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Abstract

Modern virtual assistants are powered by task-
oriented dialogue systems with internal seman-
tic parsing engines. In global markets such
as India and Latin America, mixed language
input from bilingual users is prevalent. Prior
work has shown that multilingual transformer-
based models exhibit worse multilingual trans-
fer for semantic parsing than for other bench-
mark tasks. In this work, we improve zero-shot
multilingual semantic parsing without harming
supervised performance. First, we show that
pretraining alignment objectives improve mul-
tilingual transfer while also reducing negative
transfer to English. We then introduce a con-
strained optimization method to improve align-
ment using domain adversarial training. Our
Doubly Aligned Multilingual Parser (DAMP)
improves mBERT transfer performance by 3x,
6x, and 81x on the Spanish-English Task Ori-
ented Parsing, Hindi-English Task Oriented
Parsing and Multilingual Task Oriented Pars-
ing benchmarks respectively, and outperforms
XLM-R and mT5-Large while using 3.2x fewer
parameters.

1 Introduction

Task-oriented dialogue systems are the backbone
of virtual assistants, one of the most direct and
pervasive interactions between users and Natural
Language Processing (NLP) technology. Semantic
parsing converts unstructured text to structured rep-
resentations grounded in task actions. Due to the
conversational nature of the interaction between
users and task-oriented dialogue systems, variation
in speaker vocabulary, syntax, and register is es-
pecially pervasive. Such variation is an essential
challenge for the inclusiveness and reach of virtual
assistants which aim to serve a global and diverse
userbase (Liu et al., 2021).

In this work, we are motivated by a common
form of variation for bilingual speakers (Dogru6z
et al., 2021): codeswitching. Codeswitching oc-
curs in two forms which both affect task-oriented

dialogue. Inter-sentential codeswitching appears
through multilingual requests made by the same
user during a dialogue:

Play all rap music on my
Toca toda la musica rap en mi

Intra-sentential codeswitching appears through
the user makes a single query using multiple lan-
guages:

Play toda la rap music en mi

Both forms are used by bilingual speakers (Dey
and Fung, 2014) and undermine the reliability of
location, primary language preference, and even
language identification as a mechanism to route re-
quests to an appropriate monolingual system (Bar-
man et al., 2014). While zero-shot multilingual
transfer is often used to reduce annotation costs,
codeswitching makes it a key robustness feature.

However, zero-shot structured prediction and
parsing is still a challenge for state-of-the-art mul-
tilingual models (Ruder et al., 2021), highlighting
the need for improved methods beyond scale to
achieve this goal. Fortunately, as a fundamental
property of the task, these linguistically diverse
inputs are grounded in a shared semantic output
space. Each of the above outputs corresponds to:

[play_music:[genre:rap] ]

The grounded nature of semantic parsing makes
cross-lingual alignment natural for the task.

Figure 1 shows our successful pursuit of double
alignment using both contrastive alignment pre-
training and a novel constrained adversarial fine-
tuning method. Our Doubly Aligned Multilingual
Parser (DAMP) achieves strong zero-shot perfor-
mance on both multilingual (inter-sentential) and
intra-sentential codeswitched data, making it a ro-
bust model for bilingual users without harming
English performance. We contribute the following:
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Figure 1: Language identification probe accuracy and visualizations of the embeddings from a multilingual
transformer without alignment (mBERT), pretraining alignment alone (AMBER), and our proposed alignment
regime of both contrastive pretraining and constrained adversarial finetuning (DAMP).

1. Alignment Pretraining Effectiveness: We
first show multilingual BERT (mBERT) is in-
effective for both categories of codeswitched
data. We demonstrate that contrastive align-
ment pretraining with sentence-aligned mono-
lingual data improves English, multilingual,
and intra-sentential codeswitched semantic
parsing performance.

2. Constrained Adversarial Alignment: We
propose utilizing domain adversarial training
to further improve alignment and transferabil-
ity without labeled or aligned data. We intro-
duce a novel constrained optimization method
and demonstrate that it improves over prior
domain adversarial training algorithms (Sher-
borne and Lapata, 2022) and regularization
baselines (Li et al., 2018; Wu and Dredze,
2019) without hyperparameter tuning.

3. Interpreting Alignment Improvements:
Through qualitative analysis, we find the im-
proved parsing ability of DAMP is driven by a
6x improvement in prediction accuracy of the
initial intent. We then provide evidence that
our improvements are associated with measur-
able improvements in alignment. In Figure
1, we show improved alignment through em-
bedding visualizations and a post-hoc linear
probe on language prediction.

2 Related Work

Multilingual Language Model Alignment Mas-
sively multilingual transformers (MMTs) (Pires

et al., 2019; Conneau et al., 2020a; Liu et al., 2020;
Xue et al., 2021) have become the de-facto basis
for multilingual NLP and are effective at intra-
sentential codeswitching as well (Winata et al.,
2021). These models appear to be effective at trans-
fer as they implicitly perform alignment within rep-
resentations of hidden states at later layers (Artetxe
et al., 2020; Conneau et al., 2020b). Previously,
many works have studied explicit objectives and
training regimes to achieve stronger alignment, as
representation alignment is an intuitively desirable
property of transferable systems (Joulin et al., 2018;
Artetxe et al., 2018; Artetxe and Schwenk, 2019).

Such models are remarkably robust for multi-
lingual and intra-sentential codeswitching bench-
marks (Aguilar et al., 2020; Hu et al., 2020; Ruder
et al., 2021). However, the gap between per-
formance on the training language and zero-shot
targets is larger in task-oriented parsing bench-
marks (Li et al., 2021; Agarwal et al.; Einolghozati
et al., 2021), indicating weaker cross-lingual trans-
fer efficiency likely caused by the language-specific
structural knowledge needed for parsing.

Our work applies the pretraining regime from
Hu et al. (2021), incorporating multiple explicit
alignment objectives alongside traditional MMT
pretraining. We show that this technique is effec-
tive both for semantic parsing, a new task, and
intra-sentential codeswitching, a new linguistic do-
main.

Domain Adversarial Training The concept of
using an adversary to regularize learning of unde-



sirable features has been discovered and applied
separately in transfer learning (Ganin et al., 2016),
privacy preservation (Mirjalili et al., 2020), and
algorithmic fairness (Zhang et al., 2018a). When
applying this technique to transfer learning, Ganin
et al. (2016) term this domain adversarial training.
Due to its effectiveness in domain transfer learn-
ing, a variety of works have studied applications of
domain adversarial learning to cross-lingual trans-
fer (Guzman-Nateras et al., 2022; Lange et al.,
2020; Joty et al., 2017). Most relevant, Sherborne
and Lapata (2022) combines a multi-class language
discriminator with translation loss to improve cross-
lingual transfer.

We make the following 3 contributions to this
space. Firstly, we show that token-level adversarial
discrimination improves transfer to intra-sentential
codeswitching without data of that form. Secondly,
we show that binary discrimination is more effec-
tive than multi-class discrimination and provide
intuitive reasoning for this surprising phenomenon.
Finally, we remove the challenge of zero-shot hy-
perparameter search with a novel constrained opti-
mization technique that can be configured a priori
based on our alignment goals.

Preventing Multilingual Forgetting Beyond ad-
versarial techniques, prior work has used regular-
ization to maintain multilingual knowledge learned
only during pretraining. Li et al. (2018) shows that
penalizing distance from a pretrained model is a
simple and effective technique to improve trans-
fer. Using a much stronger inductive bias, Wu and
Dredze (2019) freezes early layers of multilingual
models to preserve multilingual knowledge. This
leaves later layers unconstrained for task specific
data. We are the first to compare such regulariza-
tion to adversarial techniques and show that DAMP
also improves over these techniques.

3 Methods

We utilize two separate stages of alignment to
improve zero-shot transfer in DAMP. During pre-
training, we propose to use contrastive learning to
improve alignment amongst pretrained representa-
tions. During finetuning, we add double alignment
through domain adversarial training using a binary
language discriminator and a constrained optimiza-
tion approach. We apply these improvements to the
encoder of a pointer-generator network that copies
and generates tags to produce a parse.

3.1 Baseline Architecture

Following Rongali et al. (2020), we use a
pointer-generator network to generate semantic
parses. We tokenize words [wo,w; ..., W]
from the labeling scheme into sub-words
(50,05 - - - » Sm,wos S0,w1» Sn,wn,] and retrieve hid-
den states [hg g, .-, Dy wes Dow, - - B,
from our encoder. We use the hidden state of the
first subword for each word to produce word-level
hidden states:

[hO,wm hO,w1 e 7h0,wm] (1)

Using 1 as a prefix, we use a randomly initialized
auto-regressive decoder to produce representations
[do,d; ...,d¢]. Ateach action-step a, we produce
a generation logit vector using a perceptron to pre-
dict over the vocabulary of intents and slot types
g, and a copy logit vector for the arguments from
the original query c, using similarity with Eq. 1:

g, = MLP(d,) )
co=[d o, di o, . dihow ] (3)

Finally, we produce a probability distribution p®
across both generation and copying by applying
the softmax to the concatenation of our logits and
optimize the negative log-likelihood of the correct
prediction a’:

P* = 0([8a; €a]) “)
Ls = —log(py) ©)

3.2 Alignment Pretraining

We evaluate the contrastive pretraining process
AMBER introduced by Hu et al. (2021) for se-
mantic parsing. AMBER combines 3 explicit align-
ment objectives: translation language modeling,
sentence alignment, and word alignment using at-
tention symmetry. We hypothesize that this pro-
cess of improving alignment in mBERT will be
especially effective for semantic parsing due to the
semantically aligned nature of the task and the im-
portance of alignment for our randomly initialized
decoder to perform on unseen languages.
Translation language modeling was originally
proposed by Conneau and Lample (2019). This
technique is a traditional masked language model-
ing task, but uses parallel sentences as input and
masking tokens in each language. Since masked
words can be unmasked in the parallel sentences,



this encourages the model to align word and phrase
level representations so that they can be used inter-
changeably across languages.

Sentence alignment (Conneau et al., 2018) di-
rectly optimizes the similarity of representations
across languages using a siamese network training
process. Given a batch of English sentences and
their translations, the model is trained to predict
the correct translation for a mention with respect
to in-batch negative translations. For pooled repre-
sentation e; of each English sentence with a batch
of possible translations B including true transla-
tion #/, the loss is computed by producing a logit
vector using the inner product, normalizing using
the softmax function, and computing negative log-
likelihood:

L(e;,t',N)s, = log i (6)
ZtiEB e’:rtl

Finally, AMBER uses a loss function from Cohn
et al. (2016) which encourages word level align-
ment by optimizing the symmetry of attention
across languages. For attention head h € H, a
sentence in language .S, and its translation in lan-
guage T', we compute an attention matrix Ag 7 €
RM>*N from S to the translation and the attention
matrix of the translation to S. A% o € RV*M,
The loss is then computed as the average trace sim-
ilarity between these matrices for all heads H:

L(S,T) _1—HZ

3.3 Adversarial Alignment

min(M, N)

We build on the domain adversarial training process
of Ganin et al. (2016). First, we use a token-level
language discriminator to get aligned representa-
tions at the word level. Unlike prior work, we
propose and justify a binary scheme that classifies
tokens as English or Non-English rather than the
standard multi-class language discriminator. Fi-
nally, we introduce a general constrained optimiza-
tion approach for domain adversarial training and
apply it to cross-lingual alignment.

Token-Level Discriminator Similar to Ganin
et al. (2016), we train a discriminator to distinguish
between in-domain training data and unlabeled out-
of-domain data. Our method assumes access to
labeled training queries in one language, in this
case English, and unlabeled multilingual queries
which target the same intents and slots. Data from
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Figure 2: An overview of the adversarial alignment
procedure. An adversarial model distinguishes English
and Non-English examples with L;. With Ly > eas a
constraint, the generator optimizes the Lagrangian dual.

each language is shuffled together with even sam-
pling to create a dataset with equal amounts of each
language.

We use a multilayer perceptron to predict the
probability p = P(E|hg ., ) that a token with true
label y is English or Non-English given hidden
representations from Eq. 1. Our discriminator loss
is traditional binary cross-entropy loss:

Lq= —(ylog(p) + (1 —y)log(1 —p)) (8)

This varies from prior work using domain adver-
sarial training for multilingual robustness (Lange
et al., 2020; Sherborne and Lapata, 2022) which
performs multi-class classification across all lan-
guages and uses the negative log-likelihood of the
correct class as the loss function. While this loss
function is intuitively correct for the discriminator,
it allows the generator to optimize towards maxima
which do not benefit multilingual transfer.

First, suppose we have labeled data in English
and unlabeled data in Spanish and French. The goal
of the multi-class adversary is to predict English,
Spanish, or French for each token while the encoder
is to minimize the ability of the adversary to recover
the correct language.

Even before adversarial training, the adversary is
likely to struggle with tokens that are already well
aligned across languages. For example, "dormir"
in the Spanish sentence "recuérdame ir a dormir
temprano (remind me to go to sleep early)" will
be well aligned between French and Spanish since
"dormir" translates to "to sleep” in both languages.
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Figure 3: The top plot shows the learned schedule for
the weight A. The bottom plot shows the adversarial loss
which converges to our constraint using this A schedule.

This means the encoder can simply maintain align-
ment for the token "dormir" across French and
Spanish, making it impossible for the adversary
to recover the correct language. Doing so maxi-
mizes the multi-class adversarial loss but does not
improve alignment between "dormir" and the En-
glish "to sleep” in our labeled data. In this extreme
example, we highlight that multi-class alignment
can be maximized without improving transferabil-
ity from English at all.

Using a binary classifier removes such in-
optimal solutions. Since each token is classified
purely as English or Non-English, all tokens are
aligned to an English equivalent. This prevents
alignment between other non-English languages
from leading to poor alignment with English.

Constrained Optimization Traditionally, do-
main adversarial training uses a gradient reversal
layer (Ganin et al., 2016) to allow the generator to
maximize adversary loss L, weighted by hyperpa-
rameter A while minimizing task loss L. For the
generator, this is effectively equivalent to optimiz-
ing a linear combination of the terms:

L=Ls— )AL, )

However, selecting a schedule for A presents a
challenge in the zero-shot setting. Since the reverse
validation procedure used to select the A\ schedule
by Ganin et al. (2016) assumes only one target do-
main, multilingual works such as Sherborne and
Lapata (2022) opt to simply perform a linear search
using the in-domain development set s. While sim-
ple, this approach ignores transfer performance
entirely when weighing adversary loss. To address
this, we propose a novel method of weighing ad-
versarial loss using constrained optimization.

If our token representations are exactly aligned
across languages, they are indistinguishable by any
classifier. A well-suited adversary in this case will
predict English and Non-English with P = 0.5
since it cannot perform better than chance. Such a
model receives a loss of 0.3 for all inputs. Achiev-
ing a larger adversary loss is impossible in equi-
librium since the adversary can decrease loss by
predicting P = 0.5 regardless of the ground truth
labels.

This reasoning provides a clear constraint on
our desired adversarial loss. In alignment, the Ly
should be no less than 0.3, which we call €. We op-
timize the task loss L, according to this constraint
using back-propagation alone with the differential
method of multipliers (Platt and Barr, 1987). The
differential method of multipliers first relaxes the
constrained problem to its Lagrangian dual:

L= Lo+ e — Lg) (10)

A is treated as a learnable parameter and opti-
mized by stochastic gradient descent to maximize
the value of A\(e — Ly). In plain terms, this causes
the value of X to increase when ¢ > L4 and de-
crease when € < L,. This learns a schedule for A
which weights the adversarial penalty according to
its performance. We show the learned schedule of
lambda in Figure 3 and demonstrate it causes the
adversary loss term to converge to our constraint
e=0.3.

4 Experiments

We evaluate the effects of our techniques on three
benchmarks for task-oriented semantic parsing
with hierarchical parse structures. Two of these
datasets evaluate robustness to intra-sentential
codeswitching (Einolghozati et al., 2021; Agarwal
et al.) and the third uses multilingual data to evalu-
ate robustness to inter-sentential codeswitching (Li
et al., 2021). Examples are divided as originally



released into training, evaluation, and test data at
aratio of 70/10/20. We consider the limitations of
these experiments in Appendix A.

4.1 Datasets

Multilingual Task Oriented Parsing (MTOP)
Li et al. (2021) introduced this benchmark to
evaluate multilingual transfer for a difficult com-
positional parse structure. The benchmark con-
tains queries in English, French, Spanish, German,
Hindi, and Thai. Zero-shot performance on this
benchmark to evaluates inter-sentential codeswitch-
ing robustness. Each language has approximately
15,000 total queries which cover 11 domains with
117 intents and 78 slot types.

Hindi-English Task Oriented Parsing (CST5)
Agarwal et al. construct a benchmark of Hindi-
English intra-sentential codeswitching data using
the same label space as the second version of the
English Task Oriented Parsing benchmark (Chen
et al., 2020). As part of preprocessing, we use
Zhang et al. (2018b) to identify and transliterate
Romanized Hindi tokens to Devanagari. There are
125,000 in English and 10,896 queries in Hindi-
English which cover 8 domains with 75 Intents and
69 Slot Types.

Codeswitching Task Oriented Parsing (CSTOP)
Einolghozati et al. (2021) is a benchmark of
Spanish-English codeswitching data. While the
dataset was released with a corresponding En-
glish dataset in the same label space, that data
is now unavailable. Therefore, we construct an
artificial dataset in the same label space using
Google Translate on each segment of the structured
Spanish-English training data. While the resulting
English data is noisy, it provides an estimate of
zero-shot transfer from English to Spanish-English
codeswitching. The resulting dataset has 5,803
queries in both English and Spanish-English which
cover 2 domains with 19 Intents and 10 Slot Types.

4.2 Results

For all benchmarks, we use the respective English
data for training and development sets for early
stopping. We report Exact Match (EM) accuracy
on the English test split and zero-shot results on
all other test splits. In all tables, bold results using
are marked as significant (p = 0.05) using the
bootstrap confidence interval for one run | (Dror
et al., 2018).

We use the same hyperparameter configurations
for all settings. The encoder uses the mBERT ar-
chitecture (Pires et al., 2019). The decoder is a
randomly initialized 4-layer, 8-head vanilla trans-
former for comparison with the 4-layer decoder
structure used in Li et al. (2021). We use AdamW
and optimize for 1.2 million training steps using a
learning rate of 2e—5, batch size of 16, and decay
the learning rate to O throughout of training. We
train on a Cloud TPU v3 Pod for approximately 4
hours for each dataset. For all adversarial experi-
ments, we use the unlabeled queries from MTOP
as training data for our discriminator and select a
loss constraint € of 0.3 as justified in 3.3.

MTOP In Table 1, we report the results of our
architecture with mBERT, AMBER, and DAMP
compared to existing baselines from prior work:
XLM-R with a pointer-generator network (Li et al.,
2021) and a finetuned MT5 (Nicosia et al., 2021).

Despite being a strong baseline for other
tasks (Wu and Dredze, 2019; Aguilar et al., 2020;
Liang et al., 2020; Hu et al., 2020; Ruder et al.,
2021), mBERT alone is ineffective at cross-lingual
transfer for compositional semantic parsing achiev-
ing an average multilingual accuracy of 0.5.

The AMBER pretraining process significantly
improves accuracy for all languages to an aver-
age of 23.6. Average accuracy across the 5 Non-
English languages improves by 47x. English ac-
curacy also improves to 84.2 from 78.6, instead of
suffering negative transfer (Wang et al., 2020).

DAMP further improves accuracy over AMBER
by 1.8x to 42.2, outperforming both mT5-Large
(31.4) and XLM-R (38.8). mT5-XXL maintains
state-of-the-art performance of 55.1 but requires
33x more parameters and multiple GPUs for infer-
ence which heavily limits use.

Accuracy for each language is improved by at
least 10 points, with Hindi and Thai, the most dis-
tant testing languages from English, having the
largest improvements of +20.7 and +26.5 respec-
tively. DAMP improves over the mBERT baseline
by 84x without architecture changes or additional
inference cost.

CSTS & CSTOP  In Table 3, we report the results
on both intra-sentential codeswitching benchmarks.
For Hindi-English, we compare the MT5-small and
MT5-XXL baselines from Agarwal et al..
AMBER again leads to a performance improve-
ment for both CST5 and CSTOP, across English



en es fr de th  Avg(5langs) | Parameters Ratio
XLM-R 839 | 503 439 423 3097 267 38.8 550M 3.2x
mT5-Large | 83.2 | 40.0 41.1 362 165 23.0 314 550M 3.2x
| mT5-XXL | 86.7 | 624 637 57.1 433 492 551 | 6.5B  33x |
mBERT 78.6 | 0.5 1.0 09 0.1 0.1 0.5 172M 1x
AMBER 84.2 | 464 358 263 6.7 2.7 23.6 172M 1x
DAMP 83.5 | 56.8" 55.6' 422 274 2927 4227 172M 1x

Table 1: Exact Match (EM) accuracy scores on the MTOP dataset. XLM-R and mTS5 results from Li et al. (2021)

and Nicosia et al. (2021) respectively. Best results for models which fit on a single consumer GPU in bold.

CST5 CSTOP

en hi-en| en es-en | Ratio
mT5-Small - 6.4 - - 0.9x
mT5-XXL | - 203 | - - 33x
mBERT 844 3.8 | 812 277 | 1Ix
AMBER |[858 16.7 | 867" 793 | Ix
DAMP 85.6 20.5" | 86.0 80.37 | 1x

Table 2: Exact Match (EM) accuracy scores for intra-
sentential codeswitching benchmarks CST5 and CSTOP.
mTS5 results from Agarwal et al.. Best results in bold.

(+1.4, +5.5) and codeswitched (+12.9, +52.4) data.
DAMP also further improves transfer results (+3.8,
+1.0) at the cost of small losses in English perfor-
mance (-0.2, -0.7). DAMP achieves a new state-
of-the-art of 20.5 on zero-shot transfer for CSTS5,
outperforming even MT5-XXL (20.3). Since both
alignment stages have word-level objectives, we
hypothesize that the word-level inductive bias pro-
vides benefits for intra-sentential codeswitching
despite lacking explicit codeswitching supervision.

4.3 Adversary Ablation

In Table 4.3, we isolate the effects of our contribu-
tions to domain adversarial training with an abla-
tion study. While all adversarial variants improve
transfer results, the usage of a binary adversary and
our constrained optimization technique improve
adversarial results independently and in combina-
tion. Notably, the multi-class adversary without
constrained optimization is equivalent to (Sher-
borne and Lapata, 2022) using AMBER. DAMP
improves over this prior adversarial technique by
9.9, 6.4, and 0.9 EM accuracy points on MTOP,
CSTS5, and CSTOP respectively.

We also compare adversarial training to regular-
ization techniques used in cross-lingual learning.
We experiment with freezing the first 8 layers of the
encoder (Wu and Dredze, 2019) and using the L

MTOP CST5 CSTOP
en Avg | en hi-en| en es-en

Alignment Ablation
mBERT 78.6 0.5 |84.4 3.7 |81.2 27.7
AMBER 84.2 23.6|85.8 16.7 |86.7 79.3
+ Multi 84.0 32.385.5 14.1|85.0 794
+ Constr. |82.7 33.7 |85.6 13.8 85.1 80.3
+ Binary |83.8 35.8 |85.8 18.4|86.3 78.1
+ Constr. |83.5 42.27/85.6 20.5 [86.0 80.3

Regularization Baselines

+Freeze [82.6 32.0(85.2 24.6'[85.5 77.2
+ Ly Norm|81.3 35.5(81.6 22.5|83.4 77.5
+ L1 Norm|78.6 36.4(80.7 18.7 |81.1 69.8

Table 3: Exact Match (EM) accuracy scores for multi-
class and binary discriminators with and without our
constrained optimization technique and regularization.

en| es fr de hi th Avg
mBERT (94.7/15.3 17.0 10.7 7.0 8.2 11.6
AMBER|96.4| 78.7 71.3 66.3 32.5 26.5 55.1

DAMP [96.4/89.0" 86.4" 80.5T 76.61 74.41 81.41

Table 4: Intent Prediction accuracy for each language on
the MTOP dataset for mBERT, AMBER, and DAMP.

and Lo norm penalty (Li et al., 2018). Adversarial
learning outperforms these baselines on MTOP and
CSTOP while model freezing and L2 norm penal-
ization outperform adversarial learning on CSTS5.
However, adversarial learning is the only method
that improves across all benchmarks.

4.4 TImprovement Analysis

Since exact match accuracy is a strict metric, we
analyze our improvements through qualitative anal-
ysis. We filtered to examples that DAMP predicts
correctly but AMBER and mBERT do not. We
then randomly sampled 20 examples from each
language for manual evaluation.



We noted that improvements in intent prediction
led to a large portion of the gain. If intent prediction
fails, the rest of the auto-regressive decoding goes
awry as the decoder attempts to generate valid slot
types for that intent. We report intent prediction
results across the test dataset in Table 4.

In general, these improvements follow a trend
from nonsensical errors to reasonable errors
to correct. For example, given the French
phrase “S’il te plait appelle Adam.” mean-
ing “Please call Adam."", mBERT predicts the
intent QUESTION_MUSIC, AMBER predicts
GET_INFO_CONTACT, and DAMP predicts the
correct CREATE_CALL.

Within the slots themselves, the primary im-
provements noted in DAMP are of less clear prac-
tical importance. DAMP more consistently abides
by the annotation guideline preference of not in-
cluding articles and prepositions such as "du", "a",
"el", and "la" inside the slot boundaries.

We present the full sample of examples used for
this analysis in Tables 5-9 in the Appendix.

5 Alignment Analysis

We analyze to what degree each method achieves
our desired alignment goals beyond empirical effec-
tiveness using two methods in Figure 1. First, we
use a two-dimensional projection of the resulting
encoder embeddings to provide a visual intuition
for alignment. Then, we quantitatively evaluate
alignment using a post-hoc linear probe.

5.1 Embedding Space Visualization

We visualize the embedding spaces of each
model variant on each MTOP test set using Uni-
versal Manifold Approximation and Projection
(UMAP) (Mclnnes et al., 2018). Our visualiza-
tion of mBERT provides a strong intuition for its
poor results, as English and Non-English data form
linearly separate clusters even within this reduced
embedding space. By using AMBER instead, this
global clustering behavior is removed and replaced
by small local clusters of English and Non-English
data. Finally, DAMP produces an embedding space
with no clear visual clusters of Non-English data
without English data intermingled.

5.2 Post-Hoc Probing

We evaluate improvements to alignment quantita-
tively. While prior work used the performance of
the training adversary to confirm alignment (Sher-

borne and Lapata, 2022), other studies have shown
that new discriminators trained on the final model
can recover information that the original adversary
could not (Elazar and Goldberg, 2018; Ravfogel
et al., 2022). Therefore, we train a post-hoc linear
probe on representations generated by frozen ver-
sions of each of our model variants after training
using 10-fold cross-validation.

Supporting the visual intuition, probe perfor-
mance decreases with each stage of alignment.
On mBERT, the discriminator achieves 98.07 per-
cent accuracy indicating poor alignment. While
AMBER decreases discriminator performance, it
still achieves 93.15 percent accuracy indicating the
need for further removal. Finally, DAMP results
in a 23.62 point drop in discriminator accuracy to
69.53. However, the post-hoc adversary accuracy
is still far above chance despite our training ad-
versary converging to close-to-random accuracy.
This indicates the possibility of further alignment
improvements.

6 Conclusions and Future Work

In this work, we introduce the Doubly Aligned
Multilingual Parser (DAMP), a semantic parsing
training regime that uses explicit alignment objec-
tives in pretraining and finetuning.

We first illustrated that contrastive alignment ob-
jectives in pretraining significantly improve zero-
shot semantic parsing performance across mul-
tilingual and intra-sentential codeswitching data.
However, this treatment alone leaves many poorly
aligned clusters after finetuning. We therefore con-
tribute a novel constrained optimization technique
for domain adversarial training and apply it to lan-
guage alignment using a binary classifier. Empiri-
cally, we show that for both multilingual and intra-
sentential codeswitching DAMP improves over the
mBERT baseline by large margins and outperforms
larger models.

We identify 2 future application areas for our
Doubly Aligned Multilingual Parser (DAMP):

* Our novel constrained domain adversarial
training is not specific to cross-lingual transfer.
We encourage evaluations of this technique for
domain adversarial training more broadly.

* We evaluate DAMP on multiple task-
oriented semantic parsing benchmarks, how-
ever DAMP is amenable to any multilingual
parsing task. We encourage the usage of
DAMP to improve other parsing tasks
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versarial transfer has a variable effect depending
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is used. Additionally, while typologically diverse,
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