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Extended Abstract

Natural Language Inference (NLI) (Bowman et al., 2015; Williams et al., 2018) is a sequence modeling task on
the critical path to natural language understanding (NLU). �e task itself can be expressed simply, reducing
down to a simple 2 or 3-way classification problem: given a premise (e.g., “the doctor near the actor danced”)
and a hypothesis (e.g., “the doctor danced”), predicted whether or not the premise 1) entails, 2) contradicts, or 3)
is neutral to the given hypothesis — in this case, the answer is (1), “the doctor near the actor danced” entails
that “the doctor danced.”

However, since its inception, NLI has been plagued with problems (Gururangan et al., 2018; McCoy et al.,
2019; Belinkov et al., 2019); critically, models trained on various NLI datasets o�en learn brittle, spurious
correlations, or overfit to artifacts of their training datasets, hurting generalization to standard validations
sets, let alonemore challenging out-of-distribution challenge sets. �is problem is partially due to poor quality
of crowdsourced data, as workers o�en generate examples that are simple or that are heavily biased, a result
of using simple heuristics to produce label examples (e.g., adding the word “not” to a premise to build a
“contradiction” example).

Despite this, NLI remains to be a critical testbed for evaluating sequence modeling architectures and existing
natural language understanding models, and solving (or even slightly improving the robustness of models
trained on NLI) would not only bring us one step closer to better natural language understanding, but would
give us a better means of calibrating existing general-purpose language models — like BERT, GPT-2/3, or T5
(Devlin et al., 2019; Radford et al., 2019; Ra�el et al., 2019). To this end, we present an approach for building more
robust sequence models for natural language inference by leveraging meta-learning for sample reweighting.

Related work (Ren et al., 2018) uses inner-loop meta-learning with simple convolutional-neural network ar-
chitectures to leverage a clean validation set that they backprogagate through to learn weights for di�erent
examples in the training set; intuitively, the idea is to upweight training examples that improve performance
relative to this validation set, and downweight all other examples. On simple experiments on the MNIST and
CIFAR-100 datasets with artificially generated label noise and label imbalance, they show that their inner-
loop meta-learning framework can li� out the “good” examples, and improve validation performance relative
to models trained with a standard maximum likelihood objective.

We scale up their approach in two ways: first, by looking at meta-learning for sample reweighting as applied to
more complex classes of models – namely recurrent neural networks (RNNs) (Hochreiter and Schmidhuber,
1997; Cho et al., 2014) and large, pretrained language models such as BERT (Devlin et al., 2019) — the latter a
large-scale model of a scale that has to our knowledge, not been used in the context of inner-loop (2nd order)
meta-learning. Second, in addition to evaluating on NLI in the context of artifically injected noise in the form
of label noise and label imbalance, we look to realistic challenge sets like HANs (McCoy et al., 2019) to serve
as the validation set for our reweighting NLI training set. �e hope is by using these “natural” challenge sets,
we can prevent our NLI models from learning these spurious correlations or fitting to these artifacts, thereby
showing robust generalization and better performance overall.

Our results show that not only does meta-learning for sample reweighting boost NLI performance with bag-
of-word models, RNNs, and BERT for NLI in the artifical label noise and imbalance setting, but also when
using the more “natural” and targeted HANS validation set. Yet, our investigation in applying 2nd-order
methods to RNNs and BERT using the higher library (Grefenstette et al., 2019) discovered a rather insidious
memory-leak bug, limiting our initial results with RNNs and BERT; namely, we were only able to run inner-
loop-based sample reweighting by fine-tuning the last few layers. However, by re-deriving the math behind
the approach used by Ren et al. (2018), we found a way to express the inner loop objective as a simple dot
product between gradients. �is allowed us to scale sample-reweighting to the full training of our RNN and
BERT-based models, reinforcing our earlier results.
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Abstract

Natural Language Inference (NLI) is a sequence
modeling task on the critical path towards nat-
ural language understanding. However, NLI
datasets and models are plagued by a series of
problems; critically most datasets reflect signif-
icant annotator bias and as such, models pick
up on spurious correlations and overfit to arti-
facts, hurting generalization to standard valida-
tion sets, let alone hard out-of-domain general-
ization challenge sets. In this work, we present
an approach for guarding our sequence models
against these spurious correlations and artifacts,
and generally improving the generalization abil-
ity of NLI models through the use of meta-
learning for sample reweighting. Given a standard
NLI training dataset, and a clean, or representa-
tive challenge set (capturing some desired phe-
nomena of NLI models), we use meta-learning
to reweight training samples based on those that
improve performance on this held-out set; intu-
itively, we learn to upweight examples that al-
low for better performance relative to the vali-
dation set, and downweight others. Our results
across a wide variety of data corruption schemes
and models show sample reweighting is a viable
approach, boosting performance compared to
models trained with a standard maximum like-
lihood objective. In addition, we demonstrate a
theoretical result that the previously described
meta-learning reweighting method we use re-
duces to an influence function-like dot prod-
uct on gradients, leading to significant improve-
ments in train compute use. 1

1 Introduction

At the core of evaluating progress in natural language
understanding is the task of Natural Language In-
ference (NLI) (Bowman et al., 2015; Williams et al.,
2018; Nie et al., 2019). Expressed simply, NLI is a
classification task; given two sentences — a premise
and a hypothesis — predict whether the premise en-
tails, contradicts, or is neutral to the given hypothesis.
While simple in framing, NLI is versatile and expres-
sive; broad tasks across natural language processing

1We release our code here: https://github.com/
ethanachi/reweighting/tree/distilbert-inner-lr.
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Figure 1: Proposed Approach. We explore meta-learning
for sample reweighting with multiple sequence models
(GRU-Recurrent Neural Networks, BERT) for the task
of Natural Language Inference (NLI). We first perform a
full forward-backward pass with a batch of training data
to produce an updated set of weights (a�er gradient de-
scent). We use these new weights to perform a forward
pass with a “challenge” or “clean” validation batch that
captures some phenomena we want of our model — in
this case we use the HANS (McCoy et al., 2019) dataset
to prevent our models from learning spurious correla-
tions. We backpropagate through the update (backwards-
on-backwards pass — inner loop style meta-learning) to
reweight examples in our training set, improving general-
ization ability.

(NLP) can be framed as NLI problems (Dagan et al.,
2006). For example, general question-answering can
be expressed as NLI (Demszky et al., 2018). NLI is so
powerful and general a task that it is represented as
a staple in multiple NLP benchmarks, such as GLUE
(Wang et al., 2019b), SuperGLUE (Wang et al., 2019a),
and DecaNLP (McCann et al., 2018).

Despite its ubiquity, NLI is plagued with problems,
stemming from annotator bias (Gururangan et al.,
2018; McCoy et al., 2019; Belinkov et al., 2019); due
to the way NLI datasets are collected—o�en leverag-
ing crowdworkers with minimal quality control or

https://github.com/ethanachi/reweighting/tree/distilbert-inner-lr
https://github.com/ethanachi/reweighting/tree/distilbert-inner-lr


other forms of verification (Bowman et al., 2015)—
many training examples are full of artifacts and other
forms of bias (Poliak et al., 2018); bias that models
pick up on, when training in a standard maximum
likelihood regime. As a result, models trained on NLI
datasets o�en learn brittle, spurious correlations and
overfit to the oddities of their training sets, signifi-
cantly hurting their ability to generalize to standard
validation sets, let alone challenging out-of-domain
NLI splits. Surprisingly, this problem seems endemic
to these datasets, and is actually exacerbated by the
strength of the model. Large, pretrained language
models like BERT or GPT-2 (Devlin et al., 2019; Rad-
ford et al., 2019) are especially susceptible to these
artifacts, possibly due to their capacity to memorize
and quickly overfit; recent work shows that BERT
fine-tuned 100 times on a standard NLI dataset ex-
hibits generalization performance in the range of 0 (!)
to 66% on an out-of-distribution (OOD) challenge
set, even though all runs showed consistent perfor-
mance in-domain (McCoy et al., 2020).

How do we solve this problem? While there is
work interested in debiasing or collecting better NLI
datasets, these miss the forest for the trees; as long
as artifacts are present in the underlying datasets (or
any future data these models are trained on), models
will fit to them, and exhibit spurious correlations.
�e right way forward, then, is to develop a train-
ing procedure that adaptively allows models to learn
the “right” thing; in other words, downweight the ex-
amples that hurt their generalization performance —
examples we equate with those riddled with artifacts
or other biases — and upweight others, that are more
correlated with good generalization. As a result, in
this work, we focus on sample reweighting as a means
of building robust natural language inference models.

Building o� of work by Ren et al. (2018), we
leverage a (MAML-style) inner loop meta-learning ap-
proach to sample reweighting; by assuming access to
a small validation set of clean examples that exhibit
phenomena we want to encourage in our models (e.g.,
a certain type of generalization, robust performance
in spite of labeling errors, etc.), we learn how to assign
weights to examples in our training set that corre-
late with strong performance in our validation set.
A more concrete visualization of our approach can
be found in Figure 1. However, the original work by
Ren et al. (2018) only proved their approach on sim-
ple, feed-forward style models with limited datasets
(e.g., MNIST and CIFAR-100), and artifical sources
of dataset noise. In this work, we build on their

core meta-learning algorithm for reweighting by ex-
tending it to work with sequence models like Recur-
rent Neural Networks (Hochreiter and Schmidhuber,
1997; Cho et al., 2014) and large, pretrained trans-
former language models like BERT (Vaswani et al.,
2017; Devlin et al., 2019). More importantly, while
we show some initial experiments evaluating our ap-
proach against artificial dataset biases (label noise,
label imbalance), we also show that we can use a sub-
set of an NLI challenge set (McCoy et al., 2019) that
tries to guard NLI models against learning a certain
type of spurious correlation, and show that in tan-
demwith our reweighting procedure, we can improve
out-of-distribution generalization.

2 Related Work

We build our approach on a long body of work
on training and evaluating models on various NLI
datasets (Bowman et al., 2015; Williams et al., 2018;
Nie et al., 2020), as well as recent work in sample
reweighting (Chawla et al., 2004; Ren et al., 2018;
Shu et al., 2019).

2.1 Natural Language Inference

Natural Language Inference (NLI) is a task on the
critical path towards natural language understanding
(NLU); many standard NLP tasks (such as question
answering) can be expressed as NLI problems, and
the simple setup of the task (classification given pairs
of sentences) lends itself well to evaluating general-
purpose language models. NLI is concerned with
evaluating the relationship between sentences; Given
a premise like “�e doctor near the actor danced,” and
a hypothesis such as “�e doctor danced,” the goal is
to predict whether the premise entails, contradicts, or
is neutral to the hypothesis based solely o� the lan-
guage present in the two sentences (in this case, the
premise entails the hypothesis)2. Such a task can be
used to express a wide variety of linguistic and super-
linguistic (e.g., commonsense) phenomena, and truly
test amodel’s ability to perform language understand-
ing and incorporate prior knowledge.

Datasets. �e first large scale NLI dataset was the
Stanford NLI dataset introduced by Bowman et al.
(2015). It contains 570K sentence pairs, and was col-
lected by leveraging captions from the Flickr30k cor-
pus (Young et al., 2014) as premises; given captions for
an image (without access to the image itself), crowd-

2Note that some work conflates the last two categories, ef-
fectively making NLI a binary classification problem between
entails, and does not entail.



workers were asked to generate alternative captions—
hypotheses — that were definitely true of the unseen
image (entailed), could be true of the image (neu-
tral), and that were definitely not true of the image
(contradiction).

One of the limitations of the original SNLI dataset
is the variety of text present — because the premises
were all taken from Flickr30, the resulting dataset
was fairly representative of the types of topics present
in that dataset; namely everyday and outdoor activi-
ties, mostly with descriptions of physical scenes. To
move past this, and to generally introduce a more di-
verse NLI dataset, Williams et al. (2018) introduced
Multi-NLI (MNLI), the Multi-Genre Natural Lan-
guage Inference Corpus. Instead of focusing on phys-
ical scenes, MNLI looks at several di�erent genres
to identify their premises, ranging from voice tran-
scripts, to travel guides, to government reports, to
excerpts from works of speculative fiction. MNLI
significantly changed the landscape of NLI evalua-
tion, as the multiple genres each require di�erent
types of language understanding. We use MNLI as
our training set for all of the models in this work.
Separately, recent years have shown an explosion

of di�erent NLI datasets, including adversarial (?),
cross-lingual (Conneau et al., 2018), and domain-
specific NLI datasets (Romanov and Shivade, 2018).

Challenges. With the proliferation of various new
NLI datasets, a parallel body of work investigated
model performance, and specifically model errors by
identifying structured ways of evaluating NLI mod-
els. Crucially, Gururangan et al. (2018) performed
a detailed study of SNLI and MNLI and found that
without access to the premise, over 60% of SNLI and
50% of MNLI can be correctly classified (compared
to a 33% random baseline), indicating a deep-seated
bias in the dataset. Probing deeper, they found anno-
tator “shortcuts” — artifacts present in the datasets
that were highly correlated with the output label. To
be concrete, one such example they found is that the
presence of the word “not” is highly indicative of
contradiction, as one way crowdworkers could come
up with contradictory hypotheses is to just add “not”
somewhere in the original premise.

Expanding on this work, McCoy et al. (2019) iden-
tify three types of heuristics that are present in ex-
isting NLI systems, and develop a challenge set called
HANS (Heuristic Analysis for NLI Systems) that
specifically includes examples that counter these
heuristics. To make this concrete, one heuristic
present in existing NLI models trained on SNLI or

MNLI is the “constitutent heuristic”; this is a feature
of NLI models that assumes a label of entails anytime
the hypothesis contains any complete substring of the
original premise. For example, given a premise like
“If the artist slept, the actor ran,” and the hypothesis
“�e artist slept,” models are likely to predict entails,
even though this is not true. HANS is an interesting
challenge set in that its examples specifically guard
against spurious correlations or bad heuristics that
NLI models might pick up naively when training
with a maximum likelihood objective on MNLI. As
such, we use HANS as one of our validation sets in our
experiments, to see if we can use some limited knowl-
edge about the heuristics to avoid to downweight the
corresponding samples in our training set, and thus
show better out-of-distribution generalization.

2.2 Sample Reweighting

We base our approach o� of the principle of Sample
Reweighting, which seeks to learn a weighting over
examples in our training set such that when train-
ing via a maximum likelihood objective, we learn to
prioritize examples that correlate with strong per-
formance on our validation set, and downweight any
other examples.

Sample reweighting is not a new idea; arguably, it
can be traced back toAdaboost (Freund and Schapire,
1995). However, recent work has used the idea of
sample reweighting to improve robustness by down-
weighting high-variance, imbalanced, or otherwise
problematic examples (Chawla et al., 2004; Chang
et al., 2017; Jiang et al., 2018). A focused portion of
this work looks into meta-learning approaches for
“learning-to-learn” sample reweighting, specifically
those introduce by Ren et al. (2018) and Shu et al.
(2019).

In this work, we build o� the approach introduced
by Ren et al. (2018) that uses inner-loop (MAML-
style) meta-learning to learn-to-learn what examples
are important, by leveraging an external (labeled)
validation set. A broad overview of the approach can
be found in Figure 1. Given a uniform set of weights,
we first perform a forward-backward pass on a batch
of training data to produce a new set of weights (pre-
serving all gradients). Given these new weights, we
perform a forward pass on a batch of validation data,
and take the loss. We then perform a backwards-on-
backwards pass (inner-loop/MAML-style) to opti-
mize the weights over examples and minimize the
validation loss. �is is all enabled by standard auto-
matic di�erentiation libraries that support taking
second-order gradients.



In their original work, Ren et al. (2018) look at ar-
tificial sources of noise (label noise, label imbalance)
on relatively small datasets with small architectures—
specifically, MNIST, CIFAR-10, and CIFAR-100,
with architectures like the standard LeNet (LeCun
et al., 2015) and small variants of the ResNet archi-
tecture. In our work, we extend their approach by
scaling up to sequence models like Recurrent Neural
Networks (Hochreiter and Schmidhuber, 1997; Cho
et al., 2014) as well as large pretrained transformer
language models such as BERT (Vaswani et al., 2017;
Devlin et al., 2019). More importantly, outside of
artificial noise, we experiment with using subsets of
challenge sets such as HANS (McCoy et al., 2019)
to guide learning, guarding our NLI models from
picking up on bad heuristics and learning spurious
correlations.

3 Problem Statement

We work within (and adapt) the reweighting frame-
work proposed by Ren et al. (2018). Assume that we
have access to a large, noisy dataset D and a small,
clean validation set DV . Under standard expected
risk-minimization loss (ERM), we aim to minimize a
loss equally weighted over the input examples:

1

N

N∑
i=1

C(ŷi, yi) =
1

N

N∑
i=1

fi(θ) (1)

However, due to the noisiness of the training set,
some examples may be more valuable to learn from
than others. To ameliorate this, we aim to learn some
weightingwi of the input pairs (xi, yi) such that the
loss L(θ;DV ) is minimized.
Given some set of Nt training examples, at ev-

ery timestep t, we initialize a set ofN free weights
εi = 0. We can construct a function θ′(ε) which rep-
resents the updated parameters a�er a single inner
optimization step with weights ε:

θ′(ε) = θ − λ∇θ
n∑
i=1

εiL(θ, yi, ŷi) (2)

We then sample a minibatch of clean validation exam-
ples and calculate the loss of the updated parameters
θ′ with respect to the validation step:

Lval(θ′) =
∑
j

L(θ′, yjval, ŷ
j
val) (3)

We then take the gradient of each εi with respect to
the validation loss. In e�ect, this acts as a first-order

approximation such that the new parameters θ̂t+1(ε)
generalize maximally well to the clean validation set:

ui = −η
1

m

m∑
j=1

∇εiLval(θ′(ε), y
j
val, ŷ

j
val)

∣∣∣∣∣
εi=0

(4)

w̃i = max(ui, 0) (5)

where η is an inner-loop learning rate. Intuitively,
wi,t is now an approximation of the “applicability”
of the training example (xi, yi) to the validation set.
In practice, we then rectify and rescale the w’s to
keep a constant and positive step size:

wi =
w̃i

(
∑

j w̃j) + 1[
∑

j w̃j = 0]
, (6)

where the bottom right term accounts for the case in
which every example has a negative weight. Finally,
we take a weighted step on the train set with the
calculated weights:

θ′(ε) = θ − λ∇
n∑
i=1

wiL(θ, yi, ŷi) (7)

4 Meta-Learning for Reweighting

We explored reweighting three sequential models,
described below. All models were implemented in
PyTorch (Paszke et al., 2017).

4.1 Bag-of-Words Models

As a simple baseline, we explored reweighting a bag-
of-words model. Given a premise p and hypothesis
h, the bag-of-words model takes the mean over each
sequence’s embeddings:

p =
1

|p|
∑
i

Emb(pi) (8)

h =
1

|h|
∑
i

Emb(hi) (9)

A MLP is then trained to perform two- or three-way
classification given p, h. Following Williams et al.
(2018), we use di�erence and product features to
leverage the features of the embedding space:

ŷ = MLP(p, h, p− h, p� h) (10)

In practice, we embed sentences using GloVe-840B
(Pennington et al., 2014). We use a four-layer MLP
with 200 hidden units and ReLU activations, fol-
lowing Williams et al. (2018); however, for e�ciency
reasons, we do not use trainable embeddings, keeping
them fixed.



4.2 Recurrent Neural Networks and BERT

Although this is an e�ective and computationally
e�cient baseline, taking the mean over the input
sequences means that bag-of-words models are un-
able to model sequential context. Consequently, we
investigated reweighting of two sequential models:
RNN-GRU and fine-tuned BERT.

GRU-RNN Models A gated recurrent unit (GRU;
Cho et al. 2014) is a recurrent neural network capable
of modelling long-term dependencies. Unlike a stan-
dard RNN, a GRUmodels an additional update term
zt that allows for varying the degree of parameter up-
date at each timestep; this allows for the modelling of
complex long-term relationships without vanishing
gradients.

BERT BERT (Devlin et al., 2019) is a pre-trained
language model trained on a masked language mod-
elling objective: given some input x, random posi-
tions x1,2,...,i are masked. �e model is then trained
on a reconstruction loss, through which it learns
expressive representations which can then be fine-
tuned for downstream tasks. As is standard, we fine-
tuned the representations of the [CLS] token using
a final linear classifier to make predictions.

Problem: Blocked by a HIGHER Power. We re-
implemented Ren et al. (2018)’s reweighting algo-
rithm, with adaptations appropriate for a NLP set-
ting (e.g. gradient accumulation) in the PyTorch
higher library (Grefenstette et al., 2019), which al-
lows natural calculation of second-order gradients in
an idiomatic way. Although this enabled reweighting
a simple bag-of-wordsmodel, we rapidly encountered
out-of-memory errors, o�en within a single epoch.
Investigation revealed that the higher library caused
memory leaks when applied to sequence models, due
to incorrect freeing of free weights when exiting the
meta-learning context. �is would o�en increase
memory needs by nearly 50×, making it impossible
to complete the meta-training process.
We experimented with two strategies to address

this:

• Freezing: First, both recurrent model (GRU
or BERT) and classifier layer are trained using
ERM. We then freeze these representations, re-
initialize the final classification layers and per-
formed reweighting solely on the last layer, us-
ing the ERM-trained recurrent representations.
�is approach, which is denoted ReweightLast-
Layer in our results table, achieved better per-

formance than baselines but still did not achieve
strong results.

• Patching: We manually patched the GRU in Py-
Torch to be stateless. We then performed manual
inner gradient step descent as normal, updating
the fast weights as necessary.

Re-Deriving the Reweighting Update Rule. In an
e�ort to more concretely address the memory and
computational cost of inner-loop meta-learning, we
more closely examine the mathematical form of the
meta-learning update rule. We find a simpler for-
mulation that not only avoids the need for an inner
update step, but also reveals parallels with work in
influence functions (van der Vaart, 1998).
Recall that the gradient term is modelled as fol-

lows:

uk = −η 1

m

m∑
j=1

∇εkL
val(θ′(ε), yjval, ŷ

j
val)

∣∣∣∣∣
εk=0

(11)

Since this is a composed function of ε, we can apply
the chain rule:

= −η 1

m

m∑
j=1

[
∇θ′Lval(θ′, yjval, ŷ

j
val)

][
∇εkθ

′(ε)

]∣∣∣∣∣
εk=0

(12)

= −η 1

m

m∑
j=1

[
∇θ′Lval(θ′, yjval, ŷ

j
val)

]
(13)

[
∇εk

(
θ − λ∇θ

n∑
i=1

εiL(θ, yi, ŷi)
)]∣∣∣∣∣

εk=0

Simplifying:

= η
1

m

m∑
j=1

[
∇θ′Lval(θ′, yjval, ŷ

j
val)

]
(14)

[
∇εk∇θ

n∑
i=1

εiL(θ, yi, ŷi)

]∣∣∣∣∣
εk=0

= η
1

m

m∑
j=1

∇θ′Lval(θ′, yjval, ŷ
j
val) · ∇θL(θ, y

i, ŷi) (15)

where · is a dot product.
In summary, we demonstrate that the inner-loop

meta-learning procedure reduces to a dot product be-
tween the gradient with respect to the train loss and
gradient with respect to the validation loss. Rather
than taking an inner loop step over ε, we can now
explicitly estimate the influence term analytically, al-
lowing us to reweight entire sequential modelswhile
drastically speeding up computation.



Label Noise
Model Baseline 0.5 0.9 Imbalance

Bag-of-Words
Erm 0.536 0.471 0.389 0.524
Reweight 0.535 0.522 0.422 0.588

GRU
Erm 0.660 0.480 0.440 0.488
ReweightLastLayer OOM† OOM† OOM† 0.543
Reweight 0.631 0.530 0.361* 0.555

Table 1: Performance on the MultiNLI dev-mismatched set, which we use as an evaluation set, under various training
conditions. For all conditions, a random baseline gives 0.333. *Did not converge at time of writing. †Out-of-memory
error encountered due to memory leaks in the higher library; see Section 4.2 for details of the error and steps taken
to address this.

Connections with Influence Functions. �e goal
of the influence functions framework is to estimate
the change in the loss at a given test example by up-
weighting the loss at a given training example. In the
classic derivation (c.f. Van der Vaart (1998)), to com-
pute the influence of a training example z = (x, y)
on a test example zt = (xt, yt), we start by changing
its weight from 1 to 1 + ε. �is leads to an updated
empirical loss, which we minimize to obtain updated
model parameters θ′. �is is then used to compute
the updated loss on the test example. Mathematically,
the influence score is given by

Iz,zt = −∇θL(θ, y, ŷ)H−1θ ∇θL(θ, yt, ŷt), (16)

whereH−1θ is the inverse hessian of the loss function
at θ. We note that this has a similar functional form
as the reweighting computed in Equation 15, except
for the hessian term in the middle. Intuitively, we
expect reweighting to assign high weights to exam-
ples that would influence the validation loss most; the
derivation presented above validates this intuition.

5 Experiments

5.1 MNIST

To verify our implementation, we evaluate on the
image-recognition setting from Ren et al. (2018).

Dataset. We investigate the ability of reweighting
to learn to classify an imbalanced subset of MNIST.
We select a total of 5,000 images from classes 4 and 9,
where 9 makes up 99.5% of the training distribution.
�e testing distribution is evenly split between 4
and 9. To inform the reweighting algorithm, we also
construct a balanced validation set of 10 examples.

Results. We train LeNet-5 (LeCun et al., 2015) with
both the reweighting objective and the standard
ERM3 objective. Our results (Table 2) demonstrate
that reweighting significantly outperforms the base-
line.

Model Performance

Erm 0.790
Reweight 0.950

Table 2: Performance of a LeNet-5 model on the
Imbalanced-MNIST dataset with standard training and
reweighting. Our PyTorch reimplementation replicates
the performance achieved by Ren et al. (2018).

5.2 MultiNLI: Label Noise and Imbalance

Similar to MNIST experiments, we evaluate NLI
models under both label noise and label imbal-
ance. For these experiments, we use Bag-of-Words
and GRU models; for the GRU, we experiment with
both reweighting the top layer only (with higher;
ReweightLL) and reweighting the entire model
(with our custom-patched GRU; Reweight).

Dataset. Under the label noise condition, we flip a
fraction p of labels to a random label. We experiment
with p ∈ {0.5, 0.9}. Under the label imbalance condi-
tion, almost all of the data points come fromone class;
this thus tests our algorithm’s ability to upweight rel-
evant examples from the minority class. We use 120K
entailment examples, 13K non-entailment examples,
and 13K contradiction examples. In all cases, we use
the MultiNLI dev-matched set as a validation set
for reweighting, and the dev-mismatched set for
evaluation; the two sets have no genre overlap.

3Empirical risk minimization



Results. Results can be found in Table 1. We
find that for the bag-of-words baseline, reweighting
improves performance significantly, with improve-
ments of +3.3 and +5.1 points on our two noising
conditions and a +6 point improvement on the im-
balance condition. For GRUs, we observe inconclu-
sive results on the noise conditions, with a +5.0 point
improvement on p = 0.5 but a +7.9 point deterioria-
tion on p = 0.9 (we note, however, that the p = 0.9
model converged extremely slowly and had not con-
verged within 10 iterations). On the imbalance con-
dition, we observe a +5.5 point improvement over
ERM when fine-tuning a single linear layer, and a
+6.7 point improvement when fine-tuning the entire
GRU. We did find that GRU underperformed the
bag-of-words model on all noisy conditions, possibly
due to the heuristic-laden nature of the MultiNLI
dataset.

5.3 MultiNLI-HANS

We now evaluate models on the MultiNLI-HANS
setting which we describe below. For this evaluation,
we experiment with a GRU based model as well as
BERT, a large scale pre-trained transformer model.

Data. We train on a binary version of the
MultiNLI dataset, by collapsing both neutral and
contradiction labels to a not-entailment label.
As our clean validation set, we sample 5000 example
from the subsequence subset of HANS examples.
We use the lexical-overlap subset of HANS ex-
amples as our test set. Notably, these two subsets tar-
get completely di�erent heuristics, so transfer from
one subset to another is challenging.

Results. From Table 3, we observe that reweight-
ing leads to improved performance for all settings.
Compared to the baseline ERM model, we observe
an improvement of +13 points for GRU encoders. For
the more powerful BERT encoder, we observe that
end-to-end finetuning of BERTwith reweighting leads
to an improvement of +2.2 points. Interestingly, we
observe that finetuning only the final layer of BERT
leads to a slight improvement of +0.9 points.

5.4 Analysis

In this experiment, we seek to understand if reweight-
ing can recover examples in the training set that come
from the same distribution as the test set. To do
this, we randomly remove 100 examples from the
test set of MultiNLI-HANS and add it to the train-
ing set. From results in Table 4, we observe that the
reweighting based BERT model is able to reach a

Model Performance

GRU
Erm 0.490
Reweight 0.561

BERT Finetuning
Erm 0.527
ReweightLastLayer 0.558
Reweight 0.549

Table 3: Performance of GRUs and BERT finetuning on
theMultiNLI-HANS setting. Random baseline: 0.5.

perfect accuracy in this setting while an ERM based
model achieves an underwhelming accuracy of 0.538.
�is indicates that the reweighting based model is
able to accurately upweight leaked examples, and si-
multaneously downweight everything else. Unlike
fine-tuning, our method does not require us to know
which examples are important to achieve good per-
formance.

Model Performance

Erm 0.538
Reweight 1.0

Table 4: Comparing ERMwithReweight by training on
a combination of MultiNLI-HANS training data with
100 leaked test set examples. We observe that Reweight
obtains perfect accuracy su�esting that it is able to re-
cover the leaked examples.

6 Conclusion

For several NLP problems, data-driven neural net-
work models are approaching super-human perfor-
mance. However, a closer inspection reveals that
these state-of-the-art models learn superficial cor-
relations that fail to generalize beyond the training
distribution (Jia and Liang, 2017; Gururangan et al.,
2018; McCoy et al., 2019). On the other hand, human
understanding of language is remarkably robust to
distribution shi�s—we are able to read books set in
fictional worlds, systematically interpret new combi-
nations of known words, and e�ortlessly use newly
acquired words in conversations. How can we make
progress towards building models with similar gen-
eralization properties?
In this work, we apply a reweighting based ap-

proach from Ren et al. (2018) to make progress to-
wards this goal, for the task of NLI. �e key idea is
to dynamically modify the training distribution by



upweighting examples that lead to improved gener-
alization and downweighting examples that do not.
Crucially, to scale this approach to large NLP mod-
els, we reformulate the meta-learning approach as
a simple dot product between gradients. From ex-
periments on several challenging domain shi�s, we
establish the e�ectiveness of this approach.
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