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lighting and backgrounds challenge
Invariant feature extraction.

- Spurious Correlations: Models can
latch onto domain-specific cues.

- Label Noise: High mislabeling (8—
38.5%) In real-world datasets
further degrades performance.
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onan S scale language model for domain-
Invariant constraints.

- Proposed a weighted loss that adjusts
sample’s contribution by 1ts NLP
anchor similarity.

- Demonstrated superior performance
on multiple domain generalization
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> benchmarks with injected noise.
- NLP Anchor Alignment: e — . 5
Meth OdOlOgy Removing semantic anchors .
deprives the model of critical g
NLP Anchor Setting Algorithm 1 Training Outling for A™V external guidance = forces the W ol
Require: Dataset D with classes {1,...,C}, hyperparame- feature extractor to rely Solely o | O8]

- Computing semantic anchors
using CLIP as text encoder. "
The anchors are then stacked
- - 3: Warm-up Training:

Into an anchor matrix and are .. for 10% of steps do

used to initialize a set of e 106, 40)} from D
i} ) - warm-up
linear projectorsthatmap = end for

- 5 8: aln alning.:

image features into the SAMEe o for step < 1 to nsteps do

semantic space 10:  Sample mini-batch {(x;,v;)} from D

11:  if condition for maplayer update is met then

ters A\, 7,. ..

Initialize: featurizer f(-), classifier g(-), empty mapping
layers { Proji, ..., Proj.}

. Set NLP anchors: {a;,...,a.} via CLIP)

on internal cues.

- Adaptive Weighting: Switching
from dynamic, softmax-based o - ((.1;:
welights to uniform weighting
—> disrupts the model’s ability
to prioritize cleaner samples.
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Discussion and Futrue Work
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end for

classifier to improve classifi-
cation performance using the combined loss of the weighted
alignment and cross-entropy. During inference, the exponential
moving average (EMA) network, initialized as a deep copy of
the primary network, Is employed to produce predictions.

Mapping Layer Optimization

- Each class Is assigned a trainable mapping layer, which projects
feature embeddings into the NLP anchor space. The mapping layers

are updated iteratively using our weighted loss function.

~10% runtime =2 scaling to many classes is challenging.
- Dynamic Anchors: Replace fixed text embeddings with
adaptive, evolving anchors to enhance visual-text alignment.
- Domain-Aware Prompts: Tallor text descriptions to specific
domain characteristics for improved adaptation.
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