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Abstract
Aspect-based sentiment analysis (ABSA) has
become a prevalent task in recent years. How-
ever, the absence of a unified framework in
the present ABSA research makes it chal-
lenging to compare different models’ perfor-
mance fairly. Therefore, we develop an open-
source ABSA framework, namely PYABSA.
Besides, previous efforts usually neglect the
precursor aspect term extraction (ASC) sub-
task and focus on the aspect sentiment classifi-
cation (ATE) subtask, while PYABSA includes
the features of aspect term extraction, aspect
sentiment classification, and text classifica-
tion. Furthermore, multiple ABSA subtasks
can be adapted to PYABSA owing to its mod-
ular architecture. To facilitate ABSA appli-
cations, PYABSAseamless integrates multilin-
gual modelling, automated dataset annotation,
etc., which are helpful in deploying ABSA ser-
vices. In ASC and ATE, PYABSA provides up
to 33 and 7 built-in models, respectively, while
all the models provide quick training and in-
stant inference. Besides, PYABSA contains to
180K+ ABSA examples from 21 augmented
ABSA datasets for applications and studies.
PYABSA is available at https://github.
com/yangheng95/PyABSA.

1 Introduction

Recent years, aspect-based sentiment analysis (Pon-
tiki et al., 2014, 2015, 2016) have seen a tremen-
dous improvement, particularly the subtasks of
ASC (Ma et al., 2017; Zhang et al., 2019; Huang
and Carley, 2019; Phan and Ogunbona, 2020; Zhao
et al., 2020; Li et al., 2021a; Dai et al., 2021; Tian
et al., 2021; Wang et al., 2021) and ATE (Yin et al.,
2016; Wang et al., 2016a; Li and Lam, 2017; Wang
et al., 2017; Li et al., 2018b; Xu et al., 2018; Ma
et al., 2019; Yang, 2019; Yang et al., 2020). The var-
ious open-source models’ architectures (e.g., BERT
or LSTM) and implementation details (e.g., data
pre-processing methods) are diverse, making per-
formance comparisons and experimental results

reproduction challenging. On the other hand, even
though ABSA is an application-driven task, ear-
lier works tend to release research-oriented code
without promising any inference support. These
models are unavailable in practical applications be-
cause they are difficult to deploy. Therefore, in
order to reduce the model performance deviation
casused by model-irrelevant code and encourage
fair comparisons, we introduce an open-source uni-
fied framework for aspect-based sentiment analysis
that supports quick model training, evaluation, and
inference. With only a few lines of code, every-
one can train and deploy a model using PYABSA’s
user-friendly interfaces1.

Although, previous works generally focus on
the ASC2 subtask, aspect-based sentiment analysis
includes many other subtasks. For example, as-
pect category detection (ACD). PYABSA provides
the multi-task based ATESC models, which is a
pipeline model that simultaneously performs ATE
and ASC subtasks. We build PYABSA into five
main modules: dataset manager, data preprocessor,
hyperparameter manager, trainer, and checkpoint
manager. In this design, PYABSA allows the ad-
dition of other subtasks or models based on pro-
vided templates. Furthermore, the modular struc-
ture makes it easy to deploy an ABSA service in
a Python environment. PYABSA offers more than
40 models (including variants), with some of them
achieving state-of-the-art performance according
to Paperswithcode3, making it one of the most ac-
cessible and user-friendly ABSA frameworks.

When compared to other NLP tasks, ABSA suf-
fers a more significant data shortage, which leads
to problems such as performance volatility and

1We provides an ATESC inference service demo
on https://huggingface.co/spaces/yangheng/Multilingual-
Aspect-Based-Sentiment-Analysis

2We refer to ASC as aspect polarity classification (APC)
in PYABSA’s implementation.

3Our Fast-LSA model and LCF-ATEPC model achieve
state-of-the-art performance on ASC subtask.
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limited domain coverage. Hence, we provide au-
tomated dataset annotation interface and manual
dataset annotation tool to encourage the commu-
nity to annotate and contribute custom datasets to
PYABSA 4 to tackle the data shortage problem. Cur-
rently, PYABSA provides up to 21 ABSA datasets
in 8 languages that cover several domains. To
the best of our knowledge, PYABSA offers the
most open source datasets compared to other open-
source projects. In addition, based on our self-
developed ABSA data augmentor5, we are able to
provide up to 180K+ ABSA examples. According
to our evaluation, the augmented datasets can boost
performance by 1−3%. Inspired by the Transform-
ers6, we pre-trained a range of models using these
datasets and released checkpoints7 that are avail-
able for users to fine-tune with custom datasets to
increase model robustness and performance, espe-
cially for multilingual data.

Compare to previous works, PYABSA contains
the following features:
• PYABSA provides quick training and fair eval-

uation for all models, which can alleviate the
deviations in different model comparisons.

• PYABSA contains enough multilingual built-in
datasets from different domains for users to study.
Anyone can annotate a custom dataset based
on PYABSA and contribute the custom dataset
to PYABSA to enrich the open-source ABSA
datasets.

• PYABSA is equipped with some user-friendly
features compared to other works. e.g., model
ensembling, dataset ensembling, and auto-metric
visualization.

2 Frame Architecture

Figure 1 demonstrates the main architecture of
PYABSA. As an extensible ABSA framework,
PYABSA is decomposed into five core modules to
accommodate a variety of subtasks or models. In
the following sections, we will discuss the primary
modules.

4We release the integrated datasets at
https://github.com/yangheng95/ABSADatasets. All the
public and community-shared datasets are released under its
own license.

5This ABSA dataset augmentor will be open-sourced soon.
6https://github.com/huggingface/transformers
7https://huggingface.co/spaces/yangheng/Multilingual-

Aspect-Based-Sentiment-Analysis/blob/main/checkpoint-
v1.16.json

Figure 1: The main architecture of PYABSA frame-
work.

2.1 Configuration Manager

Each ABSA subtask has an independent configura-
tion manager used for training environment config-
uration, model hyperparameter configuration and
other global configurations. The configuration man-
ager extends the Python Namespace object to im-
prove usability. We also set a hyperparameter call-
ing counter to help users check training setting and
debug code. The configuration manager applies
a hyperparameter check module with the purpose
of terminating execution if any hyperparameter is
incorrectly specified. PYABSA saves and loads the
configuration manager object synchronously with
the checkpoints and prints all configuration infor-
mation and calling counters during training and
inference.

2.2 Trainer

The trainer is used for ABSA and text classification
model training. The PYABSA trainer assembles
a set of models and datasets based on the config-
uration manager’s settings. The trainer supports
k-fold cross-validation and accepts model output
as a Python dictionary object, enabling users to
utilise custom loss within the model and improve
the model’s ability to learn features with custom
loss functions without modifying the framework.
When there are insufficient datasets, it is often re-
quired to combine the training and testing sets to
obtain a ensemble dataset for training. This is due
to the fact that the trainer automatically detects the
existence of the testing and validation sets, and if
neither exists, it continues training without valida-
tion rather than cancelling the training.

https://github.com/yangheng95/ABSADatasets
https://github.com/huggingface/transformers
https://huggingface.co/spaces/yangheng/Multilingual-Aspect-Based-Sentiment-Analysis/blob/main/checkpoint-v1.16.json
https://huggingface.co/spaces/yangheng/Multilingual-Aspect-Based-Sentiment-Analysis/blob/main/checkpoint-v1.16.json
https://huggingface.co/spaces/yangheng/Multilingual-Aspect-Based-Sentiment-Analysis/blob/main/checkpoint-v1.16.json


2.3 Dataset Manager
The dataset manager is utilised to manage built-in
and custom datasets. In PYABSA, each dataset ob-
ject has a unique ID, name, and data file list. All the
datasets are easy to combine for ensemble training
and testing. The Dataset manager is responsible
for handling automatic dataset downloading and
datafile location. In particular, we include both
automated and manual dataset annotation meth-
ods in ABSA Dataset Utils, enabling users to use
PYABSA for custom datasets compared to exist-
ing work. This is a really effective way to anno-
tate custom datasets. In the case of community-
contributed Yelp datasets, the built-in data augmen-
tation method can improve performance by 2% to
4% (refer to Section 4.3). Before feeding the data
into the model, the dataset manager delivers the
loaded data to the suitable data processor of the
model for further processing.

2.4 Checkpoint Manager
PYABSA instantiates the inference models using
the checkpoint manager, which provides the follow-
ing three ways for loading checkpoints, in order
to standardise the inference process across distinct
subtasks.
• Querying available cloud checkpoints and down-

loading them automatically by name.
• Using keywords or paths, the checkpoint man-

ager can search for local checkpoints.
• Acquiring trained models return by the trainers

to build inference models.
The checkpoint manager for any subtask is com-
patible with GloVe and pre-trained models based
on transformers. Using the interface provided by
PYABSA, everyone just need a few lines of code
when launching an ATESC service (refer to Sec-
tion 4.2).

2.5 Metric Visualizer
As a vital step toward facilitating accurate evalua-
tion and fair comparison, we developed the metric
visualizer8 to automatically record, measure, and
visualize a wide variety of metrics (such as accu-
racy, F-measure, standard deviation, IQR, etc.) for
various models. The metric visualizer can monitor
metrics or load metrics records to create many plots
(e.g., box plots, violin plots, trajectory plots, Scott-
Knott test plots, etc.). Figure 2 show an example

8We develop the metric visualizer for PYABSA, it is re-
leased as an independent open-source project for other usages
at: https://github.com/yangheng95/metric-visualizer

of auto-visualizations generated by the metric visu-
alizer, refer to Appendix 7.2.1 for more plots and
related experiment setting. The metric visualizer
reduces the difficulty of visualizing performance
metrics and eliminates metric statistical biases.

Figure 2: An example of auto-metric visualizations of
the Fast-LSA-T-V2 model grouped by maximum
modeling length.
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3 Models & Dataset

3.1 Models

PYABSA provides a range of models developed for
ABSA, including LSA models for aspect sentiment
classification and LCF-ATESC models for aspect
term extraction. We also merge some popular ASC
models from ABSA-PyTorch in order to provide
users with more choices. The models currently
supported by PYABSA are shown in Table 1, and
we provide users with templates for creating their
own models.

3.2 Datasets

PYABSA contains datasets on laptops, restaurants,
MOOCs, Twitter, and other domains in 8 languages.
As far as we are aware, PYABSA is one of the repos-
itories with the most open-source datasets. The
available ABSA datasets can be found in Table 3.
Based on the built-in datasets, anyone can conduct
their own research or augment their own datasets
by merging built-in datasets in training.

3.3 Performance Evaluation

We have conducted some preliminary performance
evaluations based on the models and datasets pro-
vided by PYABSA to help users understand the per-
formance variations between the various models;
the experimental results are available in Table 2.

https://github.com/yangheng95/metric-visualizer


Table 1: The prevalent built-in models provided by
PYABSA. Note that the models based on BERT can be
adapted to other pre-trained models from HuggingFace
Transformers. “LCF” indicates our own models based
on the local context focus mechanism.

Model Task Paper GloVe PTM LCF Easy Inference
AOA

A
SC

Huang et al. (2018) X X 7 X
ASGCN Zhang et al. (2019) X X 7 X

ATAE-LSTM Wang et al. (2016b) X X 7 X
Cabasc Liu et al. (2018) X X 7 X
IAN Ma et al. (2017) X X 7 X

LSTM-ASC Hochreiter et al. (1997) X X 7 X
MemNet Tang et al. (2016b) X X 7 X
MGAN Fan et al. (2018) X X 7 X
RAM Chen et al. (2017) X X 7 X

TC-LSTM Tang et al. (2016a) X X 7 X
TD-LSTM Tang et al. (2016a) X X 7 X
TNet-LF Li et al. (2018a) X X 7 X

BERT-BASE-ASC Devlin et al. (2019) 7 X 7 X
BERT-SPC Devlin et al. (2019) 7 X 7 X
DLCF-DCA Xu et al. (2022) 7 X X X
DLCFS-DCA Xu et al. (2022) 7 X X X

Fast-LCF-ASC Zeng et al. (2019) 7 X X X
Fast-LCFS-ASC Zeng et al. (2019) 7 X X X

LCA-BERT Yang and Zeng (2020) 7 X X X
LCF-BERT Zeng et al. (2019) 7 X X X
LCFS-BERT Zeng et al. (2019) 7 X X X
Fast-LSA-T Yang et al. (2021a) 7 X X X
Fast-LSA-S Yang et al. (2021a) 7 X X X
Fast-LSA-P Yang et al. (2021a) 7 X X X

BERT-ATESC

A
T

E
SC

Devlin et al. (2019) 7 X X X
Fast-LCF-ATESC Yang et al. (2021b) 7 X X X
Fast-LCFS-ATESC Yang et al. (2021b) 7 X X X

LCF-ATESC Yang et al. (2021b) 7 X X X
LCFS-ATESC Yang et al. (2021b) 7 X X X

LSTM-TC

T
C Hochreiter et al. (1997) X 7 7 X

BERT-BASE-TC Devlin et al. (2019) 7 X 7 X

Note that we adopt the default hyperparameter con-
figurations for each model. Altering these hyper-
parameters may result in significant performance
variations.

4 Quick Examples

PYABSA is an application-oriented framework that
provides brief interfaces to allow unified training
and inference. With PYABSA, users are able to
run training and inference with only a few lines
of code. Section 4.1 and Section 4.2 show the
quick training and inference examples based on
PYABSA. Furthermore, PYABSA is an available
package on PyPi9, allowing users to integrate it
into any existing application as a dependent.

4.1 Training

The following code snippet demonstrates an ex-
ample of quick ATESC training on a multilingual
dataset using the Fast-LCF-ATESC model.

from pyabsa.functional import (ATEPCConfigManager,
Trainer,
ABSADatasetList)

config = ATEPCConfigManager.get_atepc_config_multilingual()
multilingual = ABSADatasetList.Multilingual
aspect_extractor = Trainer(config=config,

dataset=multilingual,
).load_trained_model()

9https://pypi.org/project/PyABSA Ta
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Table 3: The details of datasets in different languages available in PYABSA, where “†” indicates the datasets are
used for adversarial attack study. The datasets denoted by “∗” are a subset with 10K examples from the original
datasets. The augmented examples of the training set are generated by our own ABSA augmentor.

Dataset Task Language # of Examples # of Augmented Examples Source
Training Set Validation Set Testing Set Training Set

Laptop14

A
SC

/A
T

E
SC

English 2328 0 638 13325 SemEval 2014
Restaurant14 English 3604 0 1120 19832 SemEval 2014
Restaurant15 English 1200 0 539 7311 SemEval 2015
Restaurant16 English 1744 0 614 10372 SemEval 2016

Twitter English 5880 0 654 35227 Dong et al. (2014)
MAMS English 11181 1332 1336 62665 Jiang et al. (2019)

Television English 3647 0 915 25676 Mukherjee et al. (2021)
T-shirt English 1834 0 465 15086 Mukherjee et al. (2021)
Yelp English 808 0 245 2547 WeiLi9811@GitHub
Phone Chinese 1740 0 647 0 Peng et al. (2018)
Car Chinese 862 0 284 0 Peng et al. (2018)

Notebook Chinese 464 0 154 0 Peng et al. (2018)
Camera Chinese 1500 0 571 0 Peng et al. (2018)
MOOC Chinese 1583 0 396 0 jmc-123@GitHub

Shampoo Chinese 6810 0 915 0 brightgems@GitHub
MOOC-En English 1492 0 459 10562 aparnavalli@GitHub
Arabic Arabic 9620 0 2372 0 SemEval 2016
Dutch Dutch 1283 0 394 0 SemEval 2016

Spanish Spanish 1928 0 731 0 SemEval 2016
Turkish Turkish 1385 0 146 0 SemEval 2016
Russian Russian 3157 0 969 0 SemEval 2016
French French 1769 0 718 0 SemEval 2016

ARTS-Laptop14† English 2328 638 1877 13325 Xing et al. (2020)
ARTS-Laptop15† English 3604 1120 3448 19832 Xing et al. (2020)

SST2

T
C

English 6920 872 1821 0 Socher et al. (2013)
SST5 English 8544 1101 2210 0 Stanford Sentiment Treebank

AGNews∗ English 7000 1000 2000 0 Zhang et al. (2015)
IMDB∗ English 7000 1000 2000 0 Maas et al. (2011)
Yelp∗ English 7000 1000 2000 0 Zhang et al. (2015)

Hugging Face Models Datasets Spaces Docs Pricing

Multilingual Aspect-based Sentiment Analysis !

Repo: PyABSA

Author: Heng Yang (杨恒)

downloadsdownloads 100k100k

downloads/monthdownloads/month 6k6k

Your input text should be no more than 80 words, that's the longest text we used in training. However, you can train your own model using 512 max length

You don't need to split each Chinese (Korean, etc.) token as the provided examples, just input the natural language text.

请确保输入的文本长度不超过200词，这是训练时的最大文本长度，过长将不会获得结果

提供的中文等其他非拉丁语系数据集采用了空格分字，这是早期数据集的遗留问题，预测时不用对中文等语言进行空格分字

visitorsvisitors 10691069
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You can find the datasets at github.com/yangheng95/ABSADatasets

Let's go!

There is a demo specialized for the Chinese langauge

This demo support many other language as well, you can try and explore the results of other languages by

yourself.

iPhone13是我用过的最好的手机之一，唯一的缺点是电池容量不够大

Laptop14 Restaurant14 Restaurant15 Restaurant16 Twitter MAMS

Television TShirt Phone Car Notebook Camera MOOC
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Figure 3: An example from the demo of multilingual aspect term extraction and sentiment classification. Our demo
accepts user input or random example from existing datasets.

4.2 Inference

PYABSA supports quick training and inference for
all models, regardless of whether they are based on
Word2Vec or a pre-trained language model. Fig-
ure 3 shows an inference example output by the
demo ATESC service we launched on the Hugging-
face Space. Section 4.1 indicates different ways to
obtain a inference model:

from pyabsa import ATEPCCheckpointManager,
available_checkpoints, ABSADatasetList

available_checkpoint = available_checkpoints()
AspectExtractor = ATEPCCheckpointManager.

get_aspect_extractor(checkpoint=’multilingual’)
# Load a local checkpoint by specifying the checkpoint path.
# AspectExtractor = ATEPCCheckpointManager.

get_aspect_extractor(checkpoint=’./checkpoints/
multilingual’)

examples = ["But the staff was so nice to us ."]
atepc_result = aspect_extractor.extract_aspect(

inference_source=examples, pred_sentiment=True)

4.3 Dataset Annotation

There is currently no open-source tool for annotat-
ing ABSA datasets, making the creation of custom
datasets very difficult. In PYABSA, both an auto-
matic annotated interface and a manual tool for
dataset annotation are included. Using our auto-
mated interface for dataset annotation, users may
quickly complete the annotation, training, and de-
ployment of inference models.

4.3.1 Automated Annotation

Unlike text classification, annotating ASC and
ATESC datasets is difficult. Therefore, we de-
veloped an automated dataset annotation interface
based on the ATESC inference model, converting
ATESC inference results into ASC and ATESC

https://alt.qcri.org/semeval2014/task4/index.php?id=data-and-tools
https://alt.qcri.org/semeval2014/task4/index.php?id=data-and-tools
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Figure 4: The community contributed manual dataset annotation tool provided for PYABSA.

ID Text Overall

1 cute animals. bought annual pass, and we have visited 3x now. Select...

2 fantastic  to go with the whole family. the tickets are slightly on the higher side but the experience is worth it. the animals appear to be well looked after and cared for. there is heaps of animals
that roam freely that you can touch, pat and feed. im very impressed overall. the cafe is also very lovely with amazing food.

Select...

3 we were up here mid feburary. weather was good for walking. and theres lots of it, so many paths and trails. was good to see so many open areas for the animals. kids enjoyed feeding the kangaroos and
an attempt at an emu before nerves kicked in size difference walkways are well maintained and clean, but it is slightly hilly in some parts. spent about 2. 5hrs walking around exploring everything. good
for all ages.

Select...

4 great place any weather. lots to see and do cafe, staff and gift shop are fantastic. become a member, visit twice in a year and it has paid for itself. ive been 4 times this year already Select...

5 a must visit for tourists and locals. we hadnt visited for many years and decided it was time to revisit. we bought yearly memberships so we can now visit whenever we like. well worth the money and
value received with only 2 visits. the park is well laid out, paths are sealed so good for parks, wheelchairs, etc. all the animals were very relaxed and friendly. great views over adelaide by the yellow footed
rock wallabies rockery. the cafe was inviting and served amazing wedges and good coffee. there is a cosy lo9king fireplace for the winter visits. the animals were quite active on a cooler summers
morning.

Select...

Save your work

Save

« »

 place

« »

1

1



Positive Neutral Negative Clear

annotations. Note that the F1 measures on the
Chinese, English, and multilingual datasets are up
to ∼ 85%. In this case,this method is helpful for
obtaining annotated ABSA instances to augment
small datasets. The following example illustrates
the interface of automated dataset annotation.
from pyabsa import make_ABSA_dataset

make_ABSA_dataset(dataset_name_or_path=’raw_data’,
checkpoint=’multilingual’)

4.3.2 Manual Annotation
In order to conduct precise manual annotation, our
contributor developed a specialized ASC annota-
tion tool10 for PYABSA. Furthermore, we provide
an interface for converting existing ASC datasets
to ATESC datasets. Figure 4 shows the manual
annotation tool.

5 Related Works

In recent years, a large number of outstanding open-
source ASC (Li et al., 2021a; Tian et al., 2021; Li
et al., 2021b; Wang et al., 2021) and ATESC (Li
et al., 2018b; Xu et al., 2018; Ma et al., 2019; Yang,
2019; Yang et al., 2020) models have been pro-
posed. However, the related open-source reposito-
ries for these models usually lack inference support,
and most of them are no longer maintained. There
are two works most similar to PYABSA, ABSA-
PyTorch and Aspect-based Sentiment Analysis, re-
spectively. ABSA-PyTorch (Song et al., 2019)
incorporates multiple reimplemented third-party
GloVe-based and BERT-based models as an early
effort to propagate fair comparisons of accuracy
and F1 amongst models. Nevertheless, ABSA-
PyTorch is no longer maintained and only sup-
ports the ASC subtask. ASC subtasks are also

10https://github.com/yangheng95/ABSADatasets/DPT

handled by Aspect-based Sentiment Analysis (Con-
sultants, 2020), which provides an ASC inference
interface based on constrained models. PYABSA
is a research- and application-friendly framework
that supports a number of ABSA subtasks and in-
cludes multilingual, open-source ABSA datasets.
We developed instant inference interfaces for ASC
and ATESC subtasks, which facilitate the imple-
mentation of multilingual ABSA services, using
inspiration from Transformers.

6 Conclusion

We developed an open-source ABSA framework,
namely PYABSA. By diminishing the influence of
model-irrelevant code and automating metric vi-
sualization, etc., PYABSA seeks to encourage fair
comparisons across ABSA models. Furthermore,
to facilitate ABSA applications, we implement in-
stant ASC and ATESC inference interfaces that
enable anyone to launch ABSA services with a few
lines of code. For starters, PYABSA integrates a
set of built-in models and datasets. It also encour-
ages users to develop new models based on our
templates or contribute custom datasets. PYABSA
is a lightweight, open-source framework that can
be added to any Python environment as a depen-
dency to provide ASC and ATESC services. In the
future, we plan to include more ABSA subtasks
into PYABSA, such as aspect triplet extraction.
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7 Appendix

7.1 Training and Inference Pipeline
Similar to ATESC, ASC may be completed with
a few lines of code. We also provide a range of
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choices to make training easier for users; please
see the function’s comments for more information.

7.1.1 ASC Training Pipeline
from pyabsa.functional import Trainer
from pyabsa.functional import APCConfigManager
from pyabsa.functional import ABSADatasetList
from pyabsa.functional import APCModelList

apc_config_multilingual = APCConfigManager.
get_apc_config_multilingual()

apc_config_multilingual.model = APCModelList.FAST_LSA_T_V2

datasets_path = ABSADatasetList.Multilingual
sent_classifier = Trainer(config=apc_config_multilingual,

dataset=datasets_path,
checkpoint_save_mode=1, # save

state_dict instead of model
auto_device=True, # auto-select

cuda device
load_aug=True, # training using

augmentation data
).load_trained_model()

7.1.2 ASC Inference Example

from pyabsa import ABSADatasetList, APCCheckpointManager,
available_checkpoints

checkpoint_map = available_checkpoints(from_local=False)

sent_classifier = APCCheckpointManager.
get_sentiment_classifier(checkpoint=’Multilingual’)

text = ’everything is always cooked to perfection , the [ASP
]service[ASP] is excellent , the [ASP]decor[ASP] cool
and understated . !sent! 1, 1’ # PyABSA indentifies
targeted aspects warpped by ’[ASP]’ token

sent_classifier.infer(text, print_result=True)

7.1.3 Text Classification Training
from pyabsa import TCTrainer, TCConfigManager, TCDatasetList
config = TCConfigManager.get_tc_config_english()
config.cross_validate_fold = 5

dataset = TCDatasetList.SST2
text_classifier = TCTrainer(config=config,

dataset=dataset,
checkpoint_save_mode=1,
auto_device=True
).load_trained_model()

7.1.4 Text Classification Inference Example
from pyabsa import TCDatasetList, TCCheckpointManager

model_path = ’lstm’ # ’lstm’ is a keyword to search the
checkpoint in the folder

text_classifier = TCCheckpointManager.get_text_classifier(
checkpoint=model_path)

# batch inference works on the dataset files
inference_sets = TCDatasetList.SST2
results = text_classifier.batch_infer(target_file=

inference_sets,
print_result=True,
save_result=True,
ignore_error=True,
)

7.2 Metric Visualization in PYABSA
7.2.1 Code for Auto-metric Visualization
PYABSA provides standardised methods for moni-
toring metrics and metric visualisations. PyASBA
will automatically generate trajectory plot, box plot,
violin plot, and bar charts based on metrics to eval-
uate the performance differences across models,

etc. This example aims at evaluating the influence
of maximum modelling length as a hyperparame-
ter on the performance of the FAST-LSA-T-V2
model on the Laptop14 dataset.
import random
import os
from metric_visualizer import MetricVisualizer

from pyabsa.functional import Trainer
from pyabsa.functional import APCConfigManager
from pyabsa.functional import ABSADatasetList
from pyabsa.functional import APCModelList

config = APCConfigManager.get_apc_config_english()
config.model = APCModelList.FAST_LSA_T_V2
config.lcf = ’cdw’

# each trial repeats with different seed
config.seed = [random.randint(0, 10000) for _ in range(3)]

MV = MetricVisualizer()
config.MV = MV

max_seq_lens = [50, 60, 70, 80, 90]

for max_seq_len in max_seq_lens:
config.max_seq_len = max_seq_len
dataset = ABSADatasetList.Laptop14
Trainer(config=config,

dataset=dataset,
auto_device=True
)

config.MV.next_trial()

save_prefix = os.getcwd()
# save fig into .tex and .pdf format
MV.summary(save_path=save_prefix, no_print=True)

# plots grouped by model name or setting name
MV.traj_plot_by_trial(save_path=save_prefix)
MV.violin_plot_by_trial(save_path=save_prefix)
MV.box_plot_by_trial(save_path=save_prefix)
MV.avg_bar_plot_by_trial(save_path=save_prefix)
MV.sum_bar_plot_by_trial(save_path=save_prefix)

# plots grouped by metric name
MV.traj_plot_by_trial(save_path=save_prefix)
MV.violin_plot_by_trial(save_path=save_prefix)
MV.box_plot_by_trial(save_path=save_prefix)
MV.avg_bar_plot_by_trial(save_path=save_prefix)
MV.sum_bar_plot_by_trial(save_path=save_prefix)

MV.scott_knott_plot(save_path=save_prefix)
MV.A12_bar_plot(save_path=save_prefix)

7.2.2 Visualizations
There are some visualization examples auto-
generated by PYABSA. Note that the metrics are
not stable on small datasets.
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Figure 5: An example of auto-metric visualizations
of the Fast-LSA-T-V2 model grouped by metric
names.
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Figure 6: The significance level visualizations of the
Fast-LSA-T-V2 grouped by different max model-
ing length. The left is scott-knott rank test plot, while
the right is A12 effect size plot.
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