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ABSTRACT

The ability to accurately pinpoint the location of an event (e.g. loss,
fault or bug) is of fundamental requirement in many systems. While
we have state-of-the-art models to predict likelihood of an outcome,
being able to pinpoint to the entity responsible for the outcome is
also important. For example, in an e-commerce setup, a lost package
detection system needs to infer the reason or location

(delivery station, sort center, trucks) in case of a missing item,
a network management system would like to diagnose nodes that
are faulty based on end-end packet flow traces or a compiler needs
to point out the exact location of a code that is erroneous. In this
paper, we present an Attention based neural architecture for entity
localization to accurately pinpoint the location of package loss in
delivery network and bugs in erroneous programs. Our model per-
forms well in scenarios where there is no annotation / ground truth
for entities for localization. It can also adapt itself if annotations /
ground truth is available for even a subset of entities by leveraging
semi-supervision. The core of our model is a ladder-style archi-
tecture that helps us achieve state-of-the-art performance in both
entity localization and detection. Further, to show the generality of
our approach, we demonstrate its performance on a bug localization
task for software programs. On a publicly available data-set, our
solution outperforms the state-of-the-art technique by a significant
margin.
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« Computing methodologies — Semi-supervised learning set-
tings; Neural networks.
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1 INTRODUCTION

Large-scale industrial systems involve well-orchestrated interplay
between many automated components, the complexity of which
evolves as the components get refined using the collected data. With
the growing complexity, not only the system becomes susceptible to
faults, break-downs and losses, it also presents a challenge to trace
the issue to its root-cause and gain an in-depth understanding of
such behavior. For example, in transportation and logistics industry,
millions of packages are delivered across the globe daily. Yet a small
fraction of them get lost for various reasons (e.g. non-compliance
of standard operating principles), resulting in significant business
loss and customer frustration. Manual inspection of each and every
package is infeasible due to the sheer scale at which the system
operates, making root-cause analysis a challenging problem.

On the other hand, inter-operability issues in a large-scale dis-
tributed system can result in network-wide disruption of services.
In recent times, a DNS configuration error caused an outage of Face-
book, WhatsApp, Instagram and Messenger services to millions
of users worldwide!. To prevent such outages, one would like to
localize the fault and resolve the issue quickly. Fault localization
is challenging due to the large number of inter-connected entities
(network elements, compute resources, databases, etc.) involved.
Yet another parallel can be drawn from the objective of bug localiza-
tion in software programs: many large-scale software systems are
shipped with bugs which cause the system to perform incorrectly
or in an unexpected way. Automatically localizing software bugs
will help improve developer efficiency and the eventual quality of
the software.

The common underlying theme is a notion of entities (e.g., deliv-
ery station, sort center, trucks etc for shipment loss, individual line
of codes for bug localization and inter-connected devices for fault
localization) and the definition of an event signifying the intended
purpose of the system: shipment delivery, http connections and
program execution. A fault corresponds to an anomalous event
(e.g. shipment loss) which we need to attribute to the responsible
entities. We refer to this problem as Entity Loss Localization. We use
the terms localization and attribution interchangeably throughout
this paper.

In this paper, we address the entity localization problem in the
context of shipment losses in the delivery network of a major e-
commerce platform. From the logistics perspective, when a cus-
tomer places an order, the package gets shipped from the nearest
warehouse and goes through various facilities to reach the deliv-
ery location. Similarly, for customer returns, the delivery agent

!https://www.nytimes.com/2021/10/04/technology/facebook-down.html
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Figure 1: An example of bug localization in software pro-
grams. The compiler reports an error on line 5 whereas the
bug is introduced in line 3 (best viewed in color).

picks up the item from the customer’s doorstep and returns it to
the warehouse. A small fraction of these packages get lost during
transit. Pinpointing the exact location of loss is challenging for mul-
tiple reasons: (1) manual screening of every shipment is infeasible
due to large number of shipments and entities (facilities, trucks,
etc.) involved, (2) while there exists automated tracking mechanism
for packages, the system is not 100% accurate and may give incor-
rect readings, e.g., due to interference of other packages in close
proximity.

We present a machine learning based framework for entity loss
localization. Specifically, we develop a novel attention based neural
architecture (referred to as Science of Entity Loss Attribution or
SoLAR) to jointly model the task of loss prediction and localization.
We run extensive experiments (both offline and online) to demon-
strate the superiority of SOLAR as compared to incumbent policies
and other baselines.

We make a distinction between loss localization and loss pre-
diction. Loss prediction involves estimating the probability of loss
of a shipment on the basis of which one can intervene on high
propensity packages. However, loss prediction systems can’t pin-
point the loss location on fine-grained entities (delivery station,
trucks etc) resulting in sub-optimal interventions. SoLAR fills in this
gap by providing entity-grained loss location for each shipment,
which opens up new possibilities to target precise interventions
such as establishing inspection mechanisms in risky delivery sta-
tion, sort center or trucks. We further note that SOLAR can be both
preventive i.e. before the package has shipped, as well as reactive
i.e. for packages that are already lost. We highlight the following
contributions,

(1) We introduce the novel problem of loss localization. Con-
ventional loss prevention models estimate the likelihood of
loss. We highlight that with fine-grained loss localization,
we can be extremely surgical in the selection of treatments
leading to business waste reduction.

(2) Loss localization is challenging due to the lack of large scale
ground-truth data. We propose SOLAR , a novel attention-
based semi-supervised model to localize package loss at the
entity level. The model leverages fine-grained information
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regarding entities (delivery station, sort center, trucks), and
shipment level features to estimate the package loss probabil-
ities. Through offline experiments, we demonstrate that our
algorithm achieves considerable improvement in localization
accuracy over existing baselines.

(3) To demonstrate the generality of our approach, we apply
SOLAR to the problem of bug localization in software pro-
grams on a public data-set. Offline results indicate that our
algorithms lead to as high as 1% lift in localization accu-
racy as compared to the state-of-the-art technique for bug
localization.

After running an A/B test on a popular e-commerce company in
an emerging marketplace, SOLAR achieved cost savings in the order
of 10 basis points of revenue.

2 RELATED WORKS

Loss localization can be thought of as a distant variant of Multiple
Instance Learning (MIL) [4, 6, 12, 22]. MIL is a weakly supervised
class of learning algorithms where the learner receives a set of
labeled bag of examples instead of individual samples. A bag is
labeled positive if there is at least one positive sample in the bag. If
all samples are from the negative class, the bag is labeled negative.
The connection is as follows - delivered shipments correspond to
negative bags in the MIL set-up. For a lost package, at least one
of the entities will be responsible, which is akin to a positive bag.
However, there is one fundamental difference between MIL and
our set-up: in MIL, the label of an example is unknown but fixed
whereas, the label of an entity is conditioned on the shipment i.e.
the same entity can be good for one shipment but may not be for
others. This poses a challenge, as the class labels of the samples are
noisy (or conditioned on contextual information) and requires new
algorithms to be developed.

There is some recent work [20, 27, 34, 38] on learning deep
representations of set structured data. In contrast to the traditional
approach of working with fixed dimensional data, the goal here
is to learn representations of a variable number of objects. The
representations are used to drive various tasks, like estimating
population statistics, anomaly detection, etc.

Attention mechanism [2] introduced first for the machine trans-
lation task generates conditional distribution over input entities.
This distribution is used to obtain a weighted representation of the
input. Attention mechanism is now a predominant concept in many
of the NLP [9], computer vision [32] and speech processing task [7].
It dynamically learns to pay attention to different part of input
based on its relevance to certain task such as classification [8, 14],
machine translation [39], summarization [33],0bject detection [40]
etc. We have used attention mechanism to obtain a likelihood of
entity responsible for loss in the system.

Semi-supervised Learning (SSL) methods are new, exciting much
more applicable to real world applications, as it utilises only a few
labeled training examples along with a large number of unlabeled
training examples. SSL approaches are applied when data holds
a certain assumptions [5], namely Smoothness assumption, Clus-
ter assumption and Manifold assumption. There are well known
SSL methods such as Proxy Label methods [1, 19, 28] which utilises
model trained on labelled instances to generate labels for unlabelled
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Figure 2: Figure showing the different steps and entities involved in delivery life-cycle. SoLAR model consumes information

from all these stages.

set based on certain heuristics, Generative Models [16, 23] which
learn to generate data from certain data distribution can learn to
features that can be transferred to another supervised task, Graphi-
cal Models [17, 36] where data points are considered as nodes of the
graph and information is propagated between nodes based on the
similarity of two nodes, and Consistency Regularization [18, 25, 30]
where a model is trained to obtain consistent output with an unla-
beled example and its perturbed version. We have extended SoLAr
model with consistency regularization technique to utilise majority
of unlabelled examples for the package loss localization task.
Another related line of work is the research on multi-touch
attribution for online advertising [26, 35]. The goal is to attribute
the ad revenue to different channels in proportion to their impact on
customer conversion. However, as the ground-truth attribution data
is never available, these techniques are unsupervised in nature and
can not be extended to semi-supervised setting for our use-case.

3 BACKGROUND

In Figure 2, we show the journey of an order from warehouse to
customer doorstep and back to warehouse, in case of a return. The
shipment can go missing at any of point of transit. The goal is to
localize the loss to entities who were in contact with the shipment.
Features related to these entities form the input to our model. Our
localization algorithm is oblivious to the semantic of the entities.
Depending on the intervention applied, one can use either coarse-
grained (e.g. replacing facilities and trucks by a single network
entity) or fine-grained entities without changing the underlying
algorithm.

Problem Definition Let & be the universe of entities. Each
shipment s defines a subset &g € & of entities (possibly of variable
length) who has been in contact with the shipment. Let ys € {0, 1}
be the target variable for the package. Let s = (75,; : x5,i € Es)
be a multinomial distribution over &; where 7 ; is the likelihood
of entity x ; being the reason for loss. The goal of package loss
localization is to infer the distribution mts given the set of entities Es,
and the shipment features As.

4 SOLAR MODEL

The objective of SOLAR has two main components (a) to be able to
predict the final output - whether the shipment will lead to loss
and (b) localization - identify the entity responsible for the loss.
The first objective is a simple binary classification problem, which
can be solved using a DNN, taking in all the features as input and
predict an output. To address the second objective, we introduce
attention weights to the model.

With attention mechanism, we train our deep learning model
such that it pays attention to relevant entities of all the entities
involved. We hypothesize that if we group features pertaining to an
entity and pass it through a self-attention layer, the obtained atten-
tion weights can give each entity, a likelihood of being responsible
for the output.

The SoLAR model comprises three layers of neural network -
input encoder, aggregator network and output layer. The encoder
layer maps high dimensional sparse feature vectors of entities to
dense low dimensional representations. The low dimensional rep-
resentations of a variable number of entities are combined by the
aggregator network to a fixed dimensional representation of the
input instance. This is picked by the output layer to predict the
target variable. Below we describe each of these layers in detail.
The architecture of the model is described in figure 3.

4.1 Input Encoder

For a given shipment s, let ¢5 . denote the feature vector corre-
sponding to each entity e € &;. These features could be ID of the
entity (e.g. station ID of delivery station) represented as a learnable
set of embedding parameters or contextual information about the
entity and the action it performed on the shipment e.g. time of
scan, percentage of lost shipments in contact with the entity in past
6 months etc. Note that the shipment feature vector A captures
shipment specific attributes (e.g. price, weight, category etc.). Each
feature vector ¢s, . undergoes an encoding of the following nature

Zs,e :fe(¢s,e @/15) (1)

Here O is the concatenation operation. The encoder function f; first
transforms the raw feature vectors through a batch normalization
step followed by a single fully-connected layer with tanh non-
linearity

¢/S,e = Batchnorm(¢s, ¢) (2)
$e.e = tanh(Wie).$5 o + be) 3)

Here Batchnorm(.) [13] is a normalization step that learns two
parameters (mean and standard deviation) and adjusts its input
through scale and shift. This helps in improving the speed of conver-
gence and stability during model training. W) and by, are entity-
specific weights primarily aimed at bringing the entity-specific
feature vectors from disparate feature spaces to a common repre-
sentation. Shipment features A; are combined to output the latent
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Figure 3: High Level Architecture of

SoLAR model. model.
representation z . in the following manner:
hse = (fy,e ©4s) @
hy., = dropout(hs,e) )
Zs,e = tanh(W.hy o + bp) (6)

Dropout [29] is a regularization technique that randomly sets a
subset of input features to zero during the forward pass and back
propagation. The latent representation zs . is fed into aggregation
layer to arrive at the final score.

4.2 Aggregator Network

Since we assume neither ordering nor dependency among entities,
it is desirable that the likelihood function should be permutation
invariant. Following the result of Zaheer et al [38], a permutation-
invariant likelihood can be written as,

Ps | €6 85,5 25) =h| D" f(ds.enhs) ()

ece&s

where f and h are functions implemented via Deep Neural Net-
works. Network f learns the encoding of the input features (refer
to Section 4.1) which are then combined by the aggregator function
h to learn an instance level representation.

In SoLAR we implement the aggregator function A(-) as a weighted
combination of entity representations {z(s ¢)le € &Es} where the
weights are learned via self-attention mechanism [21].

Let {75s,e | e € Es} be a set of attention weights. Then the
aggregation operation performed by this layer is given by

hs = Z Ts,e * Zs,e (8)

ee&s
The attention weights are calculated as
As,e = tanh(Wg - zs,¢) 9)
Bs.e = tanh(W,; - Zs,e) (10)
exp (wT “(as,e ® ﬁs,e))
T Seexp (W (@50 ® fr o)

(11)
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Figure 4: Ladder style architecture semi-supervised training of SorLARr

where W, W[; and w are learnable parameters and ® is the
element-wise multiplication operation. The attention weights help
us focus on entities that are highly predictive of the target variable
ys than others. Our interpretation is that for positive samples i.e.
ys = 1, high attention weights correspond to entities that are more
likely to be responsible for the package loss. As observed in our
experiments (section 6), entities prone to losing the package (e.g.
higher number of orders in past associated with package loss) tend
to get higher attention weights.

4.3 Output Layer

In the final stage, the instance level representation h learned is
passed through a stack of fully-connected layers with ReLU non-
linearity. Further, we use residual connections and batch normal-
ization for accelerated convergence of model training.

4.4 Semi-supervised Training of SoLAR

We have a modicum of ground-truth data-set on localization via
investigations carried out by ground team. The dataset is small
as it’s limited by the capacity of human investigators. In order to
make our model take advantage of the additional ground truth
data, we propose semi-supervised learning of SOLAR via the Lad-
der architecture [25]. This way, the attention weights measuring
loss localization, not only trains itself on input features but also
takes information from the ground data wherever available. Con-
sistency Regularization [3] is a recent line of work wherein the
model utilizes unlabeled examples to enforce cluster assumption,
i.e. the decision boundary should lie in the low-density region. We
favor functions that give consistent outputs on similar data points,
i.e. under the cluster assumption, a realistic perturbation to data
should not change the predictions significantly.

Ladder Encoders Ladder network [25] takes a feed forward
network and augments it with additional branches. Specifically,
there is a clean encoder, a corrupted encoder, and a decoder. An
input x passes through both the encoders, which are generally the
same feed forward network but with Gaussian noise injected at
each layer in the corrupted encoder after batch normalization. We
thus obtain two predictions, y from clean encoder and § from the
corrupted encoder.
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Ladder Decoder We use the representation ﬁs and z;, ¢ from the
corrupted encoder to reconstruct the clean input. A network similar
to Input Encoder is used with [ﬁs;Es,e] as input to obtain d;s,e as
representation of each entity, with same dimensionality as that
of ¢, . We use denoised version of the decoder as well, wherein
reconstructed activations of each layer in a FFNN or deeper network
are utilised in the loss term.

At each training iteration, the input is passed through both Lad-
der Encoder networks. In the corrupted encoder, Gaussian noise
is injected before the input encoding layer, producing two set of
outputs, a clean prediction [y, s, ¢] and a prediction based on cor-
rupted input [y, 75 ¢ ]. The output representation hy is then fed
into the decoder to reconstruct the clean input. The unsupervised
training loss Ly, is then computed as the sum of three losses - MSE
between the output y of the clean encoder and y, MSE between
7Ts,e and 7s, ¢, Reconstruction loss(MSE) between the clean encoder
input ¢s . and the reconstructed decoder predictions g{gs,e

A — 1 —
Ly = 2 Z llys - ys||2 +AZZ = Z H”s,e — Ts,e
IS| % 165 4

1
2 _—
i 32 1] ZS

Supervised loss Lg has two components: (1) cross-entropy loss
between clean encoder prediction y and ground truth prediction g,
(2) if localization ground truth 7 . is available then cross entropy
with attention weights from clean encoder 7, ¢

|2

2

¢s,e _Qgs,e (12)

A
Ly=-7g Zs][ys Inys +(1-§s)In(1 - ys)]

1 .
+Asz@ Z Fs,eIns e (13)
S

ee&s

Here A1 - - -, A5 are hyper-parameters for the SoLAR model. Fi-
nally, the total loss is computed as the sum of supervised and unsu-
pervised losses which is used to backpropagate the gradients and
learn model parameters.

L=Ls+Ly (14)

5 EXTENDING ENTITY LOCALIZATION TO
OTHER USE CASES: CODE BUG
LOCALIZATION

We employ Semi-Supervised Learning over Graph to localise bugs
in C/C++ programs using the Ladder Networks.

5.1 Problem Statement

Given a broken program x = (x1, ..., xz ) with L lines and compiler
feedback message f = (ierr, Merr), where ierr denotes the reported
line number, and me,, is a sequence of tokens constituting the error
message, we identify the index of the erroneous line k € 1, ..., L.
Refer to the example presented in Fig.1. Line number reported by
compiler feedback does not necessarily be identical to the actual
erroneous line, thus we need Error Localization.
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5.2 Ladder Networks for Bug localization

We adopt the architecture presented in [37] for localising and re-
pairing the bugs. We provide a Ladder Network based extension
on top of this model. We remove the error repair head from the
network and use the remaining network as encoder in our architec-
ture. Ladder networks use two encoders : one corrupted and one
clean , and a decoder. Both the encoders have the same architecture
as the localization model presented in [37]. Encoder consists of a
line level bi-LSTM layer [11] for initial encoding, a graph attention
layer [31] on program feedback graph (same construction as pre-
sented in [37]) constructed using tokens in lines and error message,
another bi-LSTM layer for recontenxtualisation after graph atten-
tion and a program level bi-LSTM to generate scores for each line
which is then used to predict line number using a MLP with softmax
activation. Encoder has separate bi-LSTMs at each layer to encode
code and compiler message. At each training iteration, the input x is
passed through both encoders. In the corrupted encoder, Gaussian
noise is injected at each layer after batch normalization, producing
two outputs, a clean prediction y and a prediction based on cor-
rupted activations 7. The output 3 is then fed into the decoder to
reconstruct the uncorrupted input and the clean hidden activations.
Ladder Decoder is a three layered network similar to the initial
three layers of Ladder encoders (bi-LSTM encoding, graph attention
and recontextualisation using another bi-LSTM), constructed to
model the inverse of Encoders. All the three components of the
architecture doesn’t share any weights. Figure 5 has more details
on the architecture.

Model Training At each training iteration, the input is passed
through both Ladder Encoder networks. In the corrupted encoder,
Gaussian noise is injected before LSTM layer (after Batch normalisa-
tion), producing two set of outputs, a clean prediction y € R and a
prediction based on corrupted input y € RE where L is the number
of lines in program . We also use the loss between clean encoder
input representation [x; me,,] and reconstructed decoder output
[x%;m2.,]. The unsupervised training loss L, is then computed
as the sum of two losses - MSE between the output y of the clean
encoder and y of corrupted encoder and the reconstruction error

L L M
1 _ 2
Lu= Alm{gkz gk = Ferll? + 22 3" > iy = x|
=1

i=1 j=1

M
+/13Z’
j=1

where |S| is the batch size, M is the maximum token in a line of
code or message, L is the maximum number of lines in the code.
Supervised loss Ly is the cross-entropy loss between clean encoder
prediction y and ground truth prediction 7 if localization ground
truth is available

2
b (15)

d
Merr = Mepy

K
1 .
Lyi=-—= Z Z Usk Inygx (16)
St
L=MLs+Ly (17)

Here A1, .., A4 are hyperparameters. Total loss is the weighted sum
of supervised and unsupervised losses.
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Figure 5: Ladder style architecture used for Bug localization

6 EXPERIMENTS

In this section, we present a convincing and thorough set of offline
and online experiments to quantitatively evaluate the performance
of our models and compare with incumbent techniques and other
baselines. We first present our findings on the shipment loss data-
set, followed by experiments on a public data-set on bug localization.
For shipment loss localization, we find the likelihood of the overall
loss and localize it between entities. For proprietary reasons, we
would call the entities in consideration, entity A and entity B.

6.1 Baselines

We use the following baseline algorithms to compare with our
proposed framework.

(1) Baseline 1: Here, we predict the likelihood of overall loss
using an XGBoost model. For localization, we come up with simple
risk features. We calculated all orders the entity was involved in a
defined time period (say 1 year). We find the number of orders the
entity was involved in which led to loss. The ratio of the 2 would
be used as a proxy for localization score.

(2) Attention Model without Semi-supervision: We lever-
age the model described in sections 4.1, 4.2, 4.3. This is also our
proposed final model in scenarios where there is no entity level
ground truth data.

(3) Ladder Networks: We leverage the model described in sec-
tions 4.4. This is our final proposed model in presence of entity
level ground truth data. We show results for ladder networks and
ladder networks with denoising.

6.2 Experimental Setup

We use Pytorch [24] library to train our SOLAR model on loss of
returned packages. Training was done on a single Nvidia V100 GPU.
Batch size was set to be 250. Learning rate was set to be 0.001. We
use ADAM [15] optimizer with parameters (betal: 0.9, beta2: 0.999,
epsilon: 1078). We used a weight decay of 0.95 for ADAM optimizer.
We trained the model for 10 epochs.

6.3 Dataset

We take a randomly sampled data of returned orders for this exper-
iment. Our training data and testing data has 2.5 million records
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each. Each row of the training data pertains to a returned order. For
each order, we had IDs and some related features of two entities
(anonymously referred to as ’Entity A’ and "Entity B’). Ground truth
data on entities wherever they were available, were obtained from
multiple investigations done on the entities in the past.

6.4 Results

We report increment in ROC-AUC and value recall at the top 2%
and 10% of predicting loss over baseline 1. Localization for loss is
limited to entities A and B. To measure the model performance of
localization, we report increment in ROC-AUC and recall at top 2%
and 10% of entity A and entity B risk score over baseline 1. We sum-
marize the results of our experiment in Table 1. In the table, “value
recall” refers to the recall of the total loss value. Entity results are
measured against the existing ground truth data for corresponding
entities. In all scenarios considered, our model achieves significant
improvement over baselines in terms of AUC and model recall at
the critical threshold. We can also observe that our Ladder Network
performs better than the semi-supervised network for both loss
localization and overall performance.

Table 1: Comparision of improvement in offline mertrics
over baseline 1. Absolute numbers not shown due to confi-
dentiality. A: Attention Model w/o Semi-supervision, B: Lad-
der Network, C: Ladder Network with denoising

Results A B C
Package Loss AUC +0.001 | +0.005 | +0.004
Package Loss top 2% value recall +1.75% | +5.53% | +4.72%
Package Loss top 10% value recall | +0.17% | +1.75% | +1.32%
entity A risk AUC +0.044 | +0.114 | +0.104
entity A risk top 2% recall +37.71% | +50.48% | +51.48%

entity A risk top 10%recall +0.67% | +12.19% | +13.00%
entity B risk AUC +0.009 | +0.044 | +0.021
entity B risk top 2% recall +0.80% | +3.98% | +3.78%
entity B risk top 10% recall +4.42% | +9.45% | +4.82%

Ladder Network variants use five loss terms mentioned in the
section 4.4. We measure the AUC drop compared to Ladder AUC
numbers when we remove certain loss terms while training the
model. We observe a 1.2% drop in package loss AUC, 4% drop in
entity A risk AUC and 1% drop is entity B risk AUC after removing
the unsupervised loss terms from the model training. When we
removed two MSE loss terms contributing to consistency regular-
ization, we observe a 0.2%, 6% and 1.8% drop in package loss, entity
A risk and entity B risk AUC, respectively. With third ablation, we
used only the cross entropy loss for package loss labels to train
the model and no other loss terms, this gave us a drop of 1.4%,
9.6% and 1.1% in package loss, entity A risk and entity B risk AUC,
respectively. As last ablation, we remove the cross entropy loss
and MSE loss terms for attention weights, thus ending with just
reconstruction loss, cross entropy for package loss and MSE for
package loss. Under this last setting, we obtained a drop of 0.4%,
10% and 4.3% drop in package loss, entity A risk and entity B risk
AUC, respectively. We conclude that contribution of each loss term
while training is evident from these results, as we obtain best offline
performance using all the fives loss terms together.
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6.5 Evaluating Localization Accuracy

We performed another experiment to test the efficacy of the entity
A localization score. We worked with teams which specialize in
conducting manual investigation for entity A by looking at its
past transactions and concluding whether there is any evidence to
establish that the loss can be attributed to it. In the process, the
model would run on each returned order and estimate the loss
propensity at order level and the loss localization score for the
entity A. We generate two samples of returned orders:

(1) Sample X: orders with high loss propensity
(2) Sample Y: orders with high loss propensity and having en-
tity A localization score above a certain threshold.

The samples are mixed and sent for assessment to investigators,
who does not know whether the current order under investigation
belongs to sample X or Y. Basis investigation, the entity for the
orders are flagged as responsible / not responsible for the loss. We
observed that percentage of entity A flagged as responsible for
loss in Sample Y is 44% more than those in Sample X. Note that
further details on the experiment set-up and outcome are withheld
due to confidentiality. The outcome suggests that incorporating So-
LAR predicted localization information leads to significantly higher
accuracy in a production set-up for running investigations.

6.6 Online Experiments for Shipment Loss
Localization

To test the efficacy of the framework, we conducted two A/B tests,
one for entity A and other for entity B. While the treatment group
was evaluated basis the SoLAR model, we use legacy techniques for
the control cohort. The SoLArR model is invoked whenever a return
order is generated in the treatment cohort. The model predicts
the likelihood of lost package using the overall model score and
localizes the loss to either entity A or entity B. Action to be taken
to prevent the loss depends on which entity got a high risk score.
Details of the process can be seen in Figure 6. The model is retrained
on the additional ground-truth data available post inspection and
investigation. A/B test results indicate incremental cost savings

Feature store Model store
Model
[————— Retraining
workflow

Decision Layer
Returned .
SOLAR —» consuming model score
packages e
and localization scores
| Loss localized to
l l Loss localized to Entity A Entity B

End of Returns Intervention for Intervention for

Workflow Entity A Entity B

If re-training required

Figure 6: Shipment loss localization system leveraging pre-
dictions from SoLAR.

of the order of 10 basis points of revenue. The model has been
deployed in production and is invoked on all return shipments for
an emerging marketplace.
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Figure 7: Multiple rounds of training with entropy based se-
lection used at each training round.

6.7 Results for Bug Localization

In this section, we report the results on bug localization. This task
differs from the lost package localization in a way that we don’t
have detection task. It is already known that the given code has
an error (already detected to be erroneous) and the bug needs to
be localised to a particular line of code. We perform two major
experiments to establish the utility of our model:

e Experiment 1 - Performance over baseline : This ex-
periment on Deepfix data [10] focus on establishing that
ladder networks provide performance gain over the existing
model for localization(baseline1) in [37]. Baselinel is a super-
vised model trained using just the labelled examples. Ladder
Network, on the other hand, uses unlabelled examples as
well. With very small number of labelled examples, baseline1
outperforms ladder network, which is intuitive as Ladder
predictions get perturbed due to unsupervised losses which
are absent in loss function of baselinel.

e Experiment 2 - Entropy Based Selection with multiple
training rounds : Our initial experiments on Bug localiza-
tion proved that adding unlabelled examples randomly to the
training data does not yield desired improvements over the
model trained just with labelled examples. To expedite this,
we employ an entropy based selection process that selects
the unlabelled examples to use in the next round of model
training. As depicted in 7, each successive round of model
training include the same number of labelled examples but
an incremental number of unlabelled examples. In each train-
ing round, we train a new model without considering the
model from previous training round. Entropies are calculated
for each batch on the basis of previous model training round
and a specific number of batches with minimum entropy
are shortlisted for next round of training. Entropy is defined
as —pilogp;, where p; is the predicted probability from the
model for example i.

6.7.1 Dataset. We leverage the DeepFix dataset and Codeforce
data which contains programming codes in C language that con-
tained 34715 and 37466 programs respectively with an average
program length of 25 lines. While few programs were working cor-
rectly, some were broken (do not compile). The broken programs
are called raw test sets and may contain multiple errors. It was
constructed originally for the task to repair them into ones that
compile (full repair; evaluation metric is full repair rate). Our goal
is to localise the line of error, rather than the correction. In the
paper [37], authors have generated 50 corrupted versions of each
program by the DrPerturb module. All the examples have ground
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Figure 8: Accuracy improvement with entropy based selection for various configurations.

truth labels, we perform random sampling and select few exam-
ples to simulate the semi-supervised setting. The Dev set we use is
standard from this paper, consisting of 2000 examples.

6.7.2  Testbed and Methodology. We observe that weights assigned
to individual loss terms while training plays vital role. Models per-
formed poorly if higher weights are assigned to unsupervised loss
terms at the start of training. We experimented with some meth-
ods to address the problem of using variable weights throughout
the training process. The maximum value for the unsupervised
loss component was set to Wy, gxM/N where wp,x is fixed in the
first method and set variable in the second one. M is the number
of labeled training data and N is the total training data (labelled
+ unlabeled). We devised two strategies : Pretraining and weight
ramp up function. With a pretraining strategy, we use just labeled
examples at the start of training till certain number of epochs and
then introduce unlabeled examples into training. This made model
training in the initial epochs much more stable. As second strategy,
we experimented with using a weight ramp up function to gradually
increase the contribution of unsupervised loss terms and finally
capping it to a certain value [18]. We did this using a Gaussian
ramp-up curve exp[—5(1 — T)?] where T is the training step.

We use Pytorch [24] library to extend implementation by [37]
with our models. We use the optimal hyperparameters used in the
paper for experimentation, with batch size of 25 and 50. Experi-
ments were run on a single Nvidia V100 GPU using Adam Optimiser
and initial learning rate of 0.0001. Hidden dimensions for LSTM
layer, graph layer and output layer is set same as [37].

6.7.3 Results. We report localization accuracy as the evaluation
metric for predicting the line number of the bug in a software pro-
gram. We count a success for a test program if we correctly predict
any one of the line of error in the program. As shown in Table 2,
our semi-supervised localization achieves 44bps of lift in accuracy
over state-of-the-art supervised techniques.We used 1870750 exam-
ples from Deepfix dataset for this experiment, which were 37415
programs with 50 corrupted versions of each. We establish that our
model is winner in Experiment 1. For Experiment 2, we selected 100,
500 and 1000 supervised batches (batchsize=25) and incrementally
built models with entropy based selection of unlabeled examples.
We use 1000, 5000, 10000, 15000 and 20000 chosen incrementally
in each model training round. We experimented with both the loss
weighting methods mentioned in 6.7.2. Our baseline varies for each
configuration of labeled examples. For each experiment, we begin

Table 2: Comparison of baseline model with Ladder Net-
works with varying number of labeled examples.

Percentage Dev Accon Dev Accon Ladder .
i . Lift

Supervision Baseline Networks

100 96.85 97.5 0.65

10 96.30 96.35 0.05

1 91.65 92.60 0.95

0.1 84.95 85.05 0.1

with a different number of labeled examples. Each baseline model
is trained only on the specified number of labeled examples. In 8,
we observe a continuous increase in lift with the first weighting
method (involving pretraining) and some irregular behaviour with
the second , when the number of unlabeled examples increases.
Moreover, with second method, as the number of labelled example
increases, the degradation in lift is slower. In case of 1000 labelled
examples we get a positive lift on all the operating points.

7 CONCLUSION AND FUTURE WORK

The ability to accurately pinpoint the location of package loss is a
fundamental requirement of many loss prevention initiatives across
e-commerce companies. In this paper, we have presented a) semi-
supervised localization algorithm and b) Ladder Networks. We also
showcased that our modeling approach could be generalized for
any fault localization algorithm by demonstrating results on Bug
Localization. Through experiments and implementation details,
we show that our model outperforms baselines by a significant
margin across different loss buckets. Same framework has showed
inspiring results on localizing the erroneous line in the code with
the ladder-augmented semi supervised model. As a next step, work
is presently ongoing for extending our algorithm to more complex
network types or graphs. We believe this approach might give us
improvement in tasks where such a complex structure exists.
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