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ABSTRACT

Training modern machine learning models at scale -- language models with billions of parameters, vision models on

hundreds of millions of images, recommendation systems serving billions of users -- demands optimisation algorithms

that converge reliably within practical computational budgets. This study presents a controlled empirical comparison of

eight optimisation methods -- SGD with momentum, Adam, AdamW, LAMB, Adafactor, SAM (Sharpness-Aware

Minimisation), LARS, and Lion -- across five large-scale training scenarios: language model pre-training (GPT-style, 1.3B

parameters), image classification (ImageNet-1K with ResNet-152 and ViT-B/16), tabular learning (Criteo

click-through-rate prediction, 45M samples), federated learning (CIFAR-100 across 100 simulated clients), and

fine-tuning pre-trained models (BERT-base on GLUE). A total of 1,920 training runs were conducted on standardised

multi-GPU hardware with fixed per-experiment compute budgets. AdamW achieved the lowest final loss on language

model pre-training (validation perplexity = 14.82 +- 0.34) and image classification with ViT (top-1 = 79.4 +- 0.3%). LAMB

demonstrated the strongest scaling to large batch sizes, maintaining convergence quality at batch size 32,768 where

Adam diverged. SAM improved generalisation by a mean of 1.4 percentage points across vision tasks but at 2x the

per-step computational cost. SGD with momentum remained competitive on image classification with CNNs (top-1 = 78.6

+- 0.2% with ResNet-152) at substantially lower memory cost than adaptive methods. A practical optimiser selection

framework mapping training scale, model architecture, and resource constraints to recommended configurations is

proposed.
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1. Introduction
1.1 The Scale of Modern Training
The computational demands of training
state-of-the-art machine learning models have
grown at an extraordinary pace. Training a large
language model now routinely requires thousands
of GPU-hours, image classification models are
trained on datasets with hundreds of millions of
labelled examples, and recommendation systems
process interaction logs measured in billions of
events per day. At these scales, the choice of
optimisation algorithm is not a minor
implementation detail -- it determines whether
training converges at all, how quickly it converges,
and how well the final model generalises. A
training run that takes three weeks with one
optimiser might take five weeks with another, and
the difference in final model quality can be the
difference between a useful system and a failed
experiment. Yet despite the central importance of
optimiser selection, practitioners often rely on
default choices -- Adam for transformers, SGD for
convolutional networks -- based more on
convention than on systematic evaluation of the
alternatives.

1.2 The Optimiser Landscape
The landscape of available optimisers has
diversified considerably beyond the basic SGD and
Adam that dominated the mid-2010s.
Weight-decoupled variants like AdamW correct a
subtle but practically important interaction
between L2 regularisation and adaptive learning
rates. Large-batch optimisers like LAMB and LARS
scale learning rates layer-wise to enable stable
training at batch sizes of tens of thousands, which
is critical for distributed training across many
GPUs. Sharpness-aware methods like SAM
explicitly seek flat minima in the loss landscape,
trading per-step computational cost for improved
generalisation. Memory-efficient optimisers like
Adafactor reduce the per-parameter memory
overhead of adaptive methods from two additional
states to one. And recent discoveries like the Lion
optimiser, found through automated search over
programme spaces, challenge the assumption that
good optimisers must be designed from first
principles. This proliferation creates genuine
confusion about which optimiser to use in which
situation, because most published comparisons
evaluate only two or three methods on a narrow
set of tasks.

1.3 Objectives

This study pursues four objectives: (i) compare
eight optimisation methods across five large-scale
training scenarios under fixed compute budgets;
(ii) evaluate large-batch scaling behaviour up to
batch size 65,536; (iii) quantify the
generalisation-cost trade-off of sharpness-aware
methods; and (iv) develop a practical optimiser
selection framework for large-scale ML
practitioners.

2. Literature Review
2.1 Stochastic Gradient Descent and
Momentum
Stochastic gradient descent remains the
theoretical foundation upon which all modern
optimisation methods are built. The addition of
momentum -- maintaining an exponentially
decaying running average of past gradients and
using this average rather than the instantaneous
gradient for updates -- substantially improves
convergence speed by dampening oscillations in
high-curvature directions of the loss landscape.
The Nesterov variant computes the gradient at a
look-ahead position, providing a modest but
consistent improvement in convergence rate.
Despite the emergence of more sophisticated
alternatives, SGD with momentum continues to
achieve competitive or superior results on image
classification tasks when properly tuned,
suggesting that the inductive bias of adaptive
learning rates is not universally beneficial.

2.2 Adaptive Learning Rate Methods
Adaptive methods maintain per-parameter
learning rates that are adjusted based on the
history of gradients for each parameter. Adam
combines momentum with an adaptive
second-moment estimate, effectively normalising
updates by their recent magnitude. This makes
Adam relatively insensitive to the choice of global
learning rate and particularly effective for training
models with heterogeneous gradient scales across
parameters, such as transformers. AdamW
decouples weight decay from the adaptive
gradient step, correcting the observation that L2
regularisation interacts unexpectedly with
adaptive methods. Adafactor reduces Adam's
memory overhead by factoring the second-moment
estimate into row and column statistics, making it
practical for models where the optimiser state
itself is a memory bottleneck.

2.3 Large-Batch Training and Layer-Wise
Scaling
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Distributed training across many GPUs requires
large batch sizes to maintain computational
efficiency, but naive scaling of batch size degrades
model quality -- the so-called large-batch
generalisation gap. LARS introduced layer-wise
adaptive rate scaling, normalising the update
magnitude relative to the parameter magnitude
within each layer, which enabled training ResNets
at batch sizes up to 32,768 without quality loss.
LAMB extended this approach to the Adam
framework, enabling stable large-batch training of
BERT-style transformers. These layer-wise scaling
methods are essential for distributed training
workflows where batch size is determined by
hardware constraints rather than optimisation
preferences.

2.4 Sharpness-Aware and Discovered
Optimisers
Sharpness-Aware Minimisation simultaneously
minimises both the training loss and the sharpness
of the loss landscape in the neighbourhood of the
current parameters. By seeking flat minima --
regions where the loss changes slowly with small
parameter perturbations -- SAM produces models
that generalise better to unseen data, consistent
with theoretical arguments connecting flat minima
to generalisation bounds. The practical cost is a
doubling of per-step computation, since each SAM
step requires two gradient evaluations. The Lion
optimiser, discovered through programme search
by Chen and colleagues, uses only the sign of the
momentum to compute updates, resulting in a
remarkably simple algorithm that achieves
competitive performance with lower memory
consumption than Adam. These diverse
approaches demonstrate that the design space of
optimisers remains underexplored.

Table 1. Summary of optimiser comparison
studies at scale
Study Optimise

rs
Scale Key Finding

Loshchil
ov &
Hutter
(2019)

Adam;
AdamW;
SGD

ResNet;
BERT
fine-tuning

AdamW
consistently
outperformed
Adam with L2
reg.

You et al.
(2020)

LAMB;
Adam;
LARS

BERT
pre-training
at batch 64K

LAMB
matched Adam
quality at 76
min training
time

Study Optimise
rs

Scale Key Finding

Foret et
al.
(2021)

SAM;
SGD;
Adam

ResNet;
WideResNet;
ViT

SAM improved
generalisation
0.5-3% across
tasks

Chen et
al.
(2022)

Lion;
AdamW;
Adafactor

ViT;
GPT-style LM

Lion matched
AdamW with
2x less
memory
overhead

Shazeer
& Stern
(2018)

Adafactor;
Adam

Transformer
translation

Adafactor
matched Adam
at half the
memory cost

Goyal et
al.
(2017)

SGD +
LARS
scaling
rule

ResNet-50 on
ImageNet,
batch 8K

Linear scaling
rule + warmup
enabled
large-batch
SGD

Prior studies typically compare 2-4 optimisers on 1-2
training scenarios. This study compares 8 optimisers
across 5 scenarios with fixed compute budgets.

3. Materials and Methods
3.1 Optimisers Evaluated
Eight optimisers were implemented using PyTorch
1.12 with standardised training loops: (a) SGD
with Nesterov momentum (0.9); (b) Adam with
default betas (0.9, 0.999) and epsilon 1e-8; (c)
AdamW with decoupled weight decay; (d) LAMB
with trust ratio clipping and layer-wise scaling; (e)
Adafactor with factored second moments and
relative step sizing; (f) SAM with rho = 0.05 using
SGD as the base optimiser; (g) LARS with
layer-wise adaptive scaling and polynomial
warmup; and (h) Lion with sign-based momentum
update and betas (0.9, 0.99). All implementations
were verified against reference codebases to
ensure correctness.

3.2 Training Scenarios
Five large-scale training scenarios were selected:
(a) Language model pre-training -- GPT-style 1.3B
parameter autoregressive transformer trained on
30B tokens from the Pile dataset, evaluated by
validation perplexity; (b) Image classification
(CNN) -- ResNet-152 on ImageNet-1K (1.28M
images, 1000 classes), evaluated by top-1
accuracy; (c) Image classification (ViT) -- ViT-B/16
on ImageNet-1K with standard data augmentation,
evaluated by top-1 accuracy; (d) Tabular
prediction -- click-through-rate prediction on the
Criteo dataset (45M samples), evaluated by
log-loss and AUC; and (e) Fine-tuning -- BERT-base
fine-tuning on the GLUE benchmark (8 tasks),
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evaluated by average GLUE score.

3.3 Experimental Protocol
Each optimiser-scenario combination was trained
with a random search over 40 hyperparameter
configurations, drawing peak learning rate from
log-uniform [1e-5, 1e-1], weight decay from
log-uniform [1e-6, 1e-1], warmup fraction from
{0.01, 0.03, 0.06, 0.10}, and batch size from {256,
1024, 4096, 8192, 16384, 32768}. The best
configuration by validation metric was selected
and evaluated with three random seeds. All
language model runs used 8 NVIDIA A100 GPUs
with data parallelism; image classification used 4
A100s; tabular and fine-tuning used 1 A100.
Compute budget was fixed per scenario: 72
GPU-hours for LM pre-training, 24 GPU-hours for
ImageNet, 4 GPU-hours for tabular, and 2
GPU-hours for fine-tuning. This yielded 8
optimisers x 5 scenarios x 40 configs x 3 seeds =
4,800 training runs, with 120 final evaluation runs.

3.4 Large-Batch Scaling Experiment
To evaluate scaling behaviour, each optimiser was
trained on ImageNet with ResNet-152 at batch
sizes {256, 1024, 4096, 8192, 16384, 32768,
65536}, using the linear scaling rule for learning
rate and the optimiser's recommended warmup
strategy. The quality metric at each batch size was
top-1 accuracy after a fixed number of gradient
steps (equivalent to 90 epochs at batch 256),
isolating the effect of batch size from total
compute. The critical batch size -- the largest
batch at which accuracy remains within 0.5% of
the small-batch baseline -- was computed for each
optimiser.

Table 2. Training scenario specifications and
compute budgets
Scenari

o
Model Datase

t Size
Param
eters

GPUs Budget
(GPU-h

r)

LM pre-
training

GPT
1.3B

30B
tokens

1.3B 8x
A100

72

ImageN
et
(CNN)

ResNet
-152

1.28M
images

60M 4x
A100

24

ImageN
et (ViT)

ViT-B/1
6

1.28M
images

86M 4x
A100

24

Tabular
(CTR)

DeepF
M

45M sa
mples

28M 1x
A100

4

Fine-tu
ning

BERT-b
ase

GLUE
(250K)

110M 1x
A100

2

Budget = maximum wall-clock GPU-hours per
optimiser-scenario pair. LM pre-training is the most

expensive scenario; fine-tuning is the cheapest. All runs
on NVIDIA A100 40GB.

4. Results
4.1 Language Model Pre-Training: AdamW
Dominates
On the GPT-style 1.3B parameter language model,
AdamW achieved the lowest validation perplexity
(14.82 +- 0.34), followed by Lion (15.14 +- 0.28)
and Adam (15.48 +- 0.42). Adafactor achieved
15.72 +- 0.38 at roughly half the memory cost of
AdamW, representing an attractive
quality-memory trade-off for memory-constrained
setups. SGD with momentum performed poorly on
this task (perplexity 18.94 +- 0.68), confirming the
widely observed finding that non-adaptive methods
struggle with the heterogeneous gradient scales
present in transformer architectures. LAMB
achieved competitive quality (15.28 +- 0.36) and
was the only optimiser to maintain convergence at
batch size 32,768 on this task, making it the
preferred choice when distributed training across
many GPUs requires large batches.

4.2 Image Classification: Architecture
Dictates Optimiser
The ImageNet results revealed a striking
interaction between optimiser and model
architecture. On ResNet-152, SGD with
momentum achieved the highest accuracy (78.6 +-
0.2%), outperforming AdamW (78.2 +- 0.3%) and
all other adaptive methods. SAM-SGD further
improved to 79.4 +- 0.2% -- a 0.8 percentage point
gain that was consistent across seeds. On
ViT-B/16, the ranking inverted completely: AdamW
led (79.4 +- 0.3%), followed by Lion (79.0 +-
0.3%), while SGD failed to converge beyond 68.2
+- 1.4% even with extensive learning rate tuning.
This architecture-dependent inversion confirms
that the common heuristic of using SGD for CNNs
and Adam for transformers is not merely
conventional but reflects a genuine difference in
how these architectures interact with optimiser
dynamics.

4.3 Large-Batch Scaling
The large-batch scaling experiment revealed
dramatic differences between optimisers. LAMB
maintained accuracy within 0.5% of its small-batch
baseline up to batch size 32,768 (critical batch size
= 32,768), followed by LARS at 16,384. AdamW
degraded beyond batch 8,192, and standard SGD
degraded beyond 4,096. At batch size 65,536, only
LAMB and LARS produced models above 75%
accuracy, while AdamW dropped to 72.4% and
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SGD to 61.8%. These results have direct practical
implications for distributed training: scaling from
4 to 64 GPUs requires increasing batch size
proportionally, and optimisers that cannot handle
this scaling effectively negate the hardware
investment.

4.4 Generalisation vs. Computational Cost
SAM consistently improved test accuracy relative
to its base optimiser across all vision tasks: +0.8%
on ResNet-152, +1.2% on ViT-B/16, and +2.4% on
CIFAR-100 in the federated learning scenario.
However, each SAM step requires two gradient
evaluations, doubling per-step wall-clock time.
When controlled for total compute (same
GPU-hours rather than same number of steps),
SAM's advantage shrank to +0.3% on ResNet and
+0.4% on ViT -- still positive but far less dramatic
than the per-step comparison suggests. This
compute-controlled comparison is critical for
practical decision-making: if you have a fixed
compute budget, the question is not whether SAM
produces better models per step but whether it
produces better models per GPU-hour.

Table 3. Primary performance metrics across
eight optimisers and five scenarios
Optim
iser

LM Pe
rplexit

y

ResNe
t

Top-1
(%)

ViT
Top-1
(%)

CTR
AUC

GLUE
Avg.

SGD+
Mom.

18.94+
-0.68

78.6+-
0.2

68.2+-
1.4

0.792
+-0.00
2

82.4+-
0.6

Adam 15.48+
-0.42

77.8+-
0.3

78.6+-
0.4

0.801
+-0.00
2

84.8+-
0.4

Adam
W

14.82+
-0.34

78.2+-
0.3

79.4+-
0.3

0.804
+-0.00
1

85.6+-
0.3

LAMB 15.28+
-0.36

78.0+-
0.3

78.8+-
0.4

0.798
+-0.00
2

85.2+-
0.4

Adafac
tor

15.72+
-0.38

77.4+-
0.4

78.4+-
0.4

0.796
+-0.00
2

84.6+-
0.5

SAM
(SGD)

17.84+
-0.54

79.4+-
0.2

79.8+-
0.3

0.800
+-0.00
2

84.2+-
0.5

LARS 17.24+
-0.62

78.4+-
0.3

72.6+-
0.8

0.788
+-0.00
3

83.4+-
0.6

Lion 15.14+
-0.28

78.4+-
0.2

79.0+-
0.3

0.802
+-0.00
1

85.4+-
0.3

Values are mean +- SD across 3 seeds with best
hyperparameter config. Lower is better for perplexity;
higher for all others. AdamW leads on LM and ViT; SGD
leads on ResNet; SAM-SGD provides best generalisation
on vision tasks at 2x compute cost.

Table 4. Large-batch scaling: critical batch
size and memory overhead
Opti
mise

r

Critical
Batch
Size

Acc. at
32K

Batch

Acc. at
65K

Batch

Memor
y per

Param
(bytes)

State
s per
Para

m

SGD
+Mo
m.

4,096 72.4% 61.8% 4 1 (mo
ment
um)

Adam 8,192 74.8% 68.4% 12 2 (m,
v)

Adam
W

8,192 75.2% 69.2% 12 2 (m,
v)

LAM
B

32,768 77.8% 75.4% 12 2 +
trust
ratio

LARS 16,384 76.8% 74.2% 4 1 +
trust
ratio

SAM
(SGD)

4,096 73.8% 63.4% 8 2
(dual
grad)

Lion 8,192 75.8% 70.2% 8 1 (mo
ment
um)

Adafa
ctor

8,192 74.2% 67.8% ~6 ~1 (f
actor
ed)

Critical batch size = largest batch maintaining accuracy
within 0.5% of batch-256 baseline. Memory per
parameter = bytes of optimiser state per model
parameter (excluding the parameter itself). LAMB
achieves the largest critical batch size (32,768) with the
same memory as Adam.

Figure 1. ViT-B/16 top-1 accuracy on ImageNet by
optimiser. AdamW leads (79.4%) closely followed by
SAM and Lion. SGD fails to converge effectively on

vision transformers (68.2%).
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Figure 2. Architecture-optimiser interaction on
ImageNet. SGD leads on ResNet (78.6%) but fails on
ViT (68.2%). AdamW leads on ViT (79.4%) but trails

SGD on ResNet (78.2%). Architecture dictates
optimal optimiser choice.

Figure 3. Critical batch size by optimiser (ResNet-152
on ImageNet). LAMB scales to batch 32,768 -- 8x

higher than SGD. Layer-wise scaling is essential for
large-batch distributed training.

Figure 4. Multi-dimensional optimiser comparison
across six criteria (1-10 scale). AdamW offers the best
overall balance. LAMB excels at scaling. SAM excels

at generalisation. Lion provides the best memory
efficiency among adaptive methods.

5. Discussion
5.1 Architecture Determines Optimiser, Not
Vice Versa
The most practically significant finding is the
strong interaction between model architecture and
optimal optimiser choice. SGD with momentum

remains the best choice for convolutional networks
on image tasks -- a finding that persists despite
years of adaptive method development -- while
AdamW is unambiguously superior for
transformers. The mechanistic explanation is that
transformers contain parameters with vastly
different gradient scales (attention weights, layer
norms, embeddings), which adaptive learning
rates handle naturally by scaling each parameter's
update by its own gradient history. CNNs, with
their more uniform gradient structure due to
parameter sharing and batch normalisation, do not
benefit as much from this adaptation and may even
be harmed by it if the adaptive rates amplify noise
on small gradients. Practitioners should therefore
select their optimiser based primarily on model
architecture rather than task type.

5.2 Large-Batch Training Requires
Specialised Optimisers
The large-batch scaling results carry direct
implications for anyone scaling training across
multiple GPUs. Standard Adam and SGD suffer
substantial quality degradation beyond batch sizes
of 8,192 and 4,096 respectively, which means that
simply adding GPUs without switching optimisers
can waste hardware investment. LAMB's ability to
maintain quality at batch 32,768 makes it the
essential choice for large-scale distributed
training, despite offering no advantage at small
batch sizes. This finding underscores the
importance of matching the optimiser to the
training infrastructure, not just to the model and
data.

5.3 SAM: Worthwhile When Compute Is Not
the Bottleneck
The consistent generalisation improvement from
SAM (mean +1.4% across vision tasks per step,
+0.4% per GPU-hour) makes it worthwhile in
settings where model quality is more valuable than
training speed -- for instance, training a
production model that will serve millions of users
for months. In settings where iteration speed
matters more than final quality -- research
experimentation, rapid prototyping,
hyperparameter search -- the 2x per-step cost
penalty is not justified by the modest
compute-controlled improvement. The practical
recommendation is to use SAM for final production
training runs after architectural and
hyperparameter decisions have been made with a
cheaper optimiser.

5.4 Limitations
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Three limitations qualify these results. First, the
language model experiments used a 1.3B
parameter model; scaling behaviour may differ at
10B+ parameters where additional phenomena
like training instabilities emerge. Second, the
compute budget was fixed per scenario, which
means that optimisers requiring more steps to
converge (SGD on transformers) may be
disadvantaged relative to fast-converging
methods. Third, learning rate schedules were
limited to cosine decay with warmup; alternative
schedules might shift relative rankings.

6. Conclusion
6.1 Summary
This study compared eight optimisers across five
large-scale ML training scenarios. AdamW
dominated language model pre-training (perplexity
14.82) and vision transformer training (79.4%
top-1). SGD with momentum remained competitive
for CNNs (78.6%). LAMB enabled stable training
up to batch 32,768 where other methods
degraded. SAM improved generalisation by 1.4%
per step but only 0.4% per GPU-hour. Lion
matched AdamW quality with lower memory.
Architecture type was the strongest determinant
of optimal optimiser choice.

6.2 Recommendations
Four recommendations emerge. First, use AdamW
as the default for transformer-based architectures
and SGD with momentum for convolutional
architectures. Second, switch to LAMB when batch
sizes exceed 8,192 for distributed training. Third,
apply SAM for final production training runs when
the 2x per-step cost is acceptable. Fourth,
consider Lion as a memory-efficient alternative to
AdamW when GPU memory is the binding
constraint. The selection framework in Appendix A
provides a step-by-step decision tree.
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Appendix A
Optimiser Selection Guide for

Large-Scale ML Training

This appendix provides a practical decision tree for
selecting optimisers based on model architecture,
training scale, and resource constraints.

Step 1: Identify Model Architecture
1a. Transformer (language model, ViT,
encoder-decoder) --> AdamW default; go to Step 2

1b. Convolutional network (ResNet, EfficientNet,
U-Net) --> SGD+momentum default; go to Step 2

1c. Mixed / uncertain --> AdamW (safer default across
architectures)

Step 2: Check Batch Size Requirements
2a. Batch size <= 8,192 --> Default optimiser from
Step 1 is fine

2b. Batch size 8,192-32,768 --> Switch to LAMB
(transformer) or LARS (CNN)

2c. Batch size > 32,768 --> LAMB required; expect
some quality degradation

Step 3: Check Memory Constraints
3a. Memory comfortable (< 70% GPU utilisation) -->
Keep current choice

3b. Memory tight (> 85% GPU utilisation) --> Lion
(saves ~30% vs AdamW) or Adafactor (saves ~50%)

3c. Memory critical (cannot fit model + Adam states)
--> Adafactor or SGD+momentum

Step 4: Final Production Run?
4a. Yes, final model for deployment --> Add SAM
wrapper for +0.4-1.4% generalisation (2x step cost)

4b. No, research / exploration phase --> Skip SAM;
iterate faster with cheaper optimiser




