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Abstract

The ability to accurately perform multiple sentence-level tasks with a single model
has significant applications. We investigate the efficacy of fine-tuning a BERT
model to achieve optimal performance on a range of sentence-level tasks. As a
baseline, we expand the minBERT implementation by utilizing pretrained weights
to perform sentiment classification, paraphrase detection, and semantic textual
similarity. Then, we perform additional pretraining on adjacent datasets, multi-
task fine-tuning with gradient surgery, and single-task fine-tuning using a variety
of model architectures to train the model weights for deeper embeddings that
generalize well to each of the three tasks. Our experiments demonstrate that the
additional pretraining and task-specific head fine-tuning contributes mild boosts in
performance, but the greatest increases in performance come from the combination
of performing gradient surgery and using a model that concatenates input sentences
so that BERT can generate one embedding for the entire input. Essentially, per-
forming gradient surgery while allowing BERT to do most of the work on the input
sentences together results in the highest performance across all objective tasks. We
provide a comprehensive analysis of the individual performances, advantages, and
disadvantages of each proposed training method and model architecture.

1 Key Information

Our mentor is Shai Limonchik. We have no external collaborators nor are we sharing projects.

2 Introduction

Deep NLP models have achieved great success on single tasks, but the ability to perform well on
multiple tasks is becoming more crucial for many practical applications of NLP. Developing multi-task
models is challenging, however, because different tasks have different requirements in terms of input
representation, output format, and training data. Moreover, tasks may have conflicting objectives,
making it difficult to optimize a single model for all tasks simultaneously. Transformer-based models,
such as BERT [2], have led to significant improvements in the performance of NLP models across
a range of tasks. For our project, we train and evaluate a series of models that use shared BERT
embeddings to perform three tasks simultaneously: sentiment analysis, paraphrase detection, and
similarity detection.
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In this report, we present a novel approach that combines additional pretraining, gradient surgery,
and final layer fine-tuning to optimize multi-task deep learning for NLP. Additional pretraining is
a technique that involves training a model on additional data before fine-tuning on specific tasks,
improving model performance by enabling it to learn general features that can be transferred to a
range of downstream tasks. Gradient surgery, proposed by Yu et al [10], is a technique used for
multitask learning that manipulates gradients to selectively dampen or amplify the contributions of
each objective task to the overall loss function. Gradient surgery not only helps the model focus on
the more challenging or informative parts of each task but also is beneficial for preventing over-fitting,
under-fitting, and negative transfer. Our final step is final layer fine-tuning, whereby the shared
BERT weights are frozen and the final layers (task-specific head) for each objective task is fine-tuned
on labeled data. Final layer fine-tuning can help the model adjust its final layer parameters more
precisely to each specific task without conflicts between the tasks. While each of these techniques
has been shown to improve the performance of NLP models in isolation, their combined effect has
not been thoroughly explored. Our project aims to fill this gap by investigating the potential benefits
of many combinations of these techniques and evaluating their effectiveness on a range of NLP tasks.
Our results show promising improvements in the performance of multi-task NLP models, especially
in cases where the tasks have different complexities or variances.

3 Related Work

Recent research, such as (Yang et al [9]) and (Liu et al [5]), highlights the advantages of additional
pretraining in natural language processing models on large, diverse datasets to enhance performance
on downstream tasks. Nevertheless, this is a very active area of research and there exist many
techniques for pretraining and finetuning for good multi-task performance.

Liu et al 2019 [5] introduces Roberta, an improved bi-directional encoder based on the BERT
architecture. The paper validates the fundamental approach of BERT but emphasizes that longer
training and better hyperparameter optimization lead to much better results. The model, though
improved, remains just an encoder, so it is fine-tuned for the downstream tasks tackled by our model.

Chen et al 2021 [1] provides an overview of the use of Multi-Task Learning (MTL) in NLP tasks.
They review MTL architectures used in NLP tasks and categorize them into parallel, hierarchical,
modular and generative architecture. A parallel architecture—what we elected to use—shares most
of its weights for each of its tasks while each task has its own task-specific output layer. For
our experiments, since each input produces a specified output (which is specific to each task), the
generative architecture is not applicable. Future research into multi-task training of BERT, however,
could investigate the efficacy of using a hierarchical or modular architecture.

Yu et al 2020 [10] introduced gradient surgery, a technique for reconciling gradient conflicts for
multi-task learning introduced above. Our approach builds on this technique by applying it to the
three tasks of sentiment analysis, paraphrase detection, and similarity detection.

Lastly, Weller et al 2022 [7] examine and compare three methods of multi-task finetuning. They first
train on an intermediate task before training on the objective task. Second, they using multi-task
learning to train jointly on the main task and a supplementary task. And third, they using multi-task
learning to jointly train on all available datasets. They found that for primary tasks of STS and SST
(two of our objective tasks) and a pretraining dataset of MultiNLI (Multi-Genre Natural Language
Inference) [8] (which we use for additional pretraining), there was no significant difference between
their first and second methods. Given these findings, we will build on their first method: we first
pretrain on MultiNLI dataset and subsequently perform multi-task learning to jointly train on our
three end-tasks.

4 Approach

4.1 Baseline

For our baseline, we train a naive Multitask Classification model that uses the pre-trained BERT
weights and is only finetuned for the Sentiment Classification task but then evaluated for each
of the three objective tasks: sentiment classification, paraphrase detection, and semantic textual
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similarity. Our aim was to beat these baseline scores for each of the three tasks by utilizing the model
architectures and neural training methods described below.

4.2 Model Architectures

In this report, we investigate three model architectures. Our first model architecture, Concat After
BERT (ConcatA), feeds each sentence from a sentence pair separately into BERT and concatenates
the two resulting embeddings. It includes one linear layer and one dropout layer in each task-specific
head (See Figure 1).

Figure 1: Concat After BERT (ConcatA)

Our second model architecture, Concat Before BERT (ConcatB), concatenates tokenized sentences
from a pair and then feeds the result into BERT to generate one embedding for both sentences.
Similarly to ConcatA, it also includes one linear layer and one dropout layer in each task-specific
head (See Figure 2(a)). Our last model architecture, Concat Before BERT + Added Layer (ConcatB +
AL) follows the same concatenation pattern of inputs as ConcatB, but there are two linear layers and
two dropout layers in each task-specific head. In this model architecture, we introduce a Leaky ReLU
activation function in between the first set and second set of dropout and linear layers (See Figure
2(b)).

(a) Concat Before BERT (ConcatB) (b) Concat Before BERT + Added Layer (ConcatB +
AL)

Figure 2: Concat Before BERT (ConcatB) Architecture

Note, the difference between the ConcatA and ConcatB model architectures only affects how learned
embeddings are generated in the PARA and STS datasets since they are both pair datasets (having
two sentences as input). Since the input for the SST dataset is a single sentence, we feed the
single sentence token ids for SST directly into BERT to generate a learned embedding in all model
architectures. However, the task-specific heads in each model architecture are still accordingly
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modified for all three tasks (i.e. ConcatA and ConcatB have 1 set of dropout and linear layers in each
task-specific head; ConcatB + AL has 2 sets of dropout and linear layers in each task-specific head).

4.3 Training Methods

4.3.1 Additional Pretraining

Our first training method is to conduct additional pretraining on target-domain data using the Multi-
Genre MultiNLI Corpus, which has 433k sentence pairs from multiple different contexts, all labeled
with textual entailment information. Like both the paraphrase detection and similarity detection task,
since the MultiNLI dataset contains sentence pairs that are related in some way, we hypothesized
pretraining on MultiNLI will allow us to improve BERT embeddings for sentence pairs.

4.3.2 Gradient Surgery

Our second training method is gradient surgery for multitask fine-tuning on all of our three objective
tasks. Multitask fine-tuning with gradient surgery, as described in [10], is a technique that selectively
scales gradients from each objective task in a model to improve its generalization performance on the
different but related tasks. To perform gradient surgery, we first add together the loss on each of our
three tasks.

Ltotal = Lsst + Lpara + Lsts (1)

where Lsst, Lpara, and Lsts represent the Loss values of the sentiment classification, paraphrase,
and STS tasks, respectively.

To reconcile gradient conflicts, we use gradient surgery, proposed by Yu et al. [10], where
the gradient of one task gi is projected onto the normal plane of another conflicting task’s
gradient gj , as shown in this equation: gi = gi − (

(gigj)
jjgj jj2 )gj . This removes the component

of the gradient that conflicts with the other task’s objective, while preserving the component
that contributes to the current task’s objective. Since we have three tasks and thus three gradi-
ents to calculate, we project each gradient onto the normal plane of the other two conflicting gradients:

g0
sst = gsst − (

(gsstgpara)

||gpara||2
)gpara − (

(gsstgsts)

||gsts||2
)gsts (2)

g0
para = gpara − (

(gparagsst)

||gsst||2
)gsst − (

(gparagsts)

||gsts||2
)gsts (3)

g0
sts = gsts − (

(gstsgsst)

||gsst||2
)gsst − (

(gstsgpara)

||gpara||2
)gpara (4)

where gsst, gpara, and gsts represent the gradients for the sentiment classification, paraphrase, and
STS tasks, respectively. Then, we simply take the sum of each of the three gradients in order to
calculate the final gradient, g0, which is used to perform gradient descent:

g0 = g0
sst + g0

para + g0
sts (5)

In order to perform gradient surgery and back propagation for each batch simultaneously during
training, we attempt two different Round Robin training techniques to reconcile the different sizes of
the SST, Quora, and STS datasets:

(1) Round Robin: Different Batch Sizes (GSbd)

In this approach, we define different batch sizes bsst, bpara, and bsts based on the lengths of each
dataset, lsst, lpara, and lsts such that for n number of batches,

n · bsst ≈ lsst; n · bpara ≈ lpara; n · bsts ≈ lsts (6)

By doing this, for each training iteration in an epoch, we can take one batch from SST, Quora, and
STS, calculate the loss for each respectively, perform gradient surgery, and take a gradient step. After
going through all n batches, we will have exhausted most of the training examples in all three datasets
(See figure 3(a)).
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