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Abstraci—This paper analyses the !ﬂuenoe of the Distance
Metric Learning (DML) loss functions on the supervised fine-
tuning of the language models for classification tasks. We
experimented with seven datasets from SentEval Transfer Tasks
for three different scenarios: @8, 100, and 1,000 training samples.

Our study results indicate that applying the DML loss function
can increase performance on downstream classification tasks of
RoBERTa-large models in few-shot scenarios. Models fine-tuned
with the use of SoftTriple loss can achieve better results than
maodels with a standard categorical cross-entropy loss function by
about 2.89 percentage pojnts from 0.04 to 13.48 percentage points
depending on the trai dataset. SoftTriple is also superior
to the SupCon loss by average 1.62 percentage points from -
0.22 to 9.19 percentage points (it is better for 19 out of 21
scenarios). In addition, we conducted a comprehensive case study
analysis on the sentiment analysis task with the MR dataset. The
analysis of the accuracy differences between embedding groups in
relation to the central embedding representation proved that our
method outperforms others for all analysed groups. Moreover,
our approach achieved much better accuracy for samples close
to the ceniral embedding than cross-ent loss. Also, Shapley
values and Geval methods were used to assess the models’
reliability and explain thgis resulis.

I. INTRODUCTION

The development of new techniques in the Natural Lan-
guage Processing (NLP) field has been studied over the last
few years. It resulted in a few breakthroughs, which constantly
stimulated waves of interest in the text processing area. The
most recent and sophisticated discoveries are based on the
new Transformer [1] architecture that enabled capturing the
semantic meaning of the sentence. The Transformer architec-
ture facilitated the discovery of the BERT encoder [2] that
nowadays is massively used to solve most NLP tasks by
adapting it in the fine-tuning process.

Unfortunately, fine-tuning of pre-trained models has a num-
ber of flaws. First of all, it i1s not designed to perform well
when the number of observations is limited, so large training
sets are consistently required for models to perform well [3].
Secondly, the fine-tuning process happens to be very unstable
across different runs with different seeds, even though just a
few minor components of the learning process are dependent
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on random seeds [4]. The lack of stability is even more
exacerbated in the case of few-shot learning scenarios.

On the other hand, pre-trained models are fine-tuned for
a specific task using a cross-entropy objective function that
focuses on learning class-specific features rather than their
class representations. In other words, it only encourages inter-
class distances and is not taking care of minimizing intra-
class distances that would result in learning discriminative
features [5]. This leads to a poor generalization of the model
and thus causes problems with noisy or outlier data [6].

In response to these challenges, recent research has explored
the application of contrastive learning strategies, a subset
of the Distance Metric Learning (DML) function family,
to improve the fine-tuning proc For example, [7] and
[8] explored contrastive learning for text classification with
limited annotafif&gls, showing promising results. In contrast,
[9] introduced a simple contrastive learning framework called
SimCSE, for sentence embeddings, which proved superior to
lradilionalcrele augmentations in their framework. [10]
proposed a contrastive framework for self-supervised sen-
tence representation transfer ConSERT that showed significant
improvements in performance. Additionally, the DeCLUTR
model [11] combined contrastive learning with a masked
language model objective, yielding improved text represen-
tations. MoCoSE [12] applied different contrastive learning
frameworks and data augmentation techniques, showing sig-
nificant improvements in sentence embeddings. PT-BERT [13]
introduced a pseudo token embedding layer for managing
sentence length impacts, effectively mitigating the impacts of
sentence length. DiffCSE [14] learned sentence embedding

'f'erences with contrastive learning. DCLR [15] proposed

an instance weighting method to penalize false negatives in
sentence embedding, creating a more uniform representation
space.

The prevailing body of research has primarily centered
on the application of contrastive learning methods in NLP,
adopting a self-supervised approach. Contrary to this, our in-
vestigation has been geared towards understanding how DML




losses function in supervised settings. Additionally, much of
the existing literature has employed traditional contrastive
learning methodologies, whereas our approach has led us to
delve into the more sophisticated proxy-based approach. As
a result, our fcochas shifted towards studying the impact
of incorporating loss functions, from the DML family, into
the supervised fine-tuning process of a BERT-based encoder
for downstream tasks, specifically in the context of few-shot
learning situations.

Our main contributions are the following:

1) We apply SoftTriple loss in the few-shot scenarios for

supervised fine-tuning language model

2) We examine the effect of using loss tions from the
DML family (i.e. SoftTriple, SupCon) on the supervised
fine-tuning of the RoBERTa-large language model.

3) We establish that SoftTriple loss is more efficient than
Supervised Contrastive loss for the supervised fine-
tuning RakfERTa-large language model.

4) We show that applying the DML loss to the RoBERTa-
large language model is more viable the smaller the
training set. 1

5) We check the reliability of models with comprehensive
analysis and explainability techniques.

The following section is dedicated to a brief overview of
the DML methods (Section II). Our new method is outlined
in Section III. The next Section IV provides a performance
analysis of the models and investigates their behavior. Finally,
a summary of the experiments 1s described in the last section.

II. METHODOLOGICAL BACKGROUND

The DML loss can be applied whenever embedded represen-
tations of input observations are learned [16]. It is most often
utilized in image processing, where the high-quality image
embeddings are formed into the downstream tasks, such as
k-nearest neighbours classification [17], clustering or image
retrieval [18]. The main goal of DML is to minimize distances
between observations from the same class while maximizing
inter-class distances.

A. Contrastive Loss

One of the standard DML methods is Contrastive Loss [19].
It considers pairs of observations and minimizes their distances
if they belong to the same class, otherwise, it mizes them.
The Contrastive Loss is given in Equation 1.

€= (1 - 1) (D(21,2))" + (y)3 {max(0,m — D(z1,2))}*
(1)
where z1, 20 denotes the representation (embedding) pair of
the sample;].‘g, y denotes the label assigned to this pair. If
x1 and xo belong to the same class, y = 1, otherwise, y = 0.
D denotes learnable distance function between pair of points
11,79 as the euclidean distance between their embeddings.
m > 0 is a margin. Unsimilar points affect the loss if the
distance between their embeddings is no greater than m.

B. Triplet Loss

Triplet Loss is another standard DML method that is an
extension of Contrastive Loss [20]. It focuses on triples
consisting of an anchor, a positive observation (an observation
from the anchor class), and a negative servalion (an obser-
vation from outside the anchor class). The distance between
the anchor and the positive observation is minimized, while
that from the anchor to the negative example is maximized.
The Triplet Loss is given in Equation 2.
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where i denotes the index of the triplet from the set of
all triplets 7 in the training set with the cardinality N. z
represents the embedding of an example . ¥ is an anchor,
o i 1w ceTvat o :
r} (positive) 1s the positive observation, r!' (negative)
denotes a negative observation, v denotes a margin imposed

betyeen positive and negative examples.

C. Supervised Contrastive Learning Loss

Supervised Contrastive Learning (SupCon) is one of the
modern DML approaches which outperforms traditional meth-
ods such as Triplet Loss or Contrastive Loss. The SupCon
introduces temperature regularization [21] and batch process-
ing which means that the loss is not calculated just for a
single triplet but is the average of all possible triplets from
a given batch. The SupCon loss extends the self-supervised
batch DML approach to the fully-supervised setting, which
provides the ability to use the label information [22]. Instead of
contrasting one positive example for an anchor with all other
observations from the batch, SupCon contrasts all examples
from the same class (as positives) with all other observations
from the batch as negatives. The most critical issue with this
approach is that as the number of observations in the batch
grows, the number of triplets grows cubically.

The SupCon loss has been previously applied in the super-
vised fine-tuning of the RoBERTa-large language model [23],
ﬁd its formula is as follows:

explz;-z,/T)
ZueA(i} exp(zi-z./1)"

(3
where 1 € [ = {1, LN } denotes the index of an anchor
observation w;, (i) is the set of observations from the
same class that z; belongs to, A(i) = I\{i}, z; denotes
the representation of the x; observation that is outputted by
the encoder. ), denotes observation from the same class as
r; (positive class), while r, denotes the observations from
different class as i. 7 € R is a scalar temperature.
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D. SoftTriple Loss

SoftTriple loss is another modern DML approach that ex-
tends the batch supervised DML approach [24]. It employs
proxies — artificial embeddings that are learned during the
training procedure — to represent classes from the dataset. In
other words, each class has its own additional set of points




that best approximates the position of all observations from
the class. The number of proxies is given as a hyperparameter
and should reflect the global distribution of features from the
class, which may have more than one focal point. The loss
is calculated based on the possible triplets in the batch. It is
the same as the SupCon loss. The difference is in calculating
the single triplet. It is composed of the anchor (observation),
positive proxy (a proxy from the anchor class) and negative
proxy (a proxy from a class other than the anchor). The
number of all possible triples is linear with respect to the
number of original examples, while it grows cubically (as
stated earlier) for the SupCon or other non-proxy losses.
Therefore, this approach consumes much fewer resources and
has higher performance because the proxy provides better
resistance to outliers.
The following formulas define the SoftTriple loss:
exp(A(S], 8
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where 1 € I = {1. . N} denotes the index of an anchor
observation x;, y; its corresponding label, ¢ € ' denotes
the class index, ' denotes the class number, k € K denotes
the proxy index of class ¢, iK' denotes the number of proxies
per class, § denotes a minimum interclass margins, A scaling
factor that reduces the outliers’™ impact, v scaling factor for the
entropy regularizer, r; denotes a ith observation” embedding,
E() € R? denotes an encoder and w" are weights that
represent embeddings of the class ¢

III. OUR APPROACH

We analyze the impact of the DML loss function on the
supervised training of the pre-trained language model by
extending the loss function with SupCon loss ofBefiTriple
loss as a continuation of our earlier research [24]. In general,
the new loss function contains two elements; the first one is
categorical cross-entropy loss applied to the output of the
classification layer, and the DML loss is applied directly to
the output of the encoder. The second part of our loss func-
tion maximizes distances between observations from different
classes and minimizes distances between observations from
the same class.

The goal function is given by the following formula:

L= (8)cce +(1-3)pumrL,

(6)

N C
fcocp = N Z Zy*'c log gi.c

i i=1 =1

(N

where NV is the number of observations, C' denotes the class
number, y;. denotes the label of the class ¢ for the ith
observation, p;. denotes the models’s predicted probability of

the ith observation for the cth class [ denotes the scaling
factor that tunes the influence of both parts n.hc loss, fpaL
denotes either £5ypcon O £sofTriple.- focE 18 the categorical
cross-entropy.

A. Model Architecture

We compare the loss functions for supervised fine-tuning
of the RoBERTa-large [25] encoder provided by the /hug-
gingface library as the pre-trained model roberta-large. The
standard supervised fine-tuning procedure starts by input text
tokenization with the use of WordPiece tokenizer [26]. The
tokenized text is represented as an array of tokens with the
[CLS] token at the beginning, the [EOS] at the end, and the
[SEP] separating sentences. The array of tokens is then passed
to the RoBERTa model E(-). The encoder output is an array
of embeddings corresponding to the array of input tokens. In
the standard setup, the embedding array is passed to a fully
connected layer from which as many neurons as we have
classes are output. The output of this layer is then passed to
the softmax function and then to the categorical cross-entropy
function, which, while fed with labels, calculates the loss.

Our experiments involve modifying the loss function by
adding the part calculated from the DML loss. In particular,
we analyze the effect of introducing an additional SupCon loss
or a SoftTriple loss.

1) CCE + SupCon: The first experimental setting includes
fine-tuning a model operating on the loss function consisting of
the categorical cross-entropy loss and SupCon loss according
to Formula 6. The SupCon objective calculates the loss on
the x; representation outputted by the encoder E(-). In our
case, the encoder is RoBERTa-large, and a single observation
is represented as the vector associated with the [CLS] token. A
single loss is calculated based on the z; representations from
the batch. Such architecture was previously proposed by [23]
and outperformed a baseline in a few-shot learning setting.

2) CCE + SoftTriple: The second experimental setting
consists of the SoftTriple loss function built according to For-

n,lla 6. where the £pyrr part is represented by the £50 5 7ripte.

Similarly, as in the case of SupCon loss, the SoftTriple objec-
tive calculates the loss based on the batch of &; representations
outputted by the encoder E'(-). Here we also use RoBERTa-
large as the encoder, but instead of treating a single [CLS]
vector as the observation representation, we use the entire
encoder output. Such implementation can be considered as the
development of the idea where the SupCon loss was applied
only to the representation of the [CLS] token [23]. Feeding
the DML loss to the entire model output may provide better
embedding generalization but is less resource-efficient. The
SoftTriple loss uses a proxy to compute the loss, which reduces
and balances the resource requirements of the entire procedure.
This 1s the first time this architecture is studied in the few-shot
learning settings.

B. Training Procedure

We conducted experiments operating on 40-fold cross-
validation; each fold was run 40 times. Thus, each result is




an average Fl-score of 40 runs from 40-fold cross-validation.
The training was done in few-shot learning scenarios, so
the required training set sizes were limited to 20 and 100
observations. We also conducted experiments on datasets
limited to 1,000 observations for comparison purposes. The
40-fold cross-validation was introduced to tackle the problem
of high variance, which is natural in the few-shot learning
settings [27].

For each task, the baseline result was obtained separately
based on the hyperparameter sweep with same batch
size = 64, learning rates € {1e5, 2e5,3e5}, epochs number
€ {8, 16,64, 128}, linear warmup for the first 6% of steps and
weight decay coefficient = (.01. The best hyperparameter set
for each task includes a learning rate of le — 5 and 8 epochs
for 1,000 elements datasets, 64 for 100-element datasets and
128 for 20-element datasets.

TABLE 1
SupCon HYPERPARAMETERS .
Loss # train | 5 T
SupCon | 20 0.9 | 0.6
SupCon | 100 0.9 | 0.7
SupCon | 1000 0.9 | 0.7

TABLE II
SoftTriple HYPERPARAMETERS.

a

Firain | K 7 (A8 |8

SoftTriple | 20 25 (0100704
SoftTriple | 100 2000 | 0.1 | 4 | 0.7 | 0.8
SoftTriple | 1000 | 2000 |01 | 7 | 0.9 | 0.0

1

'I.'hc hyperparameter search for models with the DML loss
function includes additional elements. For the SupCon loss, the
grid search was performed on the following parameters: 7 €
{0.1,0.3,0.5,0.7,0.9} and 3 € {0.1,0.3,0.5,0.7,0.9}. In the
case of SoftTriple loss, we searched the following parameters:
ke {5,25,1000,2000}, v € {0.01,0.03,0.05,0.07,0.1},
A€ {1,3,3.3,4,6,8,10}, § € {0.1,0.3,0.5,0.7,0.9,1} and
B € {0.1,0.3,0.5,0.7,0.9}. In most cases, the same hyper-
parameter set was present across datasets with the same size,
and for the SupCon, it is shown in the Table I while for the
SofTriple, it is referred in the Table II.
C.pPatasets

The datasets on which we tested the models come from the
well-known SentEval Transfer Task, which includes classifi-

cation and textual entailment tasks [28], giving a fair picture
of overall model performance (see Table VI).

IV. EXPERIMENTAL RESULTS
A. Result Analysis '
- 1

Tables III to V present our results separately for models
trained on 20, 100 and 1,000 observations. The results show a
baseline performance where the model was trained using only
CCE loss compared to models trained on CCE + SupCon loss
and CCE + SoftTriple loss.
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1) 20-element dataset: Table III shows %pcrfc—rmancc of
models trained on datasets limited to 20 elements. In every
case except the MPQA set, the SupCon loss models out-
performed the baseline, resulting in an aver improvement
of 3.59% over the baseline. Furthermore, models with the
SoftTriple loss outperformed the baseline and models with the
SupCon loss in each case, giving an average gain of 6.23 per-
centage points over baseline and 2.61 percentage points over
the SupCon approach. The most significant improvement over
baseline was observed for the MR dataset and the SoftTriple
loss model, almost 13.5 percentage points. For the models with
the SupCon loss, the most congiflerable gain is also marked on
the MR dataset and is about 9 percentage points. On the other
hand, the lowest improvement from baseline for the SoftTriple
loss models is 2.29 percentage points for the MPQA dataset,
while the SupCon showed a deterioration in performance from
baseline on this dataset. In addition, analysis of descriptive
statistics showed that all results for SoftTriple have p-value
less than (.05, while for SupCon, the results for the SS5T2,
MR, and MRPC datasets have p-value less t 0.05.

2) 100-element dataset: Table IV detail e performance
of models trained on datasets limited to 100-element. The
SupCon loss models are better than the baseline in every
case except the MPQA and TREC datasets, th yield an
average improvement of 0.79 percentage points. The SofTriple
loss models are better than the baseline model in every
case, resulting in an average improvement of 1.85 percentage
points. Furthermore, the SoftTriple loss models outperform the
SupCon loss models in every case, except for the SST2 dataset,
where the SupCon model outperforms the SoftTriple by 0.35
percentage points. The largest improvement over baseline was
observed for the MR set and the SoftTriple loss model and is
2.91 percentage points. For the models with the SupCon loss,

largest gain is also observed on the MR dataset and is 2.67
percentage points. On the other hand, the lowest improvement
from baseline for the SoftTriple loss models is 0.67 percentage
points for the SUBJ dataset. At the same time, the SupCon
showed a deterioration in performance from baseline on the
MPQA and TREC datasets. We observed that for SoftTriple,
the p-value smaller than 0.05 was obtained for all datasets
except MRPC and TREC, while for SupCon, the p-value less
than 0.05 was found for SST2 and MR dala

3) 1,000-element dataset: Table V details the performance
of modeliftrained on datasets limited to 1,000 elements. The
SupCon loss models are better than the baseline in every case
except the MPQA dataset, whidiBvields an average improve-
ment of 0.44 percentage points. The SofTriple loss models are
better than the baseline model in every case, resulting in an
average improvement of .58 percentage points. Furthermore,
the SoftTriple loss models outperform the SupCon loss models
in every case, except for the TREC dataset, while in the
case of SST2, the performance was the same. The largest
improvement over baseline was observed for the MRPC set
and the SoftTriple loss model and is 1.9 percentage points. For
the models with the SupCon loss, the largest improvement is
also observed on the MRPC dataset and is 1.36 percentage
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F1 scoRE OF ROBERTA-LARGE (RL) vS ROBERTA-LARGE WITH SUPERVISE
SoftTriple LOSS TRAINED ON THE

TABLE iy)

NTRASTIVE LEARNING (SupCon) LOSS VS ROBERTA-LARGE WITH
-ELEMENT DATASETS.

Model Loss SST2 MR MPQA SUBJ TREC CR MRPC Average
RoBERTa-large | CCE 53714874 | 565548.67 | 65.664£5.01 | 85544638 | 41.48+9.46 65.0348.26 | 63.3047.71 | ol.6l
RoBERTa-large | CCE + SupCon 60044898 | 657449.69 | 64.9244.91 | 87.6644.76 | 4281+10.55 | 66.5946.64 | 68.8545.42 | 65.23
-value 0.002 <0001 0.5 009 0.555 0.355 =< 0.001
RoBERTa-larg CCE + SoftTriple | 6235+7.44 | 70.03:8.16 | 67.9%+£4.72 | 89.48+4.62 | 47.21+9.44 68.55+6.91 | 69324471 | 67.84
p-value <0.001 <0.001 0.038 0.002 0.008 0,042 <0.001
TABLE IV

F1 scorE oF ROBERTA-LARGE (RL) vs ROBERTA-LARGE WITH SUPERVISED CONTRASTIVE LEARNING {SUPCON) L0SS VS ROBERTA-LARGE WITH
SOFTTRIPLE LOSS TRAINED ON THE 100) ELEMENT DATASETS.

Model Loss SST2 MR MPQA SUBJ TREC CR MRPC Average

RoBERTa-large | CCE BSBTE550 | 82574594 | 82504565 | 93.914+£1.47 | 82724473 | 89434365 | 72.13+£4.24 | B4.16

RoBERTa-large | CCE + SupCon 88474138 | B5244£330 | BLISE6.16 | 94394143 | 81824451 | 90.7343.02 | 72.85+4.41 | 84.95
p-value (0.006 0.016 0321 0.143 0.386 0.087 0459

RoBERTa-large | CCE + SofiTriple | 88.12£1.83 | 85491314 | 85.2654.12 | 94.57L1.39 | 8351E437 | 9LI6L341 | 73.951434 | 86.01
p-value 0.018 0.008 0.015 0.042 0.44 0031 0.062

ﬂsconn OF ROBERTA-LARGE (RL) vs ROBERTA-LARGE WITH SUPERVISED CONT

TABLE V

SOFTTRIPLE LOSS TRAINED ON THE 1.000-ELEMENT DATASETS.

TIVE LEARNING (SUPCON) LOSS VS ROBERTA-LARGE WITH

Model Loss SST2 MR MPQA SUBJ TREC CR MRPC Average

RoBERTa-large | CCE 91594£0.69 | 89.73£220 | 90.16£1.25 | 96.04L1.30 | BO.BOL2.RT7 | 93.1642.60 | 77.65+3.63 | BO.75

RoBERTa-large | CCE + SupCon 91.984£0.70 | 89914217 | 89.944£1.95 | 96.2341.16 | 90.3442.66 | 93.9042.63 | 79.01+4.21 | 90.19
p-value 0.014 0714 0.550 0492 0.469 0.209 0.126

RoBERTa-large | CCE + SofiTriple | 91.98X0.81 | 90.02L2.00 [ MW.60E1.74 | 96.26-1.20 | 89.93£2.45 | 900228 | 79.55L4.12 | .33
p-value 0.023 0.539 0.198 0434 0947 0,129 0.032

Fig. p t-SNE visualization of [CLS] embeddings for few-shot models trained on 20 examples from the MR dataset with different loss functions. Color
represents sentiment: blue - negative, and yellow - positive. Left: cross-entropy (CCE). Middle: CCE + SupCon Loss, Right: CCE + SofiTriple Loss.

baseline for the SofiTriple loss models is 0.67 percentage

TABLE VI

ENTEVAL TRANSFER TASK DATASETS USED FOR OUR EXPERIMENTS.
Dataset # Sentences | # Classes | Task
SST2 67k 2 Sentiment (movie reviews)[29]
ME 11k 2 Sentiment (movie reviews) [30]
MPQA 11k 2 Opinion polarty [31]
SUBIJ 10k 2 Subjectivity status [32]
TREC 5k [ Question-type classification [30]
CR 4k 2 Sentiment (product review) [33]
MRPC 4k 2 Paraphrase detection [34]

points. On the other hand, the

lowest improvement from

points for the SUBJ dataset. At the same time, the SupCon
showed a deterioration in performance from baseline on the
MPQA and TREC datasets. We found that except for SST2 and
MRPC datasets for SoftTriple and SST2 dataset for SupCon,
the p-value for all the results was below 0.05.

The average performance of the models trained using CCE
loss combined with SoftTriple loss is higher than the baseline

or models trained using CCE loss and SupCon loss.




TABLE VII

DETAILED METRICS FOR A FEW-SHOT LEARNING SCENARIO WITH 20 TRAINING SAMPLES FROM THE MR DATASET.

Model F1 score Accuracy Recall Precision

CCE 56.55 £ B.67 | 3998 £ 584 | 61.73 £ 26.19 | 63.98 £ 1330
CCE + SupCon 65.74 £ 0.60 | 67.22 &£ 830 | 62.10 £ 2048 | 71.74 £ 11.16
CCE + SoftTriple | 70.03 £ 8.16 | 7101 + 7.08 | 71.3 £ 16.59 73.48 £ 1071

1
B. g}mpreheﬂ.s‘iw Analysis

Among all the results, the most significant percentage
improvement of the Fl score compared to the baseline (CCE
loss function) is for the MR dataset (+24% of relative differ-
ence, +13.48 of absolute difference). This section investigates
sentiment analysis models trained in the few-shot scenarios
on the smallest analyzed training dataset: 20 samples from
the MR dataset. We conducted a comprehensive investigation
to compare the models™ results for those observations.

Table VII summarizes various metrics proving that the
proposed method (CCE + SoftTriple) outperforms other ap-
proaches (CCE, CCE + SupCon) on the MR dataset. Particu-
larly, considerable progress has been made regarding the recall.
In this case, CCE + SupCon achieves similar results to the
base model (CCE), while values for CCE + SofiTriple differ
significantly, Moreover, smaller values of standard deviation
indicate odels with CCE + SofiTriple are more stable.

Figure 2 presents Receiver Operating Characteristic (ROC)
curve showing the trade-off between sensitivity (TPR) and
specificity (1 — FPR). The curve of our method is the closest
to the top-left corner, which indicates a better performance.
The AUC scores are equal to 63.8 60, 89.95 for CCE,
CCE + SupCon, CCE + SoftTriple, respectively.

1.0

0.8
o
o
]
o
o 06
=
=
‘0
o
B4
]
n
&
0.2 —— base
/ 4 SupCon
—— SoftTriple
0.0+
0.0 0.2 0.4 0.6 0.8 1.0

True Positive Rate

Fig. 2. Receiver Operating Characteristic (ROC) curve for few-shot setting
using MR. dataset.

We utilized the t-SNE algorithm to visualize sentence
embeddings [35]. Figure plefllustrates a 2-dimensional rep-
resentation of input texts i the few-shotfBarning setting of
having 20 examples in the training dataset. The baseline model

(CCE) is not able to separate the different classes. Much better
results are achieved with additional SupCon loss. However,
the observations in the middle of the plot are not decoupled.
SoftTriple loss helps almost to isolate two classes. Even 20
observations for fine-tuning the model are enough to achieve
satisfactory results. Figure | provides further evidence that
using distance metrics in the training procedure improves the
model’s ability to separate different classes from each other
and thus enhances its quality.
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Fig. 3. Elationship between accuracy and Euclidean distance between
sentence embedding and mean embedding computed by baseline model with
cross-entropy loss.

Figure 3 shows a significant difference in models’ perfor-
mance depending on the chosen loss function. We defined
a mean sentence embedding based on [CLS] representation
from the baseline model with cross-entropy loss. Then, we
computed the Euclidean distance between the given observa-
tion and the mean embedding. The farther from the central
(mean) embed , the greater the chance of considering the
observation as an outlier. Next, the observations were sorted
according to the distance from the central embedding and
divided into groups of equal size. The models™ accuracy was
calculated in designated groups and presented on the chart.
These results prove that models trained using our proposed
loss function outperform others for all distance groups. Inter-
estingly, for small values of distance, the accuracy of the base
model was found to be surprisingly low. The analysis of t-SNE
provides additional support that observations in the middle
are more likely to be misclassified by this model. Moreover,
Figure 3 illustrates thnvldvantage of using distance-based
losses during training. Both models with additional SupCon
and SoftTriple losses achieve significantly §@tter results than
the base model not using these methods. Results of models




trained using distance-metric learning show a similar trend,
but the SoftTriple is always more accurate than the SupCon
loss.

Explainable Al techniques such us LIME [36], SHAP
values [37], and integrated gradients [38] allowed us to de-
termine whether the same features were relevant for analyzed
classifiers. Moreover, such an analysis allows to indicate the
weaknesses of the model and its compliance with intuition.
Below we present three interesting examples of explainability
with Shapley values. ey all show models trained in the few-
shot learning setting on 20 samples. Red shades mean that a
word increases the likelihood of positive sentiment, while blue
shades mean, on the contrary, an increase in the probability of
predicting a negative class.

Example 1

For some samples, the models predict tlﬂsame correct
classes consistently. Moreover, an explanation of these models
indicates that the same words increase the probability of the
predicted class for all analyzed models. An example of such
a situation is presented below. All mcnls predict correct
negative sentiment for this observation. Intuitively, the word
terrible has a big influence on this prediction. Surprisingly, the
word painful increases the probability of negative sentiment
only for model with CCE + SoftTriple loss. Other models
treat this word as neutral.

. ground-llulabcl: negative,

« prediction cross-entropy: positive,

if)'s a B movie [llevery [EHEMand utterly painful to watch .

« prediction SupCon: negative,

it 's a terrible movielin every [@@8I. and utterly painful to watch |
« prediction SoftTriple: negative.
it 's a ([ENIBEFEEE)In every regard , and utterly FEIMREG watch .

Example 2
The figures below explain sentiment classification for ran-
domly chosen observations from the test dataset. In this case,
two of the models incorrectly predicted the sentiment of
the review. Interestingly, the sentence contains the expression
terrible, which, according to the explanation using the SHAP
values method, does not affect the predicted class in the case of
the cross-entropy model. On the contrary, this word increases
the probability of a negative review for the other models.
« ground-truth label: negative,
« prediction cross-entropy: positive,
’.tenib‘le movie that some people will nevertheless find moving |
» prediction SupCon: positive,
BB movie that S8MElpeople will nevertheless find moving |
« prediction SoftTriple: negative.
a [EMEEFGVE) that 8@ people will nevertheless find moving .
Exampfi)3
Below, we present an observation that all analyzed models
classified incorrectly as positive sentiment. Interestingly, the
statement consists of the word puzzling whose sentiment can
be interpreted differently depending on context. The model
trained with SupCon loss function treats this word as positive

while the sentiment of this word measured with other models
is slightly more negative.
« ground-truth label: negative,
« prediction cross-entropy: positive,
a puzzling EXEEHSHEEN
« prediction SupCon: positive,
a )
« prediction SoftTriple: positive.
a puzzling
Additionally, we performed test @ analysis with geval
method [39]. This method searches fd§#ures that lower the
evaluation metric in such a way that it cannot be ascribed
to a chance — as measured by their p-values of the Mann-
Whitney rank U test. Table VIII shows a few groups of input
observations, so-called buckets, that are particularly difficult
for our models. For example, one bucket contains all the
observations from the test set that contain the "but" word.
Here, in sentiment analysis modelling, even one word "but”
can change the whole sentence sense and the model result, e.g.
"Its premise 1s smart, but the execution 1s pretty weary.” Stll,
even for those hard groups of input examples (buckets), the
SubCon is better than the baseline (CCE), and the SoftTriple
achieved the best performance.

TABLE VIII
RESULTS OF THE THREE TESTED LOSS FUNCTIONS IN MODEL TRAINING:
CCE, CCE+5ubCon, CCE+SoftTriple, FOR BUCKETS — GROUPS OF INPUT
EXAMPLES WITH A GIVEN CHARACTERISTIC, E.G. ALL THE INPUT
XAMPLES CONTAINING A WORD "BUT".

bucket | # examples CCE | CCE+SupCon | CCE+SoftTriple
"n't" 8R4 0352 | 071 0.78
"but" 1613 0.55 072 0.76
"if" 524 0352 | 0.70 0.74
"you" 880 052 | 0.66 0.72
"more” | 685 054 | 072 0.79
"will" 349 0.53 0.69 0.73
Accuracy in the test set | 0358 0.77 0.83

1
V. !{)NCLUS[ON

This paper investigated the impact of using DML loss func-
tions on supervised fine-tuning language models by comparing
the results of RoBERTa-large trained with raw cross-entropy
loss function and training procedure enriched with distance
metrics: SupCon loss and SoftTriple loss. The performance of
the models was tested based on 40-fold cross-validation over
multiple datasets from the SentEval Transfer Tasks. We found
that the use of these functions improves the performance of the
model, and the improvement is greater the smaller the dataset
i1s. Applying SofiTriple loss increases the performance over
baseline on average by about 2.89 percentage points, from (.04
to 13.48 percentage points which is superior comparing to the
average 1.62 percentage points from -0.22 to 9.19 percentage
points for the SupCon. We would like to acknowledge that
most of the results for which p-value is less than 0.05 belong to
few-shot learning scenarios (20-element datasets, 100-element
datasets), which is consistent with the results from previous
work [23].




The comprehensive analysis of few-shot models’ perfor-
mance on sentiment analysis task from the MR dataset re-
vealed that enriching training procedure with DML methods
(both SupCon and SoftTriple) cause an increase in model
accuracy. The model fitted with SofTriple loss achieved higher
scores for all analysed metrics (F1 score, accuracy, recall,
precision, and AUC). Moreover, t-SNE visualizations point
towards the idea that our method separates classes better than
other models, even for 20 training observations.
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