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Abstract

According to an industry survey, many people miss opportu-
nities to apply for government subsidy programs because
they do not know how to apply. People also need to search
manually and check whether these programs are suitable for
them. To address this issue, our study develops a new gener-
ative recommender system with both users’ information and
government subsidy documents. Within our recommender
system framework, we modify the existing Residual Quanti-
zation Variational Auto-Encoder (RQ-VAE) model to cap-
ture deep and abstract information from subsidy documents.
Using semantic IDs generated for approximately 185,610
user click-stream histories and 240,000 documents, we train
our recommender system to predict the semantic IDs of the
next subsidy policy documents in which a user might be in-
terested. In 2024, we successfully deploy our generative rec-
ommender system in Wello, a Korean Gov-Tech startup. In
collaboration with the Korean government, our generative
recommender system could save $7.8 million, that might oth-
erwise have gone unused due to a lack of applications. Also,
Wello observed a 68% improvement in Click-Through Ratio
(CTR), increasing from 41.4% in the third quarter of 2024 to
69.6% in the fourth quarter of 2024. We thus anticipate that
our generative recommender system will have a significant
impact on both individuals and the government.

Introduction

According to an industry survey (Embrain 2023), 55 percent
of people lost opportunities to apply for government subsidy
programs because they did not know how to apply for them.
Also, many people waste time searching for government
subsidy programs because such information is often spread
across several websites, and they have to check whether
each program is a good fit with them. Government agencies
in South Korea report that they spend more than $950 mil-
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lion for advertising their subsidy programs every year. How-
ever, they also report that the allocated $35.8 billion for sub-
sidy programs remained unspent. Of this amount, $2.7 bil-
lion was allocated but left unused due to a lack of applica-
tions. In response, the Korean government sought a third-
party firm to manage all the subsidy information in one
place. Accordingly, Wello filled this role and became one of
the biggest government tech firms in South Korea.

With the cooperation of the Korean government, Wello
has aggregated and promoted all government subsidy pro-
grams since 2020. As of the start of 2024, Wello had more
than 230,000 active users and promoted around 240,000
government subsidy documents on their platform. With this
volume of documents, users at Wello still needed to spend
time and effort to find a particular subsidy program. Alt-
hough Wello provided a simple recommendation based on
keywords (i.e., the time left to apply and benefit amount)',
many users still had a hard time finding the right subsidy
programs, which might eventually lead to a lack of applica-
tions. To address this, we developed a novel Al-based rec-
ommender system, simply called the generative recom-
mender system, to recommend relevant subsidy programs
accurately to a particular user. We believe that our genera-
tive recommender system dramatically improves Wello’s
performance and saves the Korean government money for
subsidy programs by helping more people find relevant sub-
sidy programs.

We developed a new recommender system based on the
generative retrieval technique, which directly generates can-
didates without a ranking model and vector search methods
(Jin 2024). Existing generative recommendation techniques
encode item features into semantic IDs by using a Vector
Quantization Variational Auto-Encoder (VQ-VAE) (Van
and Vinyals 2017) or Residual Quantization Variational

! The performance of past recommendation algorithm at Wello
platform was not good enough. For instance, young males some-
times encountered the subsidy program “Financial Help for Preg-
nant Women” in their recommendation slot.



Auto-Encoder (RQ-VAE) (Zeghidour et al. 2021, Adiban et
al. 2022). Through these semantic IDs, the generative rec-
ommender system can understand the semantic meaning of
an item (Sun et al. 2024). However, because the contents of
government subsidy documents are sometimes highly simi-
lar to each other, the existing generative recommender sys-
tem might have difficulty distinguishing deep semantic dif-
ferences among similar subsidy documents. Thus, we de-
cided to develop a new RQ-VAE model that captures se-
mantically deeper and more abstract information (i.e., sub-
sidy subjects or topics) from similar documents. Specifically,
in the generative retrieval recommendation architecture, we
noticed that the existing RQ-VAE model tends to primarily
capture the most important information at the first codebook
(Zheng et al. 2024). To address this, we modified the exist-
ing RQ-VAE model with the features of VQ-VAE models
and let each module learn patterns of residual representa-
tions. Our new RQ-VAE model can thus understand deeper
and more abstract information.

In this paper, we use the Wello dataset to develop our gen-
erative recommender system. This dataset includes 185,610
user click-stream histories (e.g., demographic information,
personal preferences, and “like” or “wish” logs on the sub-
sidy programs) and over 240,000 subsidy documents. We
demonstrate that our best model achieves performance com-
parable to previous studies (Rajput et al. 2024), with results
of 0.4084 for Recall@5, 0.2964 for NDCG@5, 0.5017 for
Recall@10, and 0.3264 for NDCG@10. Then, we began to
deploy our Generative Recommender System on the Wello
platform in the second quarter of 2024. The Wello technical
team continuously updates and optimizes our generative
recommender system monthly with new government sub-
sidy documents and user clickstream histories.

This study, then, provides the academic contribution to
related literature. Unlike previous studies in generative re-
trieval recommender systems utilizing item (or document)
only (Rajput et al. 2024, Jin et al. 2024), our study is the first
to use both subsidy documents and user preference infor-
mation. In addition, we modify the existing RQ-VAE model
to extract deep and abstract information from government
subsidy documents correctly. We also observe that our gen-
erative recommender system shows great performance as
compared to previous studies (Hidasi et al. 2015, Kang and
McAuley 2018, Sun et al. 2019, Tay et al. 2021, Geng et al.
2022, Rajput et al. 2024).

Our study also provides several contributions to the gov-
ernment tech industry. We are the first to construct a subsidy
program document database in South Korea with users’
preference and demographic information. Furthermore, we
complete to deploy an Al-based generative recommender
system on the Wello platform in the third quarter of 2024.
According to our A/B tests, Wello has observed a 68% im-
provement in Click-Through Ratio (CTR), increasing from
41.4% in the third quarter of 2024 to 69.6% in the fourth
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quarter of 2024. Also, from a survey by Wello, we can in-
crease users’ satisfaction with the new recommender system
by about 19.8% in the same period.

More importantly, we observed that 36% more people ap-
plied for government subsidy programs on the platform. By
doing so, the Korean government expects to save $7.8 mil-
lion that might otherwise have gone unused due to a lack of
applications. Also, we estimate that our new recommender
system could save around $27.4 million in advertising sub-
sidy policy programs. So, we believe that the effects of our
generative recommender systems for government subsidy
programs will grow substantially by the end of 2024. We
observed that the total benefit amount of subsidy programs
that users viewed on the platform increased by 46.7%, from
$1900 in the third quarter of 2024 to $2740 in the fourth
quarter of 2024.

Related Works

Vector Quantization VAE

A Variational Auto-Encoder (VAE) model compresses orig-
inal data into a lower-dimensional space using an encoder
while capturing patterns to enable the decoder to reconstruct
the original data (Van and Vinyals 2017). However, vector
quantization often leads to data distortion and reconstruction
issues in VQ-VAE. To address this, the Residual Quantiza-
tion VAE (RQ-VAE) was developed, utilizing multiple
codebooks (Zeghidour et al. 2021, Adiban et al. 2022).
Moreover, recent research indicates that RQ-VAE faces an
imbalance problem among codebooks (Zheng et al. 2024).
We hence propose to insert encoder-decoder modules be-
tween the codebooks. This approach allows the model to
mitigate imbalance problems, as the encoder can capture im-
portant features and discard unnecessary information during
reconstruction (Bengio et al., 2013).

Generative Retrieval Techniques

Traditional document retrieval techniques use vector simi-
larity computations, which become computationally expen-
sive as the database size increases. Traditional techniques
also face challenges in computation since they have a large
embedding table (Lee et al. 2022). Generative retrieval is a
recent approach that aims to fix such issues by producing
document IDs or document titles respectively. DSI (Tay et
al. 2022) was the first approach to retrieve entities by gen-
erating their unique names using a transformer architecture.
Similarly, GENRE (Sun et al. 2024) employs transformer
architecture for information retrieval, but it goes further by
encoding not only documents but also queries to sequen-
tially decode relevant document IDs. We therefore use gen-
erative retrieval techniques in our recommender systems to



generate the next subsidy program document’s IDs token by
token.

Recommender Systems and Deployment

Recent studies of sequential recommender systems have fo-
cused on leveraging sequences of user histories. GRU4REC
(Hidasi et al. 2015) was one of the first models to utilize
long user histories, addressing the limitations of matrix fac-
torization approaches. With the introduction of the self-at-
tention mechanism, NCI models (Wang et al. 2022) now use
such a mechanism to infer item-item relationships based on
user histories. Similarly, the SASRec architecture (Kang
and McAuley 2018) proposes a self-attention based sequen-
tial model to capture long-term semantics.

Also, the rise of language models such as BERT (Devlin
2019) and GPT (Radford 2018) has spurred various lan-
guage model studies with different objective functions for
recommender systems. For example, BERT4Rec (Sun et al.
2019) employs bidirectional self-attention to learn sequence
histories. According to a survey by Wu (2023), autoregres-
sive models, which use decoder-only architectures, are bet-
ter at capturing long-term dependencies, leading many stud-
ies to focus on these models. Other approaches, like IRGAN
and DiffRec, explore the use of diffusion mechanisms and
GANSs in recommender systems (Wang et al. 2023). With
the emergence of pre-trained large language models (PLMs),
models like P5 (Geng et al. 2022) and M6 (Cui et al. 2022)
have applied PLMs to multi-class recommender systems.

Recently, there have been a few efforts to apply genera-
tive retrieval techniques to recommendation tasks. For in-
stance, the Transformer Index for Generative Recommend-
ers (TIGER) leverages RQ-VAE to generate semantic IDs
derived from text embedding vectors produced by Sentence-
T5 (Ni et al. 2021) and utilizes T5 (Raffel et al. 2020) to
identify patterns in user histories (Rajput et al. 2024). Recent
research also adds contrastive learning to TIGER so it can
understand not only semantic meanings but also relation-
ships between items (Jin et al. 2024). Similarly, our research
uses the RQ-VAE model to generate semantic IDs, replac-
ing traditional item IDs and user IDs. To the best of our
knowledge, we are the first to generate both user semantic
IDs and item semantic IDs (e.g., government subsidy policy
documents) for generative retrieval recommender systems.

Regarding the deployment of recommender systems,
Jannach et al. (2022) argued two critical limitations in exist-
ing recommendation system research: an overemphasis on
"one-shot" performance metrics, and the absence of practi-
cal evaluation methodologies such as A/B test, coupled with
insufficient stakeholder engagement. This study addresses
these limitations by expanding the evaluation framework
beyond single-point metrics with recall@5, ndeg@5, re-
call@10, and ndcg@10. Furthermore, we employed the A/B
test for practical validation and actively collaborated with

28768

industry stakeholders to fine-tune model size and hyper-pa-
rameters, thereby ensuring practical implication of our ap-
proach.

In addition, similar to the past research (Leony et al. 2013,
Wanyi 2022), we used Amazon Web Service (AWS) rather
than on-premises to deploy our Al-based recommender sys-
tems. As Wello is an emerging start-up with limited IT re-
sources, we needed elastic architecture using Auto Scaling
Group to minimize operational overhead and efficient re-
source utilization.

Research Dataset

Wello is a government tech firm that has gathered and pro-
moted government subsidy information to users. Figl and
Fig 2 are screenshots of Wello’s sign-in page. In the sign-in
process, Wello asks for and collects users’ demographic in-
formation and their preferences in subsidy programs. For
example, in Fig 1, the sign-in page collects users’ demo-
graphic information including marriage status, income level,
region (e.g., where users live), sex, education level, and job
description, etc. In Fig 2, Wello asks users to report what
types of government subsidy program they are interested in.

Please tell me what you are usually interested
Tell me about in.
will recommend a policy that is just right for you, Mr
Ve recommend based on your interests, and
b tings
Region & Cursntiscation

Education

Rectal(Multiple selection possible)

Household member

Figure 1: The first and second user sign-in page on the
Wello platform

Thus, we use 185,610 user click-stream histories including
users’ demographic information, their preference histories,
and their viewing histories with 240,000 subsidy documents,
including their like and wish information. The user click-
stream histories’ maximum, minimum, and average are 460,
2, and 8.45, respectively.



Recommender System Architecture

Our generative recommender system architecture consists of
two parts: quantizing embedding vectors into semantic IDs
using our new RQ-VAE model and generating semantic IDs
of potential subsidy program for the recommender system
(Figure 2). First, we train our new RQ-VAE model to quan-
tize embedding vectors into semantic IDs by choosing the
indices of the closest codeword vector from codebooks.
Specifically, government subsidy documents are embedded
as training data by SentenceT5. Once training is done, the
model generates a lookup table that maps the original docu-
ment IDs and user IDs to the generated semantic IDs . Sec-
ond, we train a transformer model on sequential recommen-
dation tasks using the lookup table to map original docu-
ment IDs and user IDs to corresponding semantic IDs. Fi-
nally, our generative recommender system outputs recom-
mendations for potential subsidy programs that are relevant
to a particular user.

Data Lookup Table
[ Subsidy Documents [ LLM | RQ-VAE [ DocumentID > pocument_123: (12,56,72,3),..
’W‘__ EncoderF (Fig 5} - User ID '—» User 17231 :(17, 2,33, 1), ..
|
Recommender Systems  Output Document 1

Next Document ID L
—
112 256 372 43
| | [ |

Transformer Decoder

Transformer Encader -

1Tl | | I |
120 . . 4.1 <doc> .. <doc> <> 112 256 372

— = L
= | UseriD Document ID

B

Figure 2: The process of generative recommender systems

New RQ-VAE Models

As mentioned above, we use the generative retrieval tech-
nique with a new RQ-VAE model for our generative recom-
mender system. However, recent research has shown that
the current RQ-VAE’s first codebook and subsequent code-
books are imbalanced in capturing important features be-
cause the first codebook captures a majority of the semantic
importance (Zheng et al. 2024). Since encoded vectors are
subtracted from the closest codeword, their density will be
extremely large at the last codebook step, which might lead
to an imbalance between codebooks. Thus, we need to de-
velop our new RQ-VAE model with multiple encoders and
decoders between codebooks.

Figure 3 shows how our new RQ-VAE model works. The
model consists of two VQ-VAEs (in practice RQ-VAE
model consists of three VQ-VAEs). Unlike existing VQ-
VAE models, each VQ-VAE in our new model gets a resid-
ual vector. Every input to a VQ-VAE layer is computed with
the following formula; xX; =

Xi-1—
Decoder;_, (Q( Encoderi_l(xi_l))) . We set x, € R? as
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the embedding vector for either the user’s information or the
subsidy documents through SentenceT5, which could be re-
placed by pre-trained text encoders such as BERT. O de-
notes a function that finds the closest codeword in a code-
book, while i denotes the ith VQ-VAE layer. We can formu-
late this as argmin| |z; — ex||, where z; is an encoding vec-
tor z; = Encoder;(x;), while an e, is a codeword vector
from codebook C;:= {e,}K_, wherei=0,..,m—1 .
Note that we define || - || as a Euclidean norm.

i

Residual Quantization
DL Il
o

|
[EmbeddMgI-\Embﬁddmg\=\

DNN
Decoder

DNN
Encoder

Embedding
Embedding

Figure 3: The architecture of our new RQ-VAE model

Here, we denote the number of layers, which is the num-
ber of total codebooks, as m and the cardinality of the code-
book as K. For example, if we set m to 3 and K to 256, the
semantic IDs of a subsidy document could be (234, 12, 129).
As we use the residual vector as an input, this document
should be more similar to (234, 12, 27) than (234, 129, 12).
While existing RQ-VAEs use a single encoder-decoder,
with multiple codebooks between encoder and decoder (Ze-
ghidour et al. 2021, Adiban et al. 2022), we insert an en-
coder-decoder between codebooks because encoding resid-
uals has benefit for capturing features.

After we get a quantized representation of e;, which is the
closest codeword vector in codebook C;, through the func-
tion Q, e; is used to reconstruct x through the decoder X; =
Decoder;(e;). Then, we compute the new RQ-VAE loss
with reconstruction loss and commitment loss (or rqvae loss)
(Van and Vinyals 2017, Zeghidour et al. 2021, Adiban et al.
2022). To prevent codebook collapse, we also initialize our
codebook using k-means clustering-based initialization, as
proposed in previous research (Rajput et al. 2024).

To summarize, we first use SentenceT5 to embed user and
document information. Then, the first layer of our encoder-
codebook-decoder quantizes (i.e., finds the closest code-
word vector) the embedding vector using the same process
as a VQ-VAE. After that we subtract the embedding vector
from the decoding vector and move to the next layer’s input.
Lastly, our new RQ-VAE model repeats this process for the
total number of codebooks.



Preprocessing for Recommender Systems

Once we finish training our model, we generate a lookup
dictionary that converts user IDs and document IDs to se-
mantic IDs. For example, {doc, : (24,18,128,1), doc, :
(24,18,128,0), ..., usery : (129,42,255,0),...}  where
m=3 and K=256. Here, the last digit distinguishes items that
have the same three-digit number. Through this lookup dic-
tionary, we convert user IDs and document IDs in the user-
click history to semantic IDs. For example, let (user,,,
doc;,, doc,;,) be user 24’s history. We convert this se-
quence to (524,1' S242) S243» Sz2a40 < dOC>, S131, S122,
S12,3, S1240 < AOC >, Su721, Sa722, Saz2,3, 524,4): where
Siq,m means either user;z’s ma, digit or docyy’s m digit in
the corresponding semantic ID, while <doc> is a special to-
ken for separating semantic IDs and letting the model know
semantic IDs will be followed. Unlike previous studies (Raj-
put et al. 2024), we convert not only document IDs but also
user IDs into semantic IDs. We believe this will make our
recommender system into a more personalized recommen-
dation algorithm.

Recommender System Architecture

By using user click-stream histories, which are represented
by semantic IDs generated through a lookup dictionary, we
develop our Al-based recommender system, which we call
the generative recommender system here. Following prior
research (Tay et al. 2022, Sun et al. 2024, Rajput et al. 2024),
we select the transformer architecture for our recommenda-
tion system. While the original transformer architecture is
designed to predict the next word or token, our architecture
is adapted to predict the next semantic ID, making it a se-
quence-to-sequence recommendation task. Specifically, the
encoder in our generative recommender system transforms
the input sequence into a contextualized vector using the at-
tention mechanism. The decoder then predicts the next se-
mantic ID based on this contextualized vector and the
model’s previous predictions. As a result, our generative
recommender system can process both user information that
is represented by user semantic IDs and user histories that
are composed of document semantic IDs, and then it returns
the output: a recommendation of subsidy programs that fit
users.

Model Setting

We chose SentenceT5 to convert subsidy documents and
user information into 768-dimension embedding vectors.
Our new RQ-VAE model has 4 codebooks, and each code-
book has 256 cardinalities. Each encoder layer has 768-di-
mension, and 512-dimension layer with 256 final output di-
mensions. Between these layers, our model includes a ReLU
activation function. For our generative recommendation
systems, we choose 128 embedding dimensions, 512 feed
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forward dimensions, 4 attention heads, and 3 layers for the
encoder and decoder.

Regarding the model parameters, we follow the trans-
former architecture configuration described in Rajput et al.
(2024), with a scaled-down version of the transformer archi-
tecture to meet Wello's requirement for a more cost-efficient
model. We selected our scaled-down hyperparameters by
following conventional transformer design principles -
maintaining the feed-forward dimension (which is 512) at
four times the embedding dimension (which is 128) and en-
suring the embedding dimension (which is 128) remains di-
visible by the number of attention heads (which is 4) (Rajput
et al., 2024).

Results

Results with Wello Dataset

We first trained our new RQ-VAE model on the Wello da-
taset with a 4e-1 learning rate, 4,096 batch size and Adagrad
optimizer. Before we moved on to the generative recom-
mender system training, we needed to see which cardinali-
ties and what number of codebooks are the best option for
Wello datasets. Thus, we tested eight versions of RQ-VAE,
namely 32/6, 32/8, 64/6, 64/8, 64/10, 128/8, 128/10, and
256/4, where each format represents Cardinality/Number of
Codebooks. We found that the RQ-VAE models with 6
codebooks with 32 cardinalities (i.e. 32/6) and 4 codebooks
with 256 cardinalities (i.e. 32/6) showed the best average
usage rate and lowest validation loss, respectively, among
all options.

Then, for both the 32/6 and 256/4 models, we prepared a
recommendation dataset using the same approach as in pre-
paring for the recommender systems section. Specifically,
we converted the user clickstream history to semantic ID se-
quences. For example, we converted user history
(user,,, doc;,, doc,;,) to the following semantic ID se-
quences using the 256/4 model: (< 5>, 15541,
2_S342, 35243, 4244, <doc>, 18151, 2.515,,
38123 4.S1240 <dOC>, 1.S4751, 2.S4722, 3 Sa723
4_Sy44, </S >), where “1_”,“2 7 “3 ” and 74 ” repre-
sent the digit location in the semantic ID, used to distinguish
the same number in different digits, while s,,; refers to the
first digit of the semantic ID of an item whose ID is 24. Thus,
if document 24’s semantic ID is (12, 23, 23, 4), it will con-
vertto (1 _12,2 23,3 23,4 4). Note that if we use the 32/6
model, each semantic ID has 6 digits.

Next, we trained our generative recommender systems for
10 epochs with a learning rate of le-3, batch size 4096,
LambdalR scheduler, and AdamW optimizer (decay =
0.01). We used the same training method and the same rec-
ommender system architecture with different RQ-VAE
models (256/4 and 32/6) to compare their recommendation



performance. In Table 1, we can see the 256/4 model always
shows slightly better performance than the 32/6 model.
Therefore, we decided to use the 256/4 model for our gen-
erative recommender system.

Additionally, we show how our model’s performance var-
ies depending on user semantic IDs. As we noted, this is the
first study to use both subsidy documents and user infor-
mation (e.g., demographic information, personal preference,
and “like” or “wish” logs on subsidy programs) in the gen-
erative retrieval recommender system literature. Table 1
shows that removing user IDs led to an average performance
decline of 4.5% in the recommender system algorithm.
These results suggest that user IDs contribute to improving
the overall performance of our generative recommender sys-
tems.

Wello Dataset
Methods Recall NDCG Recall NDCG
@5 @5 @10 @10
32/6 03989 02911 0.4844 0.3190
256/4 (base)  0.4084 0.2964 0.5017  0.3264
wio user ID 03863 0.2868 04730 0.3144
(-5.4%) (-32%) (-5.7%) (-3.7%)

Table 1. Results of our model on the Wello dataset

Sports and Outdoors

Models Recall NDCG Recall NDCG
@5 @5 @10 @10
P5 0.0061  0.0041  0.0095 0.0052
GRU4Rec  0.0129 0.0086 0.0204 0.0110
BERT4Rec  0.0115  0.0075 0.0190  0.0099
SASRec 0.0233  0.0154 0.0350 0.0192
TIGER 0.0264 0.0181 0.0400 0.0225
Our Gen-Rec  0.0267 0.0182  0.0395  0.0227

Table 2. Performances of our generative recommendation
system on Amazon (Sports and Outdoors) dataset

Results with Amazon Dataset

To compare our model’s performance with that of exist-
ing generative recommender systems, Table 2 shows the
performance of our recommender system with Amazon’s
Sports and Outdoors dataset. Most of the training settings
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are the same as in previous research (Rajput et al. 2024, Jin
et al. 2024). Furthermore, we use the leave-one-out method,
as also used in previous research (Sun et al 2019, Rajput et
al. 2024). Specifically, the leave-one-out method is a se-
quence-to-sequence training method with prediction for the
very last item (for us, the 4-digit semantic ID generated by
256/4 model) in the test set, the second last item for the val-
idation set, and the third last item for the training set. We
find that our generative recommender system’s performance
is similar to other models in previous studies (Rajput et al.
2024).

Deployment

Based on the successful performance, we began to deploy
our new Al-based recommender system on the Wello plat-
form in the second quarter of 2024. The Wello technical
team is currently responsible for maintaining the generative
recommender system and continuously updating both the
model and the database to ensure optimal performance. This
involves accommodating new government subsidy pro-
grams, as well as adapting the changes in users’ preferred
subsidy programs (as shown by them clicking “like” or
“wish” on given subsidy programs as well as their viewing
histories). By incorporating updated user clickstream histo-
ries, our model is retrained every month to keep the recom-
mendations accurate and relevant.

Figure 4 illustrates the details of the deployment process
of our generative recommender system. It operates through
a workflow that processes policy document data and user
data to generate personalized recommendations. The system
begins by collecting policy document data that the user has
previously interacted with, and user data stored in Aurora
DB for each user. This data undergoes preprocessing and
filtering to create structured information that can be effec-
tively utilized by the recommendation engine. The recom-
mendation engine then integrates these two data streams -
the user preferences data and user behavioral data — infer-
encing candidate policy documents and applying filtering
algorithms to match user attributes with policy attributes.
Through this process, the system implements personaliza-
tion algorithms based on user patterns. These personalized
policy recommendations are then formatted and presented
to users through the web interface.

To show how our generative recommender system works,
we randomly pick one piece of sample in the test dataset. In
Figure 5, there is a young user seeking a job in Seoul, South
Korea. Her interests include subsidy programs related to ca-
reer development education, support for the cost of living,
and support for public transportation costs. Based on this in-
formation, our recommender system suggests the following
subsidy programs on the platform: a free education program
at the government platform for career development, K-pass



(e.g., subsidies for public transportation for younger gener-
ations), and government loans to cover the cost of living for
younger generations (i.e., under age 24). If she clicks one of
these recommended subsidy programs, she can see all the
program details, including how to apply, what documents
she needs, the due date, and benefits the program offers. We
therefore believe our generative recommender system inte-
grates users’ preferences and viewing histories to recom-
mend the most suitable government subsidies for them.
With our generative recommender system, users at Wello
platform no longer need to spend time searching for relevant
subsidy programs, or risk missing out on essential subsidy
programs. We therefore believe our generative recom-
mender system integrates users’ preferences and viewing
histories to recommend the most suitable government sub-
sidies for them. With our generative recommender system,
users at Wello platform no longer need to spend time search-
ing for relevant subsidy programs, or risk missing out on es-
sential subsidy programs.
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Figure 4: Deployment process in Amazon Web Service

Business Implications

To observe our recommendation effect, Wello conducted
the A/B tests in the third quarter of 2024 and the fourth quar-
ter of 2024 and observed a significant improvement in some
business metrics: Click-Through Rate (CTR), average time
spent per user, and survey results on satisfaction level with
our new generative recommender systems. Although Wello
began deploying our new Al-based recommender system on
the platform in March 2024, additional time was needed to
roll it out fully to all customers. Between March 2024 and
August 2024, we have tested and monitored the perfor-
mance of the recommender system algorithm, keeping up-
date it continuously. By the end of the third quarter of 2024,
Wello successfully opened the new recommender system

2 The total amount of unused amounts of Korean government’s
budget due to lack of application ($2.7 billion) X 36% increase in
the number of users who applied for the government program X
Wello’s current market share (8%) = $7.8 million. Also, we get
Wello’s current market share as follow: the average number of
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for all customers and updated the UX/UI accordingly. So, to
evaluate our new recommender system’s effect, we can ran-
domly select 1,000 customers who have experienced
Wello’s previous key-word-based recommender systems
only (not our new Al based recommender system) during
the third quarter of 2024 while we also randomly select
1,000 customers who have experienced our new recom-
mender systems only during the fourth quarter of 2024. Fig-
ure 6 shows the improvements in our A/B Tests from a base-
line with Wello’s past recommender system (i.e., based on
some keywords mentioned above) to our new Al-based rec-
ommender system. During this period, the results show that
Wello has experienced a 68% Click-Through-Ratio (CTR)
improvement from 41.4% to 69.6%. Additionally, average
time spent per user increased by 14.3%, from 420 seconds
to 480 seconds in the same period. Last, the survey results
showed a 19.8% improvement in service satisfaction thanks
to our generative recommender system.

Government Implications

In this section, we discuss the benefits to the Korean gov-
ernment of our generative recommender system. First, we
noted a 36% increase in the number of applications to gov-
ernment subsidy programs on the platform after implement-
ing our generative recommender systems. This suggests a
potential decrease of 36% in unspent funds, amounting to
$7.8 million? that would otherwise remain unused due to
insufficient applications. Second, we find that the total ad-
vertising cost of the Korean government is around $950 mil-
lion. Thus, we can estimate the potential advertising saving
cost as follows: 36% increase in the number of subsidy pro-
gram applications X Wello’s current market share (8§%) X
total advertising cost for promoting subsidy programs at
South Korea ($950 million) = $27.4 million. Also, we con-
firm that one Korean government officer reported that our
generative recommender system indeed saved around $27
million in advertising expenses for subsidy policy programs.

Conclusion

In this work, we present a novel generative recommender
system for government subsidy programs by using a re-
trieval generative model. We develop a new RQ-VAE
model to capture deep and abstract features, generating se-
mantic IDs that represent the content of subsidy programs.
Our generative recommender system operates by using user

Wello’s active users in 2024 (around 3 million) % the number of
adult populations in South Korea (around 4,000 million) = 8%.
Please refer to the report below. http://www.narasallim.net/re-
port/659


http://www.narasallim.net/report/659
http://www.narasallim.net/report/659
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Figure 5: Examples of the deployment of our generative recommender system
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Figure 6: Results of CTR, average engagement time per user, and survey results

semantic IDs (i.e., users’ demographic information and their
preferences for subsidy programs) and document semantic
IDs (i.e., subsidy program documents). Our generative rec-
ommender system performs well compared to those from
other studies. Additionally, we reveal that our generative rec-
ommender system improves some business metrics, such as
click-through rate (CTR), average user engagement time,
and user survey results. These findings suggest that our new
generative recommender system could potentially help the
Korean government by reducing the advertising subsidy pol-
icy cost and reducing the amount of budgets being unspent
due to a lack of applications.

This study has a few limitations. Some questions remain
regarding our generative recommender system’s perfor-
mance across other datasets and model sizes. Incorporating
additional techniques, such as contrastive learning (Jin et al.
2024), may further improve the performance of our model.
Future studies need to make degradation metrics rather than
the calendar basis to retrain our model and maintain its per-
formance constantly. Also, it would be great if future studies

would examine our model performance with more relevant
data sets instead of Amazon dataset. Last, we haven’t yet
compared our model performance with traditional recom-
mender system algorithms (e.g., content-based filtering or
collaborative filtering). We hope that future studies will re-
port a more detailed performance of our Al-based recom-
mender system compared with the baseline model.
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