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DISTANCE METRIC LEARNING USING PROXIES

FIELD
[0001] The present disclosure relates generally to machine learning. More particularly,

the present disclosure relates to distance metric learning using proxies.

BACKGROUND
[0002] Distance metric learning (DML) is a major tool for a variety of problems in
computer vision and other computing problems. As examples, DML has successfully been
employed for image retrieval, near duplicate detection, clustering, and zero-shot learning.
[0003] A wide variety of formulations have been proposed. Traditionally, these
formulations encode a notion of similar and dissimilar data points. One example is
contrastive loss, which is defined for a pair of either similar or dissimilar data points. Another
commonly used family of losses is triplet loss, which is defined by a triplet of data points: an
anchor point, a similar data point, and one or more dissimilar data points. In some schemes,
the goal in a triplet loss is to learn a distance in which the anchor point is closer to the similar
point than to the dissimilar one.
[0004] The above losses, which depend on pairs or triplets of data points, empirically
suffer from sampling issues: selecting informative pairs or triplets is important for
successfully optimizing them and improving convergence rates but represents a difficult

challenge.

SUMMARY
[0005] Aspects and advantages of embodiments of the present disclosure will be set
forth in part in the following description, or can be learned from the description, or can be
learned through practice of the embodiments.
[0006] One aspect of the present disclosure is directed to a computer system to perform
distance metric learning using proxies. The computer system includes a machine-learned
distance model configured to receive input data points and, in response, provide respective
embeddings for the input data points within an embedding space. A distance between a pair
of embeddings provided for a pair of the input data points is indicative of a similarity
between the pair of the input data points. The computer system includes one or more
processors and one or more non-transitory computer readable media that collectively store

instructions that, when executed by the one or more processors cause the computer system to
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perform operations. The operations include accessing a training dataset that includes a
plurality of data points to obtain an anchor data point. The operations include inputting the
anchor data point into the machine-learned distance model. The operations include receiving
a first embedding provided for the anchor data point by the machine-learned distance model.
The operations include evaluating a loss function that compares the first embedding to a
positive proxy and one or more negative proxies. Each of the positive proxy and the one or
more negative proxies serve as a proxy for two or more data points included in the training
dataset. The operations include adjusting one or more parameters of the machine-learned
distance model based at least in part on the loss function.

[0007] In an implementation the operations further comprise: adjusting, by the one or
more computing devices, one or more of the positive proxy and the one or more negative
proxies based at least in part on the loss function. For example, if a proxy is considered as a
point in the space of the input data items, defined by co-ordinates in that space, “adjusting” a
proxy may comprise adjusting the co-ordinates of the proxy in the space of the input data
items. Alternatively or additionally, if a proxy is or has a proxy embedding vector that is a
point in the embedding space, defined by co-ordinates in that space, “adjusting” a proxy may
comprising adjusting the co-ordinates of the proxy embedding vector in the embedding space.
[0008] In an implementation comparing the first embedding to the positive proxy
includes comparing the first embedding to a positive embedding vector associated with the
positive proxy. In an implementation comparing the first embedding to the one or more
negative proxies includes comparing the first embedding to one or more negative embedding
vectors respectively associated with the one or more negative proxies. In an implementation
the positive embedding vector is obtained by inputting the positive proxy into the machine-
learned distance model and the one or more negative embedding vectors are obtained by
respectively inputting the one or more negative proxies into the machine-learned distance
model. Alternatively, the positive embedding vector may be the positive proxy and the
negative embedding vector may be the negative proxy (i.e., there are no proxies within the
input space, only in the embedding space).

[0009] In an implementation adjusting, by the one or more computing devices, one or
more parameters of the machine-learned distance model and adjusting, by the one or more
computing devices, one or more of the positive proxy and the one or more negative proxies
comprise jointly backpropagating, by the one or more computing devices, the loss function
through the machine-learned distance model and a proxy matrix that includes the positive

proxy and the one or more negative proxies.
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[0010] In an implementation the loss function compares a first distance between the first
embedding and the positive proxy to one or more second distances between the first
embedding and the one or more negative proxies.

[0011] In an implementation the loss function compares the first distance to a plurality of
second distances respectively between the first embedding and a plurality of different
negative proxies.

[0012] In an implementation the anchor data point is associated with a first label,
wherein the positive proxy serves as a proxy for all data points included in the training
dataset that are associated with the first label, and wherein the one or more negative proxies
serves as a proxy for all data points included in the training dataset that are associated with at
least one second label that is different than the first label.

[0013] In an implementation each data point included in the training dataset is associated
with one of a number of different labels; and the operations further comprise, prior to
inputting the anchor data point: initializing, by the one or more computing devices, a number
of proxies; respectively associating, by the one or more computing devices, the number of
proxies with the number of different labels; and assigning, by the one or more computing

devices, each proxy to all data points that are associated with a same label.

[0014] In an implementation the number of proxies is at least one-half the number of
different labels.
[0015] In an implementation operations further comprise, after adjusting, by the one or

more computing devices, one or more of the positive proxy and the one or more negative
proxies based at least in part on the loss function: re-assigning, by the one or more computing
devices, each data point in the training dataset to a nearest proxy of a plurality of proxies, the
plurality of proxies including the positive proxy and the one or more negative proxies. For
avoidance of doubt, re-assigning “each” data point in the training dataset after adjusting one
or more of the positive proxy and the one or more negative proxies does not require that each
data point is assigned to a proxy different to the proxy it was assigned to before the adjusting
of the one or more of the positive proxy and the one or more negative proxies — the

assignment of some data points to proxies may be unaltered by the reassignment process.

[0016] In an implementation machine-learned distance model comprises a deep neural
network.
[0017] In an implementation operations further comprise, after adjusting one or more

parameters of the machine-learned distance model based at least in part on the loss function:

employing the machine-learned distance model to perform a similarity search. For example,
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when this implementation is applied to an image search/analysis system, the system may
perform a similarity search on an input image. As an example, in a product quality control
system it may be desired to determine, from an image of a target product sample, whether the
target product sample is acceptable (e.g., meets required product standards), is defective,
requires manual inspection, etc. To do this, an input data point generated from an image of
the target product sample may be input to the adjusted machine-learned model and the
machine-learned model uses the input data point to determine whether the input image shows
an acceptable product sample, a defective product sample, etc.

[0018] The use of the above implementation to perform a similarity search is not limited
to use in a product quality control system, but may be applied in other image analysis systems
for analyzing an input image (which may be still image or a video image). Some further
examples of possible applications include, without limitation, object recognition (whether an
image contains an object of a particular type, or identifying objects contained in an image),
object tracking (for example, sequences of images acquired by an autonomous vehicle may
be used to track the motions of objects such as other vehicles or people, for use in
determining whether to change the speed and/or direction of the vehicle), retrieval of images
similar to a target image, etc. Indeed, the present disclosure is not limited to the data points
being derived from images but can be used for input data structured according to any input
data space, including, for example, textual input, audio input, and/or other forms of input.
[0019] Another aspect of the present disclosure is directed to a computer-implemented
method to perform distance metric learning using proxies. The method includes accessing, by
one or more computing devices, a training dataset that includes a plurality of data points to
obtain an anchor data point. The method includes inputting, by the one or more computing
devices, the anchor data point into a machine-learned distance model. The method includes
receiving, by the one or more computing devices, a first embedding provided for the anchor
data point by the machine-learned distance model. The method includes evaluating, by the
one or more computing devices, a loss function that compares the first embedding to one or
more of: a positive proxy and one or more negative proxies. One or more of the positive
proxy and the one or more negative proxies serve as a proxy for two or more data points
included in the training dataset. The method includes adjusting, by the one or more
computing devices, one or more parameters of the machine-learned distance model based at
least in part on the loss function.

[0020] Another aspect of the present disclosure is directed to one or more non-transitory

computer-readable media that collectively store instructions that, when executed by one or

4



WO 2019/045802 PCT/US2018/032538

more processors, cause the one or more processors to perform operations. The operations
include accessing a training dataset that includes a plurality of data points to obtain an anchor
data point. The operations include inputting the anchor data point into a machine-learned
distance model. The operations include receiving a first embedding provided for the anchor
data point by the machine-learned distance model. The operations include evaluating a loss
function that compares the first embedding to one or more of: a positive proxy and one or
more negative proxies. One or more of the positive proxy and the one or more negative
proxies serve as a proxy for two or more data points included in the training dataset. The
operations include adjusting one or more parameters of the machine-learned distance model
based at least in part on the loss function.

[0021] Other aspects of the present disclosure are directed to a computer system to
perform distance metric learning using proxies, the computer system comprising: a machine-
learned distance model configured to receive input data points and, in response, provide
respective embeddings for the input data points within an embedding space, wherein a
distance between a pair of embeddings provided for a pair of the input data points is
indicative of a similarity between the pair of the input data points; one or more processors;
and one or more non-transitory computer readable media that collectively store instructions
that, when executed by the one or more processors cause the computer system to perform
operations comprising a method according to any aspect or implementation as described
herein, and to one or more computer-readable media (which may be transitory or non-
transitory media) that collectively store instructions that, when executed by one or more
processors, cause the one or more processors to perform operations comprising a method
according to any aspect or implementation as described herein.

[0022] Other aspects of the present disclosure are directed to various systems,
apparatuses, non-transitory computer-readable media, user interfaces, and electronic devices.
[0023] These and other features, aspects, and advantages of various embodiments of the
present disclosure will become better understood with reference to the following description
and appended claims. The accompanying drawings, which are incorporated in and constitute
a part of this specification, illustrate example embodiments of the present disclosure and,

together with the description, serve to explain the related principles.

BRIEF DESCRIPTION OF THE DRAWINGS
[0024] Detailed discussion of embodiments directed to one of ordinary skill in the art is

set forth in the specification, which makes reference to the appended figures, in which:
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[0025] Figure 1 depicts a graph of example Recall@]1 results as a function of training
step on the Cars196 dataset according to example embodiments of the present disclosure.
[0026] Figure 2A depicts a graphical diagram of example triplets according to example
embodiments of the present disclosure.

[0027] Figure 2B depicts a graphical diagram of example triplets formed using proxies
according to example embodiments of the present disclosure.

[0028] Figure 3 depicts example retrieval results on a set of images from the Cars196
using a distance model trained by an example proxy-based training technique according to
example embodiments of the present disclosure.

[0029] Figure 4 depicts a graph of Recall@]1 results on the Stanford Product dataset
according to example embodiments of the present disclosure.

[0030] Figure 5 depicts example retrieval results on a randomly selected set of images
from the Stanford Product dataset using a distance model trained by an example proxy-based
training technique according to example embodiments of the present disclosure.

[0031] Figure 6 depicts a graph of example Recall@]1 results as a function of ratio of
proxies to labels according to example embodiments of the present disclosure.

[0032] Figure 7 depicts a graph of example Recall@1 results for dynamic assignment on
the Cars196 dataset as a function of proxy-to-label ratio according to example embodiments
of the present disclosure.

[0033] Figure 8 depicts a block diagram of an example computing system to perform
distance metric learning using proxies according to example embodiments of the present
disclosure.

[0034] Figure 9 depicts a flow chart diagram of an example method to perform distance
metric learning using proxies according to example embodiments of the present disclosure.
[0035] Figure 10 depicts a flow chart diagram of an example method to perform distance

metric learning using proxies according to example embodiments of the present disclosure.

DETAILED DESCRIPTION

1. Introduction

[0036] Generally, the present disclosure is directed to systems and methods that enable
distance metric learning using proxies. In particular, a machine-learned distance model can be
trained in a proxy space using a loss function that compares an embedding provided for an
anchor data point of a training dataset to a positive proxy and/or one or more negative

proxies. The positive proxy and/or the one or more negative proxies can serve as a proxy for
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two or more data points included in the training dataset. Thus, each proxy can approximate a
number of data points in the training dataset, enabling faster convergence.

[0037] As one example, the loss function can compare a first distance between the
embedding provided for the anchor data point and the positive proxy to one or more second
distances between the embedding and the one or more negative proxies. For example, the loss
function can include a constraint that the first distance be less than each of the one or more
second distances. Thus, in some implementations, the proxy-based loss functions provided by
the present disclosure can in some ways be similar to certain existing triplet loss
formulations, but can replace the use of actual positive and negative data points explicitly
sampled from the dataset with positive and negative proxies that serve as a proxy for multiple
of such data points.

[0038] According to another aspect, the proxies of the proxy space can themselves be
learned parameters, such that the proxies and the model are trained jointly. For example, the
proxies can be contained in a proxy matrix that is viewed as part of the model structure itself
or is otherwise jointly trained with the model.

[0039] As such, in some implementations, the systems and methods of the present
disclosure are not required to select or otherwise identify informative triplets from the dataset
at all, but instead can simply compare a given anchor data point to one or more learned
proxies. Thus, the present disclosure provides the technical effect and benefit faster
convergence (e.g., reduced training time) without sacrificing the ultimate accuracy of the
model. In fact, the present disclosure provides example experiments which demonstrate that,
in addition to the convergence benefits, models trained using the proxy-based scheme of the
present disclosure achieve a new state of the art on several popular training datasets. Thus,
the present disclosure also provides the technical effect and benefit of improved and higher
performance machine-learned distance models. These models can be used to provide
improved services for a number of different applications, including, for example, image
retrieval, near duplicate detection, clustering, and zero-shot learning.

[0040] More particularly, the systems and methods of the present disclosure address the
problem of distance metric learning (DML), which can, in some instances, be defined as
learning a distance consistent with a notion of semantic similarity. Traditionally, for this
problem supervision is expressed in the form of sets of points that follow an ordinal
relationship: an anchor point x is similar to a set of one or more positive points Y, and
dissimilar to a set of one or more negative points Z, and a loss defined over these distances is

minimized. Example existing formulations for distance metric learning include contrastive
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loss or triplet loss, which encode a notion of similar and dissimilar datapoints as described
above.

[0041] Existing formulations which depend on pairs or triplets of data points empirically
suffer from sampling issues: selecting informative pairs or triplets is important for
successfully optimizing them and improving convergence rates but is a challenging task.
Thus, these existing formulations, including triplet-based methods, are challenging to
optimize. One primary issue is the need for finding informative pairs or triplets of data points,
which is usually achieved by a variety of tricks such as increasing the batch size, hard or
semi-hard triplet mining, etc. Even with these tricks, the convergence rate of such methods is
slow.

[0042] The present disclosure addresses this challenge and proposes to re-define triplet-
based losses over a different space of points, which are referred to herein as proxies. This
space approximates the training set of data points. For example, for each data point in the
original space, there can be a proxy point close to it. Thus, according to one example aspect,
the present disclosure proposes to optimize the triplet loss over triplets within a proxy space,
where each triplet within the proxy space includes an anchor data point and similar and
dissimilar proxy points, which can be learned as well. These proxies can approximate the
original data points, so that a triplet loss over the proxies is a tight upper bound of the original
loss.

[0043] Additionally, in some implementations, the proxy space is small enough so that
triplets from the original dataset are not required to be selected or sampled at all, but instead
the loss can be explicitly written over all (or most) of the triplets involving proxies. As a
result, this re-defined loss is easier to optimize, and it trains faster.

[0044] In addition, in some implementations, the proxies are learned as part of the model
parameters. In particular, in some implementations, the proxy-based approach provided by
the present disclosure can compare full sets of examples. Both the embeddings and the
proxies can be trained end-to-end (indeed, in some implementations, the proxies are part of
the network architecture), without, in at least some implementations, requiring interruption of
training to re-compute the cluster centers, or class indices.

[0045] The proxy-based loss proposed by the present disclosure is also empirically better
behaved. In particular, the present disclosure shows that the proxy-based loss is an upper
bound to triplet loss and that, empirically, the bound tightness improves as training

converges, which justifies the use of proxy-based loss to optimize the original loss.
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[0046] Further, the present disclosure demonstrates that the resulting distance metric
learning problem has several desirable properties. As a first example, the obtained metric
performs well in the zero-shot scenario, improving state of the art, as demonstrated on three
widely used datasets for this problem (CUB200, Cars196 and Stanford Products). As a
second example, the learning problem formulated over proxies exhibits empirically faster
convergence than other metric learning approaches. More particularly, example experiments
described herein demonstrate that the proxy-loss scheme of the present disclosure improves
on state-of-art results for three standard zero-shot learning datasets, by up to 15% points,
while converging three times as fast as other triplet-based losses.

[0047] To provide one example of the dual convergence and accuracy benefits of the
proxy-loss scheme of the present disclosure, Figure 1 depicts an example results graph of
Recall@]1 as a function of training step on the Cars196 dataset. As illustrated in Figure 1, an
example proxy-based scheme of the present disclosure referred to as Proxy-NCA converges
about three times as fast compared with certain existing baseline methods, while also

resulting in higher Recall@]1 values.

2. Example Metric Learning using Proxies

[0048] 2.1 Example Problem Formulation

[0049] Aspects of the present disclosure address the problem of learning a distance
d(x,y;0) between two data points x and y. For example, it can be defined as Euclidean
distance between embeddings of data obtained via a deep neural network e(x; 8):
d(x,v;0) = ||le(x; 8) — e(y; 0)||3, where 6 are the parameters of the network. To simplify
the notation, in the following discussion the full 8 notation is dropped, and instead x and
e(x; 8) are used interchangeably.
[0050] Often times such distances are learned using similarity style supervision, e.g.,
triplets of similar and dissimilar points (or groups of points) D = {(x, y, z)}, where in each
triplet there is an anchor point x, and the second point y (the positive) is more similar to x
than the third point z (the negative). Note that both y and, more commonly, z can be sets of
positive/negative points. The notation Y, and Z is used whenever sets of points are used.
[0051] In some instances, the DML task is to learn a distance respecting the similarity
relationships encoded in D:

d(x,y;0) <d(x,z;0) forall (x,y,z) €D (1)
[0052] One example ideal loss, precisely encoding Eq. (1), reads:



WO 2019/045802 PCT/US2018/032538

Lranking(*, ¥, 2) = H(d(x, y) — d(x,2)) (2)

where H is the Heaviside step function. Unfortunately, this loss is not amenable directly to
optimization using stochastic gradient descent as its gradient is zero everywhere. As a result,
one might resort to surrogate losses such as Neighborhood Component Analysis (NCA) (See,
S. Roweis et al. Neighbourhood component analysis. Adv. Neural Inf. Process. Syst. (NIPS),
2004) or margin-based triplet loss (See, K. Q. Weinberger et al. Distance metric learning for
large margin nearest neighbor classification. Advances in neural information processing
systems, 18:1473, 2006; and F. Schroff et al. Facenet: A unified embedding for face
recognition and clustering. In The IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), June 2015). For example, triplet loss can use a hinge function to create
a fixed margin between the anchor-positive difference, and the anchor-negative difference:

Leriplec (%, ¥, 2) = [d(x,y) + M —d(x,2)[+  (3)
where M is the margin, and [-], is the hinge function.
[0053] Similarly, the NCA loss tries to make x closer to y than to any element in a set Z

using exponential weighting:

exp(=d(x.7)) ) @
Yzez exp(—d(x,2))
[0054] 2.2 Example Sampling and Convergence

Lnea(x,y,Z) = —109<

[0055] Neural networks can be trained using a form of stochastic gradient descent, where
at each optimization step a stochastic loss is formulated by sampling a subset of the training
set D, called a batch. The size of a batch b is typically small. For example, in many modern
computer vision network architectures b = 32. While for classification or regression the loss
typically depends on a single data point from D, the above distance learning losses depend on
at least three data points. As such, the total number of possible samples could be in 0(n?®) for
|D| =n.

[0056] To see this, consider that a common source of triplet supervision is from a
classification-style labeled dataset: a triplet (x, y, z) is selected such that x and y have the
same label while x and z do not. For illustration, consider a case where points are distributed
evenly between k classes. The number of all possible triplets is then kn/k - (n/k) — 1)(k —
1) -n/k =n*(n—k)(k —1)/k? = 0(n®).

[0057] As a result, in metric learning each batch typically samples a very small subset of
all possible triplets, i.e., in the order of O(b®). Thus, in order to see all triplets in the training

one would have to go over O((n/b)?) steps, while in the case of classification or regression
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the needed number of steps is O(n/b). Note that n is typically in the order of hundreds of
thousands, while b is between a few tens to about a hundred, which leads to n/b being in the
tens of thousands.

[0058] Empirically, the convergence rate of the optimization procedure is highly
dependent on being able to see useful triplets, e.g., triplets which give a large loss value as
motivated by F. Schroff et al. Facenet: A unified embedding for face recognition and
clustering. In The IEEE Conference on Computer Vision and Pattern Recognition (CVPR),
June 2015. These authors propose to sample triplets within the data points present in the
current batch. However, the problem of sampling from the whole set of triplets D remains
particularly challenging as the number of triplets is so overwhelmingly large.

[0059] 2.3 Example Proxy Ranking [.oss

[0060] To address the above sampling problem, the present disclosure proposes to learn
a small set of data points P with |P| < |D|. Typically, it is desirable for P to approximate the
set of all data points. That is, for each x there is one element in P which is close to x w.rt.

the distance metric d. Such an element is referred to herein as a proxy for x:
p(x) =argmind(x,p) (5
The proxy approximation error is denoted by the worst approximation among all data points
€ = max d(x,p(x)) (6)

[0061] The present disclosure proposes to use these proxies to express the ranking loss.
Further, because the proxy set is smaller than the original training data, the number of triplets
is significantly reduced.

[0062] To provide an illustrated example, Figures 2A-B depict simplified graphical
diagrams of example triplets. In Figure 2A, instances (i.e., data points) are represented by the
small circles and stars. In particular, instances associated with a first concept (for example,
products of an acceptable quality, in the product quality control example given above) are
represented by circles while instances associated with a second concept (for example,
products not of an acceptable quality) are represented by stars. There are 48 triplets that can
be formed from the instances illustrated in Figure 2A. The concepts can be semantic
concepts.

[0063] In Figure 2B, proxies (which are represented by the larger circle and larger star)
serve as a concise representation for each concept, one that fits in memory. In contrast to the
48 potential triplets illustrated in Figure 2A, by forming triplets using proxies as illustrated in

Figure 2B, 8 comparisons are sufficient.
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[0064] Additionally, since the proxies represent the original data, the reformulation of
the loss would implicitly encourage the desired distance relationship in the original training
data.
[0065] To see this, consider a triplet (x, y, z) for which Eq. (1) is to be enforced. By
triangle inequality,
[{d(x, y) — d(x, 2)} = {d(x, p(y)) — d(x, p(2))}| < 2¢
[0066] Aslongas |d(x, p(y)) — d(x,p(z))| > 2¢, the ordinal relationship between the
distance d(x,y) and d(x, z) is not changed when y, z are replaced by the proxies p(y), p(2).
Thus, the expectation of the ranking loss over the training data can be bounded:
E[Lranking(%; ¥, 2)] <
E[LRanking(x; p(¥), P(2))] +
Prild(x, p(y) — d(x, p(2)| < 2¢]
[0067] Under the assumption that all the proxies have norm || p ll= N,, and all
embeddings have the same norm || x l|= N,, the bound can be tightened. Note that in this
case, for any a > 0:
LRanking (%, ¥, 2)
=H(llax —p@) Il =llax —p(2) II)
=H(ll ax —p) I? =l ax — p(2) I*)
= HQa(x"p(2) = x"p(y))) = H(x"p(2) — x"p(y)).
[0068] That is, the ranking loss is scale invariant in x. However, such re-scaling affects
the distances between the embeddings and proxies. The value of a can be chosen judiciously
to obtain a better bound. As one example, a good value would be one that makes the
embeddings and proxies lie on the same sphere, i.e. « = N, /N,.. These assumptions prove
easy to satisfy, see Section 3.
[0069] The ranking loss is difficult to optimize, particularly with gradient based
methods. Many losses, such as NCA loss (S. Roweis et al. Neighbourhood component
analysis. Adv. Neural Inf. Process. Syst. (NIPS), 2004), Hinge triplet loss (K. Q. Weinberger
et al. Distance metric learning for large margin nearest neighbor classification. Advances in
neural information processing systems, 18:1473, 2006), N-pairs loss (K. Sohn. Improved
deep metric learning with multi-class n-pair loss objective. In D. D. Lee et al., editors,
Advances in Neural Information Processing Systems 29, pages 1857-1865. Curran

Associates, Inc., 2016), etc. are merely surrogates for the ranking loss.
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[0070] In the next section, it is shown how the proxy approximation can be used to
bound the popular NCA loss for distance metric learning. Although extensive discussion is
provided relative to the NCA loss for distance metric learning, the proxy techniques
described herein are broadly applicable to other loss formulations as well, including, for
example, various other types of triplet-based methods (e.g., Hinge triplet loss) or other forms
of similarity style supervision. Application of the proxy-based technique to these other loss

formulations is within the scope of the present disclosure.

3. Example Training

[0071] This section provides an example explanation of how to use the introduced
proxies to train a distance based on the NCA formulation. It is desirable to minimize the total
loss, defined as a sum over triplets (x, y, Z) (see Eq. (1)). Instead, however, the upper bound
is minimized, defined as a sum over triplets over an anchor and two proxies (x, p(y), p(Z))
(see Eq. (7)).

[0072] This optimization can be performed by gradient descent, one example of which is
outlined below in Algorithm 1.

Algorithm 1 Example Proxy-NCA Training.

1:  Randomly initialize all values in 8 including proxy vectors.
2. fori=1..Tdo
3: Sample triplet (x,y, Z) from D

4: Formulate proxy triplet (x, p(y), p(Z))

S

Yp(2)ep(z) EXP (—d(x,p (Z)))

6: 0 « 0 — A0gl

7. end for

[0073] At each step, a triplet of a data point and at least two proxies (x, p(y), p(2)) is
sampled, which can be defined by a triplet (x, y, z) in the original training data. However,

each triplet defined over proxies upper bounds all triplets (x, ¥, ") whose positive ¥’ and

negative z’ data points have the same proxies as y and z respectively. This provides

convergence speed-up. The proxies can all be held in memory, and sampling from them is
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simple. In practice, when an anchor point is encountered in the batch, one can use its positive
proxy as y, and one or more, and optionally all, negative proxies as Z to formulate triplets
that cover all points in the data. Back propagation can be performed through both points and
proxies, and training does not need to be paused to re-calculate the proxies at any time.
[0074] In some implementations, the model can be trained with the property that all
proxies have the same norm Np and all embeddings have the norm Ny. Empirically such a
model performs at least as well as without this constraint, and it makes applicable the tighter
bounds discussed in Section 2.3. While the equal norm property can be incorporated the
model during training, for the example experiments described herein, the model was simply
trained with the desired loss, and all proxies and embeddings were re-scaled to the unit sphere
(note that the transformed proxies are typically only used for analyzing the effectiveness of
the bounds, but are not used during inference).

[0075] 3.1 Proxy Assignment and Triplet Selection

[0076] In the above algorithm, the proxies need to be assigned for the positive and
negative data points. Two example assignment procedures are described below.

[0077] When triplets are defined by the labels of data points (e.g., the positive data point
has the same label as the anchor; the negative a different label), then a proxy can be
associated with each label: P = {p; ...p;}. Let c(x) be the label of x. A data point can be
assigned the proxy corresponding to its label: p(x) = p¢(y. This scheme can be referred to as
static proxy assignment as it is defined by the label and does not change during the execution
of the algorithm. Importantly, in this case, there is no need to sample triplets at all. Instead,
one just needs to sample an anchor point x, and use the anchor's proxy as the positive, and the
rest as negatives: Lyca(x, p(x), p(Z); 0). The labels can be semantic labels.

[0078] In the more general case, however, labels may not be available. Thus, a point x
can be assigned to the closest proxy, as defined in Eq. (5). This scheme can be referred to as
dynamic proxy assignment. See Section 5 for evaluation with the two proxy assignment
methods.

[0079] 3.2 Proxy-based Loss Bound

[0080] In addition to the motivation for proxies in Sec. 3.3, it is also shown below that
the proxy based surrogate losses upper bound versions of the same losses defined over the
original training data. In this way, the optimization of a single triplet of a data point and two

proxies bounds a large number of triplets of the original loss.

14



WO 2019/045802 PCT/US2018/032538

[0081] More precisely, if a surrogate loss L over triplet (x, y, z) can be bounded by
proxy triplet
Lx,y,z) < al(x,p(y),p(2)) +6

for constant a and §, then the following bound holds for the total loss:
o

ID| 2 Ny, L (6 D), p(2)) + 8 (7)

X;Py PzEP

L(D) <

where ny,, . = [{(x,¥,2) € D|p(y) = py,p(2) = p}| denotes the number of triplets in the
training data with anchor x and proxies p,, and p, for the positive and negative data points.
[0082] The quality of the above bound depends on &, which depends on the loss and also
on the proxy approximation error €. It will be shown for concrete loss that the bound gets
tighter for small proxy approximation error.

[0083] The proxy approximation error depends to a degree on the number of proxies |P|.
In the extreme case, the number of proxies is equal to the number of data points, and the
approximation error is zero. Naturally, the smaller the number of proxies the higher the
approximation error. However, the number of terms in the bound is in O(n|P|?). If |P| = n
then the number of samples needed will again be 0(n®). In some instances, it is desirable to
keep the number of terms as small as possible, as motivated in the previous section, while
keeping the approximation error small as well. Thus, a balance between small approximation
error and small number of terms in the loss can be struck. In the experiments described
herein, the number of proxies varies from a few hundreds to a few thousands, while the
number of data points is in the tens/hundreds of thousands.

[0084] Proxy loss bounds: For the following example discussion it is assumed that the

norms of proxies and data points are constant |[p,| = N, and |x| = N,, and it is denoted that

1

a= . Then the following bounds of the original losses by their proxy versions are:

pNx

[0085] Proposition 3.1 The NCA loss (see Eq. (4)) is proxy bounded:

Lyca(x,y,2) < alyca (¥, py, p2) + (1 — a)log(1Z]) + 2V2e
where Lyc, is defined as Ly, with normalized data points and |Z| is the number of negative
points used in the triplet.

[0086] Proposition 3.2 The margin triplet loss (see Eq. (3)) is proxy bounded:
Ztriplet(xr ¥ Z) < aLtriplet(xr pyr pz) + (1 - Ol)M + 2‘/E
where im-plet is defined as Ly With normalized data points.

[0087] See Section 7 for proofs.
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4, Example Implementation Details

[0088] Example implementations of the above described systems and methods will now
be described. TensorFlow Deep Learning framework was used for all example
implementations described below. For fair comparison, the implementation details of (Hyun
Oh Song et al. Learnable Structured Clustering Framework for Deep Metric Learning. 7he
IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2017) were
followed. The Inception (Christian Szegedy et al. Going Deeper with Convolutions. arXiv
preprint arXiv: 1409.4842, 2014) architecture was used with batch normalization (Sergey
Ioffe and Christian Szegedy. Batch Normalization: Accelerating Deep Network Training by
Reducing Internal Covariate Shift. arXiv preprint arXiv: 1502.03167,2015). All methods are
first pretrained on ILSVRC 2012-CLS data (Russakovsky, et al. Imagenet large scale visual
recognition challenge. International Journal of Computer Vision, 115(3):211-252, 2015), and
then fine-tuned on the tested datasets. The size of the learned embeddings is set to 64. The
inputs are resized to 256 X 256 pixels, and then randomly cropped to 227 X 227. The
numbers reported in Sohn, Kihyuk. Improved Deep Metric Learning with Multi-class N-pair
Loss Objective. In D. D. Lee and M. Sugiyama and U. V. Luxburg and I. Guyon and R.
Garnett, editors, Advances in Neural Information Processing Systems 29, pages 1857-1865.
Curran Associates, Inc., 2016 are using multiple random crops during test time, but for fair
comparison with the other methods, and following the procedure in Hyun Oh Song et al.
Learnable Structured Clustering Framework for Deep Metric Learning. The IEELE Conference
on Computer Vision and Pattern Recognition (CVPR), 2017, the example implementations
described below use only a center crop during test time. The RMSprop optimizer was used
with the margin multiplier constant y decayed at a rate of 0.94. The only difference that was
taken from the setup described in Hyun Oh Song et al. Learnable Structured Clustering
Framework for Deep Metric Learning. 7he IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), 2017 is that for the method proposed herein, a batch size m of
32 images was used (all other methods use m = 128). This was done to illustrate one of the
benefits of the proposed method - it does not require large batches. The results have been
experimentally confirmed as stable when larger batch sizes are used for our method.

[0089] Most of the experiments are done with a Proxy-NCA loss. However, proxies can

be used in many popular metric learning algorithms, as outlined in Section 2. To illustrate
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this point, results of using a Proxy-Triplet approach on one of the datasets are also reported,

see Section 5 below.

5. Example Evaluation

[0090] Based on the experimental protocol detailed in Hyun Oh Song et al. Learnable
Structured Clustering Framework for Deep Metric Learning. The IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), 2017 and Sohn, Kihyuk. Improved Deep
Metric Learning with Multi-class N-pair Loss Objective. In D. D. Lee and M. Sugiyama and
U. V. Luxburg and I. Guyon and R. Garnett, editors, Advances in Neural Information
Processing Systems 29, pages 1857-1865. Curran Associates, Inc., 2016, retrieval at k and
clustering quality on data from unseen classes was evaluated on 3 datasets: CUB200-2011
(Wah et al. The caltech-ucsd birds-200-2011 dataset. 2011), Cars196 (Krause et al. 3d object
representations for fine-grained categorization. Proceedings of the IEEE International
Conference on Computer Vision Workshops, pages 554-561, 2013), and Stanford Online
Products (Oh Song, Hyun et al. Deep metric learning via lifted structured feature embedding.
Proceedings of the IELE Conference on Computer Vision and Pattern Recognition, 2016).
Clustering quality is evaluated using the Normalized Mutual Information measure (NMI).
NMI is defined as the ratio of the mutual information of the clustering and ground truth, and
their harmonic mean. Let 2 = {w,, ,, ..., W} be the cluster assignments that are, for
example, the result of K-Means clustering. That is, w; contains the instances assigned to the
i'th cluster. Let C = {cy, ¢, ..., ¢y} be the ground truth classes, where c¢; contains the

instances from class j.

1(Q, C) g
H(Q) + H((C)'( )

[0091] Note that NMI is invariant to label permutation which can be a desirable property

NMI(Q, C) = 2

for the evaluation. For more information on clustering quality measurement see Manning et
al. Introduction to information retrieval. Cambridge university press Cambridge, 2008.
[0092] The Proxy-based method described herein is compared with 4 state-of-the-art
deep metric learning approaches: Triplet Learning with semi-hard negative mining (Schroff
et al. FaceNet: A Unified Embedding for Face Recognition and Clustering. 7he IEEE
Conference on Computer Vision and Pattern Recognition (CVPR), 2015), Lifted Structured
Embedding (Oh Song, Hyun et al. Deep metric learning via lifted structured feature
embedding. Proceedings of the IELE Conference on Computer Vision and Pattern
Recognition, 2016), the N-Pairs deep metric loss (Sohn, Kihyuk. Improved Deep Metric
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Learning with Multi-class N-pair Loss Objective. In D. D. Lee and M. Sugiyama and U. V.
Luxburg and I. Guyon and R. Garnett, editors, Advances in Neural Information Processing
Systems 29, pages 1857-1865. Curran Associates, Inc., 2016), and Learnable Structured
Clustering (Hyun Oh Song et al. Learnable Structured Clustering Framework for Deep Metric
Learning. 7he IEEE Conference on Computer Vision and Pattern Recognition (CVPR),
2017). In all the experiments the same data splits were used as in Hyun Oh Song et al.
Learnable Structured Clustering Framework for Deep Metric Learning. The IEELE Conference
on Computer Vision and Pattern Recognition (CVPR), 2017.

[0093] 5.1 Cars196

[0094] The Cars196 dataset (Krause et al. 3d object representations for fine-grained
categorization. Proceedings of the IEEL International Conference on Computer Vision
Workshops, pages 554-561, 2013) is a fine-grained car category dataset containing 16,185
images of 196 car models. Classes are at the level of make-model-year, for example, Mazda-
3-2011. In the experiments the dataset was split such that 50% of the classes are used for
training, and 50% are used for evaluation. Table 1 shows recall-at-k and NMI scores for all
methods on the Cars196 dataset. Proxy-NCA has a 15 percentage points (26% relative)
improvement in recall@1 from previous state-of-the-art, and a 6% point gain in NMI. Figure
3 shows example retrieval results on the test set of the Cars196 dataset.

[0095] Figure 3: Retrieval results on a set of images from the Cars196 dataset using our
proposed proxy-based training method. Left column contains query images. The results are

ranked by distance.

R@! | R@2 | R@4 | R@8 | NMI

Triplet Semihard 5154 | 63.78 | 73.52 | 8141 | 5335
Lifted Struct 5298 | 66.70 | 76.01 | 8427 | 56.88
Npairs 5390 | 66.76 | 77.75 | 8635 | 57.79
Proxy-Triplet 5590 | 67.99 | 74.04 | 7795 | 54.44
Struct Clust 58.11 | 70.64 | 8027 | 8781 | 59.04
Proxy-NCA 73.22 | 8242 | 86.36 | 88.68 | 64.90

[0096] Table 1: Retrieval and Clustering Performance on the Cars196 dataset. Bold
indicates best results.

[0097] 5.2 Stanford Online Products dataset
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[0098] The Stanford product dataset contains 120,053 images of 22,634 products
downloaded from eBay.com. For training, 59,5511 out of 11,318 classes are used, and 11,316
classes (60,502 images) are held out for testing. This dataset is more challenging as each
product has only about 5 images, and at first seems well suited for tuple-sampling
approaches, and less so for the proxy formulation. Note that holding in memory 11,318 float
proxies of dimension 64 takes less than 3Mb. Figure 4 shows recall-at-1 results on this
dataset. Proxy-NCA has over a 6% gap from previous state of the art. Proxy-NCA compares
favorably on clustering as well, with a score of 90.6. This, compared with the top method,
described in Hyun Oh Song et al. Learnable Structured Clustering Framework for Deep
Metric Learning. The IEEE Conference on Computer Vision and Pattern Recognition
(CVPR), 2017 which has an NMI score of 89.48. The difference is statistically significant.
[0099] Figure 4: Recall@]1 results on the Stanford Product Dataset. Proxy-NCA has a
6% point gap with previous SOTA.

[0100] Figure 5 shows example retrieval results on images from the Stanford Product
dataset. Interestingly, the embeddings show a high degree of rotation invariance.

[0101] Figure 5: Retrieval results on a randomly selected set of images from the Stanford
Product dataset. Left column contains query images. The results are ranked by distance. Note
the rotation invariance exhibited by the embedding.

[0102] 5.3 CUB200

[0103] The Caltech-UCSD Birds-200-2011 dataset contains 11,788 images of birds from
200 classes of fine-grained bird species. The first 100 classes were used as training data for
the metric learning methods, and the remaining 100 classes were used for evaluation. Table 2
compares the proxy-NCA with the baseline methods. Birds are notoriously hard to classify,
as the inner-class variation is quite large when compared to the intra-class variation. This is
apparent when observing the results in the table. All methods perform less well than in the

other datasets. Proxy-NCA improves on SOTA for recall at 1-2 and on the clustering metric.

R@! | R@2 | R@4 | R@8 | NMI

Triplet Semihard 4259 | 5503 | 6644 | 7723 | 5538
Lifted Struct 4357 | 5655 | 6859 | 79.63 | 56.50
Npairs 4537 | 5841 | 6951 | 7949 | 57.24
Struct Clust 4818 | 6144 | 71.83 | 81.92 | 59.23
Proxy NCA 49.21 | 61.90 | 6790 | 7240 | 59.53

[0104] Table 2: Retrieval and Clustering Performance on the CUB200 dataset.
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[0105] 5.4 Convergence Rate

[0106] The tuple sampling problem that affects most metric learning methods makes
them slow to train. Keeping all proxies in memory eliminates the need for sampling tuples,
and mining for hard negative to form tuples. Furthermore, the proxies act as a memory that
persists between batches. This greatly speeds up learning. Figure 1 compares the training
speed of all methods on the Cars196 dataset. Proxy-NCA trains much faster than other metric
learning methods, and converges about three times as fast.

[0107] 5.5 Fractional Proxy Assignment

[0108] Metric learning requires learning from a large set of labels at times. Section 5.2
shows an example of such a large label set. Even though Proxy-NCA works well in that
instance, and the memory footprint of the proxies is small, here the case where one's
computational budget does not allow a one-to-one assignment of proxies to semantic labels is
examined. Figure 6 shows the results of an experiment in which the ratio of labels to proxies
was varied on the Cars196 dataset. The static proxy assignment method was varied to
randomly pre-assign semantic labels to proxies. If the number of proxies is smaller than the
number of labels, multiple labels are assigned to the same proxy. So in effect each label has
influence on a fraction of a proxy. Note that when proxy-per-class = 0.5 Proxy-NCA has
better performance than previous methods.

[0109] Figure 6: Recall@]1 results as a function of ratio of proxies to semantic labels.
When allowed 0.5 proxies per label or more, Proxy-NCA compares favorably with previous
state of the art.

[0110] 5.6 Dynamic Proxy Assignment

[0111] In many cases, the assignment of triplets, e.g., selection of a positive, and
negative example to use with the anchor instance, is based on the use of a semantic concept —
two images of a dog need to be more similar than an image of a dog and an image of a cat.
These cases are easily handled by the static proxy assignment, which was covered in the
experiments above. In some cases however, there are no semantic concepts to be used, and a
dynamic proxy assignment is needed. In this section results using this assignment scheme are
provided. Figure 7 shows recall scores for the Cars196 dataset using the dynamic assignment.
The optimization becomes harder to solve, specifically due to the non-differentiable argmin
term in Eq. (5). However, it is interesting to note that first, a budget of 0.5 proxies per
semantic concept is again enough to improve on state of the art, and one does see some

benefit of expanding the proxy budget beyond the number of semantic concepts.
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[0112] Figure 7: Recall@]1 results for dynamic assignment on the Cars196 dataset as a
function of proxy-to-semantic-label ratio. More proxies allow for better fitting of the

underlying data, but one needs to be careful to avoid over-fitting.

6. Example Discussion

[0113] The present disclosure demonstrates the effectiveness of using proxies for the
task of deep metric learning. Using proxies, which can be saved in memory and trained using
back-propagation, training time can be reduced, and the resulting models can achieve a new
state of the art. The present disclosure presents two proxy assignment schemes — a static one,
which can be used when label information is available, and a dynamic one which can be used
when the only supervision comes in the form of similar and dissimilar triplets. Furthermore,
the present disclosure shows that a loss defined using proxies, upper bounds the original,
instance-based loss. If the proxies and instances have constant norms, it is shown that a well
optimized proxy-based model does not change the ordinal relationship between pairs of
instances.

[0114] The formulation of Proxy-NCA loss provided herein produces a loss very similar
to the standard cross-entropy loss used in classification. However, this formulation is arrived
at from a different direction: in most instances, the systems and methods of the present
disclosure are not interested in the actual classifier and indeed discard the proxies once the
model has been trained. Instead, the proxies are auxiliary variables, enabling more effective
optimization of the embedding model parameters. As such, the formulations provided herein
not only surpass the state of the art in zero-shot learning, but also offer an explanation to the
effectiveness of the standard trick of training a classifier, and using its penultimate layer's

output as the embedding.

7. Example Proof of Proposition 3.1

[0115] Proof of Proposition 3.1: In the following for a vector x its unit norm vector is
denoted by ¥ = x/|x|.

[0116] First, the dot product of a unit normalized data points X and ¥ can be upper
bounded by the dot product of unit normalized point X and proxy p, using the Cauchy

inequality as follows:

22— P,) < |R112 - P, < Ve ©)
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[0117] Hence:

272 <2Tp, ++e (10)
[0118] Similarly, one can obtain an upper bound for the negative dot product:
-7y < —2Tp, + e (11)

[0119] Using the above two bounds, the original NCA loss Lyc4(X, 7, Z) can be upper
bounded:

(¢] ~ A
INS ez exp(—1/2]% — 22)

L exp(—1+ 2T9)
T TS, exp(—1+ 272)

_ exp(£79)
= TI\S,e exp(3T2)

~279 + log zexp(aeTz“) (12)

zZ€EZ

_ ( exp(—1/2|% - 9|*) )

< —2Tp, +vE + log(z exp(RTP, +VE)

zZ€EZ

= —2Tp, + log(z exp(R7p,)) + 2vE

zZ€EZ

= Lyca(%, By, P2) + 2Ve (13)

[0120] Further, the above loss of unit normalized vectors can be upper bounded by a loss
of unnormalized vectors. For this, make the assumption, which empirically has been found

true, that for all data points |x| = N, > 1. In practice these norm are much larger than 1.

[0121] Lastly, if denoted by f = ﬁ and under the assumption that § < 1, the
xlNp

following version of the Hoelder inequality defined for positive real numbers a; can be

n n
z af < nl‘ﬁ(z a)f

i=1 i=1

applied:

to upper bound the sum of exponential terms:

z exp(XTp,) = z exp(Bx"p,)

zZ€EZ zZ€EZ

= z exp(xTp,)P < |Z|1_ﬁ(z exp(x"p,))P

zeZ zZ€EZ
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[0122] Hence, the above loss Ly, with unit normalized points is bounded as:

Lyca(X, Dy, Dz)
T
X Dy

[xIlpy|

+ log(|Z|1‘ﬁ(z exp(x"p,))F)

zZ€EZ

= —px"py + flog() exp(xp,) + log(1Z|*F)

zZ€EZ
— '8 2 1 2 1-5
=5 lx=pyl"+ plog( ) exp(=51x —p|*)) + log(|Z]")
zZ€EZ

= BLyca(x, py, pz) + (1 = B)log(|Z]) (14)
for f = lep. The propositions follows from Eq. (13) and Eq. (14).
[0123] Proof Proposition 3.2: Bound the term inside the hinge function in Eq. (3) for
normalized data points using the bounds (10) and (11) from previous proof:

£—P12—|18—2)>+M=-28T9+ 2872+ M
< —=2&Tp, +287p, + 2\Ve+ M
[0124] Under the assumption that the data points and the proxies have constant norms,
the above dot products can be converted to products of unnormalized points:
—28Tp, + 287p, + 2\Ve + M
= a(=2x"p, +2x"p,) + 2\e + M
= a(lx —pyl — |x — p, ) + 2V + M
=a(|x —py|* = |x —p|* + M) + (1 — )M + 2Ve

8. Example Computing Systems

[0125] Figure 8 depicts an example computing system 102 that can implement the
present disclosure. The computing system 102 can include one or more physical computing
devices. The one or more physical computing devices can be any type of computing device,
including a server computing device, a personal computer (e.g., desktop or laptop), a mobile
computing device (e.g., smartphone or tablet), an embedded computing device, or other
forms of computing devices, or combinations thereof. The computing device(s) can operate
sequentially and/or in parallel. In some implementations, the computing device(s) can
implement various distributed computing techniques.

[0126] The computing system includes one or more processors 112 and a memory 114.

The one or more processors 112 can be any suitable processing device (e.g., a processor core,
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a microprocessor, an ASIC, a FPGA, a controller, a microcontroller, etc.) and can be one
processor or a plurality of processors that are operatively connected. The memory 114 can
include one or more non-transitory computer-readable storage mediums, such as RAM,
ROM, EEPROM, EPROM, flash memory devices, magnetic disks, etc., and combinations
thereof. The memory 114 can store data 116 and instructions 118 which are executed by the
processor(s) 112 to cause the computing system 102 to perform operations.

[0127] The computing system 102 can further include a machine-learned distance model
120. In some implementations, the machine-learned distance model 120 can be or have been
trained to provide, for a pair of data points, a distance between such two data points. For
example, the distance can be descriptive of a similarity or relatedness between the two data
points, where a larger distance indicates less similarity.

[0128] As one example, the distance model 120 can receive input data point or instance
(e.g., an image) and, in response, provide an embedding within an embedding space. For
example, the embedding can be provided at a final layer of the model 120 or a close to final,
but not final layer of the model 120 (e.g., a penultimate layer). In some implementations, the
embedding provided by the model 120 for one data point or instance can be compared to an
embedding provided by the model 120 for another data point or instance to determine a
measure of similarity (e.g., a distance) between the two data points or instances. For example,
a Euclidian distance between the two embeddings can be indicative of an amount of
similarity (e.g., smaller distances indicate more similarity).

[0129] In some implementations, the machine-learned distance model 120 can be or
include a neural network (e.g., deep neural network). Neural networks can include feed-
forward neural networks, recurrent neural networks, convolutional neural networks, and/or
other forms of neural networks. In other implementations, the machine-learned distance
model 120 can be or include other types of machine-learned models.

[0130] In some implementations, the machine-learned distance model 120 can include or
have associated therewith a proxy matrix or other data structure that includes a number of
proxies (e.g., proxy vectors). As described above, in some implementations, the proxy matrix
can be viewed as parameters of the model 120 itself or can otherwise be jointly trained with
the model 120.

[0131] The computing system 102 can further include a model trainer 122. The model
trainer 122 can train the machine-learned model 120 using various training or learning
techniques, such as, for example, backwards propagation of errors, stochastic gradient

descent, etc. The model trainer 122 can perform a number of generalization techniques (e.g.,
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weight decays, dropouts, etc.) to improve the generalization capability of the models being
trained.

[0132] In particular, the model trainer 122 can train a machine-learned distance model
120 based on a set of training data 126. In some implementations, the training dataset 126 can
include instances that are labelled (e.g., have one or more labels associated therewith). For
example, the labels can correspond to classes or semantic concepts. In other implementations,
the training dataset 126 can include instances that are unlabeled (e.g., do not have one or
more labels associated therewith). In some implementations, each instance in the training
dataset 126 can be or include an image.

[0133] The model trainer 122 can include computer logic utilized to provide desired
functionality. The model trainer 122 can be implemented in hardware, firmware, and/or
software controlling a general purpose processor. For example, in some implementations, the
model trainer 122 includes program files stored on a storage device, loaded into a memory
and executed by one or more processors. In other implementations, the model trainer 122
includes one or more sets of computer-executable instructions that are stored in a tangible
computer-readable storage medium such as RAM hard disk or optical or magnetic media.
[0134] The computing system 102 can also include a network interface 124 used to
communicate with one or more systems or devices, including systems or devices that are
remotely located from the computing system 102. The network interface 124 can include any
number of components to provide networked communications (e.g., transceivers, antennas,

controllers, cards, etc.).

9.  Example Methods
[0135] Figures 9 and 10 depict flow chart diagrams of example methods 900 and 1000 to

perform distance metric learning using proxies according to example embodiments of the
present disclosure. In particular, method 900 includes static proxy assignment while method
1000 includes dynamic proxy assignment. While methods 900 and 1000 are discussed with
respect to a single training example, it should be understood that they can be performed on a
batch of training examples.

[0136] Referring first to Figure 9, at 902 a computing system can initialize a number of
proxies. As one example, the number of proxies can be equal to a number of labels or
semantic classes associated with a training dataset. As another example, the number of

proxies can be at least one-half the number of different labels. However, any number of
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proxies can be used. In some implementations, the proxies can be initialized at 902 with
random values.

[0137] At 904, the computing system can assign each data point included in a training
dataset to one of the number of proxies. For example, in some implementations, each data
point can be assigned to a respective nearest proxy. In some implementations, each data point
can have a label or semantic class associated therewith and the data point can be assigned to a
proxy that is associated with such label or semantic class.

[0138] At 906, the computing system can access the training dataset to obtain an anchor
data point. For example, the anchor data point can be randomly selected from the training
dataset or according to an ordering or ranking.

[0139] At 908, the computing system can input the anchor data point into a machine-
learned distance model. As one example, the machine-learned distance model can be a deep
neural network.

[0140] At 910, the computing system can receive a first embedding provided for the
anchor data point by the machine-learned distance model. For example, the embedding can
be within a machine-learned embedding dimensional space. For example, the embedding can
be provided at a final layer of the machine-learned distance model or at a close to final but
not final layer of the machine-learned distance model.

[0141] At 912, the computing system can evaluate a loss function that compares the first
embedding to a positive proxy and/or one or more negative proxies. One or more of the
positive proxy and the one or more negative proxies can serve as a proxy for two or more
data points included in the training dataset. For example, the loss function can be a triplet-
based loss function (e.g., triplet hinge function loss, NCA, etc.).

[0142] As one example, the loss function can compare a first distance between the first
embedding and the positive proxy to one or more second distances between the first
embedding and the one or more negative proxies. For example, the loss function can compare
the first distance to a plurality of second distances respectively between the first embedding
and a plurality of different negative proxies (e.g., all negative proxies). For example, the loss
function can include a constraint that the first distance is less than each of the one or more
second distances (e.g., all of the second distances).

[0143] To provide an example, in some implementations, the anchor data point can be
associated with a first label; the positive proxy can serve as a proxy for all data points
included in the training dataset that are associated with the first label; and the one or more

negative proxies can serve as a proxy for all data points included in the training dataset that
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are associated with at least one second label that is different than the first label. For example,
a plurality of negative proxies can respectively serve as proxies for all other labels included
in the training dataset.

[0144] At 914, the computing system can adjust one or more parameters of the machine-
learned model based at least in part on the loss function. For example, one or more
parameters of the machine-learned model can be adjusted to reduce the loss function (e.g., in
an attempt to optimize the loss function). As one example, the loss function can be
backpropagated through the distance model. In some implementations, the loss function can
also be backpropagated through a proxy matrix that holds the values of the proxies (e.g., as
proxy embedding vectors).

[0145] After 914, method 900 returns to 906 to obtain an additional anchor data point.
Thus, the machine-learned distance model can be iteratively trained using a number (e.g.,
thousands) of anchor data points. Since proxies are used, the number of training iterations
required to converge over the training dataset is significantly reduced. After training is
complete, the machine-learned distance model can be employed to perform a number of
different tasks, such as, for example, assisting in performance of a similarity search (e.g., an
image similarity search).

[0146] Referring now to Figure 10, at 1002 a computing system can initialize a number
of proxies. Any number of proxies can be used. In some implementations, the proxies can be
initialized at 1002 with random values.

[0147] At 1004, the computing system can assign each data point included in a training
dataset to one of the number of proxies. For example, in some implementations, each data
point can be assigned to a respective nearest proxy. As another example, the data points can
be randomly assigned to the proxies.

[0148] At 1006, the computing system can access the training dataset to obtain an anchor
data point. For example, the anchor data point can be randomly selected from the training
dataset or according to an ordering or ranking.

[0149] At 1008, the computing system can input the anchor data point into a machine-
learned distance model. As one example, the machine-learned distance model can be a deep
neural network.

[0150] At 1010, the computing system can receive a first embedding provided for the
anchor data point by the machine-learned distance model. For example, the embedding can

be within a machine-learned embedding dimensional space. For example, the embedding can
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be provided at a final layer of the machine-learned distance model or at a close to final but
not final layer of the machine-learned distance model.

[0151] At 1012, the computing system can evaluate a loss function that compares the
first embedding to a positive proxy and/or one or more negative proxies. One or more of the
positive proxy and the one or more negative proxies can serve as a proxy for two or more
data points included in the training dataset. For example, the loss function can be a triplet-
based loss function (e.g., triplet hinge function loss, NCA, etc.).

[0152] As one example, the loss function can compare a first distance between the first
embedding and the positive proxy to one or more second distances between the first
embedding and the one or more negative proxies. For example, the loss function can compare
the first distance to a plurality of second distances respectively between the first embedding
and a plurality of different negative proxies (e.g., all negative proxies). For example, the loss
function can include a constraint that the first distance is less than each of the one or more
second distances (e.g., all of the second distances).

[0153] At 1014, the computing system can adjust one or more parameters of the
machine-learned model based at least in part on the loss function. For example, one or more
parameters of the machine-learned model can be adjusted to reduce the loss function (e.g., in
an attempt to optimize the loss function). As one example, the loss function can be
backpropagated through the distance model. In some implementations, the loss function can
also be backpropagated through a proxy matrix that holds the values of the proxies (e.g., as
proxy embedding vectors).

[0154] At 1016, the computing system re-assigns each data point in the training dataset
to a respective one of the number of proxies. For example, at 1016, the computing system can
re-assigned each data point in the training dataset to a respective nearest proxy of the number
of proxies.

[0155] After 1016, method 1000 returns to 1006 to obtain an additional anchor data
point. Thus, the machine-learned distance model can be iteratively trained using a number
(e.g., thousands) of anchor data points. Since proxies are used, the number of training
iterations required to converge over the training dataset is significantly reduced. After
training is complete, the machine-learned distance model can be employed to perform a
number of different tasks, such as, for example, assisting in performance of a similarity

search (e.g., an image similarity search).
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10.  Additional Disclosure

[0156] The technology discussed herein makes reference to servers, databases, software
applications, and other computer-based systems, as well as actions taken and information sent
to and from such systems. The inherent flexibility of computer-based systems allows for a
great variety of possible configurations, combinations, and divisions of tasks and
functionality between and among components. For instance, processes discussed herein can
be implemented using a single device or component or multiple devices or components
working in combination. Databases and applications can be implemented on a single system
or distributed across multiple systems. Distributed components can operate sequentially or in
parallel.

[0157] While the present subject matter has been described in detail with respect to
various specific example embodiments thereof, each example is provided by way of
explanation, not limitation of the disclosure. Those skilled in the art, upon attaining an
understanding of the foregoing, can readily produce alterations to, variations of, and
equivalents to such embodiments. Accordingly, the subject disclosure does not preclude
inclusion of such modifications, variations and/or additions to the present subject matter as
would be readily apparent to one of ordinary skill in the art. For instance, features illustrated
or described as part of one embodiment can be used with another embodiment to yield a still
further embodiment. Thus, it is intended that the present disclosure cover such alterations,
variations, and equivalents.

[0158] In particular, although Figures 9 and 10 respectively depict steps performed in a
particular order for purposes of illustration and discussion, the methods of the present
disclosure are not limited to the particularly illustrated order or arrangement. The various
steps of the methods 900 and 1000 can be omitted, rearranged, combined, and/or adapted in

various ways without deviating from the scope of the present disclosure.
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WHAT IS CLAIMED IS:

1. A computer system to perform distance metric learning using proxies, the
computer system comprising:

a machine-learned distance model configured to receive input data points and, in
response, provide respective embeddings for the input data points within an embedding
space, wherein a distance between a pair of embeddings provided for a pair of the input data
points is indicative of a similarity between the pair of the input data points;

one or more processors; and

one or more non-transitory computer readable media that collectively store
instructions that, when executed by the one or more processors cause the computer system to
perform operations, the operations comprising:

accessing a training dataset that includes a plurality of data points to obtain an
anchor data point;

inputting the anchor data point into the machine-learned distance model;

receiving a first embedding provided for the anchor data point by the machine-
learned distance model;

evaluating a loss function that compares the first embedding to a positive
proxy and one or more negative proxies, wherein each of the positive proxy and the one or
more negative proxies serve as a proxy for two or more data points included in the training
dataset; and

adjusting one or more parameters of the machine-learned distance model

based at least in part on the loss function.

2. The computer system of claim 1, wherein the operations further comprise:
adjusting, by the one or more computing devices, one or more of the positive proxy

and the one or more negative proxies based at least in part on the loss function.

3. The computer system of claim 2, wherein adjusting, by the one or more
computing devices, one or more parameters of the machine-learned distance model and
adjusting, by the one or more computing devices, one or more of the positive proxy and the

one or more negative proxies comprise jointly backpropagating, by the one or more
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computing devices, the loss function through the machine-learned distance model and a

proxy matrix that includes the positive proxy and the one or more negative proxies.

4. The computer system of claim 1, 2 or 3, wherein the loss function compares a
first distance between the first embedding and the positive proxy to one or more second

distances between the first embedding and the one or more negative proxies.

5. The computer system of claim 4, wherein the loss function compares the first
distance to a plurality of second distances respectively between the first embedding and a

plurality of different negative proxies.

6. The computer system of claim 4, wherein the loss function includes a constraint

that the first distance is less than each of the one or more second distances.

7. The computer system of any preceding claim, wherein the anchor data point is
associated with a first label, wherein the positive proxy serves as a proxy for all data points
included in the training dataset that are associated with the first label, and wherein the one or
more negative proxies serves as a proxy for all data points included in the training dataset that

are associated with at least one second label that is different than the first label.

8. The computer system of any preceding claim, wherein:
each data point included in the training dataset is associated with one of a number of
different labels; and
the operations further comprise, prior to inputting the anchor data point:
initializing, by the one or more computing devices, a number of proxies;
respectively associating, by the one or more computing devices, the number of
proxies with the number of different labels; and
assigning, by the one or more computing devices, each proxy to all data points

that are associated with a same label.

9. The computer system of claim 8, wherein the number of proxies is at least one-

half the number of different labels.
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10. The computer system of claim 2, or of any of claims 2 to 9 when dependent
directly or indirectly from claim 2, wherein the operations further comprise, after adjusting,
by the one or more computing devices, one or more of the positive proxy and the one or more
negative proxies based at least in part on the loss function:

re-assigning, by the one or more computing devices, each data point in the training
dataset to a nearest proxy of a plurality of proxies, the plurality of proxies including the

positive proxy and the one or more negative proxies.

11. The computer system of any preceding claim, wherein the machine-learned

distance model comprises a deep neural network.

12. The computer system of any preceding claim, wherein the operations further
comprise, after adjusting one or more parameters of the machine-learned distance model
based at least in part on the loss function:

employing the machine-learned distance model to perform a similarity search.

13. A computer-implemented method to perform distance metric learning using
proxies, the method comprising:

accessing, by one or more computing devices, a training dataset that includes a
plurality of data points to obtain an anchor data point;

inputting, by the one or more computing devices, the anchor data point into a
machine-learned distance model;

receiving, by the one or more computing devices, a first embedding provided for the
anchor data point by the machine-learned distance model,

evaluating, by the one or more computing devices, a loss function that compares the
first embedding to one or more of: a positive proxy and one or more negative proxies,
wherein one or more of the positive proxy and the one or more negative proxies serve as a
proxy for two or more data points included in the training dataset; and

adjusting, by the one or more computing devices, one or more parameters of the

machine-learned distance model based at least in part on the loss function.
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14. The computer-implemented method of claim 13, wherein the method further
comprises:
adjusting, by the one or more computing devices, one or more of the positive proxy

and the one or more negative proxies based at least in part on the loss function.

15. The computer-implemented method of claim 14, wherein adjusting, by the one or
more computing devices, one or more parameters of the machine-learned distance model and
adjusting, by the one or more computing devices, one or more of the positive proxy and the
one or more negative proxies comprise jointly backpropagating, by the one or more
computing devices, the loss function through the machine-learned distance model and a

proxy matrix that includes the positive proxy and the one or more negative proxies.

16. The computer-implemented method of claim 13, 14 or 15, wherein evaluating, by
the one or more computing devices, the loss function comprises evaluating, by the one or
more computing devices, the loss function that compares a first distance between the first
embedding and the positive proxy to one or more second distances between the first

embedding and the one or more negative proxies.

17. The computer-implemented method of claim 16, wherein the loss function
includes a constraint that the first distance is less than each of the one or more second

distances.

18. The computer-implemented method of any one of claims 13 to 17, wherein the
anchor data point is associated with a first label, wherein the positive proxy serves as a proxy
for all data points included in the training dataset that are associated with the first label, and
wherein the one or more negative proxies serves as a proxy for all data points included in the
training dataset that are associated with at least one second label that is different than the first

label.

19. The computer-implemented method of claim 14, or of any of claims 15 to 18

when dependent directly or indirectly from claim 19, wherein the method further comprises,
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after adjusting, by the one or more computing devices, one or more of the positive proxy and
the one or more negative proxies based at least in part on the loss function:

re-assigning, by the one or more computing devices, each data point in the training
dataset to a nearest proxy of a plurality of proxies, the plurality of proxies including the

positive proxy and the one or more negative proxies.

20. One or more non-transitory computer-readable media that collectively store
instructions that, when executed by one or more processors, cause the one or more processors
to perform operations, the operations comprising:

accessing a training dataset that includes a plurality of data points to obtain an anchor
data point;

inputting the anchor data point into a machine-learned distance model,

receiving a first embedding provided for the anchor data point by the machine-learned
distance model;

evaluating a loss function that compares the first embedding to one or more of’ a
positive proxy and one or more negative proxies, wherein one or more of the positive proxy
and the one or more negative proxies serve as a proxy for two or more data points included in
the training dataset; and

adjusting one or more parameters of the machine-learned distance model based at

least in part on the loss function.
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