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Abstract

Topic modeling plays a vital role in uncov-
ering hidden semantic structures within text
corpora, but existing models struggle in low-
resource settings where limited target-domain
data leads to unstable and incoherent topic
inference. We address this challenge by for-
mally introducing domain adaptation for low-
resource topic modeling, where a high-resource
source domain informs a low-resource target
domain without overwhelming it with irrele-
vant content. We establish a finite-sample gen-
eralization bound showing that effective knowl-
edge transfer depends on robust performance
in both domains, minimizing latent-space dis-
crepancy, and preventing overfitting to the data.
Guided by these insights, we propose DALTA
(Domain-Aligned Latent Topic Adaptation), a
new framework that employs a shared encoder
for domain-invariant features, specialized de-
coders for domain-specific nuances, and ad-
versarial alignment to selectively transfer rele-
vant information. Experiments on diverse low-
resource datasets demonstrate that DALTA con-
sistently outperforms state-of-the-art methods
in terms of topic coherence, stability, and trans-
ferability.

1 Introduction

In today’s digital age, large volumes of unstruc-
tured text corpora are produced across various do-
mains, making it essential to derive meaningful
insights. Topic modeling helps uncover hidden
patterns in this text, enabling applications such as
document classification, text summarization, con-
tent recommendation, and trend analysis. While
probabilistic topic models (Blei et al., 2003; Blei
and Lafferty, 2006a,b; Mcauliffe and Blei, 2007)
remain widely used, deep learning has driven the
emergence of more advanced variants. For instance,
Neural Topic Models (NTMs) (Miao et al., 2016;
Srivastava and Sutton, 2017; Nguyen and Luu,
2021; Dieng et al., 2020) leverage deep learning
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Figure 1: An illustration of how a high-resource domain
(news) and a low-resource domain (medical research)
share certain topics (e.g., “pandemic/disease spread”)
while each retains domain-specific content (e.g., “econ-
omy” vs. “genomics”). The goal is to transfer only
the relevant knowledge without introducing irrelevant
information.

to improve topic representations, often employing
Variational Autoencoders (VAEs) to model latent
spaces. Further advancements, such as Contextual-
ized Topic Models (CTMs) (Bianchi et al., 2020a,b;
Grootendorst, 2022), integrate pre-trained language
models to enhance topic coherence by capturing
contextual dependencies.

Despite their success, topic models typically as-
sume the availability of sufficient data to learn
meaningful and coherent topics. However, in many
real-world scenarios—particularly in emerging or
niche domains—data collection is limited by re-
source constraints, restricted access, or the rapid
evolution of knowledge. For instance, fields like
quantum machine learning may have fewer than
1,000 publicly available documents, while special-
ized domains such as legal or medical texts are
subject to strict privacy regulations. In such cases,
conventional topic models struggle to extract stable
and coherent topics from low-resource corpora.

While there have been several attempts to ad-
dress low-resource topic modeling, they exhibit
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some limitations. For instance, an earlier approach
(Sia and Duh, 2021) refines LDA by adaptively
balancing discrete token statistics with pretrained
word embeddings, allowing frequent words to rely
on counts while infrequent words leverage exter-
nal representations. Similarly, embedding-based
NTMs (Duan et al., 2022, 2021) leverage pretrained
word embeddings as transferable knowledge, en-
abling effective generalization by learning topic
embeddings adaptively. However, as word seman-
tics shift across contexts, static embeddings may
fail to adapt to unseen tasks, limiting their effec-
tiveness in domain-specific low-resource settings.
To address this, Context-Guided Embedding Adap-
tation (Xu et al., 2024) dynamically refines topic-
word relationships by adjusting word embeddings
based on syntactic and semantic dependencies in
the target corpus. While this improves topic co-
herence in low-resource settings, it still depends
solely on target domain data, making it less effec-
tive when extreme data scarcity limits meaningful
adaptation.

From the above discussion, the key challenge
in low-resource topic modeling is effectively lever-
aging external knowledge while preserving target-
specific nuances. As illustrated in Figure 1, con-
sider a high-resource source domain like news ar-
ticles and a low-resource target domain such as
medical research. The source offers a broad range
of topics—some, like pandemics and mental health,
provide shareable knowledge (here shown as pan-
demic/disease spread), while others, such as elec-
tions or economics, remain source-specific and ir-
relevant to medical research. Similarly, the tar-
get domain contains specialized concepts (e.g., ge-
nomics, clinical trials), which do not appear in the
source. By focusing on pandemic/disease spread,
news articles (e.g., “Government mandates lock-
down...”) can inform medical studies (e.g., “Clini-
cal trial examines COVID-19 transmission...”), al-
lowing the model to transfer relevant health-related
content. However, topics like election or economy
from the source domain have no bearing on ge-
nomics or imaging in the target. The key challenge,
therefore, is to maximize the shareable topics while
ensuring that domain-specific information remains
intact, thereby enhancing topic discovery under
data-scarce conditions.

Building on these insights, domain adaptation
(Ben-David et al., 2010) offers a promising frame-
work to bridge the gap between high-resource
source data and low-resource target needs in topic

modeling. Although domain adaptation has been

widely used in supervised tasks to align features

across domains (Zhao et al., 2019; Li et al., 2021),

its potential in unsupervised topic modeling re-

mains largely unexplored. To address this, we for-
malize domain adaptation for topic modeling by
establishing a generalization bound that shows suc-
cessful transfer depends on: (i) achieving strong

performance on both source and target data, (ii)

minimizing the discrepancy between source and

target latent representations so that only relevant
knowledge is transferred, and (iii) applying regular-
ization to prevent overfitting to the source domain.

In light of this, we introduce our novel bound mini-

mization algorithm, DALTA (Domain-Aligned La-

tent Topic Adaptation), which leverages these prin-
ciples to selectively transfer useful topic structures
from high-resource domains while preserving the
unique semantic characteristics of the target do-
main.

In summary, our work provides the following
contributions:

¢ We derive finite-sample generalization bounds
for domain adaptation in low-resource topic mod-
eling, demonstrating that effective transfer relies
on robust performance in both source and target
domains, alignment of latent representations, and
proper regularization to prevent overfitting.

* Building on these theoretical insights, we pro-
pose DALTA (Domain-Aligned Latent Topic
Adaptation), a novel framework that employs a
shared encoder to extract domain-invariant topic
representations and specialized decoders to cap-
ture target-specific semantic nuances. To our
knowledge, DALTA is the first method to jointly
optimize latent alignment and domain-specific
learning in topic modeling under a rigorous theo-
retical foundation.

* We conduct extensive experiments on diverse
low-resource datasets, showing that DALTA con-
sistently outperforms state-of-the-art methods in
terms of topic coherence, diversity, and transfer-
ability.

2 Related Work

2.1 Neural Topic Models

Traditional probabilistic topic models, such as La-
tent Dirichlet Allocation (LDA) (Blei et al., 2003)
and its extensions (Blei and Lafferty, 2006a,b;
Mcauliffe and Blei, 2007), have been widely used
for discovering latent semantic structures in text.
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However, they rely on bag-of-words assumptions
that ignore word order and contextual meaning,
limiting their ability to capture nuanced seman-
tics. To overcome these limitations, Neural Topic
Models (NTMs) leverage deep learning, particu-
larly Variational Autoencoders (VAEs) (Kingma,
2013), to learn richer and more flexible topic rep-
resentations (Miao et al., 2016; Srivastava and Sut-
ton, 2017). Contextualized Topic Models (CTMs)
(Bianchi et al., 2020a,b; Grootendorst, 2022) fur-
ther improve topic coherence by incorporating pre-
trained language models (PLMs), allowing them
to capture contextual dependencies. More recent
works, such as UTopic (Han et al., 2023), intro-
duce contrastive learning and term weighting to
enhance topic coherence and diversity, effectively
refining topic representations. Similarly, Neuro-
Max (Pham et al., 2024) enhances NTMs by maxi-
mizing mutual information between topics and en-
forcing structured topic regularization to improve
coherence.

Despite these advancements, NTMs still face
challenges when applied in cross-domain or low-
resource settings. Most models assume an abun-
dance of training data and struggle with domain
adaptation, where vocabulary shifts and distribu-
tional changes lead to misaligned topic represen-
tations. Although recent works, such as prompt-
based NTMs (Pham et al., 2023) and LLM-driven
context expansion topic models (Akash and Chang,
2024), attempt to leverage external knowledge
sources for more robust topic discovery, they do not
explicitly address how to transfer topic knowledge
across domains with varying data distributions. As
aresult, current NTMs often fail to generalize effec-
tively beyond their training domains, necessitating
new approaches that can balance domain-invariant
knowledge transfer with domain-specific adaptabil-

ity.
2.2 Low-Resource Topic Modeling

Low-resource topic modeling has been explored
through meta-learning and embedding-based adap-
tations, each with inherent limitations. Few-shot
approaches (Iwata, 2021) attempt to learn task-
specific priors for generalization from limited sam-
ples.However, their rigid probabilistic assumptions
prevent them from effectively capturing the contex-
tual variations and subtle topic differences that arise
in new domains. Embedding-based Neural Topic
Models (NTMs) (Duan et al., 2022, 2021) improve
generalization by leveraging pre-trained word em-

beddings, allowing topic discovery beyond simple
word co-occurrence patterns. However, their re-
liance on static representations limits their adapt-
ability in domains where word semantics shift sig-
nificantly across contexts.

To further address data scarcity, Meta-CETM
(Xu et al., 2024) adapts pre-trained contextual
embeddings to improve topic modeling in low-
resource domains. However, it does not explic-
itly align topic distributions between source and
target domains, relying instead on implicit adap-
tation through embedding refinements. This ap-
proach assumes that target-domain context pro-
vides sufficient information for effective adapta-
tion, but in domains with sparse or highly special-
ized terminology, the model can overfit to limited
contextual signals, leading to unstable topic repre-
sentations and poor generalization. On the other
hand, FASTopic (Wu et al., 2024) adopts a fully
pre-trained transformer-based topic model, bypass-
ing the need for fine-tuning on target-domain data.
While this approach improves efficiency and avoids
overfitting to small target datasets, it assumes that
source-domain knowledge is universally applica-
ble.

3 Proposed Methodology

In this section, we formally define the problem of
domain adaptation for low-resource topic model-
ing and establish the theoretical foundation for our
approach. We first derive generalization bounds
to quantify the conditions for effective knowl-
edge transfer from a high-resource source do-
main to a low-resource target domain. Leveraging
these insights, we then introduce DALTA (Domain-
Aligned Latent Topic Adaptation), which aligns
latent representations while preserving domain-
specific structure.

Problem 1 (Domain Adaptation for Low-resource
Topic Modeling). Let X C R? represent a d-
dimensional document data space, where X =
{x1,%2,...,X,} is the set of document representa-
tions (e.g., bag-of-words and/or embeddings) with
marginal distribution p(X). The source domain
is defined as (Xs, p(Xs)), and the target domain
is defined as (Xr,p(Xr)), where Xs # Xr (e.g.,
different vocabularies or structures) and p(Xs) #
p(Xr) (e.g., distributional shifts). The topic spaces
ag and ar represent the domain-specific latent
topic proportions for documents in the source and
target domains, respectively, while the topic-word
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distributions Bs and Bt capture the relationship
between topics and words in each domain. Do-
main adaptation seeks to infer meaningful top-
ics for the low-resourced target domain Xr by
leveraging knowledge from the source domain Xg,
while addressing challenges such as vocabulary
mismatches, topic shifts, and distributional differ-
ences between the domains.

3.1 Generalization Bound

To better understand the challenges of domain adap-
tion in low-resource topic modeling, consider a sce-
nario where we aim to analyze documents from
two distinct domains: computer science (source do-
main) and medical science (target domain). While
the source domain provides an abundance of docu-
ments, the target domain suffers from data scarcity.
Our goal is to develop a topic model that general-
izes well to the target domain despite the limited
availability of data. This scenario raises fundamen-
tal questions: can we effectively leverage the abun-
dant source domain data to improve topic modeling
in the target domain, and how can we theoretically
guarantee the effectiveness of such transfer?

To address these questions, we derive a finite-
sample generalization bound for domain adaptation
in topic modeling, offering insights into the factors
that influence knowledge transfer between domains.
Our theoretical framework is grounded in the con-
cept of generalization error, which measures how
well a model trained on finite samples can perform
on unseen data. Specifically, we aim to bound the
target domain error e (h) in terms of observable
quantities from both the source and target domains.

Theorem 1 (Generalization bound). Let h € H
be a hypothesis from a hypothesis class H, where
h: Z — (0,11 maps from a latent semantic
space Z to a probability distribution over a vocab-
ulary V. Let fs and fr be the optimal functions
mapping latent representations to reconstructed
outputs for the source and target domains, respec-
tively. Define ps = —25— as the proportion of

ng+nr
source samples and pr = nsTnT as the proportion
of target samples. Then, for every h € H and for
any § > 0, with probability at least 1 — § over the
choice of the source and target samples of sizes ng

and nr, the target domain error is bounded by:

Shared Encoder
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I
¥ \
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©

Figure 2: DALTA Framework
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The generalization bound from Theorem 1 high-
lights key factors governing domain adaptation in
topic modeling. The first two terms capture empir-
ical reconstruction errors in the source and target
domains, emphasizing the need for latent topic rep-
resentations that effectively reconstruct documents
across both. The third term, the KL divergence
KL(q||p), regularizes the model by constraining
learned latent representations to remain close to
the prior, thus reducing overfitting. The fourth
term measures the discrepancy between source and
target latent representations, with lower values in-
dicating better domain alignment and improved
transferability of learned topics. The fifth term
quantifies the divergence between optimal recon-
struction functions, reflecting how well topic-word
distributions align across domains. Finally, the last
term, involving higher-order complexity measures,
accounts for the model’s capacity and the statistical
fluctuations due to finite sample sizes.

3.2 Proposed Model: DALTA

Motivated by the generalization error bounds
in Theorem 1, we introduce DALTA (Domain-
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Aligned Latent Topic Adaptation), a bound mini-
mization framework (shown in Figure 2) aimed at
improving domain adaptation in low-resource topic
modeling. The key idea behind DALTA is to focus
on optimizing the components of the bound that
directly influence model performance in the target
domain. Since the last term of the bound reflects
model complexity and sample variance—factors
that are less tractable—we prioritize minimizing
the first five terms, which capture reconstruction
quality, representation alignment, and regulariza-
tion.

To achieve this, DALTA minimizes the empirical
reconstruction errors using source and target data,
promoting accurate document reconstruction. It
encourages alignment between source and target
latent spaces to reduce domain discrepancies, and
fosters consistency in reconstruction functions to
ensure similar performance across domains. Ad-
ditionally, the KL divergence term is employed
as a regularizer to maintain a stable latent space
structure, supporting generalization while mitigat-
ing overfitting. This targeted optimization strategy
enables DALTA to effectively adapt topic models
across diverse domains.

To learn domain-invariant information, we em-
ploy a shared encoder ¢4 : X — Z that maps
documents X from both source and target domains
into a common latent space Z. To achieve domain-
invariant representations, the encoder aims to mini-
mize the discrepancy between the source and target
latent distributions. We adopt an adversarial train-
ing approach as (Ganin et al., 2016), introducing
a domain discriminator C' that distinguishes be-
tween source and target representations, while the
encoder g, is optimized to fool C'. The adversarial
objective is formulated as:

n;in max Loady = Exg[log C(gs(X5s))]
+Ex, [log(1 — Cgs(X7)))] (1)

This min-max optimization ensures that the en-
coder learns domain-invariant features by reducing
the discriminator’s ability to differentiate between
the two domains. To formally characterize this re-
lationship, we express the connection between the
domain classifier’s performance and the divergence
between the source and target domains as follows:

Proposition 1. Let q5 : X — Z be a shared en-
coder mapping documents from the source domain

Xg and target domain Xt into a common latent
space Z. The H-divergence between the source
and target latent distributions is given by:

dn(qe(Xs), gp(Xr)) = 2 (1 — 2€0)

where €, is the classification error of the optimal
domain classifier C*.

As ¢¢ — 0.5 (random guessing by C%),
dy(q¢(Xs),qe(Xr)) — 0, indicating perfect
alignment between ¢4 (Xs) and g4(X7). This pro-
cess directly contributes to minimizing the fourth
term in the generalization bound.

To capture domain-specific characteristics,
DALTA incorporates decoders pg,(Xg|Z) and
po, (X7|Z). Each decoder infers document-topic
distributions— ag and ar for the source and target
domains—by mapping to topic proportions, which
are then used to reconstruct documents. This in-
termediate step ensures that latent representations
capture domain-relevant semantics. The number of
topics can vary between domains and is indepen-
dent of the latent space size, providing flexibility to
handle diverse topic granularities. The reconstruc-
tion objective is defined as:

min

Lree=-E 1 Xs|Z
G6.Pog POy 45(21X5)[108 Pos (X5|2)]

—Ey,(z1x)log por. (X1|2)],
(2)

which corresponds to minimizing the first two
terms in the generalization bound.

To enhance the consistency of learned repre-
sentations across domains, DALTA introduces
a consistency loss that reduces the divergence
between the optimal reconstruction functions
of the source and target decoders. This is
achieved by enforcing similarity between
the outputs of the domain-specific decoders
when processing aligned latent representations:

. B 2
q¢7lr)251%9T£cons = ]Eq¢(Z|Xs)[||p95(Z) _pgT(Z)H ]

+ Eq z1x0) P05 (Z) = por (Z)I1%],

3)
which directly contributes to minimizing the fifth
term in the generalization bound by promoting
functional alignment between source and target
domains.

To prevent overfitting and maintain a smooth
latent space structure, DALTA employs a KL diver-
gence regularizer:
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Ir;in Lkr = Drr(es(Z|X)|Ip(2)), 4
where p(Z) is typically chosen as a standard Gaus-
sian prior. This regularization helps control the
model’s complexity, addressing the third term of
the generalization bound and ensuring robust gen-
eralization.

Bringing these components together, the overall
objective of DALTA is formulated as:

min max ﬁDALTA = »Crec + wadv»cadv

d¢ ,PGS ’pGT

+wWeonsLeons + Wk LLKL, (5)

where wgady, Weons, and wgr, are hyperparam-
eters that balance the contributions of the ad-
versarial, consistency, and regularization losses.
This integrated framework enables DALTA to ef-
fectively balance domain-invariant and domain-
specific learning, facilitating robust and adaptable
cross-domain topic modeling. The detailed training
procedure of DALTA is outlined in Algorithm 1.

Algorithm 1 Learning DALTA

Require: Source domain data Xg, target domain
data X, learning rates, domain-weight param-
eter p, trade-off parameters wqgy, Weonss WKL

1: Initialize encoder parameters ¢, decoder pa-
rameters 6g, 07, and domain discriminator C'
2: while not converged do

3: Sample mini-batch from Xg and X7
: Encode documents: Zg = q¢,(XS), =
q¢(X71)

5: Compute losses: Lyec (2), Ladw (1), Leons
(3)and Lk, (4)

Compute total loss: Lparra (5)

Update ¢, 0g, 07 to minimize LpArT4

Update discriminator C' to maximize L4,
end whilereturn Optimized parameters
¢,0g,07,C

0 e 3R

4 Experiments

In this section, we conduct a comprehensive set
of experiments in low-resource settings to evalu-
ate topic quality, classification accuracy, document
clustering performance, and the impact of individ-
ual loss components. We also include a qualitative
analysis of topic interpretability and a case study
on source domain selection, with extended results
provided in the appendix.

4.1 Experiment Setup

Datasets. We evaluate cross-domain adaptation
in low-resource topic modeling using four diverse
target datasets, each sampled to 1,000 instances
per domain: (1) 20 Newsgroups', where we use
Science and Religion to assess adaptation between
technical and belief-based topics; (2) Drug Re-
view?, consisting of patient reviews on two drugs
named Norethindrone and Norgestimate to evaluate
adaptation within medical text; (3) Yelp Reviews>,
representing informal, sentiment-rich business re-
views; and (4) SMS Spam Collection®, containing
labeled spam and ham messages to test adaptation
in short-text data with high lexical variability.

For the source dataset, we use the AG News
corpus°, a large-scale news dataset covering World,
Sports, Business, and Science/Technology topics.
As a high-resource domain, it provides broad topic
coverage, allowing models to learn transferable
topic representations for adaptation to low-resource
target domains.

Baselines. We compare our models with sev-
eral established baselines: (1) LDA (Blei et al.,
2003) models documents as mixtures of topics,
each represented by a distribution over words. (2)
ProdLDA (Srivastava and Sutton, 2017) employs
variational autoencoders to infer document-topic
distributions. (3) ETM (Dieng et al., 2020) incor-
porates word embeddings to enhance topic coher-
ence. (4) CTM (Bianchi et al., 2020a) integrates
contextualized document embeddings with bag-of-
words representations. (5) ECRTM (Wu et al.,
2023) enforces distinct word embedding clusters
for each topic to prevent topic collapse. (6) De-
TiME (Xu et al., 2023) utilizes encoder-decoder-
based large language models to generate semanti-
cally coherent topic embeddings. (7) Meta-CETM
(Xu et al., 2024) adapts word embeddings using
target domain context for low-resource settings. (8)
FASTopic (Wu et al., 2024) models semantic rela-
tions among documents, topics, and words through
a dual semantic-relation reconstruction paradigm.

1https://www.kaggle.com/datasets/crawford/
20-newsgroups

2https://www.kaggle.com/datasets/
jessicali9530@/kuc-hackathon-winter-2018

3https://www.kaggle.com/datasets/omkarsabnis/
yelp-reviews-dataset

4https://archive.ics.uci.edu/dataset/228/sms+
spam+collection

5https://www.kaggle.com/datasets/amananandrai/
ag-news-classification-dataset
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For implementation details and computing in-
frastructure, please refer to Appendices B and C.

4.2 Topic Quality Evaluation

Evaluation Metrics. For evaluating the quality
of topics returned by each model, we use the fol-
lowing two different metrics— (1) Cy (Wu et al.,
2020): We use the widely used coherence score for
topic modeling named Cy,. It is a standard mea-
sure of the interpretability of topics. (2) T'D (Nan
et al., 2019): Topic diversity (TD), defined as the
percentage of unique words in the top 10 words of
all topics.

Results and Discussions. Table 1 presents the
topic coherence (Cy ) and topic diversity (1°'D)
scores for various models across multiple datasets
and topic numbers. Higher coherence scores in-
dicate better semantic consistency within topics,
while higher diversity scores reflect broader cov-
erage of unique words across topics. Our pro-
posed DALTA model consistently achieves the
highest coherence and diversity scores in almost
all settings, demonstrating its ability to generate
both semantically meaningful and diverse topics.
Notably, DALTA outperforms all baselines in co-
herence across every dataset and setting, with
particularly strong improvements in specific do-
mains like Drug Review and Spam Collection.
This suggests that DALTA effectively balances
domain-invariant knowledge transfer while preserv-
ing domain-specific topic structures.

When comparing other models, ETM and CTM
generally outperform LDA and ProdLDA by lever-
aging word embeddings and contextualized repre-
sentations, which improve coherence. However,
this often comes at the cost of topic diversity, lead-
ing to less comprehensive topic coverage. Meta-
CETM and FASTopic perform well in more general
datasets like Yelp, but struggle in niche settings,
where DALTA proves to be more stable and robust.
One interesting trend is that increasing the number
of topics (kK = 10 to k = 20) tends to improve
diversity, but does not always enhance coherence.
For example, in datasets like Newsgroup and Yelp,
raising the topic count does not necessarily result in
more coherent topics. Despite this, DALTA main-
tains an optimal balance between coherence and
diversity, making it particularly well-suited for low-
resource topic modeling scenarios.

4.3 Text Classification Evaluation

Although topic models are not primarily designed
for text classification, the document-topic distri-
butions they generate can serve as useful features
for classification tasks. To assess how well these
representations capture meaningful document char-
acteristics, we use them as input features for Sup-
port Vector Classification (SVC) (Cortes and Vap-
nik, 1995) and Logistic Regression (LR) (Wright,
1995). We evaluate classification performance us-
ing 5-fold cross-validation, ensuring a robust com-
parison of different topic models based on their
ability to generate informative and distinctive doc-
ument representations.

Results and Discussions. Table 2 presents the text
classification performance. Similar to the topic
quality, our proposed DALTA model achieves the
highest classification accuracy in most cases, par-
ticularly in niche datasets, where precise topic sep-
aration is crucial. In Spam Collection, DALTA
achieves 0.975 (SVC) and 0.978 (LR), outperform-
ing Meta-CETM and FASTopic. Similarly, in Drug
Review, DALTA achieves the best classification ac-
curacy for both drug categories, Norethindrone and
Norgestimate, indicating that it effectively captures
domain-specific vocabulary for improved classifi-
cation.

Among baseline models, FASTopic and Meta-
CETM perform well in general datasets but show
inconsistent performance in niche domains, likely
due to their reliance on embedding-based adapta-
tion rather than direct domain alignment. CTM
and ECRTM benefit from increasing the number
of topics, particularly in Newsgroup (e.g., Science,
Religion), where finer topic granularity improves
classification. LDA and ProdLDA show compet-
itive accuracy in broad domains but struggle in
niche settings, where more specialized topic repre-
sentations are needed.

4.4 Clustering Performance Evaluation

Building on our classification findings, we now
evaluate whether DALTA’s document—topic distri-
butions naturally form coherent clusters without
using any labels. We evaluate using two clustering
metrics, Purity and Normalized Mutual Informa-
tion (NMI) (Schiitze et al., 2008), following Zhao et
al. (Zhao et al., 2020). Purity measures the propor-
tion of correctly assigned documents within each
inferred topic cluster, while NMI quantifies the mu-
tual dependence between inferred and true topic
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Newsgroup Drug Review Yel SMS Spam
Science Religion Norethindrone Norgestimate P Collection
Models k=10 k=20 k=10 k=20 k=10 k=20 k=10 k=20 k=10 k=20 k=10 k=20
¢, ™D ¢ TD C, TD C, TD Cy TD ¢, TD C, TD C, TD Cy TD Cy TD Cy, TD Cy TD

LDA 0425 0.696 0429 0.564 | 0.424 0.588 0.381 0.508 0.439 0420 0444 0372|0461 0472 0457 0318 | 0.394 0420 0398 0.358 | 0.351 0.680 0.391 0.662
ProdLDA 0.410 0.816 0.417 0.834 | 0422 0900 0.390 0.878 | 0.437 0.796 0.473 0.616 | 0.472 0.720 0.403 0.662 | 0.437 0.772 0.453 0.834 | 0.405 0.828 0.421 0.708
ET™M 0.469 0.808 0.408 0.498 | 0.422 0.784 0.406 0.560 | 0.439 0.516 0.426 0.304 | 0.445 0492 0450 0.314 | 0.359 0.688 0412 0.518 | 0.434 0.632 0.407 0.336
CT™M 0.476 0.804 0431 0.832 | 0.407 0.852 0422 0.830 | 0.466 0.792 0.470 0.694 | 0422 0.724 0.480 0.594 | 0.398 0.768 0.441 0.746 | 0.471 0.848 0476 0.732
ECRTM 0391 0.636 0.427 0.556 | 0.410 0.628 0.420 0.524 | 0.459 0.632 0.410 0.860 | 0.411 0.596 0.457 0.798 | 0.392 0.728 0.473 0472 | 0.499 0.829 0.493 0.821
DeTime 0.417 0.808 0411 0.844 | 0.402 0.900 0.396 0.874 | 0355 0.672 0.341 0.652 | 0.380 0.714 0.345 0.648 | 0.371 0.716 0374 0.784 | 0.378 0.628 0.382 0.562
Meta-CETM  0.396 0.831 0.391 0.891 | 0.409 0.873 0.403 0.899 | 0.493 0.845 0.530 0.748 | 0.426 0.679 0.417 0.872 | 0406 0.791 0.437 0.761 | 0452 0.879 0.423 0.792
Fastopic 0.406 0.829 0.424 0.905 | 0.389 0.881 0.418 0.900 | 0.517 0.811 0.490 0.948 | 0.413 0.709 0.414 0.900 | 0440 0.811 0454 0.778 | 0.464 0814 0485 0.692
DALTA 0.493 0.836 0.451 0.924 ‘ 0.431 0908 0451 0918 ‘ 0.582 0.892 0.571 0.800 ‘ 0.484 0732 0.483 0.932 ‘ 0.448 0.852 0.516 0.808 ‘ 0.503 0.900 0.505 0.800

Table 1: Topic coherences (C'/) and diversity (T'D) scores of topic words. k denotes the number of topics. The best

result in each case is shown in bold.

Newsgroup Drug Review Yelp SMS Spam
Science Religion Norethindrone Norgestimate Collection
Models
k=10 k=20 k=10 k=20 k=10 k=20 k=10 k=20 k=10 k=20 k=10 k=20
sv¢ LR SVC LR SVC LR SVC LR SVC LR SVC LR SVC LR SVC LR SVC LR SVC LR SVC LR SVC LR

LDA 0.575 0.588 0.540 0.547 | 0.505 0.513 0.529 0.522 | 0.564 0.564 0.562 0.578 | 0.571 0.557 0.575 0.600 | 0.686 0.686 0.686 0.686 | 0.864 0.872 0.890 0.897
ProdLDA 0.569 0.635 0.650 0.716 | 0.496 0.549 0.473 0.505 | 0.587 0.569 0.570 0.540 | 0.599 0.620 0.615 0.628 | 0.667 0.656 0.686 0.686 | 0.837 0.960 0.864 0.864
ETM 0.297 0272 0246 0.263 | 0.404 0.394 0404 0378 | 0451 0.452 0433 0442 | 0493 0496 0.495 0478 | 0.686 0.686 0.686 0.686 | 0.864 0.864 0.864 0.864
CT™M 0.674 0.651 0.665 0.702 | 0.544 0.557 0.498 0.516 | 0.566 0.552 0.586 0.576 | 0.562 0.563 0.627 0.628 | 0.686 0.686 0.686 0.686 | 0.886 0.987 0.864 0.864
ECRTM 0.534 0.566 0.591 0.625 | 0.521 0.541 0.516 0.507 | 0.584 0.596 0.592 0.552 | 0.542 0.542 0.630 0.613 | 0.686 0.685 0.686 0.686 | 0.881 0.883 0.870 0.891
DeTime 0.254 0254 0254 0.254 | 0411 0411 0410 0410 | 0464 0.464 0464 0464|0503 0.503 0.503 0.503 | 0.686 0.686 0.686 0.686 | 0.864 0.864 0.864 0.864
Meta-CETM  0.681 0.729 0.641 0.682 | 0.506 0.492 0.489 0.515 | 0.558 0.519 0.543 0.561 | 0.601 0.591 0.635 0.636 | 0.649 0.686 0.686 0.686 | 0.871 0.872 0.853 0.881
Fastopic 0.678 0.702 0.667 0.860 | 0.510 0.522 0.519 0.530 | 0.564 0.582 0.572 0.584 | 0.616 0.601 0.625 0.636 | 0.685 0.686 0.717 0.717 | 0.869 0.870 0.869 0.868
DALTA 0.698 0.758 0.685 0.707 ‘ 0.529 0.549 0.528 0.549 ‘ 0.598 0.600 0.598 0.600 ‘ 0.646  0.641 0.646 0.641 ‘ 0.686 0.686 0.686 0.684 ‘ 0.975 0978 0975 0.978

Table 2: Text classification accuracy over 5-fold cross-validation.

The best results in each case are shown in bold.

Newsgroup Drug Review Yelp SMS Spam
Science Religion Norethindrone Norgestimate Collection
Models
k=10 k=20 k=10 k=20 k=10 k=20 k=10 k=20 k=10 k=20 k=10 k=20
Purity NMI Purity NMI Purity NMI Purity NMI Purity NMI Purity NMI Purity NMI Purity NMI Purity NMI Purity NMI Purity NMI Purity NMI
LDA 041 0152 05 0.099 | 0.406 0.037 0.4 0.032 | 0.511 0.045 0471 0.043 | 0526 0.069 0577 0.032|0.686 0.006 0.686 0.017 | 0.864 0.039 0.884 0.052
ProdLDA 0411 0202 0481 0.253 | 0462 0.049 0477 0.051 | 0.541 0.035 0466 0.018 | 0.503 0 0.554  0.039 | 0.686 0.006 0.686 0.007 | 0.864 0.003 0.864 0
ETM 0308 0.0 0311 0.015| 0413 0.006 0429 0.012|0485 0.006 0475 0.009 | 0.507 0.004 0.508 0.008 | 0.686 0.007 0.686 0.013 | 0.864 0.003 0.864 0.003
CT™M 0495 0.149 0.73 0.371 | 0499 0.067 0.495 0.058 | 0.6 0.057 0413 0.028 | 0.532 0.07 051 0.063 | 0.686 0.014 0.69 0.025 | 0.964 0233 0.864 0
ECRTM 0458 0.126 0527 0.2 0408 0.067 0428 0.043 | 0474 0.04 0557 0.037 | 0.584 0.052 0.491 0.045|0.686 0011 0.686 0.016|0.88 0.095 0.864 0.032
DeTime 0254 0 0254 0 0411 0 0411 0 0464 0 0464 0 0503 0 0.403 0 0.686 0 0.686 0 0.864 0 0864 0
Meta-CETM  0.415 0218 0553 0.245 | 0.441 0.055 0.464 0.031 | 0444 0.057 0445 0.076 | 0.571 0.041 0.566 0.07 | 0.686 0.022 0.686 0.045|0.928 0.168 0.937 0.166
Fastopic 0437 0211 0539 0.243 | 0431 0.065 0454 0.031 | 0.494 0.057 0445 0.076 | 0582 0.05 0536 0.07 |0.68 0032 0.699 0.035|0928 0.168 0937 0.166
DALTA 0513 0225 0579 027405 0059 0.5 00590552 0032 0552 00520604 0071 0.604 0.071 | 0.686 0.007 0.696 0.009 | 0.978 0.287 0978 0.287

Table 3: Document clustering results of Purity and NMI. The best results in each case are shown in bold.

assignments, providing insight into topic coherence
and separation. Higher values in both metrics in-
dicate better alignment between discovered topic
structures and ground-truth labels.

Similar to the classification results, DALTA con-
sistently outperforms baseline models in clustering,
achieving the highest Purity and NMI scores across
most datasets. Notably, DALTA performs excep-
tionally well on SMS Spam Collection (0.978 Pu-
rity, 0.287 NMI) and Drug Review (Norgestimate:
0.604 Purity, 0.071 NMI), highlighting its ability to
enhance cluster quality in low-resource and special-
ized domains. Among baselines, CTM and Meta-
CETM show competitive results on structured
datasets like Newsgroup and Yelp, where CTM
benefits from higher topic granularity. FASTopic
performs well on Yelp, leveraging embedding-
based adaptation for clustering. However, ETM
and DeTiME exhibit weak NMI scores, suggest-
ing difficulty in forming well-separated topic clus-
ters. These results reinforce that DALTA’s domain-

aware modeling improves both classification and
clustering by learning more coherent and transfer-
able topic representations.

4.5 Ablation Study

Table 4 evaluates the impact of different loss terms
on topic quality and classification performance us-
ing the Newsgroup Science dataset. While this
analysis is limited to a single dataset, it provides
valuable insights into how each loss function con-
tributes to cross-domain topic adaptation. The
full DALTA model, incorporating all loss terms,
achieves the best balance between coherence, di-
versity, and classification accuracy, confirming that
each component plays a crucial role in optimizing
topic modeling performance.

Removing L4, lowers classification accuracy,
emphasizing its role in domain alignment. Exclud-
ing L.onsist Teduces topic coherence, suggesting
that consistency constraints help maintain stable
and meaningful topic structures. The most signifi-
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Topic Quality

NG-Science

Classification

£ad'u ﬁcons

)
=
=

L"’!‘SCT ﬁrecs

k=10

Cy

TD

k=20

Cyv

TD

k=10

SvC

LR

k=20

SvC

LR

0.458
0.365
0.427
0.350
0.385
0.354
0.383
0.493

X X X X X < X

NS NN NN
X X X < * %
TRRX 0% 0%
X X * %

0.848
0.808
0.860
0.844
0.856
0.844
0.868
0.836

0.391
0.305
0.394
0.340
0.393
0.406
0.373
0.451

0.868
0.824
0.864
0.844
0.864
0.836
0.836
0.924

0.614
0.658
0.673
0.676
0.683
0.671
0.669
0.698

0.704
0.725
0.693
0.709
0.705
0.723
0.718
0.758

0.671
0.685
0.656
0.635
0.663
0.680
0.649
0.685

0.684
0.707
0.702
0.713
0.675
0.689
0.667
0.707

Table 4: Ablation study. “v/” means we use the corresponding loss term and "X" is otherwise.

Model Topic 1 Topic 2

LDA good, place, great, food, come like, time, place, come, want
ProdLDA good, food, like, menu, order schnitzel, alligator, shell, fry, foodie
ETM burger, pizza, sandwich, salad, meal like, know, come, say, time

CTM chicken, soup, beet, salad, mandarin ~ good, order, come, say, like

ECRTM order, food, table, burger, salad taco, pho, boba, chop, gelato

DeTime flavor, waffle, soup, decor, slaw great, love, order, time, try
Meta-CETM  burger, fries, shake, cheese, ketchup ~ spa, massage, facial, candle, relaxing
Fastopic burger, pork, rice, sushi, sandwich server, minutes, wait, thanks, manager
DALTA taco, burrito, salsa, mexican, lunch Kitchen, party, room, night, drink

Table 5: Representative 5-word topics generated by each model on the Yelp Reviews dataset.

cant drop in both coherence and classification accu-
racy occurs when L is omitted, indicating that
latent space regularization prevents topic collapse.
Interestingly, topic diversity increases slightly with-
out L, highlighting a trade-off between struc-
tural stability and diversity.

4.6 Qualitative Topic Interpretability

To further evaluate topic coherence and semantic
clarity, we conduct a qualitative comparison across
models using the Yelp Reviews dataset. For this
analysis, we manually inspect two representative
topics generated by each model and summarize
them using the top five topic words. This eval-
uation allows us to assess not only the semantic
distinctiveness of topics but also their practical in-
terpretability.

As shown in Table 5, DALTA produces sig-
nificantly more coherent and thematically consis-
tent topics than other methods. Traditional mod-
els such as LDA and ProdLDA often yield vague
or generic topics (e.g., good, food, come), while
more advanced models like CTM, Meta-CETM,
and Fastopic exhibit signs of topic mixing or se-
mantic drift. In contrast, DALTA generates sharper
and more interpretable themes. For example, it

identifies a focused food-related topic (taco, bur-
rito, salsa, mexican, lunch) and a distinct contex-
tual theme related to social settings (kitchen, party,
room, night, drink). These findings underscore
DALTA’s strength in generating concise and fo-
cused topics that better reflect the structure of re-
view content, complementing its strong quantita-
tive performance with practical interpretability in
low-resource settings.

5 Conclusion

In this paper, we address the challenge of cross-
domain adaptation in low-resource topic model-
ing by introducing a theoretical generalization
bound that quantifies the conditions for effective
knowledge transfer. Based on this insight, we pro-
pose DALTA, a model that disentangles domain-
invariant and domain-specific components to im-
prove topic adaptation. Given a high-resource
source corpus and a low-resource target corpus,
DALTA learns to align topics while preserving
domain-specific information. The empirical results
demonstrate that DALTA consistently outperforms
state-of-the-art methods, highlighting the effective-
ness of our framework in low-resource settings.
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Limitations

While DALTA provides a strong theoretical founda-
tion for cross-domain adaptation, it does not offer
a practical method for selecting the most suitable
source domain. However, we find that its internal
training signals can be repurposed for this purpose.
In Appendix D, we present case studies demon-
strating a simple alignment score that effectively
identifies optimal source domains without requiring
full model convergence. Although our theoretical
bound helps determine when knowledge transfer is
beneficial, we do not empirically investigate how
different source domains influence adaptation per-
formance. This raises an open question on how to
systematically identify the best source domain for
a given low-resource target domain. Additionally,
DALTA’s effectiveness depends on the degree of
topic structure alignment between domains, which
may not always be known beforehand. If the source
and target domains differ significantly in topic dis-
tributions, adaptation may lead to misalignment
or reduced model performance. Addressing these
challenges requires further research into automated
source domain selection strategies that can opti-
mize adaptation across diverse real-world settings.
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A Proof of generalization bound

Lemma 1. (Ben-David et al., 2010) Let X C R¢
be the instance space, and let Dg and D represent
the source and target data distributions over X. fg
and fr are the optimal labeling function for the
source and target domains, respectively. For a
hypothesis h € H, the target domain error ep(h)
is bounded as:

er(h) < es(h) + dy(Ds(X), Dr(X))
+ min {Es||fs — fr|],Er[|fs — frl] } -

Lemma 2 (Reconstruction Guarantee for Bounded
Instance Spaces (Mbacke et al., 2024)). Let X be
the instance space with diameter A < 0o, and let
p € ML (X) denote the data-generating distribu-
tion. Consider Z as the latent space with a prior
distribution p(z) € M1 (Z), and let § represent
the parameters of the reconstruction function. For
any posterior distribution q4(z|x), regularization
parameter \ > 0, and confidence level § € (0,1),
the following inequality holds with probability at
least 1 — § over a random sample S ~ p®™:
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where

e(h) : IEXNM]EZN%(Z‘X)EQC(Z, X), the expected
reconstruction loss over the true data distribution,

~ .1 n 0 .

G(h) ‘n Zi:l Ez~q¢(z\xi)€rec(za Xi)r the empir-
ical reconstruction loss over the available data,

KL(qllp) = 3221 KL(qg(2[x:)|Ip(2)), the KL di-
vergence between the posterior and the prior.
Lemma 3. Let h € H be a hypothesis from a hy-
pothesis class 1 , where h : Z — [0,1]V! maps
from a latent semantic space Z to a probability dis-
tribution over a vocabulary V. fg and fr are the
optimal functions mapping latent representations
to reconstructed outputs for the source and target
domains, respectively. Then, for every h € H and
for any 6 > 0, with probability at least 1 — § over
the choice of the source and target samples of sizes
ng and nr, the following inequality holds:

er(h) < és(h) +dy(Ds(Z), Dr(Z))+
min {Es[|fs — frl], ETUfS — frl]}+
AA2

1
KL K, K. A =
3 (gsllp) + Ky Ky +)\ 5t s, g

Proof. Following Lemma 1, for the hypothesis h,
the target domain reconstruction error is bounded
by:

log

er(h) < es(h) + dy(Ds(Z), Dr(Z))
+min {Es||fs — frl], Er[|fs — frl] } .

Now, invoking the upper bound in Lemma
2, we have with probability at least 1 — J,

er(h) < és(h) + dy(Ds(Z),Dr(2))
+ min {Es[|fs — frl], Er[|fs — frl] }

1 1 1 AA?
~KL Ky,Kg. A+ ~log = + —
+3 (gsllp) + K¢ Kog +5 0g5+8n5
O

Theorem 1 (Generalization bound). Let h € H
be a hypothesis from a hypothesis class H, where
h: Z — [0,1]Y] maps from a latent semantic
space Z to a probability distribution over a vocab-
ulary V. Let fs and fr be the optimal functions
mapping latent representations to reconstructed
outputs for the source and target domains, respec-
tively. Define pg = as the proportion of

ns+n

source samples and pr = s +n as the proportion
of target samples. Then, for every h € H and for
any § > 0, with probability at least 1 — 0 over the
choice of the source and target samples of sizes ng
and nr, the target domain error is bounded by:

er(h) < pr-ér(h) +ps - és(h)

A
+ps - min {Es[|fs — frl], Er[|fs — frl] }
1. 1 AA?
+ O<K¢K9A + X log 5 + m)

Proof. Having Lamma 2 and 3, we can use
a union bound to combine them with coeffi-

. ny ng . )
cients —=r— and Py respectively as follows:
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+ min {Es[\fs — frl], Er[lfs — frl] })
log L + /\7A2

6 4(ns+nr)
< pr-ér(h) +ps - és(h)

+ lKL(qu) +ps - dy(Ds(Z), Dr(Z))

€T
ng + nr

+

+ K¢K9A + -

A
+ps - min {Es[|fs — frl], Er[|fs — frl] }
1. 1 AA?
+O(Kokod + Slog 5+ =)
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Proposition 1. Let q5 : X — Z be a shared en-
coder mapping documents from the source domain
Xg and target domain X7 into a common latent
space Z. The H-divergence between the source
and target latent distributions is given by:

du(qe(Xs), gp(Xr)) = 2 (1 — 2€c+)

where o~ is the classification error of the optimal
domain classifier C*.

Proof. Consider the optimal domain classifier C*,
which distinguishes between the source and tar-
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get latent representations. The optimal decision
function is given by:

ps(2)
ps(2) +pr(z)’

where pg(z) and pr(z) denote the probability den-
sity functions of the source and target latent repre-
sentations, respectively.

The classification error of C* can be expressed
as:

C*(z) =

ecr = ;/min(pg(z),p;p(z))dz.

Using the identity min(a,b) = %Ia—bl

obtain:

, We

computed using the same parameter settings across
all models; for example, the number of top words
per topic for calculating C'y and T'D is fixed at
10. In text classification experiments, we use the
default parameters for SVC and LR from scikit-
learn’.

Our proposed model, DALTA, is built on a Vari-
ational Autoencoder (VAE) backbone with a la-
tent dimension of 50. The number of topics is
set to 50 for the source domain, while for the
target domain, it varies depending on the exper-
iments. To balance source and target domain con-
tributions, DALTA employs a domain-weighted
sampling strategy, controlled by a probability pa-
rameter p. Initially, 4 = 0.7, prioritizing source-
domain samples for stable representation learning.

1 ..
/min(ps(z),pT(Z)) dz = 1—5 / Ips(2)—pr(z)| dAs training progresses, 4 gradually decreases to

Hence, the classification error simplifies to:

60*——/!1?5

The total variation distance between the source
and target latent distributions is defined as:

—5 [ stz

Substituting into the expression for ec+, we
have:

()| d=.

TV(qg(Xs), qg(XT)) (2)|dz.

V(qs(Xs),qp(Xr)) =1 — 2¢c-.

The H-divergence is related to the total variation
distance by:

dw(qp(Xs), 4p(X1)) = 2TV(qp(Xs), 46 (XT)).

Thus, substituting the total variation distance:

du(qe(Xs), gp(XT)) = 2 (1 — 2€c+) -

B Implementation Details

We set specific parameters for both the proposed
architecture and baseline models to ensure fair com-
parisons. The number of iterations for all baseline
topic models is fixed at 100, whereas DALTA con-
verges within 20 epochs to achieve the reported
performance in Section 4. For contextualized doc-
ument representations, we use the sentence trans-
former all-MiniLM-L6-v25. Evaluation metrics are

®https://huggingface.co/sentence-transformers/all-
MiniLM-L6-v2

0.3, shifting focus to the target domain for adapta-
tion. This ensures the model effectively captures
domain-invariant structures while retaining target-
specific information through separate decoders.

C Computing Infrastructure

All experiments were conducted on a server
equipped with two AMD EPYC 7302 3GHz CPUs,
three NVIDIA Ampere A40 GPUs (48GB VRAM
each, 300W), and 256GB RAM.

D Case Study: Source Domain Selection
via Internal Signals

Although DALTA is not designed to perform source
domain selection, we explore whether its internal
training signals can be used as a practical heuris-
tic to guide this choice in real-world low-resource
scenarios. This is particularly relevant in situations
where multiple candidate source domains are avail-
able, but selecting the most compatible one for a
given target domain remains an open challenge.
We define a simple alignment score using two
quantities readily available during the early stages
of DALTA’s training: the domain alignment loss
Ld4v, Which measures how well the source and
target latent representations align, and the target
reconstruction loss Egc), which captures how ac-
curately the model reconstructs documents in the
target domain. The alignment score is defined as:

Alignment Score = Lyq, — A - £

rec?

where we set A = 0.001 to balance the two com-
ponents. We compute this after just 5 iterations

"https://scikit-learn.org
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of training—so it’s fast and doesn’t require full
convergence.

To evaluate the effectiveness of this heuristic,
we conduct two case studies using the Newsgroup
dataset. In the first case, we treat the NG ScCI-
ENCE subset as the target domain and consider
four source domains: (i) the remaining portion of
the 20 Newsgroup corpus excluding NG SCIENCE,
(i1) AG News, (iii) Arxiv-CS abstracts, and (iv)
Drug Review data. We observe that NG (excluding
SCIENCE) yields the highest alignment score and
also results in the best topic coherence and diver-
sity. This suggests that even a partially overlapping
source domain can provide valuable inductive bias
for adaptation when its latent space aligns well with
the target.

In the second case, we use NG RELIGION as the
target domain and evaluate the same set of sources.
AG News achieves the highest alignment score and
also produces the best topic quality. While NG (ex-
cluding RELIGION) contains more topical overlap,
its latent alignment with the target appears weaker,
possibly due to vocabulary shifts or semantic gran-
ularity mismatches. In contrast, AG News contains
general-purpose news content—including politics
and society—that implicitly overlaps with religious
discourse, leading to better adaptation.

These case studies suggest that DALTA’s inter-
nal training dynamics can be leveraged to estimate
source utility early in the learning process. Al-
though this alignment score is heuristic and task-
specific, it provides a promising starting point for
developing lightweight, data-driven strategies for
source domain selection in low-resource topic mod-
eling.

Target Source DL RLy  Score
NG (w/o Science) 0.369 564.68 -0.196

NG Sei AG News 0.116 52234 -0.406
CIENCE Arxiv-CS 0.129 557.81 -0.428
Drug Review 0.095 52499 -0.430

AG News 0255 72658 -0.472

.. NG (w/o Religion) 0289 771.92 -0.483

NG Religion 1o Review 0208 732.50 -0.525
Arxiv-CS 0.110 765.89 -0.656

Table 6: Alignment scores across source domains using
DALTA’s early training signals. Higher scores indicate
better alignment and modeling suitability for the target
domain.
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