs+M="></latexit><latexit sha1_base64="VdYDkCx7rw2Yr7P5CQq34BgScLE="></latexit><latexit sha1_base64="33NJgA8PRZ45xP4zCPdBLiaa5u8="></latexit><latexit sha1_base64="33NJgA8PRZ45xP4zCPdBLiaa5u8="></latexit><latexit sha1_base64="33NJgA8PRZ45xP4zCPdBLiaa5u8="></latexit><latexit sha1_base64="33NJgA8PRZ45xP4zCPdBLiaa5u8="></latexit><latexit sha1_base64="33NJgA8PRZ45xP4zCPdBLiaa5u8="></latexit><latexit sha1_base64="G30nvnJkyKBlKcCymNnrqTxJgV4=">AAACtXicjVLLSgMxFD0dX7VWrWs3g0VwVTJudCnowmUF+4BaZCZNa+y8TDJCKf6AWz9O/AP9C2/iCGoRzTAzJ+fec5KbmyiPpTaMvVS8peWV1bXqem2jXtvc2m7UuzorFBcdnsWZ6kehFrFMRcdIE4t+rkSYRLHoRdNTG+/dC6Vlll6aWS6GSThJ5Vjy0BDVvm40WYu54S+CoARNlCNrPOMKI2TgKJBAIIUhHCOEpmeAAAw5cUPMiVOEpIsLPKBG2oKyBGWExE7pO6HZoGRTmltP7dScVonpVaT0sU+ajPIUYbua7+KFc7bsb95z52n3NqN/VHolxBrcEPuX7jPzvzpbi8EYx64GSTXljrHV8dKlcKdid+5/qcqQQ06cxSOKK8LcKT/P2Xca7Wq3Zxu6+KvLtKyd8zK3wJvdJfU3+NnNRdA9bAWsFVwwVLGLPRxQG49wgnO00SHLER7x5J15t97dxz3wKuWF2MG34el34YWM3A==</latexit><latexit sha1_base64="g2doTjrF7Jwvfoo7SWeXsf3fs+M="></latexit><latexit sha1_base64="g2doTjrF7Jwvfoo7SWeXsf3fs+M="></latexit><latexit sha1_base64="VdYDkCx7rw2Yr7P5CQq34BgScLE="></latexit><latexit sha1_base64="33NJgA8PRZ45xP4zCPdBLiaa5u8="></latexit><latexit sha1_base64="33NJgA8PRZ45xP4zCPdBLiaa5u8="></latexit><latexit sha1_base64="33NJgA8PRZ45xP4zCPdBLiaa5u8="></latexit><latexit sha1_base64="33NJgA8PRZ45xP4zCPdBLiaa5u8="></latexit><latexit sha1_base64="33NJgA8PRZ45xP4zCPdBLiaa5u8="></latexit><latexit sha1_base64="33NJgA8PRZ45xP4zCPdBLiaa5u8="></latexit>

g
<latexit sha1_base64="YmY1S76/JAjDrj5G96sLKQWXkFU="></latexit><latexit sha1_base64="YmY1S76/JAjDrj5G96sLKQWXkFU="></latexit><latexit sha1_base64="YmY1S76/JAjDrj5G96sLKQWXkFU="></latexit><latexit sha1_base64="G30nvnJkyKBlKcCymNnrqTxJgV4=">AAACtXicjVLLSgMxFD0dX7VWrWs3g0VwVTJudCnowmUF+4BaZCZNa+y8TDJCKf6AWz9O/AP9C2/iCGoRzTAzJ+fec5KbmyiPpTaMvVS8peWV1bXqem2jXtvc2m7UuzorFBcdnsWZ6kehFrFMRcdIE4t+rkSYRLHoRdNTG+/dC6Vlll6aWS6GSThJ5Vjy0BDVvm40WYu54S+CoARNlCNrPOMKI2TgKJBAIIUhHCOEpmeAAAw5cUPMiVOEpIsLPKBG2oKyBGWExE7pO6HZoGRTmltP7dScVonpVaT0sU+ajPIUYbua7+KFc7bsb95z52n3NqN/VHolxBrcEPuX7jPzvzpbi8EYx64GSTXljrHV8dKlcKdid+5/qcqQQ06cxSOKK8LcKT/P2Xca7Wq3Zxu6+KvLtKyd8zK3wJvdJfU3+NnNRdA9bAWsFVwwVLGLPRxQG49wgnO00SHLER7x5J15t97dxz3wKuWF2MG34el34YWM3A==</latexit><latexit sha1_base64="eFUdG3p5ktUiIgfVTq4RWIf96eQ=">AAACuXicjVJdS8MwFD2rX3NOnb76UhyCT6P1RR8FQXzcwH3AHNJm2QzL2pKkwhj+Al/1t4n/QP+FN7EDdYimtD05956T3NzEmRTaBMFryVtZXVvfKG9WtqrbO7u1vWpHp7livM1SmapeHGkuRcLbRhjJe5ni0TSWvBtPLmy8e8+VFmlybWYZH0yjcSJGgkWGqNb4tlYPGoEb/jIIC1BHMZpp7QU3GCIFQ44pOBIYwhIRND19hAiQETfAnDhFSLg4xwMqpM0pi1NGROyEvmOa9Qs2obn11E7NaBVJryKljyPSpJSnCNvVfBfPnbNlf/OeO0+7txn948JrSqzBHbF/6RaZ/9XZWgxGOHM1CKopc4ytjhUuuTsVu3P/S1WGHDLiLB5SXBFmTrk4Z99ptKvdnm3k4m8u07J2zorcHO92l9Tg8Gc7l0HnpBEGjbAVoIwDHOKY2niKc1yhibazfMQTnr1LT3r68yp4peJO7OPb8PIPC+2OPA==</latexit><latexit sha1_base64="eFUdG3p5ktUiIgfVTq4RWIf96eQ=">AAACuXicjVJdS8MwFD2rX3NOnb76UhyCT6P1RR8FQXzcwH3AHNJm2QzL2pKkwhj+Al/1t4n/QP+FN7EDdYimtD05956T3NzEmRTaBMFryVtZXVvfKG9WtqrbO7u1vWpHp7livM1SmapeHGkuRcLbRhjJe5ni0TSWvBtPLmy8e8+VFmlybWYZH0yjcSJGgkWGqNb4tlYPGoEb/jIIC1BHMZpp7QU3GCIFQ44pOBIYwhIRND19hAiQETfAnDhFSLg4xwMqpM0pi1NGROyEvmOa9Qs2obn11E7NaBVJryKljyPSpJSnCNvVfBfPnbNlf/OeO0+7txn948JrSqzBHbF/6RaZ/9XZWgxGOHM1CKopc4ytjhUuuTsVu3P/S1WGHDLiLB5SXBFmTrk4Z99ptKvdnm3k4m8u07J2zorcHO92l9Tg8Gc7l0HnpBEGjbAVoIwDHOKY2niKc1yhibazfMQTnr1LT3r68yp4peJO7OPb8PIPC+2OPA==</latexit><latexit sha1_base64="4ANblLoSJdnKXUmMtvkooyjEnC8="></latexit><latexit sha1_base64="YmY1S76/JAjDrj5G96sLKQWXkFU="></latexit><latexit sha1_base64="YmY1S76/JAjDrj5G96sLKQWXkFU="></latexit><latexit sha1_base64="YmY1S76/JAjDrj5G96sLKQWXkFU="></latexit><latexit sha1_base64="YmY1S76/JAjDrj5G96sLKQWXkFU="></latexit><latexit sha1_base64="YmY1S76/JAjDrj5G96sLKQWXkFU="></latexit><latexit sha1_base64="G30nvnJkyKBlKcCymNnrqTxJgV4=">AAACtXicjVLLSgMxFD0dX7VWrWs3g0VwVTJudCnowmUF+4BaZCZNa+y8TDJCKf6AWz9O/AP9C2/iCGoRzTAzJ+fec5KbmyiPpTaMvVS8peWV1bXqem2jXtvc2m7UuzorFBcdnsWZ6kehFrFMRcdIE4t+rkSYRLHoRdNTG+/dC6Vlll6aWS6GSThJ5Vjy0BDVvm40WYu54S+CoARNlCNrPOMKI2TgKJBAIIUhHCOEpmeAAAw5cUPMiVOEpIsLPKBG2oKyBGWExE7pO6HZoGRTmltP7dScVonpVaT0sU+ajPIUYbua7+KFc7bsb95z52n3NqN/VHolxBrcEPuX7jPzvzpbi8EYx64GSTXljrHV8dKlcKdid+5/qcqQQ06cxSOKK8LcKT/P2Xca7Wq3Zxu6+KvLtKyd8zK3wJvdJfU3+NnNRdA9bAWsFVwwVLGLPRxQG49wgnO00SHLER7x5J15t97dxz3wKuWF2MG34el34YWM3A==</latexit><latexit sha1_base64="eFUdG3p5ktUiIgfVTq4RWIf96eQ=">AAACuXicjVJdS8MwFD2rX3NOnb76UhyCT6P1RR8FQXzcwH3AHNJm2QzL2pKkwhj+Al/1t4n/QP+FN7EDdYimtD05956T3NzEmRTaBMFryVtZXVvfKG9WtqrbO7u1vWpHp7livM1SmapeHGkuRcLbRhjJe5ni0TSWvBtPLmy8e8+VFmlybWYZH0yjcSJGgkWGqNb4tlYPGoEb/jIIC1BHMZpp7QU3GCIFQ44pOBIYwhIRND19hAiQETfAnDhFSLg4xwMqpM0pi1NGROyEvmOa9Qs2obn11E7NaBVJryKljyPSpJSnCNvVfBfPnbNlf/OeO0+7txn948JrSqzBHbF/6RaZ/9XZWgxGOHM1CKopc4ytjhUuuTsVu3P/S1WGHDLiLB5SXBFmTrk4Z99ptKvdnm3k4m8u07J2zorcHO92l9Tg8Gc7l0HnpBEGjbAVoIwDHOKY2niKc1yhibazfMQTnr1LT3r68yp4peJO7OPb8PIPC+2OPA==</latexit><latexit sha1_base64="eFUdG3p5ktUiIgfVTq4RWIf96eQ=">AAACuXicjVJdS8MwFD2rX3NOnb76UhyCT6P1RR8FQXzcwH3AHNJm2QzL2pKkwhj+Al/1t4n/QP+FN7EDdYimtD05956T3NzEmRTaBMFryVtZXVvfKG9WtqrbO7u1vWpHp7livM1SmapeHGkuRcLbRhjJe5ni0TSWvBtPLmy8e8+VFmlybWYZH0yjcSJGgkWGqNb4tlYPGoEb/jIIC1BHMZpp7QU3GCIFQ44pOBIYwhIRND19hAiQETfAnDhFSLg4xwMqpM0pi1NGROyEvmOa9Qs2obn11E7NaBVJryKljyPSpJSnCNvVfBfPnbNlf/OeO0+7txn948JrSqzBHbF/6RaZ/9XZWgxGOHM1CKopc4ytjhUuuTsVu3P/S1WGHDLiLB5SXBFmTrk4Z99ptKvdnm3k4m8u07J2zorcHO92l9Tg8Gc7l0HnpBEGjbAVoIwDHOKY2niKc1yhibazfMQTnr1LT3r68yp4peJO7OPb8PIPC+2OPA==</latexit><latexit sha1_base64="4ANblLoSJdnKXUmMtvkooyjEnC8="></latexit><latexit sha1_base64="YmY1S76/JAjDrj5G96sLKQWXkFU="></latexit><latexit sha1_base64="YmY1S76/JAjDrj5G96sLKQWXkFU="></latexit><latexit sha1_base64="YmY1S76/JAjDrj5G96sLKQWXkFU="></latexit><latexit sha1_base64="YmY1S76/JAjDrj5G96sLKQWXkFU="></latexit><latexit sha1_base64="YmY1S76/JAjDrj5G96sLKQWXkFU="></latexit><latexit sha1_base64="YmY1S76/JAjDrj5G96sLKQWXkFU="></latexit>

C ×H ×W

<latexit sha1_base64="57xVnz8fbf4wZun66Alalr176Xs=">AAAB/XicdZDLSsNAFIYn9VbrLV52bgaL0FVI2krrrtBNlxXsBdpQJtNJO3QyCTMToYbiq7hxoYhb38Odb+MkbUFFfxj4+M85nDO/FzEqlW1/GrmNza3tnfxuYW//4PDIPD7pyjAWmHRwyELR95AkjHLSUVQx0o8EQYHHSM+bNdN6744ISUN+q+YRcQM04dSnGCltjcyzJhwqGhAJW2voFUZm0bYcxy5fl2EGFaeyhHK9Bh3LzlQEK7VH5sdwHOI4IFxhhqQcOHak3AQJRTEji8IwliRCeIYmZKCRI73HTbLrF/BSO2Poh0I/rmDmfp9IUCDlPPB0Z4DUVP6upeZftUGs/LqbUB7FinC8XOTHDKoQplHAMRUEKzbXgLCg+laIp0ggrHRgaQjrn8L/oVu2nKp1dVMtNkqrOPLgHFyAEnBADTRAC7RBB2BwDx7BM3gxHown49V4W7bmjNXMKfgh4/0LlKmT9A==</latexit>

C ×H ×W

<latexit sha1_base64="57xVnz8fbf4wZun66Alalr176Xs=">AAAB/XicdZDLSsNAFIYn9VbrLV52bgaL0FVI2krrrtBNlxXsBdpQJtNJO3QyCTMToYbiq7hxoYhb38Odb+MkbUFFfxj4+M85nDO/FzEqlW1/GrmNza3tnfxuYW//4PDIPD7pyjAWmHRwyELR95AkjHLSUVQx0o8EQYHHSM+bNdN6744ISUN+q+YRcQM04dSnGCltjcyzJhwqGhAJW2voFUZm0bYcxy5fl2EGFaeyhHK9Bh3LzlQEK7VH5sdwHOI4IFxhhqQcOHak3AQJRTEji8IwliRCeIYmZKCRI73HTbLrF/BSO2Poh0I/rmDmfp9IUCDlPPB0Z4DUVP6upeZftUGs/LqbUB7FinC8XOTHDKoQplHAMRUEKzbXgLCg+laIp0ggrHRgaQjrn8L/oVu2nKp1dVMtNkqrOPLgHFyAEnBADTRAC7RBB2BwDx7BM3gxHown49V4W7bmjNXMKfgh4/0LlKmT9A==</latexit>

C ×H ×W

<latexit sha1_base64="57xVnz8fbf4wZun66Alalr176Xs=">AAAB/XicdZDLSsNAFIYn9VbrLV52bgaL0FVI2krrrtBNlxXsBdpQJtNJO3QyCTMToYbiq7hxoYhb38Odb+MkbUFFfxj4+M85nDO/FzEqlW1/GrmNza3tnfxuYW//4PDIPD7pyjAWmHRwyELR95AkjHLSUVQx0o8EQYHHSM+bNdN6744ISUN+q+YRcQM04dSnGCltjcyzJhwqGhAJW2voFUZm0bYcxy5fl2EGFaeyhHK9Bh3LzlQEK7VH5sdwHOI4IFxhhqQcOHak3AQJRTEji8IwliRCeIYmZKCRI73HTbLrF/BSO2Poh0I/rmDmfp9IUCDlPPB0Z4DUVP6upeZftUGs/LqbUB7FinC8XOTHDKoQplHAMRUEKzbXgLCg+laIp0ggrHRgaQjrn8L/oVu2nKp1dVMtNkqrOPLgHFyAEnBADTRAC7RBB2BwDx7BM3gxHown49V4W7bmjNXMKfgh4/0LlKmT9A==</latexit>

C ×H ×W

<latexit sha1_base64="57xVnz8fbf4wZun66Alalr176Xs=">AAAB/XicdZDLSsNAFIYn9VbrLV52bgaL0FVI2krrrtBNlxXsBdpQJtNJO3QyCTMToYbiq7hxoYhb38Odb+MkbUFFfxj4+M85nDO/FzEqlW1/GrmNza3tnfxuYW//4PDIPD7pyjAWmHRwyELR95AkjHLSUVQx0o8EQYHHSM+bNdN6744ISUN+q+YRcQM04dSnGCltjcyzJhwqGhAJW2voFUZm0bYcxy5fl2EGFaeyhHK9Bh3LzlQEK7VH5sdwHOI4IFxhhqQcOHak3AQJRTEji8IwliRCeIYmZKCRI73HTbLrF/BSO2Poh0I/rmDmfp9IUCDlPPB0Z4DUVP6upeZftUGs/LqbUB7FinC8XOTHDKoQplHAMRUEKzbXgLCg+laIp0ggrHRgaQjrn8L/oVu2nKp1dVMtNkqrOPLgHFyAEnBADTRAC7RBB2BwDx7BM3gxHown49V4W7bmjNXMKfgh4/0LlKmT9A==</latexit>

C ×H ×W

<latexit sha1_base64="57xVnz8fbf4wZun66Alalr176Xs=">AAAB/XicdZDLSsNAFIYn9VbrLV52bgaL0FVI2krrrtBNlxXsBdpQJtNJO3QyCTMToYbiq7hxoYhb38Odb+MkbUFFfxj4+M85nDO/FzEqlW1/GrmNza3tnfxuYW//4PDIPD7pyjAWmHRwyELR95AkjHLSUVQx0o8EQYHHSM+bNdN6744ISUN+q+YRcQM04dSnGCltjcyzJhwqGhAJW2voFUZm0bYcxy5fl2EGFaeyhHK9Bh3LzlQEK7VH5sdwHOI4IFxhhqQcOHak3AQJRTEji8IwliRCeIYmZKCRI73HTbLrF/BSO2Poh0I/rmDmfp9IUCDlPPB0Z4DUVP6upeZftUGs/LqbUB7FinC8XOTHDKoQplHAMRUEKzbXgLCg+laIp0ggrHRgaQjrn8L/oVu2nKp1dVMtNkqrOPLgHFyAEnBADTRAC7RBB2BwDx7BM3gxHown49V4W7bmjNXMKfgh4/0LlKmT9A==</latexit>

C ×H ×W

<latexit sha1_base64="57xVnz8fbf4wZun66Alalr176Xs=">AAAB/XicdZDLSsNAFIYn9VbrLV52bgaL0FVI2krrrtBNlxXsBdpQJtNJO3QyCTMToYbiq7hxoYhb38Odb+MkbUFFfxj4+M85nDO/FzEqlW1/GrmNza3tnfxuYW//4PDIPD7pyjAWmHRwyELR95AkjHLSUVQx0o8EQYHHSM+bNdN6744ISUN+q+YRcQM04dSnGCltjcyzJhwqGhAJW2voFUZm0bYcxy5fl2EGFaeyhHK9Bh3LzlQEK7VH5sdwHOI4IFxhhqQcOHak3AQJRTEji8IwliRCeIYmZKCRI73HTbLrF/BSO2Poh0I/rmDmfp9IUCDlPPB0Z4DUVP6upeZftUGs/LqbUB7FinC8XOTHDKoQplHAMRUEKzbXgLCg+laIp0ggrHRgaQjrn8L/oVu2nKp1dVMtNkqrOPLgHFyAEnBADTRAC7RBB2BwDx7BM3gxHown49V4W7bmjNXMKfgh4/0LlKmT9A==</latexit>

C ×HW

<latexit sha1_base64="adNsfYyX/s8+35kq3ajS5e8Hh34=">AAAB83icdVDLSsNAFL2pr1pfVZduBovQVUjSSuuu0E2XFewDmlAm00k7dPJgZiKU0t9w40IRt/6MO//GSVpBRQ9cOJxzL/fe4yecSWVZH0Zha3tnd6+4Xzo4PDo+KZ+e9WWcCkJ7JOaxGPpYUs4i2lNMcTpMBMWhz+nAn7czf3BPhWRxdKcWCfVCPI1YwAhWWnLbyFUspBJ1BqVxuWKZtm05Nw7KSc2urYnTbCDbtHJUYIPuuPzuTmKShjRShGMpR7aVKG+JhWKE01XJTSVNMJnjKR1pGmG9yFvmN6/QlVYmKIiFrkihXP0+scShlIvQ150hVjP528vEv7xRqoKmt2RRkioakfWiIOVIxSgLAE2YoETxhSaYCKZvRWSGBSZKx5SF8PUp+p/0HdOum9e39UqruomjCBdwCVWwoQEt6EAXekAggQd4gmcjNR6NF+N13VowNjPn8APG2yeix5C1</latexit>

HW ×HW

<latexit sha1_base64="6kOiv+Ro93E6fhDoxmr0glPismQ=">AAAB9HicdVBNS8NAEN34WetX1aOXxSL0FJK20noreOmxgm0KbSib7aZduvlwd1Ioob/DiwdFvPpjvPlv3KQVVPTBwOO9GWbmebHgCizrw9jY3Nre2S3sFfcPDo+OSyenPRUlkrIujUQk+x5RTPCQdYGDYP1YMhJ4gjne7CbznTmTikfhHSxi5gZkEnKfUwJactsOHgIPmMJtpzgqlS3Ttq3qdRXnpGbXVqTabGDbtHKU0RqdUel9OI5oErAQqCBKDWwrBjclEjgVbFkcJorFhM7IhA00DYle5Kb50Ut8qZUx9iOpKwScq98nUhIotQg83RkQmKrfXib+5Q0S8JtuysM4ARbS1SI/ERginCWAx1wyCmKhCaGS61sxnRJJKOicshC+PsX/k17VtOvm1W293Kqs4yigc3SBKshGDdRCbdRBXUTRPXpAT+jZmBuPxovxumrdMNYzZ+gHjLdPV3yRGw==</latexit>

HW ×HW

<latexit sha1_base64="6kOiv+Ro93E6fhDoxmr0glPismQ=">AAAB9HicdVBNS8NAEN34WetX1aOXxSL0FJK20noreOmxgm0KbSib7aZduvlwd1Ioob/DiwdFvPpjvPlv3KQVVPTBwOO9GWbmebHgCizrw9jY3Nre2S3sFfcPDo+OSyenPRUlkrIujUQk+x5RTPCQdYGDYP1YMhJ4gjne7CbznTmTikfhHSxi5gZkEnKfUwJactsOHgIPmMJtpzgqlS3Ttq3qdRXnpGbXVqTabGDbtHKU0RqdUel9OI5oErAQqCBKDWwrBjclEjgVbFkcJorFhM7IhA00DYle5Kb50Ut8qZUx9iOpKwScq98nUhIotQg83RkQmKrfXib+5Q0S8JtuysM4ARbS1SI/ERginCWAx1wyCmKhCaGS61sxnRJJKOicshC+PsX/k17VtOvm1W293Kqs4yigc3SBKshGDdRCbdRBXUTRPXpAT+jZmBuPxovxumrdMNYzZ+gHjLdPV3yRGw==</latexit>

HW ×HW

<latexit sha1_base64="6kOiv+Ro93E6fhDoxmr0glPismQ=">AAAB9HicdVBNS8NAEN34WetX1aOXxSL0FJK20noreOmxgm0KbSib7aZduvlwd1Ioob/DiwdFvPpjvPlv3KQVVPTBwOO9GWbmebHgCizrw9jY3Nre2S3sFfcPDo+OSyenPRUlkrIujUQk+x5RTPCQdYGDYP1YMhJ4gjne7CbznTmTikfhHSxi5gZkEnKfUwJactsOHgIPmMJtpzgqlS3Ttq3qdRXnpGbXVqTabGDbtHKU0RqdUel9OI5oErAQqCBKDWwrBjclEjgVbFkcJorFhM7IhA00DYle5Kb50Ut8qZUx9iOpKwScq98nUhIotQg83RkQmKrfXib+5Q0S8JtuysM4ARbS1SI/ERginCWAx1wyCmKhCaGS61sxnRJJKOicshC+PsX/k17VtOvm1W293Kqs4yigc3SBKshGDdRCbdRBXUTRPXpAT+jZmBuPxovxumrdMNYzZ+gHjLdPV3yRGw==</latexit>

HW ×HW

<latexit sha1_base64="6kOiv+Ro93E6fhDoxmr0glPismQ=">AAAB9HicdVBNS8NAEN34WetX1aOXxSL0FJK20noreOmxgm0KbSib7aZduvlwd1Ioob/DiwdFvPpjvPlv3KQVVPTBwOO9GWbmebHgCizrw9jY3Nre2S3sFfcPDo+OSyenPRUlkrIujUQk+x5RTPCQdYGDYP1YMhJ4gjne7CbznTmTikfhHSxi5gZkEnKfUwJactsOHgIPmMJtpzgqlS3Ttq3qdRXnpGbXVqTabGDbtHKU0RqdUel9OI5oErAQqCBKDWwrBjclEjgVbFkcJorFhM7IhA00DYle5Kb50Ut8qZUx9iOpKwScq98nUhIotQg83RkQmKrfXib+5Q0S8JtuysM4ARbS1SI/ERginCWAx1wyCmKhCaGS61sxnRJJKOicshC+PsX/k17VtOvm1W293Kqs4yigc3SBKshGDdRCbdRBXUTRPXpAT+jZmBuPxovxumrdMNYzZ+gHjLdPV3yRGw==</latexit>

HW ×HW

<latexit sha1_base64="6kOiv+Ro93E6fhDoxmr0glPismQ=">AAAB9HicdVBNS8NAEN34WetX1aOXxSL0FJK20noreOmxgm0KbSib7aZduvlwd1Ioob/DiwdFvPpjvPlv3KQVVPTBwOO9GWbmebHgCizrw9jY3Nre2S3sFfcPDo+OSyenPRUlkrIujUQk+x5RTPCQdYGDYP1YMhJ4gjne7CbznTmTikfhHSxi5gZkEnKfUwJactsOHgIPmMJtpzgqlS3Ttq3qdRXnpGbXVqTabGDbtHKU0RqdUel9OI5oErAQqCBKDWwrBjclEjgVbFkcJorFhM7IhA00DYle5Kb50Ut8qZUx9iOpKwScq98nUhIotQg83RkQmKrfXib+5Q0S8JtuysM4ARbS1SI/ERginCWAx1wyCmKhCaGS61sxnRJJKOicshC+PsX/k17VtOvm1W293Kqs4yigc3SBKshGDdRCbdRBXUTRPXpAT+jZmBuPxovxumrdMNYzZ+gHjLdPV3yRGw==</latexit>

HW ×HW

<latexit sha1_base64="6kOiv+Ro93E6fhDoxmr0glPismQ=">AAAB9HicdVBNS8NAEN34WetX1aOXxSL0FJK20noreOmxgm0KbSib7aZduvlwd1Ioob/DiwdFvPpjvPlv3KQVVPTBwOO9GWbmebHgCizrw9jY3Nre2S3sFfcPDo+OSyenPRUlkrIujUQk+x5RTPCQdYGDYP1YMhJ4gjne7CbznTmTikfhHSxi5gZkEnKfUwJactsOHgIPmMJtpzgqlS3Ttq3qdRXnpGbXVqTabGDbtHKU0RqdUel9OI5oErAQqCBKDWwrBjclEjgVbFkcJorFhM7IhA00DYle5Kb50Ut8qZUx9iOpKwScq98nUhIotQg83RkQmKrfXib+5Q0S8JtuysM4ARbS1SI/ERginCWAx1wyCmKhCaGS61sxnRJJKOicshC+PsX/k17VtOvm1W293Kqs4yigc3SBKshGDdRCbdRBXUTRPXpAT+jZmBuPxovxumrdMNYzZ+gHjLdPV3yRGw==</latexit>

N

<latexit sha1_base64="pwjio4xtEfCe6PljrOI+EmRJkw0=">AAAB6HicdVDLSsNAFJ3UV62vqks3g0XoKiSx0roruHElLdgHtKFMpjft2MkkzEyEEvoFblwo4tZPcuffOH0IKnrgwuGce7n3niDhTGnH+bBya+sbm1v57cLO7t7+QfHwqK3iVFJo0ZjHshsQBZwJaGmmOXQTCSQKOHSCydXc79yDVCwWt3qagB+RkWAho0QbqXkzKJYc23Ud79LDC3Luni+JV6ti13YWKKEVGoPie38Y0zQCoSknSvVcJ9F+RqRmlMOs0E8VJIROyAh6hgoSgfKzxaEzfGaUIQ5jaUpovFC/T2QkUmoaBaYzInqsfntz8S+vl+qw5mdMJKkGQZeLwpRjHeP513jIJFDNp4YQKpm5FdMxkYRqk03BhPD1Kf6ftD3brdgXzUqpXl7FkUcn6BSVkYuqqI6uUQO1EEWAHtATerburEfrxXpdtuas1cwx+gHr7RPfPozr</latexit>

N

<latexit sha1_base64="pwjio4xtEfCe6PljrOI+EmRJkw0=">AAAB6HicdVDLSsNAFJ3UV62vqks3g0XoKiSx0roruHElLdgHtKFMpjft2MkkzEyEEvoFblwo4tZPcuffOH0IKnrgwuGce7n3niDhTGnH+bBya+sbm1v57cLO7t7+QfHwqK3iVFJo0ZjHshsQBZwJaGmmOXQTCSQKOHSCydXc79yDVCwWt3qagB+RkWAho0QbqXkzKJYc23Ud79LDC3Luni+JV6ti13YWKKEVGoPie38Y0zQCoSknSvVcJ9F+RqRmlMOs0E8VJIROyAh6hgoSgfKzxaEzfGaUIQ5jaUpovFC/T2QkUmoaBaYzInqsfntz8S+vl+qw5mdMJKkGQZeLwpRjHeP513jIJFDNp4YQKpm5FdMxkYRqk03BhPD1Kf6ftD3brdgXzUqpXl7FkUcn6BSVkYuqqI6uUQO1EEWAHtATerburEfrxXpdtuas1cwx+gHr7RPfPozr</latexit>

N

<latexit sha1_base64="pwjio4xtEfCe6PljrOI+EmRJkw0=">AAAB6HicdVDLSsNAFJ3UV62vqks3g0XoKiSx0roruHElLdgHtKFMpjft2MkkzEyEEvoFblwo4tZPcuffOH0IKnrgwuGce7n3niDhTGnH+bBya+sbm1v57cLO7t7+QfHwqK3iVFJo0ZjHshsQBZwJaGmmOXQTCSQKOHSCydXc79yDVCwWt3qagB+RkWAho0QbqXkzKJYc23Ud79LDC3Luni+JV6ti13YWKKEVGoPie38Y0zQCoSknSvVcJ9F+RqRmlMOs0E8VJIROyAh6hgoSgfKzxaEzfGaUIQ5jaUpovFC/T2QkUmoaBaYzInqsfntz8S+vl+qw5mdMJKkGQZeLwpRjHeP513jIJFDNp4YQKpm5FdMxkYRqk03BhPD1Kf6ftD3brdgXzUqpXl7FkUcn6BSVkYuqqI6uUQO1EEWAHtATerburEfrxXpdtuas1cwx+gHr7RPfPozr</latexit>

HW × C

<latexit sha1_base64="C4d3lmZ0S2C8ZuWCBcyPi5NC5Hk=">AAAB8nicdVDLSsNAFJ3UV62vqks3g0XoKiRppXVX6KbLCvYBaSiT6aQdOnkwcyOU0M9w40IRt36NO//GaVpBRQ9cOJxzL/fe4yeCK7CsD6Owtb2zu1fcLx0cHh2flE/P+ipOJWU9GotYDn2imOAR6wEHwYaJZCT0BRv48/bKH9wzqXgc3cEiYV5IphEPOCWgJbczwCPgIVO4PS5XLNO2LefGwTmp2bU1cZoNbJtWjgraoDsuv48mMU1DFgEVRCnXthLwMiKBU8GWpVGqWELonEyZq2lE9Bovy09e4iutTHAQS10R4Fz9PpGRUKlF6OvOkMBM/fZW4l+em0LQ9DIeJSmwiK4XBanAEOPV/3jCJaMgFpoQKrm+FdMZkYSCTqmkQ/j6FP9P+o5p183r23qlVd3EUUQX6BJVkY0aqIU6qIt6iKIYPaAn9GyA8Wi8GK/r1oKxmTlHP2C8fQJrQpCh</latexit>

HW × C

<latexit sha1_base64="C4d3lmZ0S2C8ZuWCBcyPi5NC5Hk=">AAAB8nicdVDLSsNAFJ3UV62vqks3g0XoKiRppXVX6KbLCvYBaSiT6aQdOnkwcyOU0M9w40IRt36NO//GaVpBRQ9cOJxzL/fe4yeCK7CsD6Owtb2zu1fcLx0cHh2flE/P+ipOJWU9GotYDn2imOAR6wEHwYaJZCT0BRv48/bKH9wzqXgc3cEiYV5IphEPOCWgJbczwCPgIVO4PS5XLNO2LefGwTmp2bU1cZoNbJtWjgraoDsuv48mMU1DFgEVRCnXthLwMiKBU8GWpVGqWELonEyZq2lE9Bovy09e4iutTHAQS10R4Fz9PpGRUKlF6OvOkMBM/fZW4l+em0LQ9DIeJSmwiK4XBanAEOPV/3jCJaMgFpoQKrm+FdMZkYSCTqmkQ/j6FP9P+o5p183r23qlVd3EUUQX6BJVkY0aqIU6qIt6iKIYPaAn9GyA8Wi8GK/r1oKxmTlHP2C8fQJrQpCh</latexit>

HW × C

<latexit sha1_base64="C4d3lmZ0S2C8ZuWCBcyPi5NC5Hk=">AAAB8nicdVDLSsNAFJ3UV62vqks3g0XoKiRppXVX6KbLCvYBaSiT6aQdOnkwcyOU0M9w40IRt36NO//GaVpBRQ9cOJxzL/fe4yeCK7CsD6Owtb2zu1fcLx0cHh2flE/P+ipOJWU9GotYDn2imOAR6wEHwYaJZCT0BRv48/bKH9wzqXgc3cEiYV5IphEPOCWgJbczwCPgIVO4PS5XLNO2LefGwTmp2bU1cZoNbJtWjgraoDsuv48mMU1DFgEVRCnXthLwMiKBU8GWpVGqWELonEyZq2lE9Bovy09e4iutTHAQS10R4Fz9PpGRUKlF6OvOkMBM/fZW4l+em0LQ9DIeJSmwiK4XBanAEOPV/3jCJaMgFpoQKrm+FdMZkYSCTqmkQ/j6FP9P+o5p183r23qlVd3EUUQX6BJVkY0aqIU6qIt6iKIYPaAn9GyA8Wi8GK/r1oKxmTlHP2C8fQJrQpCh</latexit>

HW × C

<latexit sha1_base64="C4d3lmZ0S2C8ZuWCBcyPi5NC5Hk=">AAAB8nicdVDLSsNAFJ3UV62vqks3g0XoKiRppXVX6KbLCvYBaSiT6aQdOnkwcyOU0M9w40IRt36NO//GaVpBRQ9cOJxzL/fe4yeCK7CsD6Owtb2zu1fcLx0cHh2flE/P+ipOJWU9GotYDn2imOAR6wEHwYaJZCT0BRv48/bKH9wzqXgc3cEiYV5IphEPOCWgJbczwCPgIVO4PS5XLNO2LefGwTmp2bU1cZoNbJtWjgraoDsuv48mMU1DFgEVRCnXthLwMiKBU8GWpVGqWELonEyZq2lE9Bovy09e4iutTHAQS10R4Fz9PpGRUKlF6OvOkMBM/fZW4l+em0LQ9DIeJSmwiK4XBanAEOPV/3jCJaMgFpoQKrm+FdMZkYSCTqmkQ/j6FP9P+o5p183r23qlVd3EUUQX6BJVkY0aqIU6qIt6iKIYPaAn9GyA8Wi8GK/r1oKxmTlHP2C8fQJrQpCh</latexit>

HW

<latexit sha1_base64="Qttxee9a3A4iKmIuyBmLwVyIMFE=">AAAB6XicdVBNS8NAEJ3Ur1q/qh69LBahp5C0ldZbwUuPVewHtKFstpt26WYTdjdCCf0HXjwo4tV/5M1/4zatoKIPBh7vzTAzz485U9pxPqzcxubW9k5+t7C3f3B4VDw+6aookYR2SMQj2fexopwJ2tFMc9qPJcWhz2nPn10v/d49lYpF4k7PY+qFeCJYwAjWRrpt9UbFkmO7rlO5qqCMVN3qilQadeTaToYSrNEeFd+H44gkIRWacKzUwHVi7aVYakY4XRSGiaIxJjM8oQNDBQ6p8tLs0gW6MMoYBZE0JTTK1O8TKQ6Vmoe+6Qyxnqrf3lL8yxskOmh4KRNxoqkgq0VBwpGO0PJtNGaSEs3nhmAimbkVkSmWmGgTTsGE8PUp+p90K7Zbsy9vaqVmeR1HHs7gHMrgQh2a0II2dIBAAA/wBM/WzHq0XqzXVWvOWs+cwg9Yb59/PY1G</latexit>

HW

<latexit sha1_base64="Qttxee9a3A4iKmIuyBmLwVyIMFE=">AAAB6XicdVBNS8NAEJ3Ur1q/qh69LBahp5C0ldZbwUuPVewHtKFstpt26WYTdjdCCf0HXjwo4tV/5M1/4zatoKIPBh7vzTAzz485U9pxPqzcxubW9k5+t7C3f3B4VDw+6aookYR2SMQj2fexopwJ2tFMc9qPJcWhz2nPn10v/d49lYpF4k7PY+qFeCJYwAjWRrpt9UbFkmO7rlO5qqCMVN3qilQadeTaToYSrNEeFd+H44gkIRWacKzUwHVi7aVYakY4XRSGiaIxJjM8oQNDBQ6p8tLs0gW6MMoYBZE0JTTK1O8TKQ6Vmoe+6Qyxnqrf3lL8yxskOmh4KRNxoqkgq0VBwpGO0PJtNGaSEs3nhmAimbkVkSmWmGgTTsGE8PUp+p90K7Zbsy9vaqVmeR1HHs7gHMrgQh2a0II2dIBAAA/wBM/WzHq0XqzXVWvOWs+cwg9Yb59/PY1G</latexit>

C ×H ×W

<latexit sha1_base64="57xVnz8fbf4wZun66Alalr176Xs=">AAAB/XicdZDLSsNAFIYn9VbrLV52bgaL0FVI2krrrtBNlxXsBdpQJtNJO3QyCTMToYbiq7hxoYhb38Odb+MkbUFFfxj4+M85nDO/FzEqlW1/GrmNza3tnfxuYW//4PDIPD7pyjAWmHRwyELR95AkjHLSUVQx0o8EQYHHSM+bNdN6744ISUN+q+YRcQM04dSnGCltjcyzJhwqGhAJW2voFUZm0bYcxy5fl2EGFaeyhHK9Bh3LzlQEK7VH5sdwHOI4IFxhhqQcOHak3AQJRTEji8IwliRCeIYmZKCRI73HTbLrF/BSO2Poh0I/rmDmfp9IUCDlPPB0Z4DUVP6upeZftUGs/LqbUB7FinC8XOTHDKoQplHAMRUEKzbXgLCg+laIp0ggrHRgaQjrn8L/oVu2nKp1dVMtNkqrOPLgHFyAEnBADTRAC7RBB2BwDx7BM3gxHown49V4W7bmjNXMKfgh4/0LlKmT9A==</latexit>

C ×HW

<latexit sha1_base64="I7Cuhxz4Qke7P3DQ36g4WuLPAjg=">AAAB8nicdVDLSsNAFJ3UV62vqks3g0XoKiRppXVX6KbLCvYBaSiT6aQdOnkwcyOU0M9w40IRt36NO//GaVpBRQ9cOJxzL/fe4yeCK7CsD6Owtb2zu1fcLx0cHh2flE/P+ipOJWU9GotYDn2imOAR6wEHwYaJZCT0BRv48/bKH9wzqXgc3cEiYV5IphEPOCWgJbeNR8BDpnBnMC5XLNO2LefGwTmp2bU1cZoNbJtWjgraoDsuv48mMU1DFgEVRCnXthLwMiKBU8GWpVGqWELonEyZq2lE9B4vy09e4iutTHAQS10R4Fz9PpGRUKlF6OvOkMBM/fZW4l+em0LQ9DIeJSmwiK4XBanAEOPV/3jCJaMgFpoQKrm+FdMZkYSCTqmkQ/j6FP9P+o5p183r23qlVd3EUUQX6BJVkY0aqIU6qIt6iKIYPaAn9GyA8Wi8GK/r1oKxmTlHP2C8fQJrB5Ch</latexit>

C ×HW

<latexit sha1_base64="I7Cuhxz4Qke7P3DQ36g4WuLPAjg=">AAAB8nicdVDLSsNAFJ3UV62vqks3g0XoKiRppXVX6KbLCvYBaSiT6aQdOnkwcyOU0M9w40IRt36NO//GaVpBRQ9cOJxzL/fe4yeCK7CsD6Owtb2zu1fcLx0cHh2flE/P+ipOJWU9GotYDn2imOAR6wEHwYaJZCT0BRv48/bKH9wzqXgc3cEiYV5IphEPOCWgJbeNR8BDpnBnMC5XLNO2LefGwTmp2bU1cZoNbJtWjgraoDsuv48mMU1DFgEVRCnXthLwMiKBU8GWpVGqWELonEyZq2lE9B4vy09e4iutTHAQS10R4Fz9PpGRUKlF6OvOkMBM/fZW4l+em0LQ9DIeJSmwiK4XBanAEOPV/3jCJaMgFpoQKrm+FdMZkYSCTqmkQ/j6FP9P+o5p183r23qlVd3EUUQX6BJVkY0aqIU6qIt6iKIYPaAn9GyA8Wi8GK/r1oKxmTlHP2C8fQJrB5Ch</latexit>

C ×HW

<latexit sha1_base64="I7Cuhxz4Qke7P3DQ36g4WuLPAjg=">AAAB8nicdVDLSsNAFJ3UV62vqks3g0XoKiRppXVX6KbLCvYBaSiT6aQdOnkwcyOU0M9w40IRt36NO//GaVpBRQ9cOJxzL/fe4yeCK7CsD6Owtb2zu1fcLx0cHh2flE/P+ipOJWU9GotYDn2imOAR6wEHwYaJZCT0BRv48/bKH9wzqXgc3cEiYV5IphEPOCWgJbeNR8BDpnBnMC5XLNO2LefGwTmp2bU1cZoNbJtWjgraoDsuv48mMU1DFgEVRCnXthLwMiKBU8GWpVGqWELonEyZq2lE9B4vy09e4iutTHAQS10R4Fz9PpGRUKlF6OvOkMBM/fZW4l+em0LQ9DIeJSmwiK4XBanAEOPV/3jCJaMgFpoQKrm+FdMZkYSCTqmkQ/j6FP9P+o5p183r23qlVd3EUUQX6BJVkY0aqIU6qIt6iKIYPaAn9GyA8Wi8GK/r1oKxmTlHP2C8fQJrB5Ch</latexit>

C

<latexit sha1_base64="4p0LADgPsC1Q8Lrbxhev7KYUAlE=">AAAB6HicdVBNS8NAEN3Ur1q/qh69LBahp5DUSuut0IvHFuwHtKFstpN27WYTdjdCCf0FXjwo4tWf5M1/4zatoKIPBh7vzTAzz485U9pxPqzcxubW9k5+t7C3f3B4VDw+6aookRQ6NOKR7PtEAWcCOpppDv1YAgl9Dj1/1lz6vXuQikXiVs9j8EIyESxglGgjtZujYsmxXdepXFdwRi7dyxWp1GvYtZ0MJbRGa1R8H44jmoQgNOVEqYHrxNpLidSMclgUhomCmNAZmcDAUEFCUF6aHbrAF0YZ4yCSpoTGmfp9IiWhUvPQN50h0VP121uKf3mDRAd1L2UiTjQIuloUJBzrCC+/xmMmgWo+N4RQycytmE6JJFSbbAomhK9P8f+kW7Hdqn3VrpYa5XUceXSGzlEZuaiGGugGtVAHUQToAT2hZ+vOerRerNdVa85az5yiH7DePgHOkozg</latexit>

C

<latexit sha1_base64="4p0LADgPsC1Q8Lrbxhev7KYUAlE=">AAAB6HicdVBNS8NAEN3Ur1q/qh69LBahp5DUSuut0IvHFuwHtKFstpN27WYTdjdCCf0FXjwo4tWf5M1/4zatoKIPBh7vzTAzz485U9pxPqzcxubW9k5+t7C3f3B4VDw+6aookRQ6NOKR7PtEAWcCOpppDv1YAgl9Dj1/1lz6vXuQikXiVs9j8EIyESxglGgjtZujYsmxXdepXFdwRi7dyxWp1GvYtZ0MJbRGa1R8H44jmoQgNOVEqYHrxNpLidSMclgUhomCmNAZmcDAUEFCUF6aHbrAF0YZ4yCSpoTGmfp9IiWhUvPQN50h0VP121uKf3mDRAd1L2UiTjQIuloUJBzrCC+/xmMmgWo+N4RQycytmE6JJFSbbAomhK9P8f+kW7Hdqn3VrpYa5XUceXSGzlEZuaiGGugGtVAHUQToAT2hZ+vOerRerNdVa85az5yiH7DePgHOkozg</latexit>

Figure 4. Difference between the three attention blocks according to the tricks introduced in 4.1.2. Starting from the multi-modal non-local

(MNL) block (a), we replace the multiplication interaction with an additive one (b). Finally, we replace Wkz with Wm in the text-pixel

cross-attention (c).

Instability of the MNL block In practice, naı̈ve applica-

tion of the MNL block to our task results in unstable train-

ing as presented in Figure 3. This is partly because the gra-

dients with respect to the pixel-wise self-attention and the

pixel-text cross-attention are highly interdependent, which

is derived from Eq. (13) as follows:

∂L

∂ωs

= λi
∂L

∂ω
· ωc,

∂L

∂ωc

= λi
∂L

∂ω
· ωs, (14)

where L is an arbitrary loss function. Note that ωs and ωc

often output values close to zero, which hinders gradient

flows on its counterpart. This is particularly exacerbated in

our task setting, where ωs and ωc are functions for different

input modalities.

4.1.2 Disentangled Multi-modal Non-Local block

We alleviate this gradient entanglement issue by employing

the following two tricks. First, we replace the multiplica-

tive interaction between ωs and ωc with an additive one, as

introduced in [71]. Specifically, we update Eq. (13) as

ω̂(zri , z
r
j , t) = λi

(
ωs(z

r
i , z

r
j) + ωc(t, z

r
j)
)
. (15)

By doing so, the gradients of ωs and ωc are no longer inter-

dependent as shown below:

∂L

∂ωs

= λi
∂L

∂ω̂
,

∂L

∂ωc

= λi
∂L

∂ω̂
. (16)

The second trick is related to further disentangling any

shared parameters between the image and text features. In

particular, the key projection parameter Wkz
is used in

both the pixelwise self-attention and the text-pixel cross-

attention terms (Figure 4(b)). With similar motivations

to the first trick, we replace Wkz
in the text-pixel cross-

attention with a new key projection matrix, Wm:

ω∗
c (t, z

r
j) = ψ

(
(Wqtt)

T (Wmzrj)
)
. (17)

Then, the final similarity function for our DMNL block is

given by

ω
DMNL

(zri , z
r
j , t) = λi

(
ωs(z

r
i , z

r
j) + ω∗

c (t, z
r
j)
)
. (18)

Our DMNL block, illustrated in Figure 4(c), is an ef-

fective means of combining text and image features while

maintaining stability in training. As with the attention

block [64], the DMNL block can be implemented with nu-

merous heads and can also be stacked multiple times to im-

prove performance.

4.2. Style Modulator

The Style Modulator (SM) applies affine transformations

to individual channels of or, the output of our CM module.

It calculates the affine parameters, γ ∈ R
C and β ∈ R

C by

the following operations:

γ = sigmoid (φγ(t)) · σxr + fγ(t),

β = sigmoid (φβ(t)) · µx
r + fβ(t), (19)

where φ, f : RN
→ R

C are simple linear transformations.

Note that µx
r and σxr are channel-wise statistics obtained

from the reference image feature, xr, and encode its origi-

nal style information [31, 43]. Two gating functions based

on the text feature, φγ and φβ , selectively preserve certain

styles in the original feature while discarding others. Then,

fγ(·) and fβ(·) inject new style information based on the

text feature.
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Method
Dress Toptee Shirt Average

R@10 R@50 R@10 R@50 R@10 R@50 R@10 R@50

Relationship [58] 15.44 38.08 21.10 44.77 18.33 38.63 18.29 40.49

MRN [36] 12.32 32.18 18.11 36.33 15.88 34.33 15.44 34.28

FiLM [55] 14.23 33.34 17.30 37.68 15.04 34.09 15.52 35.04

TIRG [66] 14.87 34.66 18.26 37.89 19.08 39.62 17.40 37.39

VAL (single-level) [10] - - - - - - 20.53 42.57

VAL (multi-level) [10] 21.12 42.19 25.64 49.49 21.03 43.44 22.60 45.04

Ours 25.64 ± 0.21 50.30 ± 0.10 29.21 ± 0.12 57.46 ± 0.16 24.90 ± 0.25 49.18 ± 0.27 26.58 52.31

Table 1. Results on FashionIQ using ResNet-50.

The resulting affine parameters are employed to modu-

late the channel-wise statistics of or by the following equa-

tion, which corresponds to updating the style of the refer-

ence image:

xc = γor + β. (20)

5. Experimental Results

We demonstrate the effectiveness of the proposed ap-

proach, CoSMo, by evaluating on several datasets. Tables 1,

2, and 3 present our main results, where we measure the Re-

call@K performance on the validation set of each dataset.

All compared methods in each table adopt the same base

encoders, unless stated otherwise. We run all experiments

three times independently and report the averages with the

maximum deviations from the averages. Furthermore, we

provide qualitative results in the supplementary material.

5.1. FashionIQ

The FashionIQ [21] dataset is a commonly used bench-

mark for image retrieval with natural language feedback.

It consists of 77,684 fashion product images that are split

into three distinct categories: Dress, Toptee, and Shirt. The

dataset is organized by triplets, with a reference image, a

target image, and a pair of relative captions that describe

the differences between the two images. For simplicity, we

refer to the reference image and the relative caption as a

query pair. Across the three sub-datasets, there are around

18,000 query pairs to train on. On FashionIQ, we adopt

ResNet-50 [24] as the base image encoder.

One detail we are obligated to point out is that in our ex-

periments, we use a slightly different evaluation split than

the one defined by the original authors of the datastet [21].

We follow the evaluation method of VAL [9], where the

evaluation split is defined by the union of reference and tar-

get images. Thus, compared to the original evaluation split,

there are fewer test images, which leads to slightly higher

performance than the original version. We evaluate with

this reduced test set for fair comparison with other meth-

ods, including VAL. Additionally, we present results using

the original evaluation split in our supplementary material.

Table 1 presents our results on the FashionIQ dataset,

which are based on the reduced evaluation split. Com-

pared to TIRG, on average, CoSMo achieves significantly

improved performance—about 10% and 15% points for Re-

call@10 and Recall@50 metrics, respectively. Even when

comparing to single-level VAL, we observe around 6% and

10% points better accuracy. Finally, we find it remarkable

that CoSMo, despite being a single-level method, outper-

forms multi-level VAL by a significant margin, more than

3% points for Recall@10 and 7% points for Recall@50, on

all three subcategories.

5.2. Shoes

The Shoes [5] dataset was originally proposed for at-

tribute discovery, but has been additionally labeled for

dialog-based interactive image retrieval [20]. It consists of

10,000 training queries and 4,658 validation examples. We

employ ResNet-50 as the image encoder.

According to our observation, the results on the Shoes

dataset have similar patterns with the ones on FashionIQ

as presented in Table 2, albeit a slightly lower margin of

increase. While the proposed approach is slighly behind

multi-level VAL on the Recall@10 metric, it still outper-

forms multi-level VAL by 0.23% and 2.11% points on Re-

call@1 and Recall@50, respectively. We recognize the sig-

nificance in these results since the results on VAL are out-

side our range of uncertainty in both metrics.

5.3. Fashion200K

The Fashion200K [23] is a large-scale dataset with over

200,000 fashion images crawled from multiple websites.

While each image is labeled with various types of informa-

tion including product information, review, and bounding

boxes for clothes, we only utilize the raw images and their

corresponding description. The description themselves are

a list of attributes, such as “multicolor french lace crew neck

lace dress” or “black crepe tie front dress”. Following [66],

we convert these attributes into relative descriptions in an

online-fashion (see supplementary material for additional

information). Since retrieval is performed by matching the

target attribute rather than the target image as in the Fash-
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Method
Shoes

R@1 R@10 R@50

Relationship [58] 12.31 45.10 71.45

MRN [36] 11.74 41.70 67.01

FiLM [55] 10.19 38.89 68.30

TIRG [66] 12.60 45.45 69.39

VAL (single-level) [10] 14.20 46.65 -

VAL (multi-level) [10] 16.49 49.12 73.53

Ours 16.72 ± 0.20 48.36 ± 0.12 75.64 ± 0.41

Table 2. Results on Shoes using ResNet-50.

ionIQ and Shoes datasets, multiple correct answers may ex-

ist. In total, the training split contains around 172,000 im-

ages and the test set contains 33,480 queries. For fair com-

parison with previous works, we use ResNet-18 as our im-

age encoder on Fashion200K.

The results on Fashion200K further validate the effec-

tiveness of CoSMo in this task. As mentioned earlier, Fash-

ion200K is evaluated by matching the target features, and,

consequently, the target image is not unique. The over-

all scores on Fashion200K are quite high, despite its much

larger size and greater diversity compared to the FashionIQ

and Shoes datasets.

Our results on Fashion200K are shown in Table 3. Here,

we outperform TIRG by roughly 7%, 8%, and 6% points

on the Recall@1, Recall@10, and Recall@50 metrics re-

spectively. We also outperform LBF [27]—a method that

employs an off-the-shelf region proposal network [56]—

by a significant margin as well. We also show improve-

ments over multi-level VAL, although we point out that

VAL uses MobileNet-v1 [28]0 as their base image encoder.

Finally, compared to JVSM [8], we observe stronger per-

formance on Recall@1, but slightly weaker performance on

Recall@10 and Recall@50. However, we note that JVSM

employs additional label information during training.

5.4. Implementation Details

We evaluate CoSMo using two different image encoders,

fimg: ResNet-18 and ResNet-50. Specifically, fimg is given

by the output from layer 4 of the backbone networks. For

ResNet-50, this layer will output a feature map with 2,048

channels, and for ResNet-18, there are 512 channels. The

final projector, fproj, consists of a Global Average Pooling

layer followed by a linear layer, which projects onto a 512-

dimensional vector. The output vector is ℓ2 normalized and

scaled by a factor of 4 for more efficient training.

Our text encoder, ftext, is composed of an embedding

layer and an LSTM, followed by a single linear layer. Thus,

0While the difference in model architectures may play a role in overall

results, we note that MobileNet-v1 and ResNet-18 have almost identical

scores on both ImageNet Top1 and Top5 error rates.

Method
Fashion200k

R@1 R@10 R@50

Param Hashing [53] 12.2 40.0 61.7

Show and Tell [65] 12.3 40.2 61.8

Relationship [58] 13.0 40.5 62.4

FiLM [55] 12.9 39.5 61.9

MRN [36] 13.4 40.0 61.9

TIRG [66] 14.1 42.5 63.8

LBF [27] 17.8 48.4 68.5

VAL (single-level) [10] 15.6 44.8 -

VAL (multi-level) [10] 21.2 49.0 68.8

Ours 23.3 ± 0.3 50.4 ± 0.2 69.3 ± 0.2

JVSM* [8] 19.0 52.1 70.0

Table 3. Results on Fashion200k using ResNet-18. *JVSM uses

additional labels during training.

we first embed the text into a 512-dimensional vector, trans-

form it using an LSTM with 1,024 hidden neurons, and fi-

nally obtain t ∈ R
512 by the projection.

To train our model, we use a rectified Adam [44] opti-

mizer with a base learning rate of 2 × 10−4, which decays

once after 30 epochs by a factor of 10. We train for a total

of 80 epochs, with a batch size of 32 on ResNet-50 and 128

on ResNet-18. Our framework of choice is PyTorch [54].

6. Analysis

We conduct in-depth analyses to help us better under-

stand the inner workings of CoSMo and its two modules.

Role of CM and SM To measure the contributions of CM

and SM, we conduct ablation experiments on each module.

To evaluate the CM only version, we remove the IN layer to

retain style information. By the design update, the DMNL

blocks are responsible for modifying both the contents and

style, which is challenging for a module designed to mod-

ify the contents only. To test the SM only case, we simply

remove the content modulator.

The results of these ablations are presented in rows 4 and

5 of Table 4. As depicted in the table, SM only demon-

strates stronger performance than TIRG and comparable

performance to single-level VAL (see Table 1 for compar-

isons) despite lacking any non-local mechanism. Moreover,

we observe that CM only shows even better performance

than multi-level VAL on the FashionIQ dataset. Thus, the

each module functions can be used as an effective stand-

alone composition module. However, using CM and SM to-

gether demonstrates even stronger performance, which im-

plies that explicitly tackling the style-content issue is rea-

sonable for this task.

Effects of the two tricks in DMNL (4.1.2) Figure 3 illus-

trates the training instability resulting from a naive imple-
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Method
FashionIQ Shoes

R@10 R@50 R@1 R@10

MNL N/A N/A N/A N/A

Ours (Wkz
→Wm Only) 24.66 50.52 14.76 46.65

Ours (Mul→Add Only) 25.61 50.92 15.50 47.13

Ours (SM only) 20.40 45.83 12.44 43.10

Ours (CM only) 23.24 46.15 14.71 45.32

Ours 26.58 52.31 16.72 48.36

Table 4. Trick ablation studies on FashionIQ and Shoes using

ResNet-50. The score for FashionIQ is the average across all three

sub-datasets.

(a) fγ w/ Content keywords (b) fγ w/ Style keywords

(c) fβ w/ Content keywords (d) fβ w/ Style keywords

Figure 5. t-SNE visualizations with the predictions of fγ and fβ ,

given two different types of text inputs. For (a) and (c), we in-

put modifier texts from that contain content-related keywords:

short, strap, long, print, sleeve. For (b) and (d),

we input text that contain style-related keywords: red, black,

blue, green, brown.

mentation of MNL. We proposed two tricks used to allevi-

ate the issue in 4.1.2. To further highlight the importance of

these tricks, we conduct some ablations with the FashionIQ

dataset [21]. As seen in the first three rows of Table 4, us-

ing either of the two tricks helps stabilize training and ex-

hibits substantial improvement on Recall@10 over multi-

level VAL [10]. Note that, when removing both tricks, we

were unable to train the model to convergence due to the

instability. These results imply that the gradient entangle-

ment causes unstable training and that the proposed DMNL

alleviates this issue significantly.

Behavior of SM To verify whether SM works as in-

tended, we visualize the outputs of fγ and fβ from

Eq. (19). We select a set of style-related keywords (red,
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Figure 6. Effect of multi-heads and multi-layers on FashionIQ. The

values indicate average scores across all three sub-datasets.

black, blue, green, brown) and randomly sam-

ple 300 modifier texts containing each of the words from

the FashionIQ dataset. Similarly, we randomly sample from

a set of content-related words (short, strap, long,

print, sleeve) as well. Then, we visualize the out-

puts of fγ and fβ from each set of modifier texts using t-

SNE [63]. As depicted in Figure 5, SM produces more dis-

criminative features for both fγ and fβ given style-related

modifiers (Figure 5(b,d)), as compared to those of content-

related modifiers (Figure 5(a,c)).

Effects of hyperparameters The proposed method has

only two hyperparameters: the number of stacked DMNL

blocks and the number of heads in each of them. We test

the dependency of our compositor on these two hyperpa-

rameters by varying each of them separately. When varying

the number of heads (Figure 6(a)), we observe that the per-

formance gets saturated after 8 heads. With smaller number

of heads, the model is not effective to capture the various se-

mantics in the modifiers, and thus, results in weaker perfor-

mances. Additionally, in Figure 6(a), we observe that using

just one DMNL block is sufficient to outperform the state-

of-the-art methods, and that using 3 or more DMNL blocks

leads to suboptimal results due to over-parametrization.

7. Conclusion

In this work, we proposed a novel approach to image re-

trieval with text feedback. Our algorithm, CoSMo, is based

on the idea of independently modulating the content and

style of a reference image based on the given modifier text.

Through our experiments and analysis, we demonstrated

outstanding performance on multiple benchmarks and pro-

vided insights into the inner-workings of our image-text

compositor. We hope that our work will influence future

works to explore content and style modulation - not just in

this specific task, but also in other tasks that require com-

bining image and text features.
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