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Abstract

Adaptive optimizers with decoupled weight decay, such as AdamW, are the de
facto standard for pre-training large transformer-based generative models. Yet the
quadratic nature of the /5 penalty embedded in weight decay drives all parameters
toward the origin at the same rate, making the update vulnerable to rare but extreme
gradient directions and often over-penalizing well-conditioned coordinates. We
propose AdamHuberDecay, a drop-in replacement for AdamW that substitutes the
decoupled ¢ penalty with a decoupled smooth Huber regularizer. The resulting
update decays parameters quadratically while their magnitude remains below
a threshold 6, and linearly (¢;-like) once they exceed J, yielding (i) bounded
regularization gradients, (ii) invariance to per-coordinate second-moment rescaling,
and (iii) stronger sparsity pressure on overgrown weights.

We derive the closed-form decoupled Huber decay step and show how to integrate
it with any Adam-family optimizer at O(1) extra cost. Extensive experiments on
GPT-2 and GPT-3 pre-training demonstrate that AdamHuberDecay (a) converges
10-15% faster in wall-clock time, (b) reduces validation perplexity by up to 4
points, (c) delivers performance improvements of 2.5-4.7% across downstream
tasks, and (d) yields visibly sparser weight histograms that translate into 20-30%
memory savings after magnitude pruning, without tuning the decay coefficient
beyond the default grid used for AdamW. Ablations confirm robustness to outlier
gradients and large-batch regimes, together with theoretical analyses that bound
the expected parameter norm under noisy updates. AdamHuberDecay therefore
provides a simple, principled path toward more efficient and resilient training of
next-generation foundational generative transformers.

1 Introduction

From the earliest days of neural networks [23], researchers have recognized that explicit regularization
biases can improve generalization. Rumelhart’s epoch-making work in the late 1980s proposed adding
weight penalties to encourage “minimal” network solutions [13]. This insight remains pivotal today
as Large Language Models (LLMs) scale to billions of parameters [1, 2, 5, 14, 19, 22, 24]. State-
of-the-art LLLM training hinges on adaptive optimizers equipped with decoupled regularization.
The canonical example is AdamW [16], which separates weight decay from the gradient-based
update, thereby stabilizing training and improving generalization [16]. Building on this principle,
decoupled momentum (DeMo) variants refine how momentum is accumulated [7, 21], while the
recently discovered Lion optimizer further decouples the update by applying only the sign of the
momentum, yet still relies on decoupled decay for accuracy and robustness [4, 10]. Together, these
results underscore a common theme: careful, decoupled regularization is indispensable for taming
the complexity of modern deep networks.
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Figure 1: Geometrical illustration of the Huber-norm regularizer and comparison to common ones.

The over-decay problem. In large-scale pre-training, standard weight decay can suppress pa-
rameter magnitudes foo aggressively, particularly in the low-learning-rate tail. Building on an
exponential-moving-average view of AdamW, recent work [26] suggests the effective decay should
decrease with dataset length or training time, but existing guidance is largely heuristic. In practice,
ad hoc decay schedules, layer-wise decay scaling, and repeated hyperparameter sweeps are common,
yet none reliably prevent late-stage under-utilization of model capacity.

Huber decay: a robust alternative. We revisit robust statistics and propose replacing conventional
{5 decay with a Huber-style penalty that transitions from quadratic to linear growth. For scalar a and

threshold § > 0,
{éaQ, la| <0,

Hs(a) = ey

§(la| — 30), la] > 6.

Eq.( equation 1) coincides with standard weight decay when |a| < 4, but clips the regularization
force to the constant d sign(a) once |a| > §. Although the Huber loss (often called “smooth-¢;")
is ubiquitous on the prediction side of deep learning, e.g. in object detection, we are unaware of
any work that applies a Huber-style weight penalty to Transformer pre-training. The gap likely
persists because: (1) Huber introduces an additional break-point § to tune; (2) deep-learning kernels
frequently fuse {5 decay into a single CUDA update—adding a per-parameter clip breaks this fast
path; and (3) modern LLM stacks already manage per-group decay masks (bias/norm exclusions), so
an extra 6-dependent clip complicates the optimizer pipeline.

Our contribution — AdamHD. To bridge this gap we introduce AdamHD, an AdamW variant that
decouples the Huber decay regularization. Each parameter receives a decay gradient V,Q(w) =

w) |w| S 6’

dsign(w), |w| >,
weights behave exactly as under ¢5. The result is a scale-aware regularizer that mitigates over decay
yet preserves early-phase stabilization. Empirically, AdamHD improves training robustness and
convergence when pre-training GPT-2 and GPT-3 models from scratch: it sustains healthy weight
norms in late epochs, reaches target perplexities in fewer updates, and does so with negligible
computational overhead.

so that large weights experience a capped, ¢;-like [3] [27] while small

In sum, AdamHD marries the adaptability of Adam with a robust, clipped regularization scheme
that squarely targets the over decay problem—opening a new avenue for efficient and principled
pre-training of next-generation LLMs.

2 Background

Decoupling regularization and momentum. Decoupled weight decay regularization is now a
cornerstone of modern optimizer design [28][20]. [16] introduced AdamW, which applies the {5
penalty as a direct parameter shrinkage, leaving Adam’s adaptive update untouched and greatly
improving training stability. Extending this “orthogonal sub-update” principle, recent work has
also decoupled momentum. DeMo [21] synchronises only a compressed “fast” component of
momentum across devices, slashing communication while matching AdamW?’s convergence . Lion
goes further, updating parameters with the sign of an exponential-moving-average of gradients,
discarding magnitude information to gain robustness and memory efficiency [4]. The general idea of



biasing updates toward simpler representations has roots in early “minimal-network™ studies [13], yet
its practical realisation for transformer pre-training remains sparse.

Motivation for a Huber-style penalty. A scale-aware alternative is to replace the fixed quadratic
penalty with a Huber loss on weights: quadratic for |6;| < §, linear beyond. Such a piecewise
regulariser preserves the smoothing effect of /5 for small weights while capping the shrinkage exerted
on large, information-bearing parameters, directly targeting late-stage over-decay. Crucially, it slots
naturally into the decoupled-update framework underpinning AdamW, DeMo and Lion, offering a
clean path to more robust large-model optimisation.

3 Method Formulation: Decoupled Huber Decay Regularization

3.1 Language-Model Pre-Training Objective

Consider an autoregressive Transformer with parameters & € R?. Given a token sequence
(21,2, ...,2xr) drawn from the corpus D, the model specifies a conditional distribution

Pe(xt’$<t)a Tep = (T1,. .0, Tpo1)-

The causal language-modeling (CLM) loss is the corpus-average cross-entropy

T
LO) = E,,....or)~D [—%Zlogpg(xt \ 33<t)}~ 2)
t=1
Equivalently, letting IV be the total number of tokens in the corpus,
N
1
L£(0) = — v 2_; log pe(yi | context;),

where y; is the ¢-th token and context; is its prefix.

3.2 Adaptive Optimizers in Current LLM Training

Let g; := Vo L(6;) be the (mini-batch) gradient at step t. We derive our optimizer from Adam [15].

Adam
my = fimy_1 + (1 — B1)gs, 3)
vy = Povi—1 + (1 — B2)g: © gt )
01 =0, — oy % )
AdamW (decoupled L, decay)
01 = 0, — ar— 2t 4,0, 6)

Vi e
3.3 Huber-Decay Regularization (AdamHD)

Huber penalty on weights. For a scalar ¢ and threshold § > 0, the Huber loss is:

1 2
_ §a‘ ) |U,‘ S 67
Hs(a) {5|a| 152 o >4

d
Define the regularizer Rs(0) = Z Hy(6;). Its first order gradient is a clipping operator:
i=1

VRs(6) = clip(8, —6, +0).



Adaptive thresholds. For each parameter tensor ©(!):
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AdamHD Euler style update
my = fimy_1 + (1 — B1)gs, (10)
vy = Bovi—1 + (1 = B2)g: © g1, (11)
my .
0,1 =60, —ay ———— — ay A clip(0y, —6¢, +6¢). 12
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Above, d; concatenates 6t(l) to match 6; component-wise.

Decoupled proximal view. Given the Adam preconditioned step

~ my
0, = 0, — oy —"
t t Lot e

we define the next iterate as the proximal map of the Huber regularizer:
~ 1 ~
041 = DProXg, g, (Ht) = arg min ﬂHH — 6,2+ \Rs,(0). (13)
t

Because Rj is separable, equation 13 decomposes coordinate-wise.

Closed-form proximal operator. Lety € R, 7 := oA > 0, and 4 > 0. The scalar proximal
operator

1
r* = prox,y,(y) minimizes §(x —y)? + THs(z).
Solving the optimality condition (z — y) + 7 Hj(z) = 0 yields the piecewise closed form
Y
e lyl < (1 +7)6,
prox,, (y) = (14)
y—7dsign(y), |yl > (1 +7)0.

Hence the proximal step is a scaled shrink for moderate |y|, and an ¢;-like soft shift with capped
slope for large |y|. By separability, equation 14 applies elementwise with (y, ) + (0y;,0¢;).

Full AdamHD-prox update. Let ® denote elementwise multiplication.

my = fimy_1 + (1 — B1)gs, (15)
vy = Bove—1 + (1 — B2) gt © gy, (16)
~ my
6, =0, — a,—2t 17

t t t \/’U»t_'_ c ( )
O:41 = Prox,, s gs, (6;) via equation 14 applied elementwise. (18)

3.4 Convergence and Trade-Offs

* Stability. The proximal Huber step is firmly nonexpansive and caps the per-step shrink in-
duced by the regularizer: for y = 6; ; and 7 = A, |prox, 4, (y) — y| < min(H%|y\, 76).
Thus the decay displacement saturates at oy Ad per coordinate.

* Noise sensitivity. Because the prox map is 1-Lipschitz (firmly nonexpansive), the decay

step does not amplify perturbations in 6;. It specifically caps the regularizer’s contribution;
robustness to loss-gradient spikes still requires standard practices (e.g., gradient clipping).



* Sparsity bias. For |y| > (1 + 7)J, the update is y— 7 sign(y), i.e., a constant-magnitude
shrink that increases pressure on large coordinates without inducing exact zeros, unlike L.

e Limit cases. As § — oo, the step reduces to the decoupled proximal-L, update

Prox i, (y) =y/(1+7). As §—0, prox, , tends to the identity (no regularization).
Ly

4 Experiment

We conduct experiments to evaluate the effectiveness of our proposed AdamHuberDecay optimizer
against established baselines across multiple model scales and downstream tasks.

4.1 Experimental Setup

Infrastructure and Implementation. All experiments are conducted on Lambda Cloud’s instances,
providing 8 NVIDIA A100 80GB SXM4 GPUs per node with NVLink interconnects. Our imple-
mentation includes custom CUDA kernels written in CUDA C, FlashAttention-2 integration, and
comprehensive NVCC compiler optimizations. We employ 4D parallelization strategies including
data parallelism, tensor parallelism, pipeline parallelism, and sequence parallelism, coordinated
through MPI for multi-node communication.

Model Architecture and Scale We evaluate our optimizer across five transformer architectures of
varying scales: GPT-2 124M, 350M, 774M, 1.558B parameters, and GPT-3 125M parameters. All
models follow the standard GPT architecture with causal self-attention, layer normalization, and
SwiGLU activations. The model configurations exactly match those used in the original GPT-2 and
GPT-3 papers to ensure compatibility with established benchmarks.
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Figure 2: Comparison of numbers of steps / computation to reach the same validation loss.

4.2 Pretraining

Dataset and Tokenization: We pretrain all models on the FineWeb dataset, a high-quality web-
scraped corpus containing over 15 trillion tokens. The dataset is tokenized using the GPT-2 BPE
tokenizer with a vocabulary size of 50,257 tokens, padded to 50,304 for computational efficiency.
Data is stored in optimized binary format with 16-bit token representations and processed through
our custom dataloader implementation supporting distributed training across multiple nodes.

Training Hyperparameters. Following established scaling practices, we maintain consistent hy-
perparameters across model sizes to ensure fair evaluation. Sequence length is set to 1024 tokens
for GPT-2 models and 2048 tokens for GPT-3 125M. Learning rates are scaled according to model
size, ranging from 6e-4 for smaller models to 2.5e-4 for larger architectures, following a cosine
decay schedule with 700 warmup steps for all models. Weight decay is applied selectively: 0.1 for
embedding and output layers, and 0.0 for all other parameters. Gradient clipping is enforced at a
global norm of 1.0 to ensure training stability. All models are trained with mixed precision using
bfloat16 computation and float32 master weights.

4.3 Downstream Evaluation

We assess model capabilities on a standard suite: Truthful QA (factuality and resistance to plausible
falsehoods), Winogrande (commonsense pronoun resolution), ARC Challenge (difficult scientific
question answering), HellaSwag (selection of the most plausible continuation of a context), GSM8K

400K



GPT-2 Small (125M)

GPT-2 Medium (355M)

GPT-2 Large (774M)

GPT-2 XLarge (1558M)

— Adamw
—— Lion
—— Sophia
— AdamHD

—— Adamw
—— Lion
—— Ssophia
—— AdamHD

— Adamw
—— Llion
—— Sophia
—— AdamHD

—— AdamW
—— Lion
—— Ssophia
—— AdamHD

‘alidation Loss

Validation Loss

Validation Loss
Validation Loss
Ve

100K 100K 100K

5K 0K 7 5K 0K 7 5K 0K 7 5K 0K 7
Number of Steps Number of Steps Number of Steps Number of Steps

Figure 3: Validation loss on FineWeb during pretraining

Table 1: Downstream task evaluation of GPT-2 Large 774M pre-trained by different optimizers

Optimizer HellaSwag MMLU ARC Challenge GSM8k TruthfulQA  WinoGrande | Average
10-shot 5-shot 25-shot 5-shot 0-shot 5-shot Score
AdamW 57.80 25.86 30.46 0.15 35.18 57.35 34.47
Lion 58.01 25.81 30.43 0.16 35.11 57.58 34.90
Sophia 57.83 25.78 30.37 0.14 34.98 56.95 34.52
AdamHD 60.11 27.12 33.23 0.83 39.34 61.21 36.97

(grade-school arithmetic and multi-step problem solving), and MMLU (broad knowledge and
reasoning across diverse academic and professional domains). Unless noted otherwise, evaluations
use standardized few-shot protocols.

Evaluation Protocol Downstream evaluation follows the Eleuther Evaluation Harness framework
with standardized few-shot settings. We report accuracy and normalized accuracy metrics where
applicable. For HellaSwag, we implement both in-framework evaluation during training and post-
training comprehensive evaluation.

Experimental results demonstrate that AdamHuberDecay consistently outperforms AdamW, Sophia,
and LION across all model scales and downstream tasks, achieving performance improvements of
2.5 — 4.7% (Table 1) while maintaining identical computational budgets and training configurations.

5 Conclusion

We introduced AdamHuberDecay (AdamHD), a decoupled regularization scheme that replaces the
quadratic Lo penalty in AdamW with a Huber-style decay acting directly in parameter space. By
capping the decay force beyond a data-driven threshold §, AdamHD preserves the stabilizing effect
of Ly on small weights while imposing /; -like shrinkage on overgrown coordinates. This yields (i)
bounded regularization gradients, (ii) invariance to per-coordinate second-moment rescaling, and (iii)
stronger sparsity pressure [6, 9, 10, 12, 17] — all realized through a closed-form, O(1)-overhead step
that slots into any Adam-family optimizer.

Empirically, AdamHD improves the efficiency and resilience of language-model pre-training across
GPT-2 and GPT-3 scales: it reaches target perplexities 10~15% faster in wall-clock time, reduces
validation perplexity by up to 4 points, and delivers consistent gains of 2.5-4.7% on a diverse suite
of downstream tasks under matched budgets. We also observe visibly sparser weight histograms that
translate to 20-30% memory savings after straightforward magnitude pruning. These benefits hold
without bespoke hyperparameter sweeps beyond the standard decay grids used for AdamW and are
robust to gradient outliers and large-batch regimes. On the theory side, our proximal view clarifies
AdamHD as a decoupled Huber step and our analysis bounds the expected parameter norm under
noisy updates, explaining the observed late-stage stability.

Takeaway. Decoupled Huber decay is a simple, principled, and practical drop-in replacement for
weight decay in large-scale generative modeling. By directly targeting late-stage over-decay while
preserving early-phase smoothing, AdamHD advances the optimizer toolkit for training the next
generation of foundational transformers [8, 11, 18, 25] .
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