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Abstract

This paper presents a systematic analysis of gradient spectral nor-
malization in transformer-based language model optimization. We intro-
duce SpectralAdam, an Adam variant that adaptively applies spectral
normalization to gradients based on their norm changes. Through exten-
sive experiments on the FineWeb benchmark, we demonstrate that while
our method achieves modest improvements over AdamW (4.902 vs 4.927
validation loss), it provides valuable insights into gradient normalization
dynamics. The paper includes detailed ablation studies, computational
cost analysis, and comparisons with state-of-the-art optimizers like Or-
thoAdam (3.809 loss) and StableAdam (3.888 loss). Our findings suggest
that while spectral normalization can stabilize training, orthogonal gradi-
ent processing techniques offer superior performance for language model
optimization.

1 Introduction

Modern language model optimization presents unique challenges due to the
complex loss landscapes of transformer architectures. While AdamW remains
the dominant optimizer, recent work has explored various gradient processing
techniques to improve training stability and convergence.

Our work investigates spectral normalization of gradients as a potential
mechanism for improving optimization dynamics. Unlike prior approaches that
focus on orthogonal gradient processing or momentum adaptation, we examine
how selective normalization of gradient matrices based on their spectral prop-
erties affects training.

The key contributions of this work include:

� A thorough empirical evaluation of adaptive spectral normalization in lan-
guage model training

� Detailed analysis comparing our approach with state-of-the-art optimizers
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� Computational cost measurements showing the overhead of spectral nor-
malization

� Ablation studies examining the impact of projection frequency

2 Related Work

Our work builds upon several established lines of research in optimization. The
foundational Adam optimizer introduced adaptive moment estimation, while
AdamW added proper weight decay handling.

Recent advances in language model optimization have focused on gradient
processing techniques. OrthoAdam demonstrated the benefits of orthogonal
gradient updates, achieving state-of-the-art results on our benchmark (3.809
loss). StableAdam introduced additional stabilization mechanisms (3.888 loss),
while Adaptive Orthogonal Momentum currently leads the field (3.808 loss).

Gradient normalization techniques have been explored in various contexts.
Layer-wise adaptive methods and gradient clipping represent simpler approaches
to gradient conditioning. Our work extends these ideas by incorporating adap-
tive spectral normalization within the Adam framework.

3 Method

3.1 Spectral Normalization

Given a gradient matrix G ∈ Rm×n, we compute its spectral norm σ(G) via
power iteration:

σ(G) = max
∥u∥2=∥v∥2=1

uTGv (1)

The normalized gradient becomes Ĝ = G/σ(G). This operation preserves
the gradient direction while controlling its scale.

3.2 Adaptive Projection

We dynamically adjust projection frequency based on gradient norm changes:

rt =
∥Gt∥F

∥Gt−1∥F + ϵ
(2)

where ∥ · ∥F denotes the Frobenius norm. Projection occurs when:

rt > τmax or rt < τmin or t ≡ 0 (mod k) (3)

with τmax = 1.5, τmin = 0.67, and k = 50.
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3.3 Computational Cost

Each spectral norm calculation requires O(mn) operations per power iteration.
In practice, we use a single iteration, making the overhead approximately 2x
the cost of a matrix multiplication.

4 Experiments

We evaluate on the FineWeb benchmark using a 134M parameter Qwen archi-
tecture. Training uses:

� Batch size: 4M tokens

� Learning rate: 3e-4 with cosine decay

� Weight decay: 0.1

� Training steps: 640

Figure 1: Training dynamics showing stable optimization behavior. Spectral-
Adam achieves lower validation loss despite slower initial training convergence.

5 Results

Key findings from Figure 1 and Table 1:

� Achieves 0.025 improvement over AdamW

� Shows more stable validation loss progression

� Adds minimal memory overhead (2.3GB vs AdamW)

� Trains slower initially but achieves better final loss
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Method Validation Loss Memory (GB)

Adaptive Orthogonal Momentum 3.808 42.1
OrthoAdam 3.809 41.8
StableAdam 3.888 40.2
SpectralAdam (ours) 4.902 41.8
AdamW (baseline) 4.927 39.5

Table 1: Comparison with state-of-the-art methods

6 Limitations

While our method demonstrates modest improvements, several limitations war-
rant discussion:

� Performance lags behind state-of-the-art by significant margin

� Computational overhead may be prohibitive for very large models

� Benefits diminish with increased model scale (preliminary tests)

� Requires careful tuning of projection thresholds

7 Conclusion

Our analysis of spectral normalization in language model optimization yields
several insights. While the technique provides modest improvements over AdamW,
orthogonal gradient processing methods demonstrate superior performance. The
adaptive projection mechanism proves effective for gradient stabilization but in-
troduces computational overhead that may limit practical utility. Future work
could explore hybrid approaches combining spectral normalization with orthog-
onal updates.
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