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Learning Fashion Compatibility with Context
Conditioning Embedding

Zhi Lu, Yang Hu, Cong Yu, Yan Chen, Senior Member, IEEE, and Bing Zeng, Fellow, IEEE

Abstract—Fashion compatibility predictions have obtained a
lot of attention recently. Mining the compatibility between fashion
items in an outfit is different from learning the visual similarity,
since this relationship is more delicate. Decomposing the outfit
compatibility into pairwise item matching is a popular way to
treat the problem. However, in most existing methods, the items
are matched without considering the context, i.e, the remaining
items in the outfit. Recent efforts have been made to learn the
underlying high order relationships among items by treating the
outfit as a whole. These models could be sensitive to the properties
of different datasets, and the item representations in these models
are not as compact as those in the pairwise models. In this paper,
we propose a context conditioning embedding approach to learn
compact representations that preserve the shared information
among items under the existence of contextual items. We use two
different spaces, the general and the contextual spaces, to embed
items, where the representation in the contextual space contains
information from the context. We employ mutual information
maximization for model learning, which is shown to be more
appropriate for the problem. With extensive experiments, we
show that our model achieves superior performance than other
state-of-the-art methods.

Index Terms—Fashion analysis, outfit recommendation, com-
patibility learning, metric learning.

I. INTRODUCTION

THE community has recently seen a surge of interest
in fashion compatibility prediction, which has wide

applications in fashion oriented social networks and online
shopping. Existing methods are mainly different in their ways
to tackle the compatibility. A straightforward approach is
to decompose the outfit compatibility into matches between
pairwise items [1]–[4]. Then the key problem is to learn
appropriate item representations that capture the underlying
compatibility. However, in most existing works, the item pairs
are matched without considering the context, i.e. the presence
of the remaining items in the outfit. Although the previous
work [5] has considered the contextual information in this
task, the context they used are items in other outfits, but not
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Fig. 1. An example for context conditioning compatibility. xi (in gray) and
xj (in green) are the top and bottom item embeddings respectively without
context injection. The context injection moves xi (in dashed gray) to xc

i (in
orange). The context conditioning embedding xc

i can be pushed towards or
away from xj by different context items, making the compatibility increase
(r ↑) or decrease (r ↓) accordingly.

items in the current outfit, which ends up in a very different
setting. Besides the item-level approaches, other recent works
have also achieved promising results by treating an outfit
as a whole [6]–[9] or leveraging graph-based models [5],
[10]–[13] to learn higher-order relationships among items.
These models need to be carefully learned because their
performance may be hurt by an improper negative sampling
strategy when other structural differences (such as outfit length
and rare item pairs) are easier to learn. Furthermore, the item
representations learned are usually not compact and therefore
are not convenient to use in downstream tasks. In this work,
our task is to learn compact representations of the items for
compatibility prediction, which capture the underlying locality
of the context.

Fig. 1 illustrates an example where the compatibility be-
tween a top and a pair of shoes can change when evaluated
with different context items. By injecting different contex-
tual information, the feature representation of one item is
pushed towards or away from another item. Intuitively, the
compatibility between the item pair becomes higher if the
items in the context have a similar style and vice versa. The
context introduces a notion of locality for item pairs which
involves relationships that can change with the existence of
different context. However, the local connectivity cannot be
identified by an embedding method [14] that only considers
global connectivity, such as the harmony in color or texture
of items. Thus, the ignorance of the context would limit the
performance and the interpretability of the model.

The context is a widespread concept that exists in different
fields [15], [16]. For example, to retrieve the same person
in a query image in person re-identification [15], a set of
labeled images associated with that person can be considered
as the context. In multi-modality learning, features extracted
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from other modalities can be used as context to enhance
representations. An outfit consists of a set of items, and each
item in the outfit only provides partial information about the
outfit. Therefore, in order to determine whether a pair of items
are from the same outfit, the rest of items in the outfit play
an important role, as they provide the background for the
prediction.

On the other hand, in the task of item suggestion [17], [18],
different items may have different roles in the set. Some items
may be more dominant than the others. And people may want
a suggested item that not only is compatible with the item set,
but also has a style particularly similar to one dominant item.
The model that focuses on the global connectivity ignores the
existence of the context, thus the recommended results will
solely be based on the query item and may break the overall
style consistency. A straightforward solution is to evaluate
the overall compatibility of the outfit when the new item is
included. This usually treats existing items in the set equally,
thus ignoring the role of the dominant item, and evaluating
the overall outfit compatibility for all possible items could
be less efficient. Learning embeddings and compatibility with
context information can provide a good solution to address
these limitations. With a proper context encoding approach,
it can be simplified as an effective item-biased compatibility
measure between the suggested item and the given item set.
This motivates us to learn the context conditioning embeddings
of items, and maximize the common information retained in
the conditional embeddings.

In this paper, we decompose an outfit into item pairs and
each pair takes the rest of items as its context. For each
pair, we then encode one item conditioned on the context
into the contextual space and the other item into a general
space without the context. We only inject the context to one
of the items because it is an economical way compared to
symmetric context injection. For example, to recommend a
complementary item, we therefore do not need to recompute
the representations for all candidates.

Learning compact embeddings with context injection is
challenging. Unlike plain embedding, where the compatibility
between two items is inferred only from the representations of
the two items, in context conditioning embedding, compatibil-
ity can also be deduced by the context. When the contextual
information is introduced as in our case, the given item pair
can be more distinguishable, which may make the training
easier and vulnerable to local optima. The embedding learned
is thus less representative because there may not be enough
gradient to use. Also, as previous works have noticed [19],
[20], a hard sample mining strategy is usually crucial for the
performance of metric learning like tasks [21].

To learn the context conditioning embeddings effectively,
we propose to use density ratio to model the relationships
between items and a normalized score based on the density
ratio to represent the compatibility. The item representations
are learned under a mutual information maximization frame-
work [22] so that more shared information can be preserved.
Unlike the frequently used triplet ranking loss, the mutual
information maximization encourages learning from hard sam-
ples [23], which is important in model learning. Through

extensive experiments, we show this is more suitable for
the compatibility prediction task. The experimental results
demonstrate that our approach outperforms the state-of-the-
art methods. This paper contains three main contributions as
follows:

1) We design a context conditioning embedding framework
for learning the compatibility between items with con-
text information.

2) We propose to use a normalized score base on density
ratio to better measure the compatibility.

3) We present a mutual information maximization frame-
work to learn the compatibility.

II. RELATED WORKS

Fashion-related problems have been studied a lot recently in
the computer vision community. [24]–[30]. In this section, we
discuss existing works on outfit compatibility learning, which
can be categorized into item-level and outfit-level approaches
based on the ways of treating an outfit. The item-level ap-
proaches usually decompose the multiway relationship into
pairwise compatibility, and this compatibility is independent
of the remaining items in the outfit. The outfit-level approaches
model the compatibility by considering the outfit as a whole.
Besides, graph-based approaches have also been proposed
recently to utilize the co-occurrence relations between fashion
items.

A. Item-level approaches

In most existing methods, metric learning is used to learn a
latent space for fashion items to measure the compatibility.
McAuley et al. [31] used features extracted from CNN to
learn compatibilities among fashion items. Veit et al. [32]
trained an end-to-end Siamese Network as the distance metric.
In [33], a conditional similarity network (CSN) was proposed
to learn the embeddings in different subspaces. Vasileva et
al. [1] then applied CSN to outfit compatibility prediction
and used the categorical information as different conditions.
TransNCFM [3] considered the conditional similarity measure-
ment in a translation-based manner. Tan et al. [2] proposed
the SCE-Net that learned the compatibility with attention
mechanism, which didn’t require categorical information. The
goal of these methods is to improve the learned metric for
item pairs. In contrast, we enhance the feature representation
with contextual information, which is more reasonable in the
setting of outfit compatibility learning.

B. Outfit-level approaches

To capture higher order relationships among items, outfit-
level approaches treat an outfit as a whole to improve the per-
formance. Tangseng et al. [34] learned the outfit representation
by concatenating item features in order. Li et al. [9] learned
outfit popularity with RNN model. Han et al. [6] treated an
outfit as a sequence and learned the compatibility with Bi-
LSTM model. However, in these methods the performance
is relevant to the order of items. To address this problem,
Yang et al. [7] improved the performance by tweaking the
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Fig. 2. Overall framework. The model consists of two branches: a context conditioning embedding branch that encodes the item xi with the context set, and
a general embedding branch that encodes the item xj without the context. zc

i and zj are the corresponding embeddings of items xi and xj . The density
ratio p(xj |xc

i )/p(xj) is estimated based on the similarity between zc
i and zj . Our model maximizes the density ratio of item xj and minimizes the density

ratio of negative items x−
k sampled from p(x) given the set xc

i .

sequence model and used fine-grained categorical information.
Lu et al. [8] used a transformer-based [35] aggregation model
to learn the outfit embedding which is permutation-invariant
to the order of items. Unlike pairwise models, there are no
compact representation learned for items in these methods.
And these models usually performed differently on different
datasets. We conjecture that although the aggregation models
used can capture the contextual information, the models may
be sensitive to the size of outfit if the dataset is imbalanced.
In this work, we use the pairwise decomposition to get a
performance robust to the outfit size and capture the contextual
information at the same time.

C. Graph-based approaches

To enhance the features of items, graph-based [36], [37]
approaches have attracted a lot of attention recently. Cucurull
et al. [5] treated the task as a link prediction problem. The
edges between items were created if they were from the
same positive outfit. And Singhal et al. [38] improved the
performance with attentional mechanism. During evaluation,
to build the graph it required all testing outfits be available
beforehand, which is different from the conventional setting.
Cui et al. [10] built a fashion graph of fashion categories
with each edge indicting the frequency of co-occurrence in
outfit. Singhal et al. [38] used a similar way to build fashion
graph and treated the problem as link prediction. Liu et
al. [12] used graph-based approaches and focused on the
diversity problem. Zhang et at. [39] showed that the color
compatibility is an important factor for evaluating the outfit
compatibility. They also proposed a graph-based approach
for evaluating the compatibility. The graph-based approaches
were also used in personalized outfit recommendation [40],
[41]. However, these approaches usually require all items be
available during training and the computation is intensive when
a lot of neighbors are considered.

III. APPROACH

Let O = {x1, . . . , xn} be an outfit consisting of n items,
where xi is the i-th item. Given an item pair (xj , xi) in the
outfit, the rest items are treated as the context of xi. We use
Ci to denote the set of index for the context of item xi, and
Ic
i = Ci ∪ {i} to denote the index set of the i-th item and its

context. In addition, let ci = {xt|t ∈ Ci} and xc
i = {xt|t ∈

Ic
i } be the corresponding item sets. Item xj is considered as

positive if it comes from the same outfit of xi and negative
otherwise.

As discussed, it can be insufficient to model the relation-
ships between item pairs alone, as the compatibility between
items can be affected by the context. Thus we use a context
conditioning compatibility r(xj , xi|ci) to measure the degree
that item xj matches item xi conditioned on context ci. How-
ever, without any specification, the pairwise compatibility may
not be directly comparable between different pairs of items,
making compatibility prediction for outfits less effective. In
this paper, we propose a density ratio p(xj |xc

i )/p(xj) between
items for the computation of compatibility r(xj , xi|ci). Fig. 2
illustrates the overall framework of our approach. The model
consists of two branches: a context conditioning embedding
branch and a general embedding branch. The context condi-
tioning embedding branch aggregates the features in context
c and encode item xi to zc

i ∈ Rd. The general embedding
branch encodes the item xj to zj ∈ Rd, which is independent
of the context. The general embedding branch consists of
multiple nonlinear layers. A density ratio p(xj |xc

i )/p(xj) is
then estimated based on the cosine similarity between zc

i and
zj . And the objective of training is to maximize the density
ratio of positive item xj and minimize the density ratio of
negative item x−

k .
In the following sections, we first describe how to inject

context c into item xi to obtain the embedding zc
i . Then we

introduce the density ratio to model the relationship between
items and define the compatibility score r(xj , xi|ci). After
that, we propose a mutual information maximization frame-
work to learn the parameters of the model.
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A. Context conditioning embedding

There are many ways to inject the context, such as
LSTMs [42], Transformers [35] and MLPs. In this paper, we
simply use a stack of attentional layers [43] to compute the
context conditioning embedding.

Suppose that in the l-th layer, the features of item xi and
a context item xk are represented as hl

i,h
l
k ∈ Rd. We first

apply a linear transformation with parameters Wl ∈ Rd×d to
each item as follows:

gl
t = Wlhl

t, t ∈ Ic
i (1)

To capture the different importance of different items, we use
the following scores:

et = LeakyReLU
(
a⊺

[
gl
i∥gl

t

])
, t ∈ Ic

i (2)

where ”∥” is the feature concatenation operation and a ∈ R2d

is a learnable parameter. The importance scores are then
normalized using the Softmax function to get the attentional
weights:

αt =
exp (et)

exp(ei) +
∑

k∈Ci
exp(ek)

, t ∈ Ic
i (3)

For the target item xi, the output is aggregated by a linear
combination of all items, while for each item xk in the context
set, we simply use gl

k as the output, i.e.

hl+1
i = αig

l
i +

∑
k∈Ci

αkg
l
k (4)

hl+1
k = gl

k, k ∈ Ci. (5)

We do not aggregate the output for items in the context c
because aggregating features for all items will make them
embed in a single latent space. And the effective number
of training pairs is reduced to the number of items for each
outfit due to the symmetry. By using the above asymmetric
embedding, the number of training pairs could be the square
of the item number.

Following the previous work [43], we use a multi-head
attention mechanism [35] to create a richer representation.
Specifically, for each feature gl

t, we divide it into m partitions
gl
t = [vl

1t, . . . ,v
l
mt]. The above operation is applied to each

partition and the output for each partition is computed as
follows:

vl+1
pi = αpiv

l
pi +

∑
k∈Ci

αpkv
l
pk (6)

where αpi is the attentional weight for the p-th partition of
xi. We then concatenate vl+1

pi of each partition as the output
of item xi. In this paper, we use m = 8 heads and set the
dimension d to 128. Only the context conditioning embedding
zc
i = hL

i for xi is kept as the final output of the stacked
attentional layers.

B. Compatibility modeling

To model the compatibility between items, a conditional
probability p(xj |xc

i ) can be maximized for compatible pairs
and minimized for incompatible pairs. However, directly
modeling the conditional probability for all pairs is usually

challenging. Therefore, we use the density ratio [44] to model
the relationships between items as follows:

f(xj , x
c
i ) =

p(xj |xc
i )

p(xj)
. (7)

The density ratio can be estimated without explicitly evalu-
ating p(xj |xc

i ) and p(xj). When xc
i carries information about

xj , the value of p(xj |xc
i ) should be greater than p(xj) for

compatible items, and smaller than p(xj) for incompatible
items. The equality p(xj |xc

i ) = p(xj) indicates decision
boundary for positive and negative items. And for hard positive
and negatives, where p(xj |xc

i ) ≈ p(xj), they are simply the
data points that lie close to the decision boundary. It suggests
that we can learn the compatibility by training a classifier with
the density ratio f(xj , x

c
i ) as its score function.

For a fixed xc
i , f(xj , x

c
i ) for different xj can be used to

compare their compatibilities. However, f(xj , x
c
i ) may not be

directly comparable across different pairs. For example, given
two pairs (uj , u

c
i ) and (vj , v

c
i ), comparing the corresponding

density ratios are equivalent to comparing p(uj , u
c
i )p(vj)p(v

c
i )

with p(vj , v
c
i )p(uj)p(u

c
i ). We therefore use a normalized com-

patibility score as the the formal measure, i.e.,

r(xj , xi|ci) = log
f(xj , x

c
i )∑

k∈P f(xk, xc
i )
. (8)

where P is the set of all items. Let p(t = j|xi, ci) be the
probability that sample xj is the positive one in P with “t = j”
being the indicator of the event, we have:

p(t = j|xi, ci) =
p(xj |xc

i )
∏

l ̸=j p(xl)∑
k∈P

(
p(xk|xc

i )
∏

l ̸=k p(xl)
)

=
p(xj |xc

i )/p(xj)∑
k∈P p(xk|xc

i )/p(xk)

=
f(xj , x

c
i )∑

k∈P f(xk, xc
i )
.

(9)

So the normalized compatibility score is the log of this proba-
bility. For an outfit O with n items, the outfit compatibility is
defined as the average of the compatibilities between all item
pairs in the outfit, i.e.

sO =
1

n(n− 1)

∑
i ̸=j

r(xj , xi|ci). (10)

The formula for density ratio in Eq. (7) defines how
to evaluate different notions of connectivity between items.
Benefiting from the high capacity of deep neural networks,
we simply use a scaled cosine similarity based function [45]
between item representations to evaluate the density ratio.
In summary, we give three different formulas that focus on
different connectivities as follows:

1) Global connectivity.

fg(xj , x
c
i ) = exp (zj · zi/τ) (11)

2) Local connectivity.

fl(xj , x
c
i ) = exp (zj · zc

i/τ) (12)
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3) Hybrid connectivity.

fh(xj , x
c
i ) = exp (βzj · zc

i/τ + (1− β)zj · zi/τ)
(13)

The operation “·” indicates the cosine similarity and τ is the
temperature parameter [45] to control the sharpness of the
function. The local connectivity fl captures the relationship
between items with context, and the global connectivity fg
represents the model without context. The hybrid connectivity
fh uses a scaler β ∈ [0, 1] to balance the two different
connectivities.

C. Objective function
Since directly maximizing the log-likelihood in Eq. (8)

involves computing related to all items, it is computation-
ally intensive and infeasible in practice. Therefore, for each
positive item xi, we sample s negative items {x−

1 , . . . , x
−
s }

from the data distribution p(x) to reduce the computation
cost. We use fθ(xj , x

c
i ) to denote one of the connectivities

in Eq. (11)∼(13), and the following objective function is
minimized:

Lθ = −E
[
log

fθ(xj , x
c
i )

fθ(xj , xc
i ) +

∑
k fθ(x

−
k , x

c
i )

]
. (14)

This loss function is also known as InfoNCE [46] that has been
widely used in contrastive learning [45]. And it is known [47]
that the optimal L∗

θ is achieved when

f∗
θ (xj , x

c
i ) ∝ p(xj |xc

i )/p(xj) (15)

Therefore, we can use the learned representations to esti-
mate the density ratio in Eq. (7) and the compatibility score
in Eq. (8). Besides, items whose categories are different from
the item xj are easy to be distinguished due to factors such as
shape difference. Therefore, to make the learned representation
more effective, we sample each negative item x−

k from the
same category of xj in Eq. (14).

Relation to classification: The equality p(xj |xc
i ) = p(xj)

indicates decision boundary for positive and negative items.
Items sampled from the conditional distribution p(x|xc

i ) are
positive items given xc

i and items sampled from the data
distribution p(x) are negative ones. Thus Eq. (14) can also
be viewed as classifying items into different distributions and
it serves as a proxy task for compatibility prediction.

Relation to mutual information: Learning density ratio for
item pairs is maximize the common information shared be-
tween x and xc, i.e. the mutual information:

I(x;xc) = E
[
log

p(xj |xc
i )

p(xj)

]
= E [log f(xj , x

c
i )] . (16)

The objective function in Eq. (14) is a lower bound for the
mutual information I(x;xc) which satisfies:

I(x;xc) ≥ log(s+ 1)− Lθ. (17)

However, our goal is not to accurately estimate the mutual
information. We maximize the mutual information to learn
compact representations for items for compatibility prediction.
For this reason, a large s is not necessary for learning a good
representation due to the noise of the sampled negatives. Our
experimental results show that there is an optimal s in our
tasks.
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Fig. 3. Histogram of outfit lengths for different datasets.

IV. OUTFIT DATASETS

The datasets crawled from the Polyvore website have been
widely used for outfit compatibility learning. In this paper, we
use two versions of Polyvore datasets to evaluate our methods:
the Polyvore Maryland [6] and the Polyvore Outfits-D [1].
The Polyvore Maryland contains 17, 316 outfits for training
and 3, 076 for testing. And the Polyvore Outfits-D contains
16, 995 outfits for training and 15, 145 outfits for testing. The
authors of Polyvore Outfits-D also provide a non-disjoint split.
In this split, not only the items in the training set appear in the
testing set, but also a subset of the training outfits appear in
the testing set. The partially overlapped outfits are not suitable
to reveal behaviors of different methods, thus we only use the
Polyvore Outfits-D dataset. The size of outfits in the Polyvore
Outfits-D varies from 2 to 16 and is imbalanced comparing to
Polyvore Maryland as shown in Fig. 3. For both datasets, we
use their original positive outfits and only generate different
negatives. To evaluate the performance, we use the Area Under
The Curve (AUC) as the metric.

A. Negative outfits sampling

Sampling proper negative outfits is important for the evalua-
tion of performance. Given the number of items n in an outfit,
a direct way is to randomly select n items from the testing
set. However, in this strategy, the generated outfits can contain
items from two fashion categories that rarely co-occurr in the
training set, or include multiple items from the same fashion
category which makes the negatives easy to distinguish. A
more reasonable strategy is to randomly sample items under
the premise of categorical information [1]. We follow this
strategy to sample the negatives and give a more general
formulation in the following.

For each positive outfit of length n, we randomly select k
items and replace each one with an item from the same fashion
category to get the negative outfit. For Polyvore Maryland,
we follow [1] to use the index of item in the outfit as the
category indicator. By controlling the number of items to
be replaced, we have different kinds of negative outfits with
different difficulties. When k is small, it requires the model
to capture more local information to do recommendation.
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With the increase of k, the task becomes easier. Capturing
more local connectivity or other high-order relationships is
better for performance in general. But the model that overfits
such relationships may perform worse when the dataset is
largely unbalanced. As shown in Fig. 3, the Polyvore Outfits-D
contains only a small number of outfits whose sizes are greater
than 6, while the Polyvore Maryland dataset has enough outfits
in different lengths. This requires the model to capture local
connections while being robust to the length of outfits.

We use four different settings, i.e., k = {1, 2, 3, all}, to
generate the negative outfits. In each setting, we generate the
negatives with the same number of positives, and the averaged
AUC accuracy is reported over 10 runs. Note that, when
k = 1, the task is similar to the fill-in-the-blank task [6] but
is evaluated under AUC and most works [1] use k = all to
generate negatives.

V. EXPERIMENTAL RESULTS

A. Baseline methods

We compare our model with the following state-of-the-art
methods:

1) SiameseNet. We use our implementation of the Siamese
Network [32] as a simple baseline. The triplet loss is
used for metric learning, and features are normalized
before computing the distance.

2) Bi-LSTM [6]. The Bi-LSTM treats an outfit as a se-
quence of items and is trained by maximizing the
likelihood of the next item. The hidden dimension of
Bi-LSTM layers is set to 128.

3) CSN [1]. This method uses the conditional similarity
network [33] in outfit recommendation task with con-
ditions being the categories of item pairs. We use the
triplet loss to train the model.

4) SCE-Net [2]. The SCE-Net maps item embedding into
multiple subspaces with attention mechanism. We use 4
subspaces in our experiment.

5) TransNCFM [3]. The TransNCFM model uses a
translation-based [48] distance for computing the sim-
ilarities of items pairs. The relation is encoded with
categorical information.

6) NGNN [10]. The NGNN builds the fashion graph from
the co-occurrence of fashion categories. And a graph
convolutional network [49] is used to train the compat-
ibility of outfits.

7) LPAE-Net [8]. The LPAE-Net uses a transformer-based
network to encode the outfit into a single compact
embedding and uses the averaged similarity to n learned
anchors as the compatibility. We use n = 64 in the
experiment.

We do not compare to the context-aware method [5], a link
prediction approach, because this method needs all testing
outfits to build the link graph during evaluation. In general
case, i.e., evaluating an outfit once at a time, there will
be no link information available, which makes the settings
completely different.

B. Implementation details

For a fair comparison, we use the 512-dimensional features
extracted from the pre-trained ResNet-34 [50] and one non-
linear layer with Dropout [51] to get 128-dimensional features
for all methods. The output dimension is also set to 128
for computing the compatibility. We train all models with
SGD using initial learning rate lr = 0.1. The learning rate is
reduced when the performance stops to improve. The general
embedding branch consists of two fully-connected layers, and
the context conditioning embedding branch consists of two
attentional layers. The hidden dimension for both branches
is also set to 128. To compute the density ratio, we simply
use τ = 0.1 to scale the cosine similarity. And for hybrid
connectivity in Eq. (13) we set β = 0.5 as the default. All
methods are implemented with PyTorch [52].

C. Compatibility prediction accuracy

We first show the performance on datasets with different
numbers of replacement k in Table I. For LPAE-Net and
NGNN, because their loss functions are minimized based on
the overall score of outfit, we re-train the model for each k
to match the data distribution. We find this improves their
performance. For other methods, because their objectives are
independent to k, we train the model once and test for all ks.
As we can see, our CCE-l and CCE-h models show superior
performance over other baselines in all different settings.
The CCE-g represents the model without context embedding.
It noticeably outperforms the SimaeseNet which show the
effectiveness of the objective function used in Eq. (14).

In the Polyvore Maryland dataset, our method shows signif-
icant performance gain over other item-level approaches, such
as CSN, SCE-Net, etc, especially when k is small. This shows
the effectiveness of the proposed context conditioning embed-
ding. With the attentional feature aggregation, the changes of
an item in the context can affect the embedding of the target
item. This amplifies the influence of the changed item and
makes it easier to identify the hard negatives with small k.

In the Polyvore Outfit-D datasets, we find that the item-
level approaches outperform most of the outfit-level methods.
For example, when k is small, the LPAE-Net performs slight
worse than other item-level baselines. When k increases, it
starts to show the superiority over other baselines. However,
in the Polyvore Maryland dataset, the outfit-level approaches
outperform most of the item-level methods. We conjecture
that because the outfit length in Polyvore Outfits-D is more
imbalanced than that of Polyvore Maryland as shown in Fig. 3,
the performance would be compromised when the LPAE-Net
overfits the local connectivity. For Bi-LSTM, it also lacks
robustness to the imbalance of outfit length. Our model is
more robust to the difference of the dataset due to the pairwise
decomposition. By combining the pairwise decomposition
with the context conditioning embedding, we achieve superior
performance over other state-of-the-art methods.

In addition, the comparison between CCE-l and CCE-h
shows the difference in negative sampling strategies. The CCE-
h only improves the performance when k is large. This is
because when k is large, the importance of local information
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TABLE I
OUTFIT COMPATIBILITY PREDICTION ON DIFFERENT POLYVORE DATASETS. WE SHOW THE AUCS ON DATASETS WITH DIFFERENT NEGATIVE ITEM

REPLACEMENT NUMBER k = {1, 2, 3, all}. THE AVERAGED RESULTS OVER 10 RUNS ARE REPORTED.

Methods Polyvore Maryland Polyvore Outfits-D
1 2 3 all 1 2 3 all

SiameseNet 0.640 0.757 0.839 0.916 0.649 0.747 0.799 0.843
CSN [1] 0.641 0.765 0.847 0.925 0.653 0.755 0.808 0.851
SCE-Net [2] 0.645 0.764 0.843 0.915 0.656 0.756 0.807 0.849
TransNCFM [3] 0.641 0.762 0.845 0.920 0.645 0.743 0.797 0.838
NGNN [10] 0.691 0.786 0.866 0.918 0.590 0.651 0.693 0.734
Bi-LSTM [6] 0.704 0.825 0.892 0.943 0.602 0.676 0.720 0.757
LPAE-Net [8] 0.730 0.841 0.902 0.947 0.646 0.746 0.802 0.854
CCE-g w/ Eq. (11) 0.660 0.782 0.860 0.922 0.668 0.773 0.824 0.863
CCE-l w/ Eq. (12) 0.741 0.861 0.917 0.955 0.677 0.781 0.833 0.873
CCE-h w/ Eq. (13) 0.732 0.856 0.915 0.958 0.672 0.778 0.832 0.874
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Fig. 4. Performance on the choice of β of the hybrid model. The negative outfits are generated with k = {1, all}. (a) Polyvore Maryland. (b) Polyvore
Outfits-D.

TABLE II
ABLATION STUDY. WE USE NEGATIVE OUTFITS GENERATED WITH

k = {1, all}.

Loss Branch P. Maryland P. Outfits-D
Context General 1 all 1 all

Triplet - - 0.644 0.890 0.649 0.835
Triplet - ✓ 0.662 0.901 0.662 0.845
Triplet ✓ - 0.706 0.946 0.657 0.858
Triplet ✓ ✓ 0.684 0.895 0.620 0.782
InfoNCE - - 0.651 0.921 0.661 0.857
InfoNCE - ✓ 0.660 0.922 0.668 0.863
InfoNCE ✓ - 0.728 0.953 0.670 0.872
InfoNCE ✓ ✓ 0.741 0.955 0.677 0.873

is weakened. Fig. 4 shows the detailed results of the hybrid
model CCE-h trained on different β. With a hybrid of local
connectivity and global connectivity, the model can be im-
proved on k =all. However, for k = 1, the local connectivity
is more important and the performance increases with β. In
the following sections, we use CCE-l as the default.

D. Ablation study

1) On different components: To show the role of each
component, we train models with different branches and
different loss functions. The comparison results are shown
in Table II. For model that only uses the context condi-
tioning embedding branch, we use the features before and

after that branch to evaluate the corresponding scores. The
general branch usually improves performance simply because
more layers give the model stronger capacity. However, for
model with context conditioning embedding that is trained
with triplet loss, the general embedding branch impairs the
performance. The reason is that the introduction of context
information makes the item pair more distinguishable and
thus the training suffers from poor local optima. This shows
that learning compact embedding with context is challenging.
To better learn the contextual embeddings with triplet loss, a
hard sample mining strategy might be necessary. However, the
problem is addressed when the InfoNCE loss is used.

Overall, the model with context shows a notable improve-
ment comparing to models without context in most cases,
which shows the effectiveness of the proposed framework. And
the InfoNCE loss is helpful for learning more effective em-
bedding with additional context. With combination of context
and InfoNCE, the performance can be further improved.

2) On the number of negative items: In Eq. (14), we sample
a set of negative samples to train the objective function.
We show the effect of using different numbers of negatives
in Fig. 5. As we can see, using multiple samples improves
performance, and there is an optimal s for our task. With
the increase of negative items, the performance starts to
decrease. Since there are no true negative items, the sampled
negatives are noisy and could be harmful for training when s
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Fig. 5. Performance on different number s of negative items. The negative outfits are generated with k = {1, 2}. (a) Polyvore Maryland. (b) Polyvore
Outfits-D.

TABLE III
PERFORMANCE ON DIFFERENT DATASETS OF WHETHER USING

NORMALIZED SCORES AS THE COMPATIBILITY.

Datasets Normalized 1 2 3 all

P. Maryland - 0.722 0.840 0.902 0.949
✓ 0.741 0.861 0.917 0.955

P. Outfits-D - 0.661 0.753 0.802 0.845
✓ 0.677 0.781 0.833 0.873

TABLE IV
ACCURACY FOR ITEM OUTLIER DETECTION TASK.

Methods P. Maryland P. Outfits-D
CSN 0.544 ± 0.005 0.506 ± 0.003
SCE-Net 0.523 ± 0.006 0.504 ± 0.003
TransNCFM 0.528 ± 0.007 0.495 ± 0.004
CCE (Ours) 0.582 ± 0.007 0.519 ± 0.004

is large [53].
3) On normalized score and density ratio: As discussed,

since the density ratio may not be directly comparable across
different item pairs, we normalize fθ(·) to improve the per-
formance. To show the difference, we evaluate the perfor-
mance on the unnormalized and normalized fθ(·) respectively,
and the results are shown in Table III. The model with
unnormalized fθ(·) achieves acceptable performance because
fθ(·) is proportional to the density ratio which can capture
the correlation between items. However, the performance of
using unnormalized fθ(·) is less effective comparing to the
normalized fθ(·), i.e. the log likelihood in Eq. (8), because
this is more comparable among different item pairs and thus
achieves better performance when predicting the compatibility
for outfits.

E. Compatibility interpretability

Given a set of items in an outfit, we use the average
compatibility of an item with other items as the contribution
of it to the outfit, i.e.

wi =
1

n− 1

∑
j ̸=i

r(xi, xj |cj) (18)

where n is the length of outfit. As a result, the compatibility
prediction results can be interpreted using the contribution
score. In addition, without contextual information, each wi

is less sensitive to item changes in the outfit, and when an
item is replaced with an incompatible one, it’s harder for the
model to detect the outliers [54]. Fig. 6 illustrates an example,
where we randomly replace an item in a positive outfit. Under
the images we show the contribution scores before and after
the replacement. The randomly replaced item is considered as
an outlier to the outfit. As we can see, the models with and
without CCE can both give reasonable results on the positive
outfit. However, for the model without CCE, outliers have
little effect on other items, because pairwise compatibilities
are considered independently, and the larger the size of the
outfit, the smaller the effect. For the model with CCE, the
effects of outliers can flow into the compatibilities of other
item pairs through the CCE branch and vice versa, making it
more interpretable.

To quantitatively demonstrate the interpretability, we design
an outlier detection task. For each positive outfit, we randomly
replace an item with an outlier drawn from the same fashion
category. This is equivalent to the negative outfit generated
with the number of replacements k = 1. We report the
accuracy that the outlier item has been identified through the
contribution score, and the results are shown in Table IV.
With context conditioning embedding, our model achieves the
best performance on each dataset.

F. Item suggestion task

The model that focuses on the global connectivity will
suggest items only based on the query item and may break
the overall style consistency. To further show the details, we
use our hybrid model trained with different β to balance the
results between more global and morel local. And the top-n
item suggestion results are shown in Fig. 7. β = 1 stands
for our model with context information and β = 0 stands
for our model without context information. When β = 1,
the suggested results are more consistent on the overall style.
When β = 0, suggesting based on different items yield
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0.500.540.51 0.460.56
0.730.760.75 0.730.77

0.300.660.44 0.530.60
0.700.800.77 0.790.80

Outfit 2

0.500.600.51 0.430.58
0.730.780.74 0.750.78

w/ CCE
w/o CCE

0.540.570.60 0.590.60 0.43
0.650.680.69 0.720.74 0.67

Original

0.460.420.230.55 0.560.54
0.700.640.710.68 0.740.74

w/ CCE
w/o CCE

Replace 1

w/ CCE
w/o CCE

Replace 2

1

Outfit 1

0.360.450.400.61 0.530.57
0.660.610.630.69 0.710.75

Fig. 6. Illustration for interpretability. The contribution scores are shown under each image, and the items in dashed boxes are the replacements.

Query
<latexit sha1_base64="wSkCiG3tTEBCTBZ6wuLn9op50js="></latexit>

� = 0.0
<latexit sha1_base64="6/tm2VtzG+nxCv0aP/f5r/Jseso="></latexit>

� = 0.3
<latexit sha1_base64="/JtdzprbXwP81K+QXZCm/pcppFc="></latexit>

� = 0.6
<latexit sha1_base64="IAhfE4n1N3zhBR48HfPdoMj3Ioo="></latexit>

� = 1.0

Ground Truth

Outfit-level Compatibility

<latexit sha1_base64="IAhfE4n1N3zhBR48HfPdoMj3Ioo="></latexit>

� = 1.0
<latexit sha1_base64="wSkCiG3tTEBCTBZ6wuLn9op50js="></latexit>

� = 0.0

Outfit-level Compatibility

Fig. 7. Top-n item suggestion. The top rows show the tops that suggested based on the corresponding item in the left column using different β and the
bottom row shows the suggestion results based on the overall compatibility.

QueryContext Recommendation

Fig. 8. Top-n item suggestion with different context.

different results. And the results are less relevant to the
remaining items. For example, the suggested results for denim
shorts are all denim coats. The results for other β show a mixed
suggestion with both local and global connectivities.

We further show the item recommendation results based
on different context in Fig. 8 and the suggestion changes

with different context. Although such kind of suggestion
results may also be obtained by evaluating the outfit level
compatibility, our approach is more efficient since here each
item is embedded compactly.

VI. CONCLUSION

In this paper, we considered the problem of outfit compati-
bility prediction and proposed a context conditioning embed-
ding (CCE) approach for it. We used the density ratio to model
the correlation between items, based on which we defined an
effective compatibility score. We used a classification objective
function to learn both the embeddings and the density ratio.
Besides, we revealed its relationship to mutual information
maximization and provided a probabilistic perspective for
compatibility learning. Through extensive experiments, we
demonstrated the superiority of our approach over other state-
of-the-art methods.
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