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Abstract

Domain-Adversarial Neural Networks (DANN) are often treated as a general
solution to covariate shift, yet their effectiveness is highly context dependent.
Through a systematic empirical study on the MNIST↔USPS benchmarks,
we examine how backbone capacity, adversarial hyperparameters, and shift
direction jointly shape adaptation outcomes. We show that when representa-
tional capacity is limited, adversarial adaptation fails to stabilize regardless of
hyperparameter refinement, revealing an architectural bottleneck. In contrast,
with high-capacity backbones under mild shifts, explicit adversarial alignment
is frequently redundant and can induce negative transfer by degrading class-
discriminative structure. We analyze this failure mode as feature flattening, where
statistical alignment is achieved at the expense of semantic separability. By
reversing the shift direction to a data-scarce regime, we identify conditions under
which DANN becomes beneficial, acting as a conditional regularizer that induces
feature compaction and improves target performance. Rather than advocating
for or against adversarial adaptation, our results provide evidence-based guid-
ance on when DANN is unnecessary, harmful, or essential, highlighting backbone
capacity as a key determinant of successful domain adaptation.

Keywords: Domain Adaptation, Adversarial Neural Networks, Negative Transfer,
Feature Flattening
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1 Introduction

Deep neural networks (DNNs) have become the default approach for pattern recogni-
tion in many settings, from medical imaging to environmental monitoring [1]. However,
its strong empirical performance is usually based on a delicate assumption: the distri-
bution of data observed at the time of training resembles that found in the deployment.
In practical scenarios, this assumption is frequently violated as a result of variations
in data acquisition conditions, sensor properties, imaging techniques, or shifts in the
underlying population. Such distribution mismatch—commonly described as covariate
shift—can substantially degrade performance and complicate the reliable deployment
of DNN-based systems [2, 3].

Unsupervised Domain Adaptation (UDA) seeks to mitigate this problem by learn-
ing representations that transfer to a target domain without requiring target labels
[4]. Among UDA methods, Domain-Adversarial Neural Networks (DANN) [5, 6] are
widely used: they frame adaptation as a minimax game in which a feature extractor
is trained to support the main task while simultaneously confusing a domain discrimi-
nator, typically implemented through a gradient reversal mechanism. This simple and
general recipe has made DANN a common baseline between benchmarks and variants
[7].

However, the practical reliability of DANN is less clear than its popularity suggests.
Recent studies have raised concerns about whether adversarial alignment remains con-
sistently beneficial—particularly when coupled with modern high-capacity backbones
[8, 9]. Across the literature, reported gains are often discussed in terms of adversar-
ial strength and hyperparameter choices; however, how these design decisions interact
with backbone capacity and with the severity or direction of domain shift remains
insufficiently characterized. As a result, practitioners face an unresolved question:
when does DANN genuinely improve generalization, and when is it redundant or even
harmful?

This study was motivated by a concrete deployment scenario in our university’s
physicochemical laboratory: helping environmental science students by automat-
ing phytoplankton genus classification. A convolutional model trained on public
datasets—largely based on Scanning Electron Microscopy images—did not generalize
to our target setting, where Optical Microscopy images are used. We initially adopted
DANN to bridge this modality gap, but the results remained disappointing even after
extensive hyperparameter exploration. Because systematic experimentation with the
entire phytoplankton dataset was computationally costly, we turned to simpler and
well-controlled benchmarks (MNIST [10] and USPS [11]) to examine the underly-
ing cause of this adversarial adaptation failure more directly. The guiding question
became: under what conditions does adversarial domain adaptation actually improve
generalization, and when does it fail despite optimization efforts? In particular, we
focus on the role of backbone capacity in shaping DANN’s behavior across different
shift regimes.

To study these interactions with finer granularity, we decouple adversarial regula-
tion into two components: λ, which weights the domain loss, and α, which scales the
gradient reversal signal. This separation allows us to probe how task discrimination
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and domain invariance trade off as adversarial pressure varies, and how that trade-off
changes with the representational capacity of the feature extractor.

Our experiments reveal a clear dichotomy. With relatively simple architectures
(e.g., standard CNNs), we observe an architectural bottleneck : even broad hyperpa-
rameter sweeps do not consistently yield stable adaptation. In this regime, limited
representational capacity constrains the model’s ability to satisfy both objectives (class
discrimination and domain confusion), so optimization alone cannot reliably rescue
performance [12, 13].

In contrast, introducing a high-capacity backbone such as ResNet18 [14] changes
the adaptation setting. Under mild shift conditions (MNIST→USPS), the backbone
often reduces the domain gap sufficiently on its own, making explicit adversarial align-
ment unnecessary. More importantly, when DANN is applied to pre-trained models,
it can lead to negative transfer [15, 16]. We refer to this failure mode as feature flat-
tening : adversarial alignment can emphasize marginal distribution matching while
eroding the class-discriminative structure inherited from pre-training.

This naturally leads to the question of whether adversarial adaptation is still
necessary when deeper backbones already exhibit substantial robustness under mild
shifts. By reversing the adaptation direction (USPS→MNIST), we create a data-scarce
regime in which the backbone’s inductive bias alone is not sufficient. In this setting,
DANN becomes beneficial and, in many runs, essential: adversarial training acts as a
conditional regularizer that promotes feature compaction, sharpening class structure
and closing a generalization gap that the backbone does not bridge by itself.

In this article, we provide a systematic re-evaluation of DANN through the lens of
backbone capacity, with the following contributions:

1. Limits of optimization under insufficient capacity: We show empirically that hyper-
parameter refinement cannot compensate for inadequate architectural capacity.
Simple CNNs fail to achieve stable adaptation across broad ranges of λ and α,
indicating a fundamental architectural bottleneck.

2. Redundancy of adversarial adaptation in mild shift scenarios: We present evidence
that under mild covariate shift, modern high-capacity backbones (e.g., ResNet18)
can achieve strong target performance without adversarial alignment, making
DANN unnecessary and in some cases detrimental.

3. Analysis of negative transfer mechanisms: We analyze feature flattening as a mecha-
nism for negative transfer, where aggressive alignment collapses class-discriminative
structure in pre-trained representations.

4. Identification of an optimal regime for adversarial adaptation: We delineate
conditions—high-capacity backbones combined with data scarcity—under which
DANN acts as an effective regularizer, improving semantic structure and target
performance via feature compaction.

Rather than arguing for or against DANN as a general tool, we aim to provide
evidence-based guidance about when adversarial alignment is likely to help, when it is
redundant, and when it risks damaging useful structure. Overall, our results challenge
a “one-size-fits-all” use of domain-adversarial training and highlight backbone capacity
as a key determinant of adaptation outcomes.
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The remainder of this paper is organized as follows. Section 2 reviews related work
on domain adaptation, backbone capacity, and negative transfer. Section 3 details our
methodology, including the decoupled DANN hyperparameters, the architectures con-
sidered, and the experimental protocols. Section 4 analyzes the experimental results,
combining quantitative performance evaluation with qualitative feature-space visu-
alizations via t-SNE [17]. Section 5 discusses the implications of these findings and
summarizes the conditions under which adversarial training is redundant versus bene-
ficial. Finally, Section 6 concludes and outlines future work, including extending these
insights to phytoplankton classification under severe modality shift.

2 Related work

Domain adaptation (DA) addresses a central obstacle for deploying machine learning
models in real world settings: performance can drop sharply when the data distribu-
tion at training time (source) differs from the one observed at deployment (target).
A common formalization is the covariate-shift setting, in which the input distribution
changes while the conditional label distribution is assumed to remain stable [2, 3].
In many real applications, target labels are unavailable; accordingly, UDA seeks rep-
resentations that transfer across domains using labeled source data and unlabeled
target samples [4]. From a theoretical standpoint, classic analyses relate the target risk
to the source risk plus a measure of domain discrepancy, offering guidance on when
adaptation is expected to be feasible [18].

Discrepancy-based alignment. Initial domain adaptation methods typically
focused on explicitly aligning feature distributions through the use of statistical dis-
tance measures. Maximum Mean Discrepancy (MMD) and its deep variants align
source and target by minimizing distribution discrepancy in a reproducing kernel
Hilbert space [19, 20]. CORrelation ALignment (CORAL) follows a related principle
by aligning second-order statistics, typically by minimizing the distance between the
source and target covariance matrices of deep features [21]. Related discrepancy crite-
ria extend beyond mean matching by also accounting for covariance information; for
example, Maximum Mean and Covariance Discrepancy (MMCD) combines mean and
covariance matching to capture richer distributional differences between domains [22].
While discrepancy-based methods can be effective, their behavior becomes less pre-
dictable as representations grow high-dimensional and class structure becomes harder
to preserve under purely marginal alignment.

Adversarial domain adaptation. Adversarial learning presents a different
pathway to alignment, motivated by the minimax formulation underlying Genera-
tive Adversarial Networks (GANs) [23]. DANN [5] is a representative and widely
used approach: via the Gradient Reversal Layer (GRL), it trains a feature extrac-
tor that supports source-task discrimination while simultaneously reducing domain
predictability. A number of variants refine this idea in different ways. Adversarial Dis-
criminative Domain Adaptation (ADDA) [7] decouples source and target encoders;
Multi-Adversarial Domain Adaptation (MADA) [24] introduces class-conditional
discriminators to encourage finer-grained alignment; and recent work provides an in-
depth analysis of adversarial discriminative adaptation [25]. Conditional alignment
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strategies aim to better preserve class structure during adaptation [26]. For a broad
synthesis of adversarial approaches and their design choices, we refer to the recent
survey [27]. Collectively, these methods have been reported to perform well on stan-
dard digit and object recognition benchmarks, contributing to adversarial adaptation
becoming a common baseline in UDA.

Optimization fragility and negative transfer. Nevertheless, the minimax for-
mulation can be difficult to optimize consistently. The resulting adversarial game often
exhibits sensitivity to hyper-parameters, architectural choices, and training dynamics
[12]. Stability improvements developed for GAN training (e.g., Wasserstein distance)
[28] have influenced the field, but they do not eliminate the core tension in adversar-
ial DA: pushing domains together can inadvertently damage the class-discriminative
structure needed for prediction. This failure mode is closely related to negative trans-
fer [15], where adaptation performs worse than a source-only baseline. Prior work
has explicitly discussed the transferability–discriminability trade-off in adversarial DA
[16], and recent overviews also emphasize negative transfer as a recurring practi-
cal concern [27]. Several strategies attempt to mitigate this tension by dynamically
reweighting the alignment and classification objectives [13]; nevertheless, identify-
ing when adversarial pressure helps versus harms remains an open problem. In this
paper, we analyze this trade-off through the lens of feature flattening, highlighting
how aggressive alignment can collapse useful geometry in representation space.

Backbone capacity and architectural effects. The architecture and capac-
ity of the feature extractor (backbone) are critical factors in domain adaptation,
yet they have not been extensively studied in a systematic manner. Capacity, gov-
erned by factors such as depth, width, and architectural design, has a direct impact
on representation expressiveness and stability. Results on over-parameterization and
generalization suggest that larger models can learn features that are more robust
or transferable under certain regimes [29, 30]. In transfer learning, empirical evi-
dence shows that representation quality depends strongly on backbone choice and
pre-training, yet the interaction between backbone capacity and adversarial adapta-
tion mechanisms remains underexplored [31, 32]. These findings motivate a careful
re-examination of whether adversarial alignment is beneficial once backbone capacity
becomes sufficiently strong.

Pre-training and modern feature extractors. Large-scale pre-training and
high-capacity architectures (e.g., ResNets and Vision Transformers [33]) are increas-
ingly reported to provide robust abstractions that reduce the marginal benefit of
explicit alignment, particularly under mild shifts [8, 9]. This naturally raises two prac-
tical questions that connect directly to our study: (i) do the gains commonly associated
with DANN on classic settings persist when the backbone is already strong, and (ii)
can adversarial alignment become redundant—or even harmful—when it interferes
with pre-trained structure? In a related line of work, recent studies show that aggres-
sive fine-tuning may distort representations and worsen out-of-distribution behavior
[34], which is conceptually aligned with the representation degradation that we observe
under strong adversarial pressure.

Positioning our work. Building on these perspectives, we focus on how DANN’s
behavior changes across backbone capacity and shift regimes. While prior studies have
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documented optimization fragility or the benefits of strong backbones in isolation, we
provide a controlled investigation of their interaction. Specifically, we examine whether
adversarial adaptation (i) fails under insufficient capacity, (ii) becomes redundant
or harmful under mild shift with strong backbones, and (iii) re-emerges as bene-
ficial regularization in data-scarce settings where capacity is available but labeled
source evidence is limited. By decoupling adversarial hyperparameters and analyzing
feature-space geometry, we characterize the mechanisms underlying these outcomes
and delineate boundary conditions for effective adversarial domain adaptation.

3 Methodology

We designed a controlled evaluation protocol to isolate the main factors that constrain
adversarial adaptation. Our analysis focuses on the interaction among three core fac-
tors: backbone capacity, adversarial hyperparameters, and the magnitude/direction of
the domain shift.

3.1 Datasets and preprocessing

To simulate different covariate-shift regimes, we use the MNIST↔USPS benchmark
as our primary testbed. The phytoplankton dataset, while practically relevant, is large
enough that exhaustive hyperparameter exploration becomes computationally imprac-
tical. By contrast, MNIST and USPS share the same label space and similar low-level
structure (grayscale digits, 10 classes) while still exhibiting a well-studied covariate
shift, which helps isolate the effect of backbone capacity without confounds such as
strong semantic mismatch or severe class imbalance. Their moderate scale further
enables a systematic sweep of the adversarial control parameters λ and α under con-
sistent training conditions. Moreover, the relative simplicity of the task reduces the
likelihood that observed failures are driven by undertraining, making architectural and
algorithmic limitations easier to diagnose.

1. MNIST [10]: 60,000 training and 10,000 test grayscale images at 28× 28.
2. USPS[11]: 7,291 training and 2,007 test grayscale images at 16× 16.

All input samples were resized to a resolution of 28 × 28 pixels and normalized to
the range [0, 1]. During training, we apply dynamic augmentation (affine transforms,
Gaussian blur, and additive noise) to introduce controlled variability.

Data splits. For each random seed, we create stratified splits in two stages. We
reserve 20% of the data as a test set. From the remaining 80%, we allocate 10% for val-
idation, yielding 72%/8%/20% train/validation/test splits per seed. Mean±std values
reported throughout therefore reflect both training stochasticity and seed-dependent
stratified partitioning.

3.2 Model architectures

We evaluated two backbone families to test the capacity hypothesis:

1. Simple CNN (low capacity): Two convolutional blocks (32 and 64 filters, 3×3),
each followed by Batch Normalization [35] and ReLU [36]. The feature extractor
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terminates in Global Average Pooling (GAP) [37] to reduce parameters, followed
by a linear classification head.

2. ResNet18 [14] (high capacity): A deep residual backbone evaluated in two
modes:

• From scratch: Random initialization to isolate architectural capacity without
prior knowledge.

• Pre-trained: Initialized from ImageNet [38] weights and fine-tuned with early
stages frozen (stages 1–2), unfreezing from stage 3 onward (trainable layers begin
at stage3 unit1 conv1) to assess the impact of pre-training.

3.3 Adversarial decoupling framework

Our DANN implementation consists of a feature extractor Gf , a label classifier Gy,
and a domain discriminator Gd. Given inputs x with class labels y (source only) and
domain labels d ∈ {source, target}, the optimization objective is:

L = Ly(Gy(Gf (x)), y) + λLd(Gd(Gf (x)), d) (1)

where λ controls the contribution of the domain-discrimination loss.
Unlike the canonical design, we decouple adversarial regulation into two indepen-

dent control signals. In addition to λ, we introduce a Gradient Reversal Layer (GRL)
scaling factor α:

R(x) = x,
∂R

∂x
= −αI (2)

This decoupling allows us to study how the importance of the auxiliary domain task
(λ) interacts with the intensity of adversarial pressure (α).

Logistic schedule for adversarial pressure. When using the logistic schedule,
we increase the GRL scaling smoothly as a function of normalized training progress
p ∈ [0, 1]:

α(p) = αmax

(

2

1 + exp(−γp)
− 1

)

(3)

with γ = 3 and αmax = 1.0 in our implementation.
Domain discriminator design. To improve stability, Gd is implemented as a

two-layer MLP (128 and 64 units) rather than a single linear layer. This design helps
avoid overly simplistic domain separation and encourages more transferable features.

3.4 Experimental strategy

We conduct experiments under three scenarios, designed to disentangle optimization
limits, backbone capacity, and data availability:

1. Scenario 1: optimization limits (low-capacity regime). Using the Simple
CNN, we analyze hyperparameter sensitivity via a two-stage sweep. First, we vary
the domain-loss weight λ ∈ {0.1, 0.3, 0.5} while keeping GRL scaling fixed (α = 1.0)
to probe whether increasing the importance of the domain objective can compensate
for limited capacity. Second, fixing the best-performing value from stage one (λ =
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0.3), we vary adversarial pressure using α ∈ {0.1, 0.3, 0.5, logistic}. In addition, we
report two reference settings to contextualize these sweeps: the canonical DANN
configuration (λ, α) = (1.0, logistic) and a high-pressure fixed configuration (λ, α) =
(1.0, 1.0).

2. Scenario 2: capacity hypothesis (high-capacity, mild shift). We deploy
ResNet18 in MNIST→USPS to probe redundancy and potential negative trans-
fer when the backbone is already robust. We compare baseline and DANN under
identical training settings to assess whether adversarial alignment yields gains or
induces negative transfer in this mild-shift regime.

3. Scenario 3: boundary conditions (inverse shift, data-scarce source). We
reverse the direction to USPS→MNIST to create a data-scarce, small-to-large shift
and identify regimes where DANN acts as beneficial regularization. This setting
stresses generalization under limited labeled source data, while target labels are
used only for evaluation.

Optimization uses Adam [39] with batch size 64. To accommodate non-monotonic
and unstable adversarial dynamics, we train for up to 200 epochs to increase the
likelihood of capturing peak performance rather than terminating after transient
drops.

Oracle model selection. In standard UDA, labeled target data are unavailable
and cannot be used for model selection. Here, we deliberately adopt an oracle model-
selection protocol: we monitor labeled target validation accuracy (val acc target)
with a patience of 20 epochs and retain the best-performing checkpoint. This is
analysis-oriented, providing an estimate of best achievable performance under ora-
cle selection rather than reflecting deployment conditions. Target labels are used
exclusively for checkpoint selection and reporting; they never contribute to training
gradients. Moreover, λ and α are fixed a priori and are not tuned on labeled target
data (i.e., no target-labeled hyperparameter optimization is performed). We emphasize
that this selection protocol is not available in deployment settings.

Reproducibility across random seeds and splits. Each configuration is run
with three random seeds. Each seed defines a stratified train/validation/test split;
mean±std therefore reflects both training stochasticity and split variability. Repre-
sentation metrics are computed per seed on the seed-specific test split using the
feature extractor output immediately before the classification head (Simple CNN: 64-d
embedding after GAP; ResNet18: backbone embedding before the final classifier).

3.5 Evaluation metrics

Beyond standard accuracy, we define metrics to quantify adaptation trade-offs and
diagnose failure modes such as negative transfer.
Performance metrics. We report deviations from the non-adapted baseline: Target
gain (∆T ):

∆T = AccDANN

T −AccBaseline

T (4)

Source penalty (∆S):

∆S = AccBaseline

S −AccDANN

S (5)
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Net benefit (Ω):
Ω = ∆T −∆S (6)

Accuracy-based domain gap. To quantify cross-domain consistency in terms of
performance (distinct from distributional discrepancy metrics), we define: Initial
domain gap (Ginit):

Ginit = AccBaseline

S −AccBaseline

T (7)

Residual domain gap (Gres):

Gres = AccDANN

S −AccDANN

T (8)

A reduction from Ginit to Gres indicates improved cross-domain consistency, although
it may arise from target gains or from source degradation; therefore, we interpret these
gaps jointly with ∆S and Ω.
Representation metrics. To quantify domain-level statistical divergence and class
structure in the learned feature space, we compute:

Maximum Mean Discrepancy (MMD). We compute empirical (squared)
MMD using an RBF kernel with fixed bandwidth γ = 1.0 [19, 40]. Throughout
the paper, we refer to this quantity simply as MMD. Lower MMD indicates closer
agreement between source and target feature distributions in the induced feature
space.

LDA separability proxy. We measure class separability via a trace-ratio proxy
based on between-class and within-class scatter:

LDAtrace =
Tr(Sb)

Tr(Sw) + ϵ
(9)

where Sb and Sw are computed from class means and within-class deviations, and
we use ϵ = 10−10 for numerical stability. Higher values indicate more compact and
better-separated class structure. We use this metric to support patterns such as fea-
ture flattening, where reduced MMD (apparent alignment) coincides with degraded
separability.

t-SNE visualization protocol. t-SNE [17] is used exclusively for qualitative
visualization (Section 4.4) with init=pca, perplexity=30, and learning rate=auto

(random seed fixed for reproducibility). For each configuration, we run three seeds;
to avoid cherry-picking, the t-SNE figure is generated from the seed whose target
test accuracy is closest to the mean across the three seeds, yielding a representative
visualization. Quantitative comparisons rely on mean±std MMD and LDA across
seeds.

4 Experimental results

4.1 Scenario 1: optimization limits (low-capacity regime)

To establish a reference point for domain adaptation, the performance of the model
trained solely on the source domain (MNIST) and evaluated on the target (USPS) was
initially assessed. Table 1 (row 1) summarizes this baseline, establishing the starting
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point for our optimization. Table 1 is designed to characterize the low-capacity regime
by jointly reporting transfer outcomes (AccT , ∆S , Ω) and representation diagnostics
(MMD, LDAT ), rather than providing a full accuracy breakdown. This distinction clar-
ifies that alignment metrics are interpreted as evidence about feature-space behavior,
while transfer effectiveness is assessed through the ∆S–Ω trade-off.

In this standard MNIST→USPS direction, the non-adapted Simple CNN achieved
a high source accuracy of 0.9712. However, generalization was poor, with target accu-
racy (AccT ) dropping to 0.6828. This discrepancy reveals a substantial initial domain
gap of Ginit = 0.2884, highlighting the severity of the covariate shift and establishing
the potential margin for improvement via adversarial adaptation.

Table 1 Impact of hyperparameters on Simple CNN (MNIST → USPS). All values are reported
as mean ± std over three random seeds, using oracle checkpoint selection per seed. Compared to
the source-only baseline (no adaptation), the dynamic α scheduling (best config) is associated with
a lower source penalty (∆S), suggesting improved stability in source-task retention, and yields the
least negative net benefit (Ω) among the tested Simple CNN DANN variants.

Configuration λ α AccT (µ± σ) ∆S (µ± σ) Ω (µ± σ) MMD (µ± σ) LDAT (µ± σ)

Baseline (No Adaptation) - - 0.6828± 0.0326 0.0000± 0.0000 0.0000± 0.0000 0.2094± 0.0182 0.7469± 0.0096

DANN (max, fixed) 1.0 1.0 0.6484± 0.0228 0.0660± 0.0262 −0.1004± 0.0034 0.1308± 0.0315 0.9885± 0.0645

λ Exploration 0.1 1.0 0.6366± 0.0292 0.0606± 0.0065 −0.1069± 0.0243 0.2234± 0.0583 0.8044± 0.0386
(Fixed α = 1.0) 0.3 1.0 0.6384± 0.0532 0.0624± 0.0189 −0.1069± 0.0676 0.2268± 0.0648 0.9270± 0.0750

0.5 1.0 0.6321± 0.0218 0.0684± 0.0247 −0.1191± 0.0080 0.2109± 0.0576 0.9064± 0.0716

α Exploration 0.3 0.1 0.6590± 0.0032 0.0490± 0.0081 −0.0728± 0.0099 0.2185± 0.0594 0.7487± 0.0526
(Fixed λ = 0.3) 0.3 0.3 0.6403± 0.0238 0.0545± 0.0119 −0.0970± 0.0357 0.2181± 0.0614 0.7851± 0.0457
(Best Config) 0.3 Logistic 0.6742± 0.0677 0.0392± 0.0104 −0.0478± 0.0753 0.1824± 0.0691 0.8560± 0.0802

Canonical DANN 1.0 Logistic 0.6172± 0.0255 0.0996± 0.0404 −0.1652± 0.0528 0.2360± 0.0680 0.8647± 0.0544

4.1.1 Hyperparameter sensitivity analysis

We started by evaluating the initial configuration of DANN with maximum adver-
sarial pressure (λ = 1.0, α = 1.0) to establish a baseline for hyperparameter tuning.
Table 1 (row 2) reveals the failure of this setup. The model suffered from clear nega-
tive transfer, with source accuracy falling sharply compared to the baseline (0.9052 vs
0.9712), resulting in a source penalty of ∆S = 0.0660. More concerningly, the target
accuracy (0.6484) also failed to surpass the non-adapted baseline (0.6828), leading to
a negative net benefit of Ω = −0.1004. This severe degradation confirms that apply-
ing maximum adversarial pressure to a simple CNN is counterproductive, prioritizing
alignment over task discrimination. Although this configuration reduces MMD rela-
tive to the baseline (from 0.2094 to 0.1308), the residual domain gap remains high
Gres = 0.2568, indicating that statistical alignment alone is insufficient and can be
achieved at the expense of discriminability. This interpretation is consistent with the
validation dynamics: val acc domain remained above chance (0.7047± 0.1553), indi-
cating that the discriminator was not consistently confused, while val acc target

exhibited erratic oscillations and abrupt drops, suggesting destructive interference
under strong adversarial pressure.

We then tested different values for the domain loss weight λ while fixing the adver-
sarial pressure at α = 1.0. The objective was to identify a configuration that minimizes
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negative transfer. As summarized in Table 1, varying λ failed to overcome the archi-
tectural limitations of the Simple CNN. Target accuracy plateaued in the 0.63–0.64
interval, failing to match the 0.6828 baseline. Lower λ values (0.1 and 0.3) proved less
detrimental, keeping the source penalty near 0.06 and yielding the least negative net
benefit among the fixed-α runs (−0.1069). Notably, none of these settings produced
a consistent reduction in MMD relative to the baseline; for instance, λ = 0.5 yields
an MMD of 0.2109, essentially unchanged from the baseline (0.2094). More broadly,
the lack of target improvement despite occasional changes in MMD reinforces that
reducing distributional discrepancy is not sufficient for improving target performance
in this low-capacity regime. MMD reduction without target improvement is consis-
tent with alignment that does not preserve class structure. The validation dynamics
confirmed persistent instability; val acc domain remained consistently high with sub-
stantial variance, indicating that the domain classifier was rarely fooled. We identified
λ = 0.3 as the most favorable static value in this regime, offering the best trade-off
between source retention and target performance among the fixed-α configurations.

Following this, we evaluated the impact of the gradient reversal coefficient α while
fixing λ = 0.3. As detailed in Table 1, dynamic scheduling via a logistic function proved
critical for maximizing performance with the Simple CNN. This configuration achieved
a target accuracy of 0.6742, significantly outperforming fixed values of α and nearly
matching the non-adapted baseline (0.6828). Consequently, it yielded the least nega-
tive net benefit (−0.0478) and the lowest source penalty (0.0392), alongside improved
alignment (MMD 0.1824) and stronger class separability (highest target LDA: 0.8560).
The dynamic scheduler proved beneficial because it mitigates destructive interference:
while constant pressure forces the extractor to prioritize invariance prematurely, the
logistic schedule allows discriminative features to form before gradually increasing
adversarial pressure. Although validation curves indicate that instability persists, the
scheduler enabled higher performance peaks (max 0.7527) and better stability than
fixed setups. Ultimately, we adopted λ = 0.3 and α = logistic as the optimal setup
for this architecture.

4.1.2 Comparative analysis: canonical DANN and optimization
limits

In the final stage of this phase, we evaluated the impact of advanced learning rate
scheduling and compared our optimized configuration against the canonical DANN
formulation. First, we explored a cosine decay scheduler applied to the optimal hyper-
parameters (λ = 0.3, α = logistic). Surprisingly, this approach actually worsened
performance compared to the fixed learning rate. Target accuracy dropped to 0.6371
(vs 0.6742), and the net benefit worsened to −0.1046. Validation metrics indicated
that the decay schedule failed to mitigate training volatility, likely interfering with
the delicate balance required for adversarial convergence. Due to this performance
degradation, this configuration is excluded from Table 1 to focus on adversarial hyper-
parameters. Notably, cosine decay did not improve alignment or separability metrics:
compared to the fixed-learning-rate best configuration, it increased MMD (0.2140
vs. 0.1824) and slightly reduced target LDA (0.8272 vs. 0.8560), consistent with the
observed drop in target accuracy.
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Finally, we tested the standard DANN setup exactly as proposed by Ganin et
al. (2016) with λ = 1.0 and dynamic α (logistic). As presented in the final row of
Table 1, this setup yielded the poorest performance of the study. The high adversarial
pressure resulted in a target accuracy of only 0.6172 and a severe source penalty of
0.0996, leading to the most negative net benefit recorded (−0.1652). Validation curves
confirmed extreme volatility, with val acc domain fluctuating widely, suggesting that
λ = 1.0 is too aggressive for the simple CNN architecture. These results strongly
suggest that granular tuning (λ = 0.3) is superior to the canonical formulation for
capacity-constrained backbones.

In summary, despite extensive tuning identifying λ = 0.3 and dynamic scheduling
as the optimal regime, the simple CNN architecture failed to consistently outperform
the non-adapted baseline. The persistent instability observed suggests fundamental
limitations in this architecture’s capacity to support the adversarial optimization
required by DANN. The model failed to reach a balance between domain confusion
and task discrimination. This confirms that tuning cannot fix a lack of architectural
capacity. This motivates the subsequent investigation using a high-capacity backbone
(ResNet18).

4.2 Scenario 2: the capacity hypothesis (high-capacity regime).

In this phase, we investigated whether a high-capacity backbone renders adversarial
adaptation redundant or detrimental in the mild shift scenario.

We began with the ResNet18 model trained from scratch. As detailed in Table 2
(ResNet18 Scratch, Baseline), the baseline performance was remarkably strong. Tar-
get accuracy on USPS hit 0.9586, leaving a minimal domain gap of only 0.0363. Even
without explicit adaptation, we found an exceptionally low MMD (0.0238 ± 0.0007)
alongside a high target LDA (2.3916±0.2731). While conventionally a low MMD sug-
gests distributional alignment, our subsequent visual analysis (Section 4.4) will show
that this metric can be misleading in this context. The high accuracy and discrim-
inability were not achieved by unifying the domains, but rather by the backbone’s
capacity to segregate them into distinct, effective sub-manifolds within the same fea-
ture space. This distinction is crucial, the baseline solved the task through separation,
not invariant alignment.

Table 2 The capacity hypothesis (MNIST → USPS). Using ResNet18 trained from scratch and
ImageNet initialization under a mild domain shift. All values are reported as mean ± std over three
random seeds, using oracle checkpoint selection per seed. Positive Ω indicates a net gain over the
source-only baseline; negative values indicate negative transfer.

Configuration AccS (µ± σ) AccT (µ± σ) ∆S (µ± σ) ∆T (µ± σ) Ω (µ± σ) MMD (µ± σ) LDAT (µ± σ)

ResNet18 (Scratch)

Baseline (No Adaptation) 0.9949± 0.0005 0.9586± 0.0074 0.0000± 0.0000 0.0000± 0.0000 0.0000± 0.0000 0.0238± 0.0007 2.3916± 0.2731
DANN 0.9900± 0.0003 0.9710± 0.0057 0.0050± 0.0003 0.0124± 0.0057 0.0074± 0.0058 0.0191± 0.0006 3.3155± 0.2333

ResNet18 (ImageNet)

Baseline (No Adaptation) 0.9938± 0.0003 0.8993± 0.0148 0.0000± 0.0000 0.0000± 0.0000 0.0000± 0.0000 0.0009± 0.0001 2.7379± 0.2317
DANN 0.9588± 0.0500 0.8385± 0.1214 0.0350± 0.0500 −0.0608± 0.1214 −0.0957± 0.1714 0.0026± 0.0027 1.8923± 0.5326

Subsequently, we integrated DANN with this backbone using the same hyper-
parameters identified in Scenario 1 (λ = 0.3, α = logistic) for consistency across
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backbones. This setup remained effective (Table 2, ResNet18 Scratch, DANN). Tar-
get accuracy increased to 0.9710 ± 0.0057 relative to the baseline (0.9586 ± 0.0074),
with a minimal source penalty (∆S = 0.0050± 0.0003), yielding a positive net benefit
(Ω = +0.0074±0.0058). The MMD also decreased (0.0191±0.0006 vs. 0.0238±0.0007),
although, as discussed in Section 4.4, low MMD should not be interpreted as evidence
of unified manifolds. Importantly, in this scratch setting the adversarial objective
did not compromise class separability, as reflected by the increased target LDA
(3.3155 ± 0.2333). Overall, this suggests that with sufficient capacity and training
from scratch, adversarial adaptation can act as a mild regularizer rather than inducing
feature degradation.

We then assessed the impact of prior knowledge by fine-tuning an ImageNet-
pretrained ResNet18, with early stages frozen (stages 1–2), unfreezing from stage 3
onward. As reported in Table 2 (ResNet18 ImageNet, Baseline), this configuration
achieved a target accuracy of 0.8993± 0.0148. However, performance was lower than
the model trained from scratch (0.9586± 0.0074), suggesting that ImageNet features,
while robust, may introduce an inductive bias that is less optimal for digit recogni-
tion than features learned from scratch. A notable observation is the extremely low
MMD (0.0009±0.0001), the lowest in this study, indicating very strong distributional
similarity under this metric even without adversarial adaptation. Importantly, target
discriminability remained relatively high (LDAT = 2.7379 ± 0.2317), implying that
class structure was initially preserved. Overall, this supports the view that under mild
shift and sufficient data, explicit adaptation may offer limited additional benefit; how-
ever, as shown next, imposing further adversarial pressure on top of an already tightly
constrained representation can be associated with a degradation of class separability.

Integrating DANN into this pre-trained setup, however, produced a clear pattern
of negative transfer (Table 2, ResNet18 ImageNet, DANN). Target accuracy dropped
to 0.8385± 0.1214, below the non-adapted baseline (0.8993± 0.0148), yielding a neg-
ative net benefit of Ω = −0.0957 ± 0.1714. Validation traces were also consistent
with unstable optimization, with erratic val acc target and lack of stable conver-
gence. Notably, this degradation occurred despite very low MMD (0.0026 ± 0.0027),
illustrating that strong statistical overlap can coexist with poorer task structure. In
parallel, target LDA decreased substantially relative to the baseline (1.8923± 0.5326
vs. 2.7379± 0.2317), consistent with reduced class separability. Together, these obser-
vations support the interpretation that adversarial pressure can erode discriminative
structure when applied on top of features that are already strongly constrained by
pre-training, aligning with the feature flattening behavior discussed in this work.

4.3 Scenario 3: boundary conditions (inverse shift)

In the final phase of our experiment, we reversed the domain direction to create a
data-scarce scenario (USPS as source), aiming to identify the boundary conditions
where adaptation becomes essential.

Inverting the task to USPS → MNIST exposed a much harsher initial domain
gap. Although Simple CNN performed well on the source (USPS accuracy: 0.9496),
it collapsed on the target (MNIST: 0.4360), producing a massive initial gap of
Ginit = 0.5136. Data scarcity likely amplifies this disparity, as the limited USPS
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dataset prevents the model from learning features that generalize well to the larger,
more complex MNIST domain. Table 3 summarizes the Simple CNN baseline and the
two DANN variants discussed below. For this low-capacity setting under scarcity, we
focus on performance trade-offs (AccS , AccT , ∆S , ∆T , and Ω), as the model does not
produce sufficiently stable representations for reliable feature-space diagnostics.

Table 3 Simple CNN under inverse shift (USPS → MNIST). Performance trade-offs in a
data-scarce regime. All values are reported as mean ± std over three random seeds.

Configuration AccS (µ± σ) AccT (µ± σ) ∆S (µ± σ) ∆T (µ± σ) Ω (µ± σ)

Baseline (No Adaptation) 0.9496± 0.0081 0.4360± 0.0629 0.0000± 0.0000 0.0000± 0.0000 0.0000± 0.0000
DANN (Optimized) 0.8473± 0.0258 0.4744± 0.0292 0.1023± 0.0258 0.0384± 0.0292 −0.0639± 0.0528
DANN (Canonical) 0.8597± 0.0514 0.5073± 0.0266 0.0900± 0.0514 0.0714± 0.0266 −0.0186± 0.0519

4.3.1 Low capacity under scarcity (Simple CNN)

To evaluate robustness under this data scarcity, we first applied the optimized DANN
configuration (λ = 0.3, α = logistic) to the Simple CNN. The model reached 0.4744
on the target, edging out the baseline (0.4360) for a gain of +0.0384, but this marginal
boost came with a substantial degradation in source performance. Source accuracy
dropped to 0.8473, corresponding to a source penalty of 0.1023 and an overall neg-
ative net benefit of −0.0639. Validation curves showed extreme volatility, consistent
with unstable adversarial dynamics in this low-capacity setting. Overall, these findings
suggest that the Simple CNN lacks sufficient capacity to learn transferable features
when the source domain is small, yielding an unfavorable trade-off in which adaptation
erodes source performance without securing reliable target gains.

Under the canonical formulation (λ = 1.0), the model exhibited a more aggressive
adaptation behavior. Target accuracy reached 0.5073, surpassing both the baseline
and the optimized DANN. This yielded a higher target improvement (∆T ) of +0.0714.
Crucially, a significant source penalty of 0.0900 offset these gains, leaving a negligible
net benefit of−0.0186. Although the higher adversarial pressure showed a slightly lower
discrepancy under MMD (MMD decreased to 0.2638), the validation metrics revealed
extreme volatility. The val acc domain remained high on average (0.7493± 0.1863),
indicating that the discriminator was rarely fooled consistently. This suggests that
in data-scarce scenarios, high adversarial pressure can force partial adaptation gains,
but the Simple CNN architecture lacks the capacity to maintain stability under such
a strong signal.

4.3.2 High capacity as a regularizer (ResNet18)

Moving to high-capacity architectures, the ResNet18 backbone demonstrated remark-
able robustness even in this challenging direction. As shown in Table 4 (ResNet18
Scratch, Baseline), target accuracy reached 0.8160±0.0712, a substantial improvement
over the Simple CNN baseline (0.4360). The MMD remained low (0.0195±0.0016) and
the target LDA indicated preserved separability (LDAT = 1.4798± 0.0429), suggest-
ing that higher capacity mitigates part of the covariate shift. However, unlike the mild
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shift scenario where the gap was negligible, a substantial performance gap remains rel-
ative to source accuracy (0.9858 ± 0.0011). This residual gap (Gres ≈ 0.17) indicates
that, despite the backbone’s capacity, data scarcity still limits target generalization.

Table 4 Domain inversion (USPS → MNIST). Using ResNet18 with scratch and ImageNet
initialization in a data-scarce regime. All values are reported as mean ± std over three random
seeds, using oracle checkpoint selection per seed. Positive Ω indicates a net gain over the
source-only baseline; negative values indicate negative transfer.

Configuration AccS (µ± σ) AccT (µ± σ) ∆S (µ± σ) ∆T (µ± σ) Ω (µ± σ) MMD (µ± σ) LDAT (µ± σ)

ResNet18 (Scratch)

Baseline (No Adaptation) 0.9858± 0.0011 0.8160± 0.0712 0.0000± 0.0000 0.0000± 0.0000 0.0000± 0.0000 0.0195± 0.0016 1.4798± 0.0429
DANN 0.9884± 0.0012 0.9488± 0.0189 −0.0025± 0.0012 0.1328± 0.0189 0.1353± 0.0194 0.0201± 0.0033 1.9090± 0.2934

ResNet18 (ImageNet)

Baseline (No Adaptation) 0.9805± 0.0046 0.7511± 0.0779 0.0000± 0.0000 0.0000± 0.0000 0.0000± 0.0000 0.0012± 0.0005 1.1880± 0.2180
DANN 0.9794± 0.0038 0.9102± 0.0107 0.0011± 0.0038 0.1591± 0.0107 0.1580± 0.0136 0.0008± 0.0000 1.7675± 0.1459

The ResNet18 backbone responded strongly to adversarial adaptation in this
inverse-shift setting. Target accuracy increased to 0.9488± 0.0189 (Table 4, ResNet18
Scratch, DANN), clearly improving over the baseline (0.8160± 0.0712). Notably, this
gain did not incur a source penalty; instead, ∆S was slightly negative (−0.0025 ±
0.0012), yielding a strongly positive net benefit (Ω = +0.1353 ± 0.0194). In rep-
resentation terms, target separability also improved (LDAT : 1.9090 ± 0.2934 vs.
1.4798±0.0429), consistent with tighter class structure under adaptation. We interpret
this as feature compaction: under data scarcity, adversarial training can regularize the
decision space by consolidating discriminative structure rather than flattening it. This
outcome highlights a boundary condition for DANN: when the target generalization
gap is driven by limited source diversity, adversarial pressure can act constructively as
a regularizer, unlike in mild-shift regimes where it may be redundant or even harmful.

4.3.3 Resolving the pre-training paradox

Finally, the pre-trained baseline revealed a notable paradox when compared to its
from-scratch counterpart. As shown in Table 4 (ResNet18 ImageNet, Baseline), target
accuracy (0.7511± 0.0779) exceeded the Simple CNN baseline yet still lagged behind
the ResNet18 trained from scratch (0.8160± 0.0712). Although MMD was extremely
low (0.0012±0.0005), indicating very strong distributional similarity under this metric,
this did not translate into improved task performance. Consistent with this mismatch,
target separability was lower in the pre-trained baseline (LDAT = 1.1880 ± 0.2180)
than in the scratch baseline (LDAT = 1.4798 ± 0.0429), suggesting that ImageNet
initialization introduces an inductive bias that is less suitable for digit recognition
under inverse shift than features learned from scratch.

Coupling DANN with the pre-trained backbone produced a substantial turnaround
(Table 4, ResNet18 ImageNet, DANN). Target accuracy increased to 0.9102± 0.0107,
yielding a strongly positive net benefit (Ω = +0.1580± 0.0136) with negligible source
penalty (∆S = 0.0011± 0.0038). This improvement coincided with a marked increase
in class separability (LDAT : 1.7675 ± 0.1459 vs. 1.1880 ± 0.2180), indicating that
adversarial training reshaped the representation to better preserve class structure in
the target domain, even when MMD was already very low. This contrasts with the
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negative transfer observed under mild shift (Scenario 2; Section 4.2), supporting the
conclusion that DANN is most beneficial in challenging adaptation regimes where a
substantial target generalization gap remains to be closed.

4.4 Visual analysis of the feature space

t-SNE is used here as a qualitative visualization tool; quantitative interpretations of
alignment and separability are supported by MMD and LDA. For each configuration,
we visualize the run whose target test accuracy is closest to the mean across the three
seeds to provide a representative projection.

4.4.1 The simple CNN feature space

The t-SNE visualizations in Fig. 1 illustrate the impact of the optimized DANN on
the simple CNN architecture.

(a) (b)

(c) (d)

Fig. 1 Limited reorganization under adversarial training (Simple CNN). t-SNE visualization of
feature-extractor embeddings for MNIST→USPS. Top: baseline model, showing pronounced domain
separation (a) and only partially separated class structure (b). Bottom: optimized DANN (λ = 0.3,
α = logistic), where domains remain largely separated (c) and the class geometry shows no clear
qualitative reorganization (d). These visual patterns are consistent with the low-capacity regime,
where adversarial training does not reliably reshape the feature space.
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Fig. 1a visualizes the feature embeddings generated by the baseline model. The
source (MNIST) and target (USPS) domains appear on opposite sides of the space,
forming two distinct macro-clusters with a clear separation between them. This sepa-
ration is consistent with the large initial performance gap (Ginit = 0.2884), suggesting
that the learned features do not generalize invariantly across domains. Fig. 1b sug-
gests that some class-wise structure is present, but clusters are not uniformly compact
or sharply separated—particularly in the target domain—consistent with the limited
representational capacity of the Simple CNN.

After adversarial training (Fig. 1c–d), the global geometry remains largely dom-
inated by domain separation rather than domain overlap. The source and target
samples still occupy distinct regions in the embedding, and we do not observe a con-
sistent qualitative reorganization of class structure relative to the baseline. In this
low-capacity regime, the quantitative metrics indicate partial pressure toward align-
ment (e.g., reduced MMD), yet the visual evidence suggests that adversarial training
does not reliably reshape the representation into a shared, class-structured manifold.
This is consistent with the optimization limits observed in Scenario 1 (see Section 4.1):
distributional matching signals may change without yielding a stable improvement in
target generalization.

4.4.2 Domain segregation under high capacity

Fig. 2 provides a qualitative comparison of the ResNet18 (scratch) feature space
with and without adversarial training, highlighting how domain structure can remain
segregated even under strong performance.

The top row challenges an interpretation based solely on performance and MMD.
Although the scratch baseline attains high target accuracy (0.9586) with a low MMD
(0.0238), Fig. 2a shows that source and target samples remain largely separated in
the projected space. When colored by class (Fig. 2b), the embedding exhibits compact
and well-separated class clusters, yet many digits appear to occupy domain-specific
sub-regions rather than overlapping across domains. This pattern is consistent with
a domain segregation regime, where high accuracy is achieved without enforcing full
invariance between MNIST and USPS.

The bottom row suggests a more nuanced effect of adversarial training. In Fig. 2c,
domains appear slightly closer in several regions, which is consistent with the modest
reduction in MMD (0.0191). However, the embedding does not indicate full mixing into
a single invariant manifold. When colored by class (Fig. 2d), class structure remains
compact and clearly separated, and some digits exhibit increased proximity between
source and target sub-clusters. Importantly, this qualitative pattern aligns with the
improved target accuracy (0.9710) and higher LDAT reported in Table 2, suggesting
that adaptation can refine representations without compromising class separability,
while only partially reducing domain segregation, in this scratch-trained regime.

In summary, the visual comparison supports the interpretation that the scratch
baseline operates in a segregated regime, achieving strong performance with lim-
ited cross-domain overlap. Adversarial training appears to reduce domain separation
locally while preserving class structure, consistent with the observed improvement in
AccT and LDAT . These results suggest that, in this setting, the adversarial signal can
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(a) (b)

(c) (d)

Fig. 2 Segregation vs. partial alignment (ResNet18 Scratch). t-SNE visualization. Top (Baseline):
source and target representations form largely separated sub-clusters, indicating domain segregation
despite high class separability (a, b). Bottom (DANN): adversarial training reduces domain separation
locally, but does not yield full invariant alignment; class structure remains compact and well preserved
(c, d). Quantitative comparisons rely on AccT , MMD and LDA (Table 2).

act constructively as a mild regularizer rather than inducing the feature flattening
observed in lower-capacity regimes.

4.4.3 Negative transfer via feature flattening

Fig. 3 uses t-SNE as a qualitative visualization to contextualize the negative transfer
observed when applying DANN to the ImageNet-pretrained ResNet18 backbone in
the MNIST→USPS setting.

The top row depicts the baseline feature space. In Fig. 3a, source and target points
form a single global cloud with multiple sub-clusters (roughly two per class), reflect-
ing the class–domain decomposition discussed earlier. Fig. 3b suggests heterogeneous
class-wise behavior: some digits show close proximity between source and target clus-
ters (e.g., ’4’), whereas others remain clearly separated (e.g., ’9’). Importantly, most
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(a) (b)

(c) (d)

Fig. 3 Feature flattening cues (pre-trained ResNet18). t-SNE visualization of the MNIST→USPS
setting. Top (Baseline): class clusters appear relatively compact (b), despite limited domain mixing
(a). Bottom (DANN): while some local domain proximity is encouraged (c), several class clusters
become more diffuse (d), suggesting increased intra-class variance.

baseline class clusters appear visually compact, which is consistent with the high tar-
get discriminability quantified by the LDAT (2.7379) and the strong baseline target
accuracy (0.8993) reported in Table 2.

The bottom row illustrates the effect of adversarial training in this pre-trained
regime. Visually, DANN encourages local domain proximity for certain previously
disjoint class–domain pairs (Fig. 3c), including the digit ’9’ (Fig. 3d). However, this
apparent class-wise alignment is accompanied by a broader loss of compactness: several
class clusters become more diffuse and expanded relative to the baseline. While t-SNE
is only qualitative, this pattern is consistent with an increase in intra-class variance and
a reduction in class margins. Quantitatively, this degradation is captured by the drop
in LDAT from 2.7379 to 1.8923, alongside the decline in target accuracy from 0.8993
to 0.8385, yielding a negative net benefit (Ω = −0.0957). Taken together, these results
support the feature flattening interpretation: in a backbone whose representations
are already strongly structured by pre-training, additional adversarial pressure can
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improve class-wise domain proximity at the cost of diluting discriminative structure,
ultimately producing negative transfer.

4.4.4 Feature compaction and semantic alignment

The t-SNE visualizations in Fig. 4 offer qualitative cues that are consistent with
DANN’s improved performance in the challenging USPS→MNIST scenario, suggesting
a pattern of feature compaction and increased source–target class proximity.

(a) (b)

(c) (d)

Fig. 4 Feature refinement (USPS → MNIST). t-SNE visualization of domain inversion. Top (Base-
line): target clusters appear dispersed and ”loose” with numerous stray points (b), indicating weak
structure. Bottom (DANN): in contrast to feature flattening, DANN is associated with feature com-

paction. Target clusters tighten visibly, and source “satellites” are pulled into closer proximity (d),
consistent with DANN’s regularizing effect in data-scarce settings.

The top row shows the baseline feature space. In Fig. 4a, source (USPS) and target
(MNIST) points form two largely separated regions, with USPS distributed around
the periphery and MNIST concentrated near the center. Fig. 4b further suggests that
several target class clusters are comparatively loose and exhibit noticeable disper-
sion, with scattered points drifting away from their main groupings. This qualitative
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pattern is consistent with the baseline target LDA of 1.4798 and the corresponding
target accuracy of 0.8160, indicating that target representations are less compact and
therefore harder to classify reliably.

The bottom row illustrates how DANN reshapes this geometry. Compared to the
baseline, Fig. 4d shows tighter, more compact target clusters, alongside increased
proximity between the USPS “satellites” and their MNIST counterparts. Importantly,
this visual tightening is supported by the quantitative rise in target LDA to 1.9090,
indicating improved class separability in the target feature space. In parallel, the
closer source–target positioning is consistent with improved alignment, reflected in
the accompanying discrepancy metrics. Together, these changes help explain the sub-
stantial target accuracy gain to 0.9488, suggesting that in this data-scarce regime
DANN acts as a constructive regularizer: it discourages diffuse, ambiguous target
representations and promotes more stable, discriminative structure.

Taken together, these visual patterns—interpreted cautiously and in conjunction
with the quantitative MMD and LDA trends—suggest that adversarial alignment may
either dilute or refine representations, depending on whether the adversarial objective
conflicts with or supports class-discriminative structure.

5 Discussion

In this work, we sought to delineate the operational limits of DANN beyond the
binary question of whether it “works.” Rather than treating adversarial alignment as
an off-the-shelf remedy for covariate shift, we isolated the conditions under which it
(i) improves generalization, (ii) becomes redundant, or (iii) induces negative transfer.
Across MNIST↔USPS, our evidence indicates that DANN’s effect is strongly situa-
tional and primarily governed by the interaction between feature-extractor capacity,
prior knowledge (e.g., pre-training), and the magnitude/direction of the shift.
Architectural constraints vs. hyperparameter refinement. A consistent empir-
ical finding is that hyperparameter tuning alone is unlikely to offset insufficient
representational capacity. The persistent failure of the Simple CNN across the explored
λ settings and α strategies suggests that when a backbone cannot learn stable class-
discriminative structure in the first place, the adversarial signal may act less as a
regularizer and more as a source of optimization interference. Conversely, the strong
performance of the ResNet18 source-only baseline under mild shift (MNIST→USPS)
challenges the assumption that explicit adaptation is universally beneficial: with
adequate capacity, robust class structure can emerge that is already tolerant to
mild covariate differences, making adversarial alignment unnecessary and sometimes
harmful.
The pre-training paradox and feature flattening. The negative transfer observed
with pre-trained ResNet18 highlights a critical failure mode: statistical alignment and
predictive utility can diverge. In this regime, extremely low MMD coexisted with
degraded target performance, while LDA dropped sharply, indicating a loss of class
separability. We interpret this pattern as feature flattening : in aggressively minimizing
domain distinguishability, the adversarial objective can collapse the rich discrimina-
tive geometry inherited from ImageNet, erasing precisely the structure that enables
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transfer. Taken together, these patterns—interpreted cautiously and supported by
the quantitative MMD and LDA trends—suggest that for pre-trained backbones, the
standard adversarial objective may undermine task discrimination by over-penalizing
domain-specific but class-informative variations.

Importantly, these outcomes (net benefit < 0) are unlikely to be explained by
checkpoint timing. Under our oracle model-selection protocol, the selected model is
the checkpoint achieving the best observed target validation accuracy, so the failure
to surpass the “source only” baseline cannot be attributed to an unfortunate stopping
epoch. Instead, the evidence supports the interpretation that the adversarial objective
itself can actively erode class separability in this setting, consistent with the feature
flattening mechanism. This feature flattening phenomenon shares similarities with
observations that fine-tuning can distort pre-trained representations [34], suggesting
that aggressive adaptation pressures may generally degrade robust features.

From a theoretical perspective [18], successful adaptation requires both minimiz-
ing source risk and reducing domain divergence without collapsing discriminative
structure.
The optimal regime: adaptation as essential regularization. Our domain inver-
sion experiments (USPS→MNIST) identify the regime in which DANN is most clearly
advantageous: high-capacity backbones operating under data scarcity, where the base-
line does not fully close the generalization gap. In this intermediate zone, adversarial
training behaves as an essential regularizer rather than a generic aligner. By sup-
pressing source-specific feature patterns that overfit the source data and produce
unstable or outlier representations when applied to the target domain, DANN can
refine decision boundaries and improve target performance when capacity is available
but source-labeled data are scarce.
Redefining alignment: semantic proximity over geometrical indistinguisha-
bility. Finally, our results motivate a practical reframing of what successful adaptation
should optimize. The best-performing configurations did not correspond to the lowest
possible MMD or to complete geometrical overlap. Instead, they approached what we
term semantic proximity : source and target clusters become compatible with shared
decision boundaries while preserving internal class-discriminative structure. This sug-
gests that the theoretical ideal of total invariance can be practically suboptimal, and
that functional alignment—reducing domain-level statistical divergence (e.g., MMD)
without collapsing class-discriminative geometry—should be the primary objective.

6 Conclusions and future work

This study delineates the practical boundaries of adversarial domain adaptation.
Across MNIST↔USPS, we showed that while hyperparameter refinement is impor-
tant for stability, it cannot compensate for insufficient representational capacity: when
the backbone fails to learn robust class-discriminative structure, adversarial training
does not reliably recover adaptation. These results position DANN not as a default
remedy for covariate shift, but as a conditional mechanism whose utility depends on
the interaction between backbone capacity, prior knowledge (e.g., pre-training), and
shift characteristics.
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Our experiments further indicate that under mild covariate shift with high-capacity
backbones, explicit adaptation can be redundant and may even be detrimental. In par-
ticular, for pre-trained models we observed a negative-transfer regime in which strong
statistical alignment coexisted with degraded target performance, consistent with a
feature flattening mechanism where adversarial pressure erodes class-discriminative
geometry. Conversely, in the inverse-shift setting characterized by source data scarcity
(USPS→MNIST), adversarial training acted as a beneficial regularizer—provided suf-
ficient backbone capacity—and yielded consistent target gains. Taken together, these
outcomes support a functional view of alignment: reducing domain-level statisti-
cal divergence without collapsing class geometry is more predictive of success than
pursuing total invariance.

Importantly, these conclusions are strengthened by our evaluation protocol. Under
our oracle model-selection protocol, the selected model is the checkpoint with the
highest target validation accuracy; therefore, reported performance drops reflect each
configuration’s best attainable target performance under this protocol rather than an
unfortunate stopping epoch. This makes a checkpoint-timing explanation unlikely and
supports the interpretation that the observed limitations arise from the interaction
between backbone capacity and adversarial pressure.

Future work will extend this analysis in three directions. First, we will evaluate
non-convolutional feature extractors, particularly Vision Transformers [33], to test
whether global attention alters susceptibility to negative transfer and feature flatten-
ing. Second, we will validate the observed dynamics on higher-variance natural image
benchmarks (e.g., CIFAR-10 [41] and STL-10 [42]) to assess robustness under greater
intra-class variability. Third, we will explore adaptive strategies that modulate adver-
sarial pressure based on online indicators of class structure (e.g., LDA trends), with
the goal of preserving class geometry while still reducing domain divergence.

Finally, we will return to the application that motivated this study: adapting phyto-
plankton classification from Scanning Electron Microscopy to Optical Microscopy. The
severity of this modality shift likely places the problem outside the regime where adver-
sarial alignment is reliably beneficial, helping to explain the limited gains observed
in practice. Building on the regimes identified here, we will revisit phytoplankton
classification using a more principled selection of adversarial pressure and adapta-
tion strategy, with the goal of improving transfer while reducing the risk of negative
transfer.
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