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LEARNING TO REPRESENT AND APPLY EDITS

• Edits are ubiquitous in both source code and natural language

NEURAL EDITORS
Graph-to-Tree Neural Editors
Motivation the data to edit (e.g., source code) usually has strong underlying structure. 
How to utilize the structural information to better predict the edited input?

• Source and target data (code) is represented as structured Abstract Syntax Trees
• Source data is encoded using Grated Graph Neural Networks (Allamanis et al., 2018)

EXPERIMENTS
Quality of Edit Representations – Edit Retrieval Task
• Given a seed edit representation, retrieve its N-nearest neighboring edits
• Manually annotate the relevance (with a scale of 3) of retrieved edits

Precision of Neural Editors
• Given a learned edit encoding                         , apply the edit to a similar 

input to generate the edited input

Clustering Edits on GitHub Commits and Wikipedia Edit History

NEURAL EDITORS

• Given input , and edit representation , a neural
editor applies the edit to and generates the updated input

Sequence-to-Sequence Neural Editors
• Seq2Seq Editors encode the input data as a sequence of tokens
• A recurrent neural network decodes the target using the

encoded input and the edit representation

Research Questions

Edit Representation How to learn edits from examples?

Neural Editor How to apply an edit to a new input?
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Contributions

Formalize the problem of data-driven learning of edits

Present neural models that learn to represent and apply edits

Release a large-scale dataset of code edits for future research

EDIT REPRESENTATIONS
Sequential Encoding of Edits
• Use diffing algorithm to compute alignments of tokens in source and target.
• Use bidirectional LSTMs to encode the alignment information
Graph Encoding of Edits
• Add extra alignment edges between source and target trees to form a graph
• Encode the graph which captures the editorial transformation from source to target 

using gated graph neural networks

Sequential Edit Encoder Graph Edit Encoder

Replace Delete

GITHUBEDITS CODE EDIT DATASET
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Evaluation Systems trained on the noisy
GITHUBEDITS dataset, and tested on 2.8K
edit pairs with known, labeled edit
categories (16 in total). Some examples:

Before x != null && x.StartsWith(“a”)
After x?.StartsWith(“a”)

Category Use conditional Access

Before i = i + 2
After i += 2

Category Use --/++ operator

Desc. Seitch from Assert.Equal to
Assert.Empty

Before Assert.Equal(0, 
V0.ProjectIds.Count)

After Assert.Empty(V0.ProjectIds)

Before Assert.Equal(0, 
V0.ProjectReferences.Count())

After Assert.Empty(
V0.ProjectReferences)

Before Assert.Equal(0, 
V0.Messages.Count)

After Assert.Empty(V0.Messages)

Desc. Optimize LINQ Queries
Before V1.Customers.Where(V2 => V2.CustomerID 

== LITERAL).FirstOrDefault()
After var V0 = V1.Customers.FirstOrDefault(V2 

=>V2.CustomerID == LITERAL)

Before this.V1.Where(V2 => 
V2.CanDeserialize(V3)).FirstOrDefault()

After this.V1.FirstOrDefault(V2 => 
V2.CanDeserialize(V3))

Before V1.TypeConverters.Where(V2 => 
V2.CanConvertTo(V3,V1)).FirstOrDefault()

After V1.TypeConverters.FirstOrDefault(V2 => 
V2.CanConvertTo(V3, V1))

Desc. Add a parenthetical expression also ... as
mid-state regional airport, +also known as mid-state 
airport,+ is a small airport on in rush township…
islamic culture, +also known as saracenic culture,+ is 
a term primarily used in secular academia…
birds of prey, +also known as raptors,+ are birds that 
hunt for food primarily via flight…

Desc. Add a Person’s Middle Name
isaiah +marcus+ rankin ( born 22 may 1978 in london ) 
is an english professional footballer
audrey +Kathleen+ brown ( born 24 may , 1913 ) is a 
british athlete who competed mainly in the 100 metres .
monique +edith+ lamoureux ( born july 3 , 1989 ) is an 
american ice hockey player .

Sampled edit clusters from GITHUBEDITS

Sampled edit clusters (+insertion+ edits) from WIKIATOMICEDITS dataset

• The clustering results indicate that the learned encoding of edits is 
sensitive to both the context and position of the edits

• 110K pairs of C# code edits collected from GitHub commit histories
• Each edit involves at most three consecutive lines of code
• Shipped with parsed Abstract Syntax Trees for each sample
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EXAMINING	AND	COMBATING	SPURIOUS	FEATURES	UNDER	DISTRIBUTION	SHIFT	

Chunting Zhou1, Xuezhe Ma2, Paul Michel1, Graham Neubig1

BACKGROUND

1Language Technologies Institute, Carnegie Mellon University
2Information Sciences Institute, University of Southern California

PERFECT V.S. IMPERFECT PARTITIONS

Group DRO can fail under imperfect partitions:

Imperfect Partitions: (1) manually designed 
adversarial portions (2) supervised classifier (3) 
unsupervised clustering

HOW AND WHY DOES GC-DRO WORK?

• Under the clean partition, all the baseline methods 
outperform ERM greatly on the robust accuracy.

How does GC-DRO perform?

1. Group Distributionally Robust Optimization can fail when groups do not 
directly account for various spurious correlations that occur in the data 
(imperfect partition).

2. We propose an effective method — group-conditional DRO that minimizes 
the worst-case losses over a more flexible set of distributions that are defined 
on the joint distribution of groups and instances, instead of treating each group 
as a whole at optimization time.

Abstract

MOTIVATION AND APPROACH: GROUP-CONDITIONAL DISTRIBUTIONALLY ROBUST OPTIMIZATION

https://github.com/violet-zct/group-conditional-DRO
Code available at:

Group Distributionally Robust Optimization (group DRO)

LGDRO(✓) = sup
q2U

X
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Group DRO minimizes the worst expected loss over a set of 
potential test distributions     , which is an instance of DRO.Q
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MultiNLI (Williams et al., 18)

                                     Problem: Poor worst-group performance

Models trained with empirical risk minimization (ERM) can latch on to spurious 
correlations in the training data and perform poorly on some groups.

Toxicity Detection (Fortuna & Nunes., 18)

CelebA (Liu et al., 15)

Twitter: “trump and his supporters can all burn in the pits of fucking hell.”

Label: abusive / normal / hateful / span
Attribute (dialect): White-aligned / Hispanic / African American (AAE) / other

avg acc: 79.7   normal, AAE: 34.3

(P) Turned out, I wasn't completely wrong.
(H) I was 100 percent wrong.
Attribute: if negation word in Hypothesis 
Label: entailment / negation / neutral
Minority group: no negation word, negation

a: female

y: blond

a: male

y: black

Examples of imperfect partitions: natural groups from topics/domains; 
groups from unsupervised clustering

Imperfect partitions are common: (1) annotation is expensive (2) privacy 
concerns: sensitive attributes (3) spurious attributes are unknown

P̂train(X,Y )
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Pideal(X,Y )
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versus

Background is a spurious attribute.

A
<latexit sha1_base64="5yvcY3wy44+X4ZQwlZmNZA2cVtw=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdVNy4r2AdMh5JJM21oJhmSjFCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTDjTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkqQttEcql6IdaUM0HbhhlOe4miOA457YaTu9zvPlGlmRSPZprQIMYjwSJGsLGS34+xGRPMs5vZoFpz6+4caJV4BalBgdag+tUfSpLGVBjCsda+5yYmyLAyjHA6q/RTTRNMJnhEfUsFjqkOsnnkGTqzyhBFUtknDJqrvzcyHGs9jUM7mUfUy14u/uf5qYmug4yJJDVUkMVHUcqRkSi/Hw2ZosTwqSWYKGazIjLGChNjW6rYErzlk1dJp1H3LuqNh8ta87aoowwncArn4MEVNOEeWtAGAhKe4RXeHOO8OO/Ox2K05BQ7x/AHzucPcZyRWw==</latexit>

P̂train(X,Y )
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Pideal(X,Y )
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Background is not a spurious attribute!
p(Y |a)
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is uniform distribution.

Group-conditional DRO (GC-DRO)
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• GC-DRO defines a more flexible uncertainty set over the joint 
distribution of (x, y, g):

• Efficient online greedy optimization: interleave the updates of             
model parameters     and    . ✓
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- Defining    that contains      is highly advantageous for 
learning robust features.

Q
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Robust Acc: the worst accuracy across all groups 
(clean partitions of the test set)

• It’s important to have a worst-case distribution q over the groups 
such that the spurious attribute no longer correlates with the 
labels.

• However, with imperfect partitions, the underlying conflicts 
prevent group DRO from formulating a worse-case distribution 
that can eliminate spurious correlations, i.e.                      . Pideal /2 Q
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Examples: G1 — bg = desert; G2 — bg = green pastures
To prevent the model from learning spurious correlations between 
camel and desert, one would upweight G2; however, this exacerbates 
spurious correlations between green pastures and cows in G2.

• Under the imperfect partition, baseline methods 
(resampling, group DRO) that leverage group 
information fail to perform well on the worst 
accuracy; GC-DRO still performs remarkably well 
due to the flexible weighting scheme.

Why does GC-DRO work? —— A study on MNLI

• Group DRO equally weighs examples in the same group of the imperfect 
partitions and  pays less attention to minority groups.

• GC-DRO can handle sub-groups inside each group in a fine-grained way, which 
encourages the model to learn from minority groups that help combat 
spurious features.

Groups in the imperfect partitions corresponds to cells in the same color in 
the left figure. 

https://github.com/violet-zct/group-conditional-DRO

