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Abstract
Natural language generation (NLG) is an essential
component of task-oriented dialogue systems. De-
spite the recent success of neural approaches for
NLG, they are typically developed for particular
domains with rich annotated training examples. In
this paper, we study NLG in a low-resource setting
to generate sentences in new scenarios with handful
training examples. We formulate the problem from
a meta-learning perspective, and propose a gen-
eralized optimization-based approach (Meta-NLG)
based on the well-recognized model-agnostic meta-
learning (MAML) algorithm. Meta-NLG defines a
set of meta tasks, and directly incorporates the ob-
jective of adapting to new low-resource NLG tasks
into the meta-learning optimization process. Ex-
tensive experiments are conducted on a large multi-
domain dataset (MultiWoz) with diverse linguistic
variations. We show that Meta-NLG significantly
outperforms other training procedures in various
low-resource configurations. We analyze the re-
sults, and demonstrate that Meta-NLG adapts ex-
tremely fast and well to low-resource situations.

1 Introduction
As an essential part of a task-oriented dialogue system [Wen
et al., 2016b], the task of natural language generation (NLG)
is to produce a natural language utterance containing the
desired information given a semantic representation con-
sisting of dialogue act types with a set of slot-value pairs.
Conventional methods using hand-crafted rules often gener-
ates monotonic utterances and it requires substantial amount
of human engineering work. Recently, various neural ap-
proaches [Wen et al., 2015c; Tran and Nguyen, 2017; Tseng
et al., 2018] have been proposed to generate accurate, natural
and diverse utterances. However, these methods are typically
developed for particular domains. Moreover, they are often
data-intensive to train. The high annotation cost prevents de-
velopers to build their own NLG component from scratch.
Therefore, it is extremely useful to train a NLG model that
∗Contact author; this work was done when Fei Mi was a visiting

scholar at Tsinghua University

can be generalized to other NLG domains or tasks with a rea-
sonable amount of annotated data. This is referred to low-
resource NLG task in this paper.

Recently, some methods have been proposed for low-
resource NLG tasks. Apart from the simple data aug-
mentation trick [Wen et al., 2016a], specialized model ar-
chitectures, including conditional variational auto-encoders
(CVAEs, [Tseng et al., 2018; Tran and Nguyen, 2018a;
Tran and Nguyen, 2018b]) and adversarial domain adapta-
tion critics [Tran and Nguyen, 2018a], have been proposed
to learn domain-invariant representations. Although promis-
ing results were reported, we found that datasets used by
these methods are simple which tend to enumerate many slots
and values in an utterance without much linguistic variations.
As a consequence, over-fitting the slots and values in the
low-resource target domain could even outperform those ver-
sions trained with rich source domain examples [Tran and
Nguyen, 2018b]. Fortunately, there is a new large-scale dia-
log dataset (MultiWoz, [Budzianowski et al., 2018]) that con-
tains a great variety of domains and linguistic patterns that
allows us to conduct extensive and meaningful experimental
analysis for low-resource NLG tasks.

In this paper, instead of casting the problem as model-
based approaches, we propose a generalized optimization-
based meta-learning approach to directly enhance the opti-
mization procedure for the low-resource NLG task. We start
by arguing that a recently proposed model-agnostic meta-
learning algorithm (MAML, [Finn et al., 2017]) is a nice fit to
the low-resource NLG task. Then, we proposed a generalized
NLG algorithm called Meta-NLG based on MAML by view-
ing languages in different domains or dialog act types as sep-
arate Meta NLG tasks. Following the essence of MAML, the
goal of Meta-NLG is to learn a better initialization of model
parameters that facilitates fast adaptation to new low-resource
NLG scenarios. As Meta-NLG is model-agnostic as long as
the model can be optimized by gradient descent, we could ap-
ply it to any existing NLG models to optimize them in a way
that adapt better and faster to new low-resource tasks.

The main contribution of this paper is two-fold:

• We propose a meta-learning algorithm Meta-NLG based
on MAML for low-resource NLG tasks. Since Meta-
NLG is model-agnostic, it is applicable to many other
NLG models. To the best of our knowledge, this is the
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first study of applying meta-learning to NLG tasks.

• We extensively evaluate Meta-NLG on the largest multi-
domain dataset (MultiWoz) with various low-resource
NLG scenarios. Results show that Meta-NLG signifi-
cantly outperforms other optimization methods in vari-
ous configurations. We further analyze the superior per-
formance of Meta-NLG, and show that it indeed adapts
much faster and better.

2 Background
2.1 Natural Language Generation (NLG)
Neural models have recently shown promising results in tack-
ling NLG tasks for task-oriented dialog systems. Conditioned
on some semantic representation called dialog act (DA), a
NLG model decodes an utterance word by word, and the
probability of generating an output sentence of length T is
factorized as below:

fθ = P (Y|d; θ) =
T∏
t=1

P (yt|y0, ..., yt−1,d; θ) (1)

fθ is the NLG model parameterized by θ, and d is the DA
of sentence Y = (y0, y1, ..., yT ). For example, d is a one-
hot representation of a DA “Inform(name=The Oak Bistro,
food=British)”. “Inform” (DA type) controls the sentence
functionality, and “name” and “food” are two involved slots.
A realization utterance Y could be “There is a restaurant
called [The Oak Bistro] that serves [British] food.”. Each
sentence might contain multiple DA types. A series of neural
methods have been proposed, including HLSTM [Wen et al.,
2015a], SCLSTM [Wen et al., 2015c], Enc-Dec [Wen et al.,
2015b] and RALSTM [Tran and Nguyen, 2017].

2.2 Low-resource NLG
The goal of low-resource NLG is to fine-tune a pre-trained
NLG model on new NLG tasks (e.g., new domains) with a
small amount of training examples. [Wen et al., 2016a] pro-
posed a “data counterfeiting” method to augment the low-
resource training data in the new task without modifying the
model or training procedure. [Tseng et al., 2018] proposed
a semantically-conditioned variational autoencoder (SCVAE)
learn domain-invariant representations feeding to SCLSTM.
They shown that it improves SCLSTM in low-resource set-
tings. [Tran and Nguyen, 2018b] adopted the same idea as in
[Tseng et al., 2018]. They used two conditional variational
autoencoders to encode the sentence and the DA into two
separate latent vectors, which are fed together to the decoder
RALSTM [Tran and Nguyen, 2017]. They later designed two
domain adaptation critics with an adversarial training algo-
rithm [Tran and Nguyen, 2018a] to learn an indistinguishable
latent representation of the source and the target domain to
better generalize to the target domain. Different from these
model-based approaches, we directly tackle the optimization
issue from a meta-learning perspective.

2.3 Meta-Learning
Meta-learning or learning-to-learn, which can date back to
some early works [Naik and Mammone, 1992], has recently

attracted extensive attentions. A fundamental problem is “fast
adaptation to new and limited observation data”. In pursu-
ing this problem, there are three categories of meta-learning
methods:
Metric-based. The idea is to learn a metric space and then
use it to compare low-resource testing samples to rich train-
ing samples. The representative works in this category in-
clude Siamese Network [Koch et al., 2015], Matching Net-
work [Vinyals et al., 2016], Memory-augmented Neural Net-
work (MANN [Santoro et al., 2016]), Prototype Net [Snell et
al., 2017], and Relation Network [Sung et al., 2018].
Model-based. The idea is to use an additional meta-learner
to learn to update the original learner with a few training
examples. [Andrychowicz et al., 2016] developed a meta-
learner based on LSTMs. Hypernetwork [Ha et al., 2016],
MetaNet [Munkhdalai and Yu, 2017], and TCML [Mishra
et al., 2017] also learn a separate set of representations for
fast model adaptation. [Ravi and Larochelle, 2017] proposed
an LSTM-based meta-learner to learn the optimization algo-
rithm (gradients) used to train the original network.
Optimization-based. The optimization algorithm itself can
be designed in a way that favors fast adaption. Model-
agnostic meta-learning (MAML, [Finn et al., 2017; Yoon et
al., 2018; Gu et al., 2018]) achieved state-of-the-art perfor-
mance by directly optimizing the gradient towards a good
parameter initialization for easy fine-tuning on low-resource
scenarios. It introduces no additional architectures nor pa-
rameters. Reptile [Nichol and Schulman, 2018] is similar
to MAML with only first-order gradient. In this paper, we
propose a generalized meta optimization method based on
MAML to directly solve the intrinsic learning issues of low-
resource NLG tasks.

3 Meta-Learning for Low-resource NLG
In this section, we describe the objective of fine-tuning a NLG
model on a low-resource NLG task in Section 3.1. Then, we
describe how our Meta-NLG algorithm encapsulates this ob-
jective into Meta NLG tasks and into the meta optimization
algorithm to learn better low-resource NLG models.

3.1 Fine-tune a NLG Model
Suppose fθ is the base NLG model parameterized by θ, and
we have an initial θs pre-trained with DA-utterance pairs
Ds = {(dj ,Yj)}j∈s from a set s of high-resource source
tasks. When we adapt fθ to some low-resource task t with
DA-utterance pairs Dt = (dt,Yt), the fine-tuning process
on Dt can be formulated as follows:

θ∗ = Adapt(Dt, θ = θs) = argmax
θ
LDt(fθ)

= argmax
θ

∑
(dt,Yt)∈Dt

logP (Yt|dt; θ) (2)

The parameter θs will be used for initialization, and the
model is further updated by new observations Dt. The size
of Dt in low-resource NLG tasks is very small due to the
high annotation cost, therefore, a good initialization parame-
ter θs learned from high-resource source tasks is crucial for
the adaptation performance on new low-resource NLG tasks.
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3.2 Meta NLG Tasks
To learn a θs that can be easily fine-tuned on new low-
resource NLG tasks, the idea of our Meta-NLG algorithm is
to repeatedly simulate auxiliary Meta NLG tasks from Ds to
mimic the fine-tuning process in Eq.(2). Then, we treat each
Meta NLG task as a single meta training sample/episode, and
utilize the meta optimization objective in the next section to
directly learn from them.

Therefore, the first step is to construct a set of auxiliary
Meta NLG tasks (T1, ..., TK) to simulate the low-resource
fine-tuning process. We construct a Meta NLG task Ti by:

Ti = (DTi ,D
′
Ti) (3)

DTi and D′

Ti
of each Ti are two independent subsets of DA-

utterance pairs from high-resource source data Ds. DTi and
D′

Ti
correspond to meta-train (support) and meta-test (query)

sets of a typical meta-learning or few-shot learning setup, and
Ti is often referred to as a training episode. This meta setup
with both DTi

and D′

Ti
in one Meta NLG task allows our

Meta-NLG algorithm to directly learn from different Meta
NLG tasks. The usage of them will be elaborated later. Meta
NLG tasks are constructed with two additional principles:

Task Generalization. To generalize to new NLG tasks,
Meta NLG tasks follow the same modality as the target task.
For example, if our target task is to adapt to DA-utterance
pairs in a new domain, then DA-utterance pairs in each Ti
are sampled from the same source domain. We also consider
adapting to new DA types in later experiments. In this case,
DA-utterance pairs in each Ti have the same DA type. This
setting merges the goal of task generalization.

Low-resource Adaptation. To simulate the process of
adapting to a low-resource NLG task, the sizes of both sub-
sets DTi and D′

Ti
, especially DTi , are set small. Therefore,

when the model is updated on DTi as a part of the later meta-
learning steps, it only sees a small amount of samples in that
task. This setup embeds the goal of low-resource adaptation.

3.3 Meta Training Objective
With the Meta NLG tasks defined above, we formulate the
meta-learning objective of Meta-NLG as below:

θMeta =MetaLearn(T1, ..., TK)

= argmax
θ

EiEDTi
,D′

Ti

LD′
Ti

(f
θ
′
i
)

(4)

θ
′
i = Adapt(DTi , θ) = θ − α∇θLDTi

(fθ) (5)

The optimization for each Meta NLG task Ti is computed
on D′

Ti
referring to DTi

. Firstly, the model parameter θ to be
optimized is updated on DTi

by Eq.(5). This step mimics the
process when fθ is adapted to a new low-resource NLG task
Ti with low-resource observations DTi . We need to note that
Eq.(5) is an intermediate step, and it only provides an adapted
parameter (θ

′

i) to our base model f to be optimized in each it-
eration. Afterwards, the base model parameterized by the
updated parameter (θ

′

i) is optimized on D′

Ti
using the meta

objective in Eq.(4). This meta-learning optimization objec-
tive directly optimizes the model towards generalizing to new

Figure 1: Comparing Meta-Learning to Multi-task Learning: θMeta

meta-learned from auxiliary Meta NLG tasks can be fine-tuned eas-
ier than θMTL to some new low-resource tasks, e.g, t1 and t2.

low-resource NLG tasks by simulating the process repeatedly
with Meta NLG tasks in Eq.(4).

The optimization of Eq.(4) can be derived in Eq.(6). It in-
volves a standard first-order gradient ∇θ′iLD′

Ti

(fθ′i
) as well

as a gradient through another gradient ∇θ(θ
′

i). Previous
study [Finn et al., 2017] shows that the second term can be
approximated for computation efficiency with marginal per-
formance drop. In our case, we still use the exact optimization
in Eq.(6) as we do not encounter any computation difficulties
even on the largest NLG dataset so far. The second-order gra-
dient is computed by a Hessian matrix H .

θ ← θ − β
K∑
i=1

∇θLD′
Ti

(f
θ
′
i
)

= θ − β
K∑
i=1

∇
θ
′
i
LD′

Ti

(f
θ
′
i
) · ∇θ(θ

′
i)

= θ − β
K∑
i=1

∇
θ
′
i
LD′

Ti

(f
θ
′
i
) · ∇θ(θ − α∇θLDTi

(fθ))

= θ − β
K∑
i=1

∇
θ
′
i
LD′

Ti

(f
θ
′
i
) · (I − αHθ(LDTi

(fθ)))

(6)

To better understand the meta objective, we compare a
standard multi-task learning (MTL) objective θMTL =
argmaxθ EjLDsj

(fθ) that learns from high-resource NLG
tasks sj without explicitly learning to adapt to low-resource
NLG tasks. Figure 1 visually illustrates the differences with
three high-resource source tasks {s1, s2, s3} with optimal
parameters {θs1 , θs2 , θs3} for each task. θMTL is learned
from individual DA-utterance pairs in {Ds1 ,Ds2 ,Ds3}, while
Meta-NLG repeatedly constructs auxiliary Meta NLG tasks
{T1, ..., T7} from {Ds1 ,Ds2 ,Ds3} and learns θMeta from
them. As a result, θMeta is closer to θt1 and θt2 (the opti-
mal parameters of some new low-resource tasks, e.g, t1 and
t2) than θMTL. Algorithm 1 illustrates the process to learn
θMeta from Ds. We note that batches are at the level of
Meta NLG tasks, not DA-utterances pairs. Fine-tuning Meta-
NLG on a new low-resource NLG task with annotated DA-
utterance pairs Dt uses the same algorithm parameterized by
(fθ, θMeta,Dt, α, β).
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Algorithm 1 Meta-NLG(fθ, θ0,Ds, α, β)
Input: fθ, θ0,Ds, α, β
Output: θMeta

1: Initialize θ = θ0
2: while θ not converge do
3: Simulate a batch of Meta NLG tasks {Ti = (DTi ,D

′
Ti)}

K
i=1

4: for i = 1...K do
5: Compute θ

′
i = θ − α∇θLDTi

(fθ) in Eq.(5)
6: end for
7: Meta update θ ← θ − β

∑K
i=1∇θLD′

Ti

(f
θ
′
i
) in Eq.(6)

8: end while
9: Return θMeta = θ

4 Experiment
4.1 Baselines and Model Settings
We utilized the well-recognized semantically conditioned
LSTM (SCLSTM [Wen et al., 2015c]) as the base model fθ.
We used the default setting of hyperparameters (n layer = 1,
hidden size = 100, dropout = 0.25, clip = 0.5, beam width
= 5). We implemented Meta-NLG based on the PyTorch
SCLSTM implementation from [Budzianowski et al., 2018].
As Meta-NLG is model-agnostic, it is applicable to many
other NLG models.

We included different model settings as baseline:

• Scratch-NLG: Train fθ with only low-resource target
task data, ignoring all high-resource source task data.

• MTL-NLG: Train fθ using a multi-task learning
paradigm on source task data, then fine-tune on the low-
resource target task.

• Zero-NLG: Train fθ using multi-task learning (MTL)
with source task data, then directly test on a target task
without a fine-tuning step. This corresponds to a zero-
shot learning scenario.

• Supervised-NLG: Train fθ using MTL with full access
to high-resource data from both source and target tasks.
Its performance serves an upper bound using multi-task
learning without the low-resource restriction.

• Meta-NLG (proposed): Train fθ using Algorithm 1 on
source task data, then fine-tune on the low-resource tar-
get task.

For Meta-NLG, we set batch size to 50, and α = 0.1 and
β = 0.001. A single inner gradient update is used per meta
update with Adam [Kingma and Ba, 2014]. The size of a
Meta NLG task is set to 400 with 200 samples assigned to
DTi and D′

Ti
. The maximum number of epoches is set to 100

during training and fine-tuning, and early-stop is conducted
on a small validation set with size 200. The model is then
evaluated on other DA-utterance pairs in the target task.

As in earlier NLG researches, we use the BLEU-4
score [Papineni et al., 2002] and the slot error rate (ERR)
as evaluation metrics. ERR is computed by the ratio of the
sum of the number of missing and redundant slots in a gener-
ated utterance divided by the total number of slots in the DA.
We randomly sampled target low-resource task five times for
each experiment and reported the average score.

Figure 2: DA type visualization in different domains. Number of
utterances in each domain is indicated in bracket.

Attraction Addr, Area , Choice, Fee, Name, Open,
Phone, Post , Price, Type

Hotel Addr, Area, Choice, Internet, Name, Parking,
Phone, Post, Price, Ref, Stars, Type

Restaurant Addr, Area, Choice, Food, Name, Phone,
Post, Price, Ref

Train Arrive, Choice, Day, Depart, Dest, Id,
Leave, People, Ref, Ticket, Time

Booking Day, Name, People, Ref, Stay, Time
Taxi Arrive, Car, Depart, Dest, Leave, Phone

Table 1: Slots in each domain, with domain-specific slots in bold.

4.2 MultiWoz Dataset for NLG
We used a recently released large-scale multi-domain dia-
log dataset (MultiWOZ, [Budzianowski et al., 2018]). It is
a proper benchmark for evaluating NLG components due to
its domain complexity and rich linguistic variations. A visu-
alization of DA types in different domains are given in Fig-
ure 2, and slots in different domains are summarized in Ta-
ble 1. The average utterance length is 15.12, and almost 60%
of utterances have more than one dialogue act types or do-
mains. 69,607 annotated utterances are used, with 55,026,
7,291, 7,290 for training, validation, and testing respectively.

4.3 Domain Adaptation
In this section, we tested when a NLG model is adapted to
various low-resource language domains. Experiment follows
a leave-one-out setup by leaving one target domain for adap-
tation, while using the remainder domains for training. A
target domain is a near-domain if it only contains domain-
specific slots compared to the remainder domains. In con-
trast, a target domain containing both domain-specific DA
types and slots is considered as a far-domain. According
to Figure 2 and Table 1, “Attraction”, “Hotel”, “Restaurant”,
and “Taxi”, are near-domains, while “Booking” and “Train”
are far-domains. Adapting to near-domains requires to cap-
ture unseen slots, while adapting to far-domains additionally
requires to learn new language patterns. Adaptation size is
the number of DA-utterance pairs in the target domain to fine-
tune the NLG model. To test different low-resource degrees,
we considered different adaptation sizes (1,000, 500, 200).
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Target Domain = Attraction Target Domain = Hotel
Supervised-NLG Zero-NLG Supervised-NLG Zero-NLG

BLEU-4 ERR BLEU-4 ERR BLEU-4 ERR BLEU-4 ERR
0.5587 3.05% 0.2970 11.56% 0.4393 1.82% 0.2514 13.40%

Adapt 1000 Adapt 500 Adapt 200 Adapt 1000 Adapt 500 Adapt 200
BLEU-4 ERR BLEU-4 ERR BLEU-4 ERR BLEU-4 ERR BLEU-4 ERR BLEU-4 ERR

Scratch-NLG 0.5102 21.84% 0.4504 36.50% 0.4089 41.83% 0.3857 18.75% 0.3529 28.18% 0.2910 40.86%
MTL-NLG 0.5443 13.04% 0.5324 14.34% 0.4912 23.20% 0.4128 9.93% 0.3802 22.07% 0.3419 31.04%
Meta-NLG 0.5667 2.26% 0.5662 2.97% 0.5641 4.30% 0.4436 1.92% 0.4365 2.63% 0.4418 2.19%

Table 2: Results for near-domain adaption with different adaptation sizes. Bold numbers highlight the best results except Supervised-NLG.

Target Domain = Booking Target Domain = Train
Supervised-NLG Zero-NLG Supervised-NLG Zero-NLG

BLEU-4 ERR BLEU-4 ERR BLEU-4 ERR BLEU-4 ERR
0.6750 3.67% 0.3578 12.55% 0.6877 2.96% 0.3243 41.48%

Adapt 1000 Adapt 500 Adapt 200 Adapt 1000 Adapt 500 Adapt 200
BLEU-4 ERR BLEU-4 ERR BLEU-4 ERR BLEU-4 ERR BLEU-4 ERR BLEU-4 ERR

Scratch-NLG 0.6327 24.63% 0.6267 37.96% 0.5787 46.67% 0.6236 16.73% 0.5825 27.61% 0.4892 44.92%
MTL-NLG 0.6347 14.55% 0.6391 14.90% 0.6171 17.19% 0.6322 14.63% 0.5987 25.38% 0.5248 40.35%
Meta-NLG 0.6782 7.65% 0.6492 9.08% 0.6402 12.23% 0.6755 7.13% 0.6373 17.31% 0.6160 23.33%

Table 3: Results for far-domain adaption with different adaptation sizes. Bold numbers highlight the best results except Supervised-NLG.

Near-domain Adaptation. Results of adapting to two near-
domains (“Attraction” and “Hotel”) are presented in Table 2.
Other two near-domains (“Restaurant”, and “Taxi”) are sim-
pler, therefore, they are not included due to page limit. Sev-
eral observations can be noted. First, Using only source or
target domain samples does not produce competitive perfor-
mance. Using only source domain samples (Zero-NLG) per-
forms the worst. It obtains very low BLEU-4 scores, indicat-
ing that the sentences generated do not match the linguistic
patterns in the target domain. Using only low-resource target
domain samples (Scratch-NLG) performs slightly better, yet
still much worse than MTL-NLG and Meta-NLG. Second,
Meta-NLG shows a very strong performance for this near-
domain adaptation setting. It consistently outperforms MTL-
NLG and other methods with very remarkable margins in dif-
ferent metrics and adaptation sizes. More importantly, it even
works better than Supervised-NLG which is trained on high-
resource samples in the target domain. Third, Meta-NLG is
particularly strong in performance when the adaptation size is
small. As the adaptation size decreases from 1,000 to 200, the
performance of Scratch-NLG and MTL-NLG drops quickly,
while Meta-NLG performs stably well. Both BLEU-4 and
ERR even increase in “Hotel” domain when the adaptation
size decreases from 500 to 200.

Far-domain Adaptation. Results of adapting to two far-
domains (“Booking” and “Train”) are presented in Table 3.
Again, we can see that Meta-NLG shows very strong perfor-
mance on both far-domains with different adaptation sizes.
Similar observations can be made as in the previous near-
domain adaptation experiments. Because far-domain adap-
tation is more challenging, Meta-NLG does not outperform
Supervised-NLG, and the performance of Meta-NLG drops
more obviously as the adaptation size decreases. Noticeably,
“Train” is more difficult than “Booking” as the former con-
tains more slots, some of which can only be inferred from the
smallest “Taxi” domain. The improvement margin of Meta-
NLG over MTL-NLG and other methods is larger on the more
difficult “Train” domain than on the “Booking” domain.

Book Recommend
BLEU-4 ERR BLEU-4 ERR

Scratch-NLG 0.7689 21.63% 0.3878 24.62%
MTL-NLG 0.7968 9.92% 0.3964 14.60%
Meta-NLG 0.8217 4.65% 0.4445 3.08%

Table 4: Results for adapting to new DA type “Book” and “Recom-
mend” with adaptation size 500.

Figure 3: ERRs (red) and BLEU-4 (purple) scores of Meta-NLG
and MTL-NLG on the validation set during model fine-tuning on
the target low-resource domain (Train) with adaptation size 1000.

4.4 Dialog Act (DA) Type Adaptation
It is also important for a task-oriented dialog system to adapt
to new functions, namely, supporting new dialog acts that the
system has never observed before. To test this ability, we left
certain DA types out for adaptation in a low-resource setting.
We chose “Recommend”, “Book” as target DA types, and we
mimic the situation that a dialog system needs to add a new
function to make recommendations or bookings for customers
with a few number of annotated DA-utterance pairs. As pre-
sented in Table 4, results show that Meta-NLG significantly
outperforms other baselines.

4.5 Adaptation Curve Analysis
To further investigate the adaptation process, we presented
in Figure 3 the performance curves of MTL-NLG and Meta-
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Inform (Ticket†=17.60 pounds, Time=79 minutes); Offer book?(None)
Reference The travel time is [79 minutes] and the cost is [17.60 pounds], shall I book for you?

MTL-NLG there is a train that leaves at [slot-train-leave] and arrives at [slot-train-arrive]. would you like me to book it for you?
[missed: Ticket†, Time; redundant: Leave, Arrive]

Meta-NLG the travel time is [79 minutes] and the price is [17.60 pounds]. would you like me to book it for you? [correct]
Inform(Arrive=7:52, Id†=TR9641, Dest‡=cambridge, Depart‡=the airport, Leave =7:24)

Reference [TR9641] leaves [the airport] at [7:24] and arrives in [cambridge] at [7:52].
MTL-NLG i have a train that leaves [the airport] at [7:24] and arrives by [7:52]. [missed: Id†, Dest‡]
Meta-NLG [TR9641] leaves [the airport] at [7:24] and arrives in [cambridge] at [7:52]. [correct]

Table 5: Sampled generated sentences when considering “Train” as the target domain with adaptation size 500. ? indicates a domain-specific
DA type, † indicates a domain-specific slot, and ‡ indicates a rare slot that can only be inferred from the smallest “Taxi” domain.

NLG as fine-tuning epoch proceeds on the most challenging
“Train” domain. The effect of meta-learning for low-resource
NLG can be observed by comparing the two solid curves
against the corresponding dashed curves. First, Meta-NLG
adapts faster than MTL-NLG. We can see that the ERR of
Meta-NLG (red-solid) decreases much more rapidly than that
of MTL-NLG (red-dashed) , and the BLEU-4 score of Meta-
NLG (purple-solid) also increases more quickly. The optimal
BLEU-4 and ERR that MTL-NLG converges to can be ob-
tained by Meta-NLG within 10 epochs. Second, Meta-NLG
adapts better than MTL-NLG. As it can be seen, Meta-NLG
achieves a much lower ERR and a higher BLEU-4 score when
it converges, indicating that it found a better θ of the base
NLG model to generalize to the low-resource target domain.

4.6 Manual Evaluation
To better evaluate the quality of the generated utterances, we
performed manual evaluation.

Metrics. Given a DA and a reference utterance in a low-
resource target domain with adaptation size 500, two re-
sponses generated by Meta-NLG and MTL-NLG were pre-
sented to three human annotators to score each of them in
terms of informativeness and naturalness (rating out of 3),
and also indicate their pairwise preferences (Win-Tie-Lose)
on Meta-NLG against MTL-NLG. Informativeness is defined
as whether the generated utterance captures all the informa-
tion, including multiple slots and probably multiple DA types,
specified in the DA. Naturalness measures whether the utter-
ance is plausibly generated by a human.

Annotation Statistics. Cases with identical utterances gen-
erated by two models were filtered out. We obtained in total
600 annotations on each individual metric for each target do-
main. We calculated the Fleiss’ kappa [Fleiss, 1971] to mea-
sure inter-rater consistency. The overall Fleiss’ kappa values
for informativeness and naturalness are 0.475 and 0.562, in-
dicating “Moderate Agreement”, and 0.637 for pairwise pref-
erences, indicating “Substantial Agreement”.

Results. Scores of informativeness and naturalness are pre-
sented in Table 6. Meta-NLG outscores MTL-NLG in terms
of both metrics on all four domains. Overall, Meta-NLG
received significantly (two-tailed t-test, p < 0.0005) higher
scores than MTL-NLG. Results for pairwise preferences are
summarized in Table 7. Even though there are certain amount
of cases where the utterances generated by different models

Attraction Hotel Booking Train
inf. nat. inf. nat. inf. nat. inf. nat.

Meta-NLG 2.91 2.90 2.90 2.89 2.84 2.91 2.73 2.93
MTL-NLG 2.70 2.87 2.57 2.83 2.65 2.86 2.47 2.83

Table 6: Manual evaluation scores of informativeness (inf.), and nat-
uralness (nat.) on four target low-resource domains.

Attraction Hotel Booking Train
Win 50.2% 53.3% 40.1% 47.2%
Tie 42.8% 42.3% 46.2% 40.5%

Lose 7.0% 4.4% 13.7% 12.3%

Table 7: Pairwise preferences (Meta-NLG vs. MTL-NLG) on four
target low-resource domains.

are nearly the same (Tie) to annotators, Meta-NLG is over-
all significantly preferred over MTL-NLG (two-tailed t-test,
p < 0.0001) across different target domains.

4.7 Case Study
Table 5 shows two examples in the “Train” domain. The first
sample shows that MTL-NLG fails to generate the domain-
specific slot “Ticket”, instead, it mistakenly generates slots
(“Leave” and “Arrive”) that are frequently observed in the
low-resource adaptation set. In the second example, MTL-
NLG failed to generate the domain-specific slot ‘Id” and an-
other rare slot “Dest”, while Meta-NLG succeeded both.

5 Conclusion
We propose a generalized optimization-based meta-learning
approach Meta-NLG for low-resource NLG tasks. Meta-
NLG utilizes Meta NLG tasks and a meta-learning optimiza-
tion procedure based on MAML. Extensive experiments on
a new benchmark dataset (MultiWoz) show that Meta-NLG
significantly outperforms other training procedures, indicat-
ing that it adapts fast and well to new low-resource settings.
Our work may inspire researchers to use similar optimization
techniques for building more robust and scalable NLG com-
ponents in task-oriented dialog systems.

Acknowledgments
This work was jointly supported by the National Key
R&D Program of China (Grant No. 2018YFC0830200)
and the National Science Foundation of China (Grant
No.61876096/61332007). We would also like to thank Prof.
Xiaoyan Zhu for her unreserved support.

Proceedings of the Twenty-Eighth International Joint Conference on Artificial Intelligence (IJCAI-19)

3156



References
[Andrychowicz et al., 2016] Marcin Andrychowicz, Misha Denil,

Sergio Gomez, Matthew W Hoffman, David Pfau, Tom Schaul,
Brendan Shillingford, and Nando De Freitas. Learning to learn
by gradient descent by gradient descent. In Advances in Neural
Information Processing Systems, pages 3981–3989, 2016.

[Budzianowski et al., 2018] Paweł Budzianowski, Tsung-Hsien
Wen, Bo-Hsiang Tseng, Iñigo Casanueva, Stefan Ultes, Os-
man Ramadan, and Milica Gasic. Multiwoz-a large-scale multi-
domain wizard-of-oz dataset for task-oriented dialogue mod-
elling. In Proceedings of the 2018 Conference on Empirical
Methods in Natural Language Processing, pages 5016–5026,
2018.

[Finn et al., 2017] Chelsea Finn, Pieter Abbeel, and Sergey Levine.
Model-agnostic meta-learning for fast adaptation of deep net-
works. In International Conference on Machine Learning, pages
1126–1135, 2017.

[Fleiss, 1971] Joseph L Fleiss. Measuring nominal scale agreement
among many raters. Psychological bulletin, 76(5):378, 1971.

[Gu et al., 2018] Jiatao Gu, Yong Wang, Yun Chen, Victor OK Li,
and Kyunghyun Cho. Meta-learning for low-resource neural ma-
chine translation. In Proceedings of the 2018 Conference on Em-
pirical Methods in Natural Language Processing, pages 3622–
3631, 2018.

[Ha et al., 2016] David Ha, Andrew Dai, and Quoc V Le. Hyper-
networks. arXiv preprint arXiv:1609.09106, 2016.

[Kingma and Ba, 2014] Diederik Kingma and Jimmy Ba. Adam:
A method for stochastic optimization. arXiv preprint
arXiv:1412.6980, 2014.

[Koch et al., 2015] Gregory Koch, Richard Zemel, and Ruslan
Salakhutdinov. Siamese neural networks for one-shot image
recognition. In ICML Deep Learning Workshop, volume 2, 2015.

[Mishra et al., 2017] Nikhil Mishra, Mostafa Rohaninejad,
Xi Chen, and Pieter Abbeel. Meta-learning with temporal
convolutions. arXiv preprint arXiv:1707.03141, 2017.

[Munkhdalai and Yu, 2017] Tsendsuren Munkhdalai and Hong Yu.
Meta networks. In International Conference on Machine Learn-
ing, pages 2554–2563, 2017.

[Naik and Mammone, 1992] Devang K Naik and RJ Mammone.
Meta-neural networks that learn by learning. In IJCNN, vol-
ume 1, pages 437–442. IEEE, 1992.

[Nichol and Schulman, 2018] Alex Nichol and John Schulman.
Reptile: a scalable metalearning algorithm. arXiv preprint
arXiv:1803.02999, 2018.

[Papineni et al., 2002] Kishore Papineni, Salim Roukos, Todd
Ward, and Wei-Jing Zhu. Bleu: a method for automatic evalu-
ation of machine translation. In Proceedings of the 40th Annual
Meeting on Association for Computational Linguistics, pages
311–318, 2002.

[Ravi and Larochelle, 2017] Sachin Ravi and Hugo Larochelle.
Optimization as a model for few-shot learning. In International
Conference on Learning Representations, 2017.

[Santoro et al., 2016] Adam Santoro, Sergey Bartunov, Matthew
Botvinick, Daan Wierstra, and Timothy Lillicrap. Meta-learning
with memory-augmented neural networks. In International Con-
ference on Machine Learning, pages 1842–1850, 2016.

[Snell et al., 2017] Jake Snell, Kevin Swersky, and Richard Zemel.
Prototypical networks for few-shot learning. In Advances in Neu-
ral Information Processing Systems, pages 4077–4087, 2017.

[Sung et al., 2018] Flood Sung, Yongxin Yang, Li Zhang, Tao Xi-
ang, Philip HS Torr, and Timothy M Hospedales. Learning to
compare: Relation network for few-shot learning. In Proceed-
ings of the IEEE Conference on Computer Vision and Pattern
Recognition, pages 1199–1208, 2018.

[Tran and Nguyen, 2017] Van-Khanh Tran and Le-Minh Nguyen.
Natural language generation for spoken dialogue system using
rnn encoder-decoder networks. In Proceedings of the 21st Con-
ference on Computational Natural Language Learning, pages
442–451, 2017.

[Tran and Nguyen, 2018a] Van-Khanh Tran and Le-Minh Nguyen.
Adversarial domain adaptation for variational neural language
generation in dialogue systems. In Proceedings of the 27th Inter-
national Conference on Computational Linguistics, pages 1205–
1217, 2018.

[Tran and Nguyen, 2018b] Van-Khanh Tran and Le-Minh Nguyen.
Dual latent variable model for low-resource natural language
generation in dialogue systems. In Proceedings of the 22nd Con-
ference on Computational Natural Language Learning, pages
21–30, 2018.

[Tseng et al., 2018] Bo-Hsiang Tseng, Florian Kreyssig, Paweł
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