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ULMFIT: Universal Language Model

Fine-Tuning for Text Classification
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Abstract: While inductive transfer learning has revolutionized
computer vision, current approaches to natural language
processing still need training from the ground up and task-specific
adjustments. As a powerful transfer learning approach applicable
to any NLP activity, we provide Universal Language Model
Fine-tuning (ULMFIT) and outline essential strategies for
language model fine-tuning. With an error reduction of 18-24%
on most datasets, our technique considerably surpasses the
state-of-the-art on six text categorization tasks. Additionally, it
achieves the same level of performance as training on 100 times
more data with only 100 annotated examples. We have made our
pretrained models and code publicly available.
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I. INTRODUCTION

The ULMFIT method, which is like fine-tuning ImageNet

models, makes it possible to do robust inductive transfer
learning for any natural language processing (NLP) task. It
also fixes the issues with fine-tuning-based inductive
transfer, like the need for large datasets and the time it takes
to converge. The same 3-layer LSTM architecture with the
same hyperparameters and no changes other than tweaking
the dropout hyperparameters did better than highly designed
models and transfer learning techniques on six
well-researched text classification tasks [1].

While inductive transfer learning has revolutionized
computer vision, current methods in natural language
processing still need tailoring training to individual tasks
[2,3]. As a powerful transfer learning approach applicable to
any NLP work, we provide Universal Language Model
Fine-tuning (ULMFIT) and outline essential strategies for
language model fine-tuning. An LM is a probability
distribution over word sequences. Text categorization,
summarization, text creation, and other natural language
processing tasks employ this language model as a
foundational model, similar to transfer learning [4,5].
Computer vision (CV) has been greatly influenced by
inductive transfer learning [6].

Manuscript received on 02 October 2024 | Revised Manuscript
received on 11 October 2024 | Manuscript Accepted on 15
October 2024 | Manuscript published on 30 October 2024.
*Correspondence Author(s)

Herat Joshi*, Department of Analytics & Decision Support, Great River
Health Systems, Burlington, (lowa), United States of America (USA). Email
ID: heratjoshi@gmail.com, ORCID ID: 0009-0009-4199-544X

Shenson Joseph, Department of Computer Engineering, University of
North Dakota, Houston, (Texas), United States of America (USA). Email ID:
shenson.joseph@gmail.com, ORCID ID: 0009-0001-5191-5556

© The Authors. Published by Lattice Science Publication (LSP). This is
an open access article under the CC-BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/)

Retrieval Number:100.1/ijamst.E304904061024
DOI:10.54105/ijamst.E3049.04061024
Journal Website: www.ijamst.latticescipub.com

Check for
updates

Object identification, classification, and segmentation
models used in applied CV are usually fine-tuned versions of
models that were pre-trained on datasets like ImageNet and
MS-COCO. Text classification, a subset of Natural Language
Processing (NLP) activities, encompasses commercial
document classification, including for legal discovery,
emergency response, spam, fraud, and bot detection, among
other real-world applications [7,8].

Deep learning models have surpassed human performance
on several natural language processing (NLP) tasks;
nevertheless, they must be trained from the beginning, which
requires massive datasets and a convergence time of days
[9,10]. A basic transfer strategy that just addresses a model's
first layer, fine-tuning pre-trained word embeddings
(inductive transfer), has had a substantial effect in practice
and is employed by most state-of-the-art models [11,12].
Context mapping becomes much simpler using LMs. Like an
uncle to an aunt or a king to a queen, a man-to-woman map is
a formality. The joint probability distribution among words is
the result of these mappings. A statistical likelihood matrix
(LM) is one term for this [13]. Statistical language modeling,
often known as language modeling or simply LM, is the
process of creating probabilistic models that can, given a
sequence of words, predict the word that will come after it
[14].

Il. REVIEW OF LITERATURE

S. Min (2021) [15] The weights of several tasks are shared
in multi-task designs. So, the know-how for various jobs is
pooled. Hyper columns, a new approach that use multi-level
embeddings, go beyond transfer pretrained word
embeddings. Another way to transfer learning in natural
language processing is called fine-tuning. This technique
involves training a model for one task and then adjusting it to
perform better on the target job. As shown, the fine-tuning
method in natural language processing achieves respectable
outcomes when it comes to the transfer of knowledge across
comparable tasks.

Deng, (2022) [16] Because it allows to train models in a
completely different issue with less data, transfer learning is
essential for deep learning applications. The field of
computer vision makes extensive use of transfer learning. For
the most part, the model will learn the picture characteristics
from a generic job, such as object recognition, using the
ImageNet dataset, and then apply them to other domains.
Some of these tasks include refining a pre-trained model's
final layer or layers and then applying that knowledge in new
settings.
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ULMFIT: Universal Language Model Fine-Tuning for Text Classification

The research was conducted to examine how the
complexity of datasets affects transfer learning using CNN.

I11. OBJECTIVES

1.To introduce ULMFIT as a general transfer learning
method for NLP into areas where there is no fine-tuning or
specific fine-tuning is difficult.

2.To explain the techniques that are the most important for
the final tuning of a language model and which are the
basic skills for using ULMFiT for the ready-made solution
to a variety of NLP tasks.

IV. PROBLEM STATEMENT

The study focuses on the challenges inherent in the
application of transfer learning for text classification in the
field of NLP. The study seeks to address the challenge in
using existing transfer learning approaches such as
supervised pretraining tasks to develop better ways for
generalizing in scenarios with limited training data or
resources. Specifically, the authors identify three settings
where language model fine-tuning could be particularly
useful: 1) Developing NLP systems for non-English
languages with limited training data 2) New NLP tasks with
no or little establishment of the state-of-the-art arch | 3) Some
labeled data available but limited data available.

V. SIGNIFICANCE OF THE STUDY

The importance of the study on ULMFIT (Universal
Language Model Fine-tuning for Text Classification) is
attributed to the fact that it can help to further develop NLP
and applying it to various disciplines. The results obtained by
the study show that state-of-the-art performance on widely
used text classification tasks can be reached by applying
language model fine-tuning as a transfer learning method.
Among other things the study suggests that ULMFIT may be
especially valuable in the following cases: For languages
other than English, as well as for new NLP tasks with yet
unseen architectures, or tasks in which labeled data is scarce.
This makes transfer learning feasible in more real-world
scenarios and facilitates positive contributions to
under-resourced domains. Finally, the study presents future
research opportunities in further optimizing language model
pretraining and fine-tuning; leveraging the approach for new
downstream tasks; and understanding the knowledge learned
by pretrained models. The following possibilities for future
research may be used to further improve and apply for the
performance and efficiency of language model fine-tuning
methods. In summary, the study’s importance is in the
achievement of state-of-the-art text classification with the
application of transferable data-scarce scenario approaches in
NLPL.

VI. RESEARCH METHODOLOGY

Our focus is on the broadest possible context for inductive
transfer learning in natural language processing: We want to
improve performance on every target task fT given static
source task fS and any static task fS that is equal to or greater
than fT. As an alternative to ImageNet in natural language
processing, language modeling might be considered an
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excellent source task: It catches emotion, hierarchical
linkages, and long-term relationships, all of which are
important for downstream activities. “Unlike MT and
entailment, it yields almost infinite data for the majority of
domains and languages. Furthermore, we demonstrate that a
pretrained LM may be readily adjusted to the peculiarities of
a target job, leading to a significant improvement in
performance. Language modeling is also an integral part of
current activities like MT and conversation engineering. The
hypothesis space H, which is inferred from language
modeling, could be helpful for a wide variety of natural
language processing problems. We present ULMF Tuning,
an approach that builds a language model (LM) using a huge
general-domain corpus for pretraining and then uses
innovative techniques to fine-tune it for the target job.
Because it satisfies these realistic requirements, the approach
is applicable everywhere: 1) It is applicable to tasks with
different document sizes, numbers, and label types; 2) It
needs no new feature engineering or preprocessing; 3) It does
not require additional in-domain documents or labels; and 4)
It employs a single architecture and training method.

Targel
Labelled

Dataset

Source Labelled
Dataset

Fig. 1: Architecture for UMLFIT

For our tests, we use the cutting-edge AWD-LSTM
language model, which is essentially a standard LSTM with a
number of tunable dropouts hyperparameters but without
attention, short-cut connections, or any other advanced
features. We anticipate that, similar to CV, further use of
higher-performance language models will lead to greater
downstream performance. As shown in Figure 1, ULMFIT is
comprised of the following steps: 3.1) Pretraining for
general-domain LM; 3.2) Fine-tuning for target task LM; and
3.3) Fine-tuning for target task classifier. In what follows,
we'll go over these points.

A. LM Pretraining for General Domains

A big, general-property-capturing corpus of language,
similar to ImageNet, would be ideal. We use Wikitext-103, a
dataset of 28,595 preprocessed Wikipedia articles and 103
million words, to pretrain the language model. Tasks with
small datasets benefit the most from pretraining, which
allows generalization even with 100 labeled samples. We
anticipate that more varied pretraining corpora might
improve performance, but we will leave that investigation for
future study.
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The costliest part of the process, this step enhances
downstream model performance and convergence and only
has to be done once.

B. Fine-Tuning of the Target Task LM

While pretraining with various general-domain data is
important, the target task data will most likely have a distinct
distribution. So, we train the LM on task-specific data to
make it more accurate. With a pretrained general-domain LM
as a starting point, this step can train a robust LM with less
data, and it converges quicker since it just has to adjust to the
target data's peculiarities. In order to fine-tune the LM, we
provide the following: discriminative fine-tuning and slanted
triangular learning rates.

Customized discrimination Because many layers gather
different kinds of data, they should all be fine-tuned to
varying degrees. This is why we provide discriminative
fine-tuning3, a new approach to fine-tuning.

Using discriminative fine-tuning, we may adjust the
learning rates of the model's layers independently, rather than
applying a uniform rate to all of them. Just to give you an
idea, this is how the parameters 6 of a model are updated
regularly using stochastic gradient descent (SGD) at time
step t:

gt — 9t_1 —1n- ‘\79:](9)

In this context, n represents the learning rate and V0J(0)
signifies the gradient in relation to the objective function of
the model. The parameters 0 are divided into {01,.., RL} for
discriminative fine-tuning, with 6l being the model
parameters at the I-th layer and L being the number of layers
in the model. Similarly, for each I-th layer, we get {nl,...,
YL}, where J1 represents the learning rate. Consequently,
here is the SGD update that includes discriminative
fine-tuning:

0y =0,y — 11 - Vo J (0)

Based on our empirical findings, we recommend
fine-tuning the final layer to determine its learning rate yL,
and then utilizing ¥1—1 = $1/2.6 for the lower levels. Rates of
skewed triangular learning At the outset of training, we aim
for the model to converge to an appropriate area of the
parameter space so that it may be fine-tuned to task-specific
characteristics thereafter. To do this, it is not recommended to
use an annealed learning rate or a constant learning rate (LR)
throughout training. Slanted triangular learning rates (STLR)
are an alternative that we suggest. They follow the following
schedule of updates: initially, they linearly raise the learning
rate; subsequently, they linearly decay it.

cut = |T - cut_frac|

t/cut, if t < cut
b= 1 — —t=cut __  otherwise
cut-(ratio—1)° *
1+ p- (ratio — 1)
Nt = Nmazx *

ratio
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where T is the total number of training iterations, cut frac is
the fraction of iterations where the LR is increased, cut is the
iteration when the LR is decreased, and p is the proportion of
iterations where the LR is increased or decreased,
respectively. nt represents the learning rate at iteration t, and
the ratio describes the distance from the greatest LR nmax to
the lowest LR. In most cases, we use cut frac = 0.1, ratio = 32,
and nmax = 0.01.

STLR significantly improves performance by adjusting
triangle learning rates with a brief rise and a lengthy decay
period. We compare aggressive co-sine annealing, a
comparable schedule that has recently been used to attain
state-of-the-art performance in CV.

C. Optimizing the Target Task Classifier

As a last step in classifier tuning, we add two more linear
blocks to the pretrained language model. A softmax
activation that produces a probability distribution across
target classes at the final layer and ReLU activations for the
intermediate layer follow conventional practice for CV
classifiers. Batch normalization and dropout are also used in
each block. It should be noted that the only parameters that
are learnt from scratch are those in these task-specific
classifier layers. The states of the pooled final hidden layer
are sent into the first linear layer.

D. Sharing Resources

When it comes to text categorization jobs, the signal is
usually only a few of words scattered across the document.
Considering only the most recent hidden state of the model
might lead to information loss, especially when input
documents can include hundreds of words. We combine the
hidden state at the latest time step hT of the document with
the max-pooled and mean-pooled representations of the
hidden states across as many time steps as can be stored in
GPU memory, H ={h1,..., hT }, since this is why.

h,. = [hy, maxpool(H), meanpool(H)]

The most important aspect of the transfer learning approach
is fine-tuning the target classifier. If you tighten the screws
too much, you'll end up with catastrophic forgetting and all
the useful data from language modeling will be lost. On the
other hand, if you tighten the screws too little, you'll end up
with sluggish convergence and overfitting. We suggest
progressive unfreezing as an additional method for classifier
fine-tuning alongside discriminative fine-tuning and
triangular learning rates. Slow defrosting We recommend
unfreezing the model in stages, beginning with the last
layer—which contains the least general knowledge—rather
than fine-tuning all layers simultaneously, as this could lead
to catastrophic forgetting. After unfreezing the last layer, we
fine-tune all unfrozen layers for one epoch. We continue this
process of fine-tuning each layer until convergence is
achieved at the final iteration, after which we unfreeze the
next lower frozen layer. Just as in “chain-thaw", we train a
single layer at a time, but in this case we add more layers to
the collection of "thawed" layers and keep going.
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In  Section 5, we demonstrate how the three
components—discriminative fine-tuning, slanted triangular
learning rates, and progressive unfreezing—work together to
improve our method's performance on various datasets.

To facilitate gradient propagation for long input sequences,
BPTT for Text Classification (BPT3C) language models are
trained using BPTT. We suggest BPTT for Text
Classification (BPT3C) to make classifier fine-tuning for big
texts possible: We split the document into batches of size b,
which are fixed in length. We remember the hidden states for
max-pooling and mean-pooling, and we start each batch by
loading the model with the previous batch's final state.
variations in gradient.

Table 1: Text Classification Datasets or Tasks with
Number of Classes and Training Instances

Dataset Type # Classes # Examples
TREC-6 Question 6 5.5k
IMDb Sentiment 2 25k
Yelp-bi Sentiment 2 560K
Yelp-full Sentiment 5 650k
AG Topic 4 120k
DBpedia Topic 14 560k

A two-way language model Just with previous research, we
aren't confined to honing a language model that just works in
one way. We pretrain a forward and a backward LM for each
experiment. Before averaging the classifier predictions, we
use BPT3C to separately fine-tune a classifier for each LM.

E. Experiments

Although our method may be used for sequence labeling as
well, text classification challenges are the main focus of our
study because of the practical importance of these tasks.

F. Experimental Environment

Tasks and datasets We test our approach on six popular
datasets that have been used by top-tier text classification and
transfer learning methods for three common text
classification  tasks:  sentiment analysis, question
classification, and topic classification. The datasets range in
document length and number of documents. In Table 1, we
provide the statistics for every dataset and job.

Evaluating Public Opinion, the binary IMDb movie review
dataset and the binary and five-class versions of the Yelp
review dataset are used to assess our method for sentiment
analysis.

Classification of Questions We make use of the six-class
variant of the tiny TREC dataset, which consists of fact-based
queries that are open-domain and organized into broad
semantic categories.

Table 2: Test Error Rates (%) on Two Text Classification

Datasets
Model (IMDb) Test Model (TREC—6) Test
CoVe [17] 8.2 CoVe [17] 4.2
0h-LSTM [22] 5.9 TBCNN [19] 4.0
Virtual | [18] 5.9 LSTM-CNN [20] 3.9
ULMFIT (ours) 4.6 ULMPFIT (ours) 3.6

Subject categorization [21] generated the large-scale AG
news and DBpedia ontology datasets, which we use for topic
categorization.

Initial preparation [18] and [17] both used the identical
pre-processing that we do here. Furthermore, we provide
unique tokens for capitalization, elongation, and repetition to
enable the language model to grasp features that might be
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pertinent for categorization. Critical parameters We are
looking for a model that can reliably do a variety of jobs. We
adjust the same set of hyperparameters on the IMDb
validation set across jobs, unless otherwise stated. The
AWD-LSTM language model that we use has a BPTT batch
size of 70, three layers, 1,150 hidden activations per layer,
and an embedding size of 400. Layers are subjected to a 0.4
dropout, RNN layers to a 0.3 dropout, input embedding
layers to a 0.4 dropout, embedding layers to a 0.05 dropout,
and the RNN hidden-to-hidden matrix to a 0.5 weight
dropout. There is a 50-size hidden layer in the classifier. In
place of the default values of 0.9 and 0.99, we use Adam with
B1 = 0.7, which is comparable to. When fine-tuning the LM
and classifier, we utilize 64-bit batches, 0.004 as the base
learning rate and 0.01 as the classifiers. We also adjust the
number of epochs on the validation set for each job. Aside
from that, we follow the same procedures as in. Starting
points and models for comparison We check our results
against the state-of-the-art for every job. We evaluate our
results using CoVe, a cutting-edge NLP transfer learning
algorithm, using the IMDb and TREC-6 datasets. We test our
results against the most advanced text classification
algorithm on the AG, Yelp, and DBpedia datasets.

VIl. RESULTS AND DISCUSSION

We report each result as an error rate, preferring lower
numbers to ensure uniformity. The test error rates used by
[17] on the IMDb and TREC-6 datasets are provided in
Table. On both datasets, our strategy outperforms the
state-of-the-art and CoVe, a hypercolumn-based
state-of-the-art transfer learning method. We achieve a
43.9% reduction in inaccuracy on IMDb when compared to
CoVe and a 22% reduction when compared to the state of
the-art. Our technique utilizes a conventional LSTM with
dropout, offering a potential improvement over the current
state-of-the-art, which involves complicated architectures,
numerous types of attention, and advanced embedding
strategies [17,22].

We see that our method obtains an error of 4.6 on IMDb,
whereas the language model fine-tuning strategy only
manages an error of 7.64. This highlights the advantage of
using our fine-tuning techniques to transfer information from
a big ImageNet-like corpus. Among these datasets, IMDb
serves as a representative example: Many business
applications, including product response monitoring and
support email routing, rely on sentiment analysis. Sentiment
analysis typically produces documents that are only a few
lines long, such as emails used in legal discovery or online
comments used in community management.

The modest size of the 500-example test set means that our
improvement, like those of state-of-the-art techniques, is not
statistically significant on TREC-6. Although our model may
handle cases ranging from a single line in TREC-6 to many
paragraphs in IMDb, the competitive performance on
TREC-6 shows that it works well across dataset sizes.

Published By:
Lattice Science Publication (LSP)
© Copyright: All rights reserved.

‘www.ijamst.|atticescipub.com


http://doi.org/10.54105/ijamst.E3049.04061024
http://www.ijamst.latticescipub.com/

OPEN 8ACCESS

Despite our pretraining data being approximately two
orders of magnitude less than their 7 million phrase pairings,
we consistently outperformed [17] on both datasets.

In the table, we present the test error rates for the three
larger datasets: AG, DBpedia, and Yelp-full. Once again, our
approach significantly outperforms the state-of-the-art. We
find a similarly striking 23.7% decrease in errors on AG
when compared to the state-of-the-art. Our mistake reduction
rates on DBpedia, Yelp-bi, and Yelp-full are 4.8%, 18.2%,
and 2.0%, respectively. We conduct several studies and
ablations to determine the relative importance of each
contributor. We conduct our tests on three diverse corpora,
namely IMDb, TREC-6, and AG,

Table 3: Rates of Test Errors on Datasets for Text
Categorization

AG DBpedia Yelp-bi Yelp-full
Char-level CNN [21] | 9.51 1.55 4.88 37.95
CNN [22] 6.57 0.84 2.9 32.39
DPCNN [23] 6.87 0.88 2.64 30.58
ULMFIT (ours) 5.01 0.8 2.16 29.98

which include a range of activities, genres, and sizes. We
use 10% of the training set for each experiment's validation
set and present the error rates on this set using unidirectional
LMs. Training all algorithms with the exception of ULMFIT
with early halting, we fine-tune the classifier for 50 epochs.

A. Minimalist Instruction

The ability to train a model with a limited number of labels
is a major advantage of transfer learning. We test ULMFiT on
two scenarios: one where all task data is accessible and may
be used for LM fine-tuning (‘semi-supervised’), and another
where only labeled samples are used (‘supervised’). We
evaluate ULM-FiT in comparison to hyper column-based
methods that need starting from zero during training. Using
the same hyperparameters and a balanced data split for
training, we hold the validation set constant.

Supervised ULMFiT on IMDDb has the same performance as
training from start with 10 times more data, whereas on AG it
equals the performance with 20 times more data, proving that
general-domain LM pretraining is beneficial. At 100 labeled
examples, we get the same performance as training from
scratch with 50 times more data on AG and 100 times more
data on IMDDb, respectively, if we let ULMFiT to additionally
use unlabeled examples (50k for IMDb and 100k for AG).
With fewer and shorter instances, both supervised and
semi-supervised ULMFIT perform similarly on TREC-6,
where ULMFIT shows a considerable improvement after
initial training.

B. Results From Pretraining

With respect to WikiText-103, we contrast the use of
pretraining and no pretraining in Fig. Small and
medium-sized datasets, the most typical in commercial
applications, are ideal for pretraining. The performance
benefits of pretraining are evident even for huge datasets.
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Fig. 2: Pretraining and Non-Pretraining ULMFiT
Validation Error Rates

C. The Effect of LM Caliber
Performance on the bigger datasets using our fine-tuning
approaches. A vanilla LM without dropout on the smaller

TREC-6 could be overfit, leading to worse performance.
8

7

6

0

IMDb TREC-6 AG

~
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mVanillaLM = AWD-LSTM LM

Fig. 3: The AWD-LSTM LM and a Vanilla LM Validate
ULMFIT with Different Error Rates

D. Consequences of Optimizing LM

The most popular fine-tuning strategy, fine-tuning the
complete model (‘complete’), is compared in Fig, along with
two other methods: slanted triangular learning rates ('Stlr")
and discrimini-native fine-tuning (‘Discr'). Large datasets are
ideal for LM fine-tuning. On the smaller TREC-6, where
frequent fine-tuning is not advantageous, 'Discr' and 'Stlr* are
essential for improving performance across all three datasets.

8

7

0 || II II II

Full

o

wv

£

w

N

-

No LM fine-tuning Full + discr Full + discr + stlr

mIMDb mTREC-6 mAG

Fig. 4: Error Rates in ULMFIT Validation Using VVarious
LM Fine-Tuning Methods
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E. The Effect of Fine-Tuning the Classifier

From the ground up, we examine four different approaches:
"Full" for fine-tuning the whole model, "Last" for fine-tuning
only the final layer, "Chain-thaw,” and "Freez" for
progressive unfreezing. We go on to evaluate the significance
of slanted triangle learning rates (‘Stlr) and discriminative
fine-tuning ('Discr’). We evaluate the second one in relation
to a different, more intensive cosine annealing schedule
('Cos"). For the 'Discr' layer, we use a learning rate of nL =
0.01. For the 'Chain-thaw' layer, we use a learning rate of
0.001 for all layers except the final one, and a learning rate of
0.001 for the last layer. The outcomes are shown in Fig

18

16

14

12

10
8

o N B O
]
I

X ™ <3 A Y A L N & N
d,bé-' < & @ & 5 & & &
° QQ\'\X ‘\'b‘\\ & \e‘? & 2 b{ﬂé
& & & < < “
&
<
mIMDb mTREC-6 mAG

Fig. 5: Ratios of Validation Errors for ULMFIT Using
Various Techniques to Refine the Classifier

On the little TREC-6 in particular, fine-tuning the classifier
yields far better results than starting from scratch during
training. As a result of its significant underfitting, the
conventional fine-tuning procedure in CV, "Last," is unable
to achieve a training error of zero. On smaller datasets,
""chain-thaw" performs competitively, but it is vastly outdone
on the huge AG. As with "Full,” "Freez" delivers comparable
performance. With the exception of the big AG, 'Discr'
always improves 'Full' and 'Freez' performance. Even with
slanted triangular learning rates, cosine annealing competes
well on big datasets but fails miserably on smaller ones.
Finally, the best performance on IMDB and TREC-6, as well
as competitive performance on AG, are achieved with
complete ULMFIT classifier fine-tuning (bottom row). Most
importantly, ULMFIT is the only global approach as it
consistently produces outstanding results.

F. Classifier Behavior While Fine-Tuning

We found that classifier fine-tuning makes a big effect, yet
in natural language processing, fine-tuning for inductive
transfer is still mainly ignored since it's believed to be
useless. Figure shows a comparison of the classifier's
validation error during training with that of the ULMFIT and
'Full' fine-tuned versions to help us understand our model's
fine-tuning behavior.
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Fig. 6: The Classifier's Validation Error Rate curves
while using ULMFIT and 'Full* on AG, TREC-6, and
IMDb

The comparably lowest error occurs early in training while
fine-tuning the whole model, regardless of the dataset (for
example, after the first epoch on IMDDb).

As the model begins to overfit and loses the information
gained from pretraining, the inaccuracy grows. The learning
rate schedule has a beneficial impact on ULMFIT, which is
more stable and does not experience catastrophic forgetting;
performance stays the same or even improves until late
epochs.

Effects of directionality transfer Combining the predictions
of a forward and backward LM-classifier vyields a
performance improvement of around 0.5-0.7, but it comes at
the expense of training a second model. By using the
bidirectional model on IMDb, we were able to reduce the test
error from 5.30 for the single model to 4.58.

VIII. DISCUSSION

We have shown that ULMFIT can outperform
state-of-the-art methods on popular text classification
problems. However, we think that fine-tuning language
models will be more effective than current transfer learning
strategies in the following scenarios. a) Natural language
processing (NLP) for languages other than English, where
there is a dearth of training data for supported pretraining
tasks; b) novel NLP tasks in the absence of a state-of-the-art
architecture; and c) tasks involving small quantities of
labeled and unlabeled data [24].
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Given the lack of research into transfer learning and, in
particular, NLP fine-tuning, several potential future
approaches exist [25,26]. The prediction of a subset of words,
such as the most common ones, might retain most of the
performance while speeding up training, according to recent
work that shows that an alignment be-tween source and target
task label sets is important. This could be one way to improve
language model pretraining and fine-tuning, making them
more scalable [27,28]. For example, ImageNet only
experiences a small performance drop when predicting fewer
classes. In a multi-task learning approach, more jobs may be
added to language models, or they can be enhanced with extra
supervision, for example syntax-sensitive dependencies.”
Develop a weakly-supervised model that maintains its
universal qualities; this model should be either more generic
or more suited to specific downstream tasks [29].

Exploring new tasks and models using the approach is
another potential avenue to pursue. Although extending
sequence labeling is a piece of cake, tasks like entailment or
question answering, which involve more complicated
interactions, may call for creative pretraining and fine-tuning
strategies. Lastly, while we have shown a number of analyses
and ablations, more research is needed to fully understand the
information that a pretrained language model takes in, how
this changes when it is fine-tuned, and what data is needed for
certain jobs [30][31][32][33].

IX. CONCLUSION

Any natural language processing (NLP) job may benefit
from our proposed ULMFIT, a transfer learning strategy that
is both effective and extremely sample-efficient. We have
also suggested a number of new methods for fine-tuning that,
when used together, may avoid catastrophic forgetting and
allow for strong learning on a variety of tasks. On six
benchmark text categorization problems, our approach blew
away competing transfer learning methods and the current
state of the art. We anticipate that our findings will spur more
advancements in natural language processing transfer
learning.

A. Findings of the Study

The author has demonstrated that ULMFIT is capable of
performing state-of-the-art text classification for common
tasks. The researcher believes that language model
fine-tuning will be particularly useful in the following
settings compared to existing transfer learning approaches: b.
Natural Language Processing (NLP) for languages where
supervised pretraining tasks have limited data. b. New NLP
tasks in which no state-of-the-art architecture is available. c.
Low-resource machine-learning tasks with small amounts of
labeled data and large amounts of unlabeled data.

The researcher suggests that future directions could include
a further scaling up of the language model pretraining and
fine-tuning, e.g., predicting only partial words (e.g., most
frequent words) or employing multi-task learning or other
supervision. b. The method could be applied to new tasks or
novel models such as sequence labeling, entailment, or
question answering, which may require innovative
approaches to pretrain and fine-tune. c¢. Perform more
experiments to investigate how much knowledge a
pre-trained model contains, how it evolves during various
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fine-tuning processes, and what knowledge is needed for
different tasks. Therefore, the researcher acknowledges that
despite conducting analyses and adjustments for the
pretrained language model and fine-tuning, additional studies
are still required.

The study shows the efficiency of ULMFIT for text
classification tasks and provides a new perspective on the use
of the language model fine-tuning for a variety of NLP use
cases with small data or resources. The authors also suggest
several further research areas to advance the method and to
elucidate its theoretical foundation.

B. Scope for Further Research

Future work can focus on investigating language model
pretraining and fine-tuning strategies in the process of
improving their scalability. This can include predicting a part
of the most frequent words, employing multi-task learning, or
adding more supervision. Another potential direction to
explore is developing new pretraining and fine-tuning
strategies to extend the application of ULMFIT to sequence
labeling, entailment, and question answering. To gain a
deeper understanding of the knowledge in pretrained
language models, its changes during fine-tuning, and the
specific types of information required for various tasks, it is
crucial to conduct extensive analyses. It would be fascinating
to consider the performance of ULMFIT with limited training
data for non-English languages and further understand the
ULMFIT potential for transfer learning across languages.
Investigating ULMFiT's synergies and gains with other
transfer methods is another option. Using ULMFIT to test
how well transfer learning works in low-resource settings
with little labeled data and finding out if the amount of
unlabeled data affects its performance are also interesting
directions to pursue further.
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