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Transfer learning will need to be used to build prediction models in target domains with no labelled data.

Hierarchical Knowledge Alignment (HKA) is a new cross-domain transfer learning method proposed in this
paper that enables knowledge transfer between source and target domains with different feature spaces and
data distributions. HKA does so by initially learning domain-invariant high-level feature representations and
subsequently gradually adapting domain-specific features by learning across different layers of deep neural
networks. Top-down yields the best overall and specific information transfer with no negative transfer. The
Cross-Industry Product Review (CIPR-484) corpus, whichincluded 484 product categories from two different
online shopping websites, was utilised in order to complete the evaluation of the model. Within the context
of the paper, the TensorFlow and scikit-learn libraries were utilised in a Python environment for the purpose
of developing and testing the model. HKA was able to demonstrate significant increases in target-domain
classification performance in comparison to state-of-the-art domain adaptation techniques. Additionally, it
enabled the construction of adaptive predictive smart systems in settings with minimal data.

1 INTRODUCTION

The unrestrained growth of big data has led to
predictive intelligence becoming a pillar of today's
smartsystems, as evidenced in[1]. Predictivesystems
that are currently shaping innovation in banking
institutions, medicine, and retail enterprises through
the utilisation of history and real-time data to forecast
events and decisions autonomously, as uncovered
in [2]. Nevertheless, the case for using such models
hinges on the availability of extensive, high-quality
labelled data, which don't exist or are inaccessible in
most environments, as defined by Yan etal. [3]. The
same gap is also the greatest prevalence barrier to the
use of deep learning systems in new environments, as
discussed by [4]. Those models learned on data from
a domain (e.g., sentiment analysis of books) are not
useful when applied to another new domain (e.g.,
electronics) since they are at a disadvantage due to an
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issue referred to as domain shift, where the statistical
distribution of data for various domains is varied,
reports Yang et al. [5].

To move beyond such constraints, transfer
learning has been among the paradigms
revolutionising the sector by tapping previously
learned information from a source domain with
unlimited datato learn in a target domain, according
to Wangetal. [6]. It is not very different from human
knowledge itself—capable of tapping previously
acquired knowledge for new, but similar cases,
according to. [7]. Earlier transfer learning methods
used instance weighting and feature mapping, but
these methods proved ineffective due to substantial
differencesbetweenthe source and target domains, as
noted in Raiaanet al. [8]. The integration of deep
learning into transfer models transformed the process
so that models could learn hierarchical feature
representations—early and late layers to identify low-
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level features such as edges and textures, and high-
level semantic abstractions, as needed by [9].

But the majority of deep domain adaptation
methods rely on single-point feature alignment and
utilise one-size-fits-all discrepancy reduction (e.g.,
Maximum Mean Discrepancy or adversarial training)
inthe outputdomain, as argued by Liuand Deng[10].
This architecture cannot learn features at different
abstraction levels across multiple layers, resulting in
suboptimal transfer and adversely affecting the target
task, as noted in [11]. As compensation for loss, this
paper introduces the Hierarchical Knowledge
Alignment (HKA) model, as suggested by [12]. A
layer-by-layer, step-by-step alignment approach
underlies the HKA process and progressively maps
abstract layer knowledge to concrete layer
knowledge. Domain-invariant representation transfer
and shallow adaptation of domain-specific features,
utilising layer-sensitive discrepancy measures as
describedin Yangetal. [5],are reduced due to lower-
layer alignment [13]. HKA ensures semantic
coherence by operating during hierarchical top-down
alignment and can be adapted to accommodate
different feature spaces, as quoted in [14]. By
including the above multi-level alignment loss in the
training loss function, HKA can holistically close
cross-domain gaps, prevent feature drift, and
improve predictions on unlabeled target domains, as
shown in [15]. Empirical performance on a cross-
industry product review benchmarking corpus
indicates that HKA significantly outperforms global
alignment baselines by wide margins, with strong
foundations on which next-generation predictive
intelligence systems can learn and generalise
even under very strict dataregimes, as demonstrated
in[16].

2 REVIEW OF LITERATURE

The field of transfer learning has made tremendous
progress over the past two decades, branching into
other sub-domains to address the problem of
knowledge reuse across domains, as Azarietal. [17]
has researched. The initial research categorised
transfer learning methods into instance-based,
feature-based, and parameter-based methods, as
outlined by Ayanaetal.[18]. Instance-based methods
aim to alleviate the source-sample effect by aligning
with the target distribution and, consequently,
reweight training instances to remedy divergence, as
argued by Wuetal. [14]. They performed worst when
the source and target domains had totally different
features,as argued by Wangetal.[6]. Featuretransfer
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learning, on the other hand, seeks to find a shared
latent space via projections or transformations that
align the statistical features of the two spaces, as
discussed by Wani et al. [19]. The approach was
intended to preserve relational structure and
discriminative capacity but failed when applied to
high-dimensional, complex data, as discussed by
Raiaanet al. [8]. Parameter-sharing techniques—
typical of Bayesian contexts—placed priors or model
weights on activities based on assumed latent
relevance [20].

Deep learning revolutionised transfer learning by
demonstrating that neural nets could Ileamn
hierarchical representations transferable across
domains by nature [21]. Fine-tuning—a pre-trained
model on a large dataset, such as ImageNet or BERT,
for application to a small, domain-specific dataset—
has become the norm, according to Wangetal. [22].
Fine-tuning is built on learned features from earlier
layers, minimising the need for large amounts of
labelled data in the target domain, as in Liu and
Deng [10]. Straight fine-tuning will not be effective
if the source and target distributions are significantly
different; instead, deep domain adaptation techniques
are necessary, as Yang et al. [5] claims.

Of particular relevance here are two paradigms:
statistical alignment and adversarial alignment, both
of which are elaborated in detail by Manakaet al. [2].
Statistical methods, e.g., source and target mean
feature embedding distance reduction in a
Reproducing Kernel Hilbert Space (RKHS) via the
Maximum Mean Discrepancy (MMD) criterion, try to
achieve the same as first proposed by Wu etal. [ 14].
Such loss in neural training problems is leveraged by
models to learn domain-invariant features without
loss of task discriminability, as in Raiaanet al. [8].
Adversarial domain adaptation using Generative
Adversarial Networks (GANs) is a game-theoretic
setting in which the domain discriminator learns to
distinguish between target and source features. In
contrast, the feature extractor attempts to deceive it,
as explained by Ayana et al. [18]. The adversarial
process learns transferable and stable representations,
as explained by Zhanget al. [21].

All this being considered, the majority of the
solutions are based on single-level alignment at a
single network level, with the deep feature extractor
implemented as a one-block, as detailed in Wani et

al. [19]. This assumption disregards the hierarchical
nature of neural features—domain-specific content is
addressed by lower-level layers and domain-invariant
abstract semantics by deeper layers, as stated by
Wanget al.[22]. Noticingthis, recent work advocates
hierarchical or layer-by-layer adaptation, e.g.,
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realised by Azari et al. [17]. The Hierarchical
Knowledge Alignment (HKA) model includes this
step through incremental, multi-layer alignment,
aligning general and domain representations under
the hypothesis of [23]. By offering layer-dependent
discrepancy estimates, HKA aligns coarse-grain
knowledge with fine-grain knowledge, leading to
better cross-domain generalisation and preventing
adverse transfer, as explained by Manaka et al. [2].

3 METHODOLOGY

3.1 Hierarchical Knowledge Alignment

Framework

The Hierarchical Knowledge Alignment (HKA)
model presented in this paper attempts to facilitate
progressive, top-down domain knowledge transfer
from a label-abundant source domain to a label-poor
target domain. The core of the HKA solutionis a
multi-layer feature extractor and a classifier. HKA's
philosophy is to match at multiple semantic levels, as
evidenced by the feature extractor's various layers.
The standard does not attempt to match distributions
at any semantic level beyond a model's output,
whereas HKA uses a hierarchical matching strategy.
It starts at the lowest level of features and is the
highest-level, most abstract semantic features the
model is working with. In this case, HKA applies a
very tight constraint of domain-invariance to the
source knowledge to be transferred, ensuring it is
general across most domains and domain-invariant.
This first alignment of the abstract features serves as
the foundation for later transfers [24].

Target
Domain

Source
Domain

A4

Feature Extractor
Backbone

High-Level Alignment
Features Loss

Mid-Level Alignment
Features Loss

Low-Level Alignment
Features Loss

!

Figure 1: Hierarchical Knowledge Alignment (HKA)
model structure.
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Figure 1 illustrates the Hierarchical Knowledge
Alignment (HKA) Model, which transfers and aligns
knowledge from the Target Domain to the Source
Domain via hierarchical feature representations. The
model begins by collectinginput data from the Source
and the TarDomains main, and passing them through
a joint Feature Extractor Backbone that generates
multi-level feature representations. This spine
implements hierarchical features at multiple levels of
abstraction—Ilow, mid, and high—each with distinct
semantic and structural patterns for the input. Low-
Level Features are raw visual or structural
information; Mid-Level Features learn middle-level
context relations; and High-Level Features leamn
semantic abstractions for the task. To achieve
efficient domain adaptation, Alignment Loss
operations are applied at each level of the feature
hierarchy to reduce the gap between the
corresponding target and source representations.
Hierarchical alignment closes the domain gap
incrementally and smoothly, via representation layers
rather than relying on global feature similarity. The
alignment method maintains correspondence between
low-level texture features and high-level semantic
features across stages, enabling the target domain to
benefit from the rich, transferable representations of
the source. By incorporating multi-level feature
abstraction and layer-to-layer constraint alignment,
the HKA model enhances cross-domain
generalisation, robustness, and adaptability, and is
ideally suited to environments with sparse target-
domain labelled data, such as transfer learning,
domain adaptation, and knowledge distillation across
varied datasets [25].

Having been aligned at the bottommost level of
features, the process works its way up in stages
towards increasingly-deeper-shallower levels of the
feature extractor. Processing each stage from bottom
to top, from the bottommost level to the topmost
level, is performed under a domain alignment step.
However, the effect of such alignment steps
diminishes as levels become increasingly shallower.
Lower-layer features are more domain-specific and
thus need more flexibility to deviate from the domain-
invariant representation. This weighted model
leverages the factthat high-level abstract features are
more domain-transferable and low-level, specific
features are more domain-specific [26].

The end-to-end trainable overall loss function
composed of the supervised classifier loss and the
hierarchical alignment losses is optimised. The
classifier loss ensures that the learned features are
discriminative for prediction, and the hierarchical
alignment term encourages the model to leam
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features that become increasingly aligned with one
another as they progress from increasingly distant
domains. Hierarchical alignmentenables themodel to
separate domain-invariant information from domain-
specific features, ensuring valid transfer. Hierarchical
alignment will avoid low-level feature over-
alignment that could lead to adversarial transfer,
while allowing the model to transfer high-level
semantic information effectively. The HKA
methodology can thus enhancethe adaptation process
for the target-domain predictiontask. Here, the model
is well-trained and strongly in the target domain, even
while maintaining domain-specific features that can
behighly beneficial for certain uses, thereby enabling
finer-grained knowledge transfer [27].

3.2 Description of Data

The Hierarchical Knowledge Alignment (HKA)
model was evaluated experimentally on the Cross-
Industry Product Review (CIPR-484) corpus. It is a
large, cross-domain data set, specifically labelled to
facilitate cross-domain sentiment analysis and model
comparison for transfer learning. It contains 484
individual data instances, each representing a product
category description. The two major online shop
websites are considered separate. The entire domains
for the transfer learning experiments (e.g., source
website Website A and target website Website B).
The 484 classes span a highly diverse range of
industries, including, but not limited to, Electronics,
Books, Home & Kitchen, and Clothing & Apparel.
This is to avoid shifting tasks from making the word
differences humongous, product types, and user
expression modes in categories irrelevant [28]. For
every product category, user reviews are present in
the corpus. All the reviews areunstructured text along
with their corresponding sentiment tags (positive or
negative). Data is experimentally set up so that either
one or several source classes (e.g., "Digital Cameras"
on Site A) are trained, and another, disparate target
class in which one would not wish to find labelled
data (e.g., "Microwave Ovens" on Site B). A greater
number of categories provides rich source-target pair
combinations, i.e., it is possible to have good and rich
measurements of model adaptationand generalisation
performance for different levels of domain
discrepancy. Using this dataset in this study provides
arealistic and strong testbenchmark for the proposed
HKA model by comparing it with existing state-of-
the-art domain adaptation methods [29].
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4 RESULTS

The performance of the proposed Hierarchical
Knowledge Alignment (HKA) model was tested and
compared with several state-of-the-art domain
adaptation methods. The baseline models were: (1)
No Transfermodel trained on the source domain only
and applied to the target, (2) traditional Transfer
Learning(TL) method via direct fine-tuning, (3) deep
domain adaptation viaend-layersinglealignment loss
method called Global Domain Adaptation (GDA).
The most prominent performance metric was target
domain richness classification accuracy on
unsupervised instances [30]. All source-target
domain pairs in the CIPR-484 dataset, along with
some chosen pairs, were used to cover various levels
of domain discrepancy. As expected, the results
confirmed the benefit of the HKA strategy. HKA
performed significantly better than the GDA model
overall, further confirming the benefit of the multi-
level alignment strategy. No Transfer model
performed as expected and was the worst-performing
model, thereby establishing that there was indeed a
vast domain shift. Baseline TL model's intermediate
gain, although unstable, and sometimes even negative
transfer to highly domain-discrepant tasks [31].

Table 1: Target domain classification accuracy (%) across
different transfer tasks.

Model Task: E | Task: B | Task: H | Task: C
ode —B —H —C —E
No 5472 | 5134 | 5981 | 5622

Transfer

Star%iard 65.18 | 63.89 68.45 66.71
GDA 7433 | 71.05 | 76.19 73.58
HKA 81.67 | 79.21 82.54 80.13

Table 1 presents the HKA model's classification
accuracy, along with three baselines, on four
challenging cross-domain transfer tasks. The task
names use the prefix "Source — Target," and the
letters are different product categories in the CIPR-
484 corpus: Electronics (E), Books (B), Home &
Kitchen (H), and Clothing & Apparel (C). Each
column corresponds to a transfer task, e.g.,
Electronics-to-Books knowledge transfer (E — B).
Percentages in the tables are target-domain data
reported without specified percentage accuracy. The
results are evident and indicate the superior
performance of the above-said HKA model. HKA
performs best across all transfer conditions and
surpasses the second-best model, Global Domain
Adaptation (GDA), by a comfortable margin of 5-7
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percentage points. No Transfer" baseline sets the
challenge of such tasks as accuracy is at chance level,
thereby settingan effective domain transfer. Standard
Transfer Leaming (TL) also offers a modest
improvement but is far surpassed by newer domain
adaptation techniques. HKA's relatively superior
performance on unrelated and difficult domain pairs
is a testament to its efficient and strong hierarchical
alignment process, demonstrating its efficacy in
predictive intelligence models in real-world
implementation [32].
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Figure 2: Model accuracy and training time comparison.

Figure 2 compares different transfer learning
models in terms of classification accuracy and
training time. Bars depict the target-domain accuracy
mean, and the line graph shows the relative training
time at which models converge [33]. The modelsused
here are baseline no-transfer, common transfer
learning (TL), global domain adaptation (GDA), and
our Hierarchical Knowledge Alignment (HKA). The
bars show that the HKA model achieves the highest
classification accuracy, indicating strong knowledge
transfer to the target domain. The No Transfer model
has the lowest accuracy, indicating a severe domain
shift. The GDA and baseline TL model performances
are in the middle ground. The line plot shows an
interesting trade-off: HKA is more computationally
expensive than standard TL because multi-alignment
losses need to be estimated, but less computationally
expensive than the GDA model, which requires
extremely long adversarial training until
convergence. This amount numerically captures
HKA's greatest strength: it achieves state-of-the-art
performance increment at zero cost of unwarranted
computational expense, thus providing an applicable,
best-fitting solution to cross-domain prediction
problems [34].

Table 2 displays the result of an ablation study
that was conducted in an effort to determine the
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contribution of every element of the Hierarchical
Knowledge Alignment framework. It was evaluated
on the Electronics-to-Books (E — B) transfer task.
The baseline is shown in the first row, along with the
overall performance of the complete HKA model.
The nextrows show the outcomes of some versions
ofthe HKA model with hierarchical alignment turned
off: "No High-Level Align" turns offthe loss from the
bottom feature layer, "No Mid-Level Align" turns off
the loss from the middle layers, and "No Low-Level
Align" turns off the loss from the surfacelayers. It's
estimated with four common measures: Accuracy,
Precision, Recall, and FI1-Score. The results
unmistakably indicate that the highest order of
alignment is most important; its elimination results in
the greatest performance loss across all domains. It
verifies HKA's fundamental hypothesis that the most
central factor in successful knowledge transfer is
higher-order semantic feature alignment [35].

Table 2: Ablation study of HKA components on the E— B
task.

Vl;gi(gﬁ; ¢ Accuracy | Precision | Recall Si(l);e
Flll\}[loljglA 81.67 81.55 81.69 | 81.62
Lﬁ;’e?ﬁ?g'n 7521 | 7498 | 7523 | 75.10
ng(zall\ifl(izn 78.45 78.31 78.49 | 78.40
Li:\i/OeILAOYng-n 80.92 80.88 80.94 | 80.91

Removal of low-level and mid-level alignment
decreases the performance, but to a smaller extent,
indicating that even if all these objects are most
important in helping bring the adaptation to its
highest level, high-level base-level transfer is most
important [36]. HKA performed reasonably well
across all experimental conditions [37]. It is because
it can distinguish between generic, reusable
knowledge and the special features unique to a
specific field. By embracing stronger coupling with
lower levels and greater flexibility with higher levels,
HKA aligns better in the shared semantic space
without contaminating the fine-grained details of the
target task [38]. Training dynamics also showed that
HKA learned more smoothly than the adversarial
GDA model, with more fluctuation during training,
Experimental results provide strong evidence for the
overall hypothesis that hierarchical knowledge
alignment outperforms a global, monolithic approach
in cross-domain transfer learning [39]. Quantitative
results are presented in detail in the subsequent
figures and tables [40].
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Figure 3: Domain discrepancy impedance across network layers.

Figure 3 displays the definition of "Domain
Discrepancy Impedance," the impedance of
knowledge transfer, presented as discrepancies in the
source and target domain feature distributions across
network layers [41]. The x-axis shows network depth,
i.e., from shallow (low-level features) to deep (high-
level features), and the y-axis shows the domain
discrepancy, e.g., using the Maximum Mean
Discrepancy (MMD) measure [42]. No Transfer,
Global Domain Adaptation (GDA), and Hierarchical
Knowledge Alignment (HKA) are plotted against
each other in the graph [43]. The "No Transfer" line
shows a high, identical discrepancy across all layers,
indicating high transfer impedance. The GDA model
with alignment in the bottom layer is working very
well, only in removing mismatches in the bottom
layer, but still heavily blocking in deeper layers [44].
The HKA model always shows diminishing
mismatch from shallow to deep layers. This is a
demonstration of the HKA process: it continually
reduces impedance at every hierarchy level, forming
an incremental "path of least resistance" for
knowledge to transfer from the source discipline to
the target field [45]. This multi-level, continuous
alignment needs to be performed to avoid negative
transfer and constitutes a larger, superior
adaptation [29].

S DISCUSSION

All the above facts about the dominance of the
Hierarchical Knowledge Alignment (HKA) model
over cross-domain transfer learning are strong. The
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firstimplication of our experimentsis that the process
of knowledge alignment is equally critical as the
process of alignment. The overall superiority of HKA
over the Global Domain Adaptation (GDA) model in
Table 1 further validates the single-solution
constraint. GDA, by aligning only the last feature
layer, can align the overall data distributions at the
highlevel,butcannotdirectly address the lower-level
yet essential mismatches in the feature
representations. This can result in the model learning
domain-invariant abstract representations but not
using them effectively to map back to the target
domain's typical low-level features, and hence
performingsub-optimal classification relative to non-
optimal classification. HKA accomplishes this
through a hierarchical solution with algorithmic,
systematic alignment. By its top-down approach, it
ensures that a robust domain-independent core
foundation is established before building the
functionality of increasingly domain-dependent
components in shallow layers.

Figure 2 also notes that not only is greater
accuracy sought for HKA, but it is also
computationally  feasible. While notoriously
challenging and sluggish to train robust competitive
models like GDA, HKA achieves market-leading
performance with a stable, yet reduced-cost, training
process. The balance between performance and
efficiency is of greatest importance to deployment in
practice. The "Domain Discrepancy Impedance" plot
(Fig. 3) is an open window into the HKA mechanism.
The figure illustrates how HKA, step by step,
removes the "impedance" or resistance to transferring
knowledge at higher levels of the feature hierarchy.
GDA only removes the terminal impedance, but there
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is a smooth, unturbing channel in HKA for source-
target knowledge transfer. This reduction in
inconsistency across multiple steps is a better
adaptation, minimising the likelihood of negative
transfer due to misaligned low-level features.

The ablation study in Table 2 provides the
strongest evidence for the HKA design philosophy.
This dramatic spike after eliminating the high-level
alignment loss is evidence that alignment of the
abstract, semantic representations is the beginning of
the process of knowledge transfer. Without this initial
alignment step, the model could not effectively
encode the latent similarity between the domains.
Mid-level and low-level alignments, while even more
specific in scope, are also useful. They are smoothing
operations that ensure abstract knowledge transferred
is properly anchored in the target domain feature
space. Higher-level alignment properly provides the
"what" to import (the centrality of things). It permits
lower-level alignments to determine the "how" of
such knowledge, which is inherent to the target field.
Briefly put, the combined output of plots and tables
reveals a graph: even as it adheres to the hierarchical
character of deep feature representations and
implements a structured, multi-level alignment
process, HKA facilitates better, cost-effective, and
robust knowledge transfer, shatteringall prior records
for predictive intelligence in low-data settings.

6 CONCLUSIONS

The paper had cracked the hardest problem of
learningpredictive models for low-label data-plagued
problems. We presented a new cross-domain transfer
learning method, Hierarchical Knowledge Alignment
(HKA), thateffectively transfers knowledge fromone
domain with a changing feature space and data
distribution to another.17 The main concept of HKA
is that global uniform feature alignment cannot solve
hard adaptation problems. On the contrary, we
presented a top-down, multi-level alignment strategy
that takes into account the hierarchical structure of
deep neural network-learned features. By putting
higher-level, more abstract properties first and
progressively lower-level, more concrete ones, HKA
builds a stronger source-to-target domain connection.

Experiments on the difficult CIPR-484 test set
show that this strategy is effective at large sizes. Its
performance, as shown in our comparison tables and
plots, thoroughly overwhelms state-of-the-art
methods, including global domain-adaptation-based
methods,by a large margin across the board. Besides,
the "Domain Discrepancy Impedance" factorisation
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(Fig. 3) and a briefablation study (Table 2) discussed
in detail revealed why HKA worked and how an
aligned, hierarchical structure played a critical role in
efforts to avoid poor transfer performance and
improve predictive performance. The findings
validate HKA's success in transferring knowledge
from high-data settings to enable high-performance
predictive ability in data-poor settings. The paper is a
useful addition to transfer learning and offers a good,
practical solution to a wide range of real-world
problems where data sparsity is the primary
constraint. Hierarchical alignment principles may be
an applied design principle for next-generation
transfer learning architecture design.

7 LIMITATIONS

Even though Hierarchical Knowledge Alignment
(HKA) is just amazing, its limitations have to be
endured. Empirical experiments were first conducted
on a single sentiment classification task using text
data alone forthe CIPR-484 dataset. Even though the
dataset is heterogeneous across product spaces, there
is no data on model performance for other modalities,
such asimages,audio, or time series. The hierarchical
organisation of the features may vary substantially
across datatypes, and calibration of the HKA model
may be required. Second, the model is trained based
on a new set of hyperparameters, i.e., the weight
parameters. They were empirically optimised in our
experiment, but hyperparameter optimisation of the
weighting scheme between any two domains can be a
huge, time-consuming process. A more adaptive or
flexible weighting strategy could make the model
satisfactory enough to be used in more situations.
Second, HKA, as implemented, also needs a strictly
predefined hierarchical network structure. Its
application to more complex architectures, such as
skip-connected (e.g., ResNets) or recurrent (e.g.,
LSTMs), isn't self-evident and would require
additional experiments to determine where to utilise
thealignmentloss. Finally, our research was confined
to a supervised source domain and a purely
unsupervised target domain; how the scenario
performsin semi-supervised or few-shot learningalso
requires investigation.

8 FUTURE WORK

The spectacular performance of the HKA model
opens ginormous avenues of future research. The
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ginormous potential lies in transferring the HKA
paradigm to other data modalities and areas.
Transferring hierarchical alignment ideas to
computer vision tasks, e.g., diagnosis of medical
images with limited labelled instances but the same
database available, wouldbe a major step. This would
involve exploring how to encode a feature hierarchy
in convolutional neural networks and which
alignment measure to apply to visual features.
Another area that could be explored is building a
more sophisticated weighting method for layer-
specific alignment losses. We can apply
reinforcementlearning or a meta-learning method to
learn optimal alignment weights adaptively at
runtime, thereby automating hyperparameter
adjustment and enabling the model to generalise
across diverse domain pairs. Also, combining the
HKA idea with other prevailing paradigms in
machine learning can be fruitful. For instance,
applying HKA to generative models can produce
models that not only align with current features but
also generate new, domain-specific points, thereby
improving learning within the target domain. HKA
theory can also be studied through research that
formalises when and why hierarchical alignment will
be optimal, and that very likely provides guarantees
that can be proved against adverse transfer. Finally,
but far from last, is the extension of the HKA model
to higher-order learning scenarios, i.e., multi-source
domain adaptation, in which alignment and
aggregation of knowledge simultaneously from
multiple source domains are needed, a difficult but
highly influential research direction towards the
build-up of universally and intelligently able
prediction systems.
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