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Hyper Parameters. We implement our framework in
PyTorch [3] and select hyperparameters through cross-
validation. We leverage SisPCA [4] to extract the orthog-
onal subspaces in our method, using a kernel bandwidth
of σ = 80. Table 1 reports the hyperparameters for the
PovertyMap, RCF-MNIST, and dSprites datasets.

Dataset PovertyMap RCF-MNIST dSprites
Learning rate 1× 10−4 5× 10−4 1× 10−3

Weight decay 1× 10−5 5× 10−5 5× 10−5

Scheduler Cosine decay StepLR Cosine decay
Batch size 64 128 256

Table 1. Hyperparameters used for different datasets in the LDSC
framework.

Ablation on Lambda. To demonstrate the impact of the
learning rate and λLDSC on Average RMSE performance, we
consider the dSprites dataset [2] and vary λLDSC values
while training the LDSC framework. Results are reported
below.

Method λldsc Average RMSE

• LDSC (ours) 1× 10−3 1.239
• LDSC (ours) 1× 10−1 0.263
• LDSC (ours) 1 1.122

Table 2. Ablation on λldsc values for the dSprites dataset.
A moderate weighting (λldsc = 10−1) achieves the best perfor-
mance.

Ablation study on µ. controlling the HSIC regulariza-
tion strength in the LDSC framework. We consider the
dSprites dataset[2] to report its results. Results are re-
ported in Tab. 3 Ablation study on µ. controlling the HSIC
regularization strength in the LDSC framework. We con-
sider the PovertyMap dataset [5] to report its results. Re-
sults are reported in Tab. 3
Ablation Study on d1, d2. We conduct an ablation study
to analyze the impact of different choices of d1 and d2
on the performance of the LDSC framework. Using the
SkillCraft dataset [1], we evaluate the framework with

Method µ Average RMSE

• LDSC (ours) 0.1 1.301
• LDSC (ours) 0.4 0.774
• LDSC (ours) 0.5 1.847
• LDSC (ours) 1 1.772

Table 3. Ablation study on µ, controlling the HSIC regulariza-
tion strength in the LDSC framework. We use the PovertyMap
dataset.

various values of d1 and d2, measuring the average RMSE
for each setting. The results, presented in Tab. 4, highlight
the sensitivity of the framework to these dimensions.
Ablation Study on d1, d2. We conduct an ablation study
to analyze the impact of different choices of d1 and d2
on the performance of the LDSC framework. Using the
PovertyMap dataset [5], we evaluate the framework with
various values of d1 and d2, measuring the average RMSE
for each setting. The results, presented in Tab. 4, highlight
the sensitivity of the framework to these dimensions.

Method d1 d2 Average RMSE

• LDSC (ours) 5 10 1.445
• LDSC (ours) 2 5 1.479
• LDSC (ours) 5 5 0.774
• LDSC (ours) 10 5 1.645

Table 4. Ablation study on d1 and d2 in the LDSC framework
using the PovertyMap dataset.

Ablation study on learning rate. We perform an ablation
study on the impact of the learning rate on the LDSC frame-
work. We consider the PovertyMap dataset [5] and train
the LDSC framework with different learning rates. Results
are reported in Tab. 5.
Ablation Study - Learning rate . We analyze the impact of
the learning rate on the loss function formulation. Results
are reported in Fig. 1. For this experiment, we analyze the
impact of the learning rate using the RCF-MNIST dataset
and its effect on the test mean square error. We observe that
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Method Learning rate Average RMSE

• LDSC (ours) 1e− 5 1.312
• LDSC (ours) 1e− 4 1.986
• LDSC (ours) 1e− 3 0.774
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Table 5. Ablation study on learning rate used in the loss formula-
tion of the LDSC framework with the PovertyMap dataset.
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Figure 1. Impact of the learning rate on the test mean square error.
We consider the RCF-MNIST dataset and experiment settinng.

1× e−3 is the optimal learning rate for our experiments.
Ablation Study on LoRA Rank. We further conduct an
ablation study to analyze the impact of the LoRA rank on
the performance of the LDSC framework. We vary the rank
parameter r while keeping all other hyperparameters fixed,
and evaluate on the PovertyMap [5] dataset. As shown in
Tab. 6, a moderate rank (r = 8) achieves the best trade-off
between model capacity and generalization, while both very
small and very large ranks lead to degraded performance
due to under- and over-parameterization, respectively.

Method LoRA Rank r Average RMSE

• LDSC (ours) 2 1.428
• LDSC (ours) 4 0.921
• LDSC (ours) 8 0.774
• LDSC (ours) 16 1.107
• LDSC (ours) 32 1.589

Table 6. Ablation study on the LoRA rank in the LDSC frame-
work using the PovertyMap dataset. A moderate rank (r = 8)
achieves the best performance.
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