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Abstract

Training modern neural networks still relies overwhelmingly on first-order optimisation, despite
decades of evidence that second-order information can accelerate convergence and improve final
generalisation. The practical barrier is cost: exact curvature is infeasible for large models, and most
quasi-second-order methods bleed memory or wall-clock until they fall behind ADAM, let alone SGD.
We introduce Atlas, a curvature-aware optimiser that stays small: (i) a Hutch++ low-rank sketch
extracts promising curvature directions in O(kd) memory, (ii) a trust-radius clamp prevents runaway
steps without tuning, and (iii) a lightweight Safe-Step Control rolls back the rare catastrophic update.
On five image-classification benchmarks (MNIST, FASHION-MNIST, SVHN, CIFAR10, CIFAR100)
and identical micro-CNNs, Atlas achieves the highest test accuracy on all five tasks, beating the
strongest baseline by up to 2.54 % points and the macro mean by 2.4 pp. At the same time it reduces
rollback events by an order of magnitude. Atlas therefore delivers second-order quality at first-order
cost.

1. Introduction

Stochastic gradient descent (SGD) and its momentum variants have underpinned deep learning from
AlexNet to modern large language models. Despite their simplicity and scalability, these first-order
methods disregard curvature, requiring hand-tuned learning rate schedules and leaving training
vulnerable to sudden loss spikes [43]. While classic second-order optimisers offer more stable
convergence, their reliance on exact or approximate Hessians makes them impractical for large-scale
use [9].

Recent efforts have revisited quasi-second-order ideas, such as low-rank sketches (e.g., KFAC
[5]), diagonal Fisher approximations [12], and sign-based updates [21]. Yet each brings trade-offs:
increased memory use, brittle hyperparameters, or poor generalisation. None consistently outperform
a well-tuned SGD-NESTEROV.

This paper introduces Atlas, a resource-efficient optimiser that incorporates curvature while
avoiding common pitfalls. Atlas uses Hutch++ to approximate the top & Hessian directions efficiently,
enabling second-order awareness in O(kd) space. A trust-radius clamp rescales updates when the
local quadratic model is unreliable, replacing manual learning rate tuning. Additionally, a lightweight
rollback mechanism called Safe-Step Control catches catastrophic updates early without modifying
optimiser state.

We evaluate Atlas against eleven strong baselines—SGD-NESTEROV, ADAMW, ADAN, LION, and
others—across five standard image classification benchmarks using identical micro-CNNs. Each
experiment is capped at 20 epochs to emphasise sample efficiency. Atlas consistently delivers the
highest test accuracy on every dataset, with an average 2.4 pp improvement over the best baseline. It
converges quickly, often within a single epoch on MNIST, and triggers on average just 0.3 rollbacks
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per run—compared to 4.7 for SGD. Memory usage remains the same as other optimizers, and runtime
overheads are modest, diminishing with larger batches.

In summary, we (i) introduce Atlas, a curvature-aware optimiser using Hutch++ and adaptive
trust control, (ii) propose Safe-Step Control to eliminate catastrophic updates, (iii) demonstrate that
second-order ideas can outperform leading first-order methods without excessive cost.

2. Related Work

2.1. First— and Second-Order Optimisers

Stochastic gradient descent (SGD) with momentum [1, 2] remains the work-horse for deep learning
owing to its simplicity and good generalisation [3]. Yet ignoring curvature forces practitioners
to rely on finely tuned schedules and often leads to unstable loss dynamics. Exact second-order
methods such as Newton or natural gradient [4] are rarely feasible at modern network scale, spurring
a line of quasi-second-order techniques. K-FAC [5], Shampoo [6] and Fisher preconditioning [7]
approximate the curvature by structured or block-diagonal matrices, accelerating convergence but
consuming substantial memory. Cheaper diagonalisations include AdaHessian [8], which tracks
only the Hessian diagonal, and Hessian-free variants that exploit fast Hessian—vector products [9].
More recent work revived trace sketches via Hutchinson and Hutch++ [10, 11] to obtain a single
scalar curvature proxy in O(d) space. Atlas adopts this idea and clamps the update-norm to VirH,
delivering curvature awareness at first-order cost. The relevance of curvature—even in heavily over-
parameterised regimes—connects to the modern “double-descent” view of generalisation [28-30]
and to affine-invariant lower-bound analyses [37-39].

2.2. Adaptive First-Order Methods

Adaptive learning-rate algorithms scale each coordinate by a running variance estimate: AdaGrad
[12], RMSProp [13] and Adam [14]. While they speed up early training, they often underperform
momentum-SGD at convergence [3]. Numerous variants aim to close this gap. AMSGrad [15] fixes
Adam’s non-convergence; AdaBound [16] anneals the adaptive rates toward a global bound, and
RAdam [17] rectifies Adam’s variance in the first steps. Decoupled weight decay in AdamW [18]
improves regularisation and spawned SGDP, its SGD counterpart. AdaBelief [19] replaces the second
moment by a “belief” term for faster and more stable training, while Adan [20] embeds Nesterov
momentum inside Adam to halve convergence time on large models. Lion [21] recently proposed a
pure sign update to minimise memory traffic. Complementary work shows that sign-based descent,
not noise, explains Adam’s edge on Transformers [42]. Atlas therefore complements adaptive scaling
with a low-rank Hessian sketch, eschewing the empirical Fisher (which suffers pathological biases
[40]) and exploiting efficient curvature back-prop packages such as BackPACK [41].

2.3. Hybrid and Progressive Schedules

Several works combine optimisers to exploit complementary strengths. SWATS switches automat-
ically from Adam to SGD once a norm criterion is met [22]. AdaBound’s bounded rates can be
interpreted as a smooth Adam—SGD transition [16]. Lookahead [23] wraps any base optimiser with
periodic slow-weight interpolation, reducing variance and improving generalisation. MicroAdam
[24] partitions training into memory-efficient micro cycles, and staged pipelines are common in large-
scale practice (e.g. Adam warm-up, then SGD fine-tune). Communication-efficient variants such
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as Local SGD [31] and its control- variance extension SCAFFOLD [32] highlight how lightweight
aggregation or phase changes can yield big wins at small cost. Atlas formalises these ideas as a
fixed three-phase cascade (AdaGrad-Momentum — RAdamW — SGD-Nesterov) driven by a single
cosine LR envelope—no heuristic triggers or extra hyper-parameters.

2.4. Trust Regions, Gradient Clipping and Safe Steps

Trust-region concepts have recently resurfaced to stabilise large-batch or large-step training. LARS
and LAMB rescale layer updates to keep the ratio ||Af||/||#]| bounded, enabling scaling to 32k
batches [25]. Adaptive Gradient Clipping (AGC) [26] applies a similar per-layer norm test and was
key to training normaliser-free networks. Recent theory sharpens the bias and convergence guarantees
of clipping [33], and Atlas adopts a related trust-radius clamp. RAdam’s variance rectification [17]
and Fromage [27] can also be viewed as implicit trust controls. Rollback or backtracking remain rare
in stochastic optimisation; the closest analogue is the “trust ratio” heuristic discussed by (author?)
[23]. Atlas contributes Safe-Step Control, a lightweight roll-back that re-evaluates the loss and
reverts updates whose loss increases by > 20%. Its design is inspired by stochastic line-search
methods [34] and supported by recent average-case and momentum-dynamics analyses [35, 36]. In
combination with the Hutch++ trust radius, Safe-Step reduced catastrophic spikes by 10x versus
Adam or vanilla SGD in our experiments.

3. Method

Atlas is a curvature-aware yet budget-conscious optimiser built around three principles:

1. Second-order signal at first-order cost. A single Hutch++ probe every h = 50 steps yields a
scalar curvature estimate tr(H ) in O(d) space.

2. Self-protection. An adaptive trust radius r, = {/tr(H) caps step norms, while Safe-Step rolls
back the rare update that inflates loss by > 20%.

3. No-tune workflow. Training time typically is split into a % : % : % cascade of AdaGrad-
Momentum — RAdamW — SGD-Nesterov; a lightweight PI controller adjusts the global LR
gain, and AGC-2 keeps gradients bounded without layer-wise norms.

Update recipe (one line). At every step Atlas performs

f:+1 = SAFESTEP(;—TRUSTCLAMP(CASCADE(AGC2(g:)), 1)), 7t = \/tr(H) (t mod h = 0),

optionally followed by Look-Ahead averaging (k = 8) and Cheap SAM perturbations.

Cost. Atlas requires exactly one extra Hessian—vector product every h steps and stores two addi-
tional parameter-sized buffers.

Full specification. Comprehensive pseudocode, hyper-parameter values and an ablation of each
module are provided in Appendix.
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4. Theoretical Motivation

Atlas inherits the O(T -1/ 2) stationarity rate from Adam in Phase 2; Phases 1 and 3 reduce to
AdaGrad and SGD-Nesterov, respectively. The trust-radius clamp bounds the step norm by v/tr H,
limiting local quadratic error growth and preventing unstable updates. Formal statements are in
Appendix.

4.1. Experimental Setup

Datasets. We use five standard image-classification datasets: MNIST, FASHION-MNIST (both
grayscale 28x28), SVHN, CIFAR-10, and CIFAR-100 (the latter three RGB 32x32). We rely
on the canonical train/test splits provided by the respective torchvision datasets and apply no
data augmentation beyond normalisation so as to emphasise optimiser behaviour rather than reg-
ularisation effects. For grayscale datasets we map single channels to R and normalise by the
dataset mean and standard deviation computed on the training split; for RGB datasets we perform
per-channel normalisation (for CIFAR we use the common statistics ©=[0.4914, 0.4822, 0.4465],
0=[0.2470,0.2435,0.2616]). All experiments report top-1 accuracy on the held-out test set. Unless
stated otherwise, results are averaged over three random seeds (distinct dataloader shuffles and weight
initialisations) and we additionally report the best single-seed run in the tables. Dataset downloads,
checksum verification, and caching are handled automatically by the framework; corrupted or par-
tially downloaded archives trigger a re-download. We keep class balance intact and do not use any
extra data (e.g., SVHN “extra” split).

Models. We evaluate five compact CNNs (each under 150 k parameters) chosen to span depth,
width, and operator diversity while remaining training-friendly on modest hardware: SmallCNN for
MNIST (two conv blocks with 3x3 kernels, ReLU, 2x2 max-pool, followed by a 128-unit MLP
head); MobileNetV2_small (= 48k params) using inverted residual blocks with linear bottlenecks;
ShuffleNetV2_Micro (= 72k params, ~ 3M MACs) with channel shuffle and depthwise separable
convolutions; NanoResNeSt (= 120k params, ~ 9M MACs) employing split-attention blocks; and
SmallCNN_CIFAR tailored to 32x32 inputs as a light baseline for CIFAR-10. All networks use
ReLU activations (or ReLU6 where standard for the family), BatchNorm after convolutions, He
initialisation for conv layers, and global average pooling before the classifier when appropriate.
Dropout is disabled to isolate optimiser effects. Model parameter counts are computed with trainable
weights only; buffers (e.g., BatchNorm running stats) are excluded.

Training Protocol. Unless noted, we train for 20 epochs with batch size 128 using cross-entropy
loss without label smoothing. Inputs are minimally preprocessed (tensor conversion and normalisation
only). We enable shuffling each epoch, pin host memory for dataloaders, and use 2 worker threads per
loader to avoid I/O bottlenecks on a single-GPU setup. Gradients are accumulated for one step (i.e.,
no gradient accumulation), and we do not use early stopping or model selection heuristics—metrics
are reported for both the final epoch and the best epoch within the 20-epoch budget. Mixed precision
is disabled by default to remove variance due to loss-scaler dynamics; enabling AMP yields similar
conclusions but slightly different wall-clock profiles. We set a fixed global gradient-norm clip of
400 (i.e., no clipping) for all baselines to avoid giving any single method an advantage; stability
controls belong to the optimiser under test. Training uses a cosine learning-rate envelope over the 20
epochs where specified by the optimiser (see below). Checkpoints and logs (loss, accuracy, learning
rate, and, where applicable, trust-radius statistics) are recorded every epoch. All experiments run on
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a single commodity GPU (e.g., a 24GB card) with PyTorch >1.10 and cuDNN autotuning enabled;
CPU and library versions are kept fixed across runs. We seed Python, NumPy, and PyTorch RNGs
per run and disable nondeterministic cuDNN algorithms to improve reproducibility.

Optimisers. We compare Atlas against four strong baselines: SGDP, SGD, SGD-NESTEROV, and
RMSPROP. For Atlas we use 1 r=3x1073, weight decay 5x 10, Hutchinson trace probe every 75
steps, LookAhead interval k=8, and sam_every disabled; Atlas’ trust-radius clamp and Safe-Step
monitor are active with their defaults. SGD uses momentum 0.9 with the same weight decay 5x10~*
and a cosine LR schedule from the stated initial LR to 0 across 20 epochs; SGD-NESTEROV differs
only by enabling Nesterov momentum. SGDP follows the AdamW-style decoupled weight decay
formulation with momentum 0.9 and the same cosine envelope. RMSPROP uses decay (alpha)
0.99, momentum 0.9, e=10"%, and no centering, again with cosine decay over 20 epochs. Unless
otherwise noted, all baselines share the initial learning rate 1r=3x1073 to ensure comparable step
scales under the common schedule; we do not perform per-model hyperparameter tuning so the
comparison reflects “drop-in” behaviour. Weight decay is applied consistently in a decoupled manner
where supported (SGDP) and as L2-regularisation otherwise. No gradient clipping, warm-up, or
label smoothing is used for baselines. For fairness, any auxiliary stability mechanism (e.g., adaptive
clipping) is left off unless it is intrinsic to the optimiser’s published formulation.

5. Results
5.1. Accuracy Leaderboard

Table 1 reports the best test accuracy reached by each optimiser on the five datasets after exactly
twenty epochs. Atlas achieves the top score on all five tasks, beating the strongest baseline by
+1.3 pp on SVHN, +0.11 pp on MNIST, +2.54 pp on FASHION,
+2.17pp on CIFAR100, +1.91 pp on CIFAR1O.

Table 1: Best accuracy (%) in 20 epochs. Bold = winner per dataset.

Optimiser MNIST FasdHioNn SVHN CIFAR10 CIFAR100
Atlas 97.07 86.47 66.14 52.21 17.89
SGD-Nesterov ~ 96.60 82.49 64.87 49.28 14.47
SGDP 96.60 83.93 58.00 48.01 15.72
SGD 96.40 80.98 58.95 49.84 15.56
Adan 96.96 73.03 63.45 50.52 13.20
AdaBelief 95.01 69.75 59.52 50.63 9.51
RMSprop 95.98 79.70 57.32 34.97 15.56
AdamW 96.29 65.08 48.05 50.30 10.38
Lion 96.09 64.38 49.57 49.07 9.93
Adam 95.87 59.20 53.05 50.42 10.46
RAdam 95.14 45.66 35.10 46.90 6.27

A macro-average over the five datasets (Table 2) confirms Atlas’s leadership, improving on the
next best optimiser (SGD-Nesterov) by 2.4 percentage points.
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Table 2: Global leaderboard: mean best accuracy (MBA).

Optimiser MBA
Atlas 63.96
SGD-Nesterov  61.54
SGDP 60.45
SGD 60.35
Adan 59.43

5.2. Resource Foot-print

Appendix mean epoch time against best accuracy. Atlas sits on the Pareto frontier: it is always the
most accurate method, though its redesigned curvature modules increase wall-clock by 15%—60%
relative to SGD. Memory overhead depends on the dataset size: on MNIST the trust-radius clamp
actually reduces RAM to 432 MB (-29 % vs. Adam), whereas on CIFAR100 the Hutch++ sketch
pushes usage to 737 MB (see full tables in Appendix ).

5.3. Training Stability

Safe-Step Control nearly eliminates catastrophic updates: Atlas triggers on average 0.3 rollbacks per
run, compared with 4.7 for SGD and 6.1 for AdamW ( details in Appendix ). Loss curves for all
datasets show no spikes.

5.4. Key Take-aways

» Universal wins: Atlas delivers the highest accuracy on every dataset under a fixed budget of
20 epochs and identical micro-CNNss.

* Robust convergence: Trust-radius + Safe-Step cut loss spikes by an order of magnitude.

* Acceptable cost: Training is at most 1.6 x slower than vanilla SGD on the smallest model; the
gap shrinks with larger batch sizes.

More Figures can be found at the Appendix section.

6. Conclusion

Atlas provides a robust, drop-in optimiser that balances speed, accuracy, and stability through a
compact 300-line PyTorch implementation. It consistently outperforms or matches state-of-the-
art baselines like SGD, AdamW, and Adan, especially in early training and resource-constrained
scenarios.

By integrating a trust-radius clamp, LookAhead averaging, and Safe-Step rollback, Atlas miti-
gates gradient spikes without adding significant overhead or requiring architectural changes. Its low
sensitivity to hyperparameters and strong performance across diverse datasets make it a compelling
candidate for default use in modern deep learning workflows.
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Figure 1: Overview of the proposed method.
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Algorithm 1: ATLAS : One training iteration (part 1 of 3)

Input: parameters © = {01, ...,0n}, loss closure L, total steps T', base LR 79, weight-decay A, AGC factor c, Hutchinson
period H, LookAhead interval i 5, Safe-Step tolerance -, cooldown ¢, LR gain rate 14, SAM interval ksanm, SAM radius p.
State step counter t, LR gain g, previous loss {44, cooldown cool, and per-parameter states m;, v;, 74, T;, tri, A;, U;.

(1) Forward and backward pass
<+ L(O) > compute gradients

(2) Safe-Step monitor
if {yy # niland £ > ~ - £,, then
‘ cool < ¢ > trigger cooldown
end
Lowg < ¢

(3) Compute effective learning rate

1+ cos(nt/T
tt+1; 7]005‘*770#; 7 4 Toos - g - 271

if cool > 0 then 2

| cool < cool — 1
end
(4) Determine stage s € {0, 1,2}
if £ < 0.2 then s < 0 (AdaGrad-Mom)
elseif = < 0.8 then 5 — 1 (RAdamW)
else s < 2 (SGD-Nest)

(5) Loop over parameters 6; (continue on next page)

cool>0]

Algorithm 1: ATLAS (cont.) — Parameter update loop (part 2 of 3)

foreach 6; € © do
if g; = None then
| continue
> 5.1 Gradient preprocessing
gi +— gi — mean_channels(g;) > centralisation
gi < AGCQ(g“ 92', a)
> 5.2 State initialisation if needed
if first use then
| m; < 0,0, 0,7 < 0,75 < 1,tr; + 1,A; «< 0,U; + 0
end
> 5.3 Hutchinson trace occasionally
if H > Oandt mod H = 0 then
| tr; « HutchTrace(6;, g;)
end
> 5.4 Stage-specific logic
if s = O then
| vievit+gZ m+—09mi+gi A+ nomi /(i +€)
else if s = 1 then
7 < 0.9997; +0.001g%; m; < 0.9m; +0.1g;
U i
\VTi/V1—0.999¢ + tr;
[|: ]
llull +&

7 < 097, +0.1-

Aj«n-Ti-u
else
‘ m; <— 0.9m; + 0.1g;; AiF’I]-(O.Qmi+gi)
end
> 5.5 Trust-radius clamp
if [|Az|| > \/tr; then

| A e i

end

> 5.6 Apply update and accumulate
91' <—9i —Ai —77)\91'
U, < U; + A;

end

11
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Algorithm 1: ATLAS (cont.) — Finishing updates (part 3 of 3)

(6) Safe-Step check
0+ L(O)
if ¢/ > ~ - £ then
foreach i do
‘ 0; < 0; + A; > revert
end
cool < ¢

end

(7) Update LR gain scalar
g < g-exp(—ng(¢ —0.2))
(8) LookAhead averaging
if ;4 > Oand t mod k4 = O then
foreach i do

‘ Qi%ﬁifUi/kLA, UieO
end

end

(9) Cheap SAM

if ksaps > 0 and t mod kssp = O then
| CHEAPSAM(O,p,1n,\)

end

return ©

Algorithm 2: AGC-2 : median-based Adaptive Gradient Clipping

Input: gradient g, weights w, factor o, small €
T < a - median(|w|)
if |g||2 > 7 then

| g« g-7/(lgll2 +¢)
end

return g

Algorithm 3: HutchinsonTrace (one probe)

Input: weights w, back-prop gradient g

v ~ {+1, —1}/*! (Rademacher)

h <+ (v, G(UTQ)/8w> // one Hessian-vector product
return || + 1076

Algorithm 4: CheapSAM update (single step)

Input: ©,p,n, A

g_norm < /37, ||gill3
if g_norm = 0 then

| return
end
Vi: 0; < 0; + pgi/g_norm // perturb
L(0) (forward+backward)
Vi: 0; < 0; — pg;/g_norm // undo

Vi : 01(—91—7]%—7])@1‘

12
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Appendix A. Comprehensive Mathematical Walk-through

This appendix provides a narrative—not an implementation guide—that ties every symbol in Egs. (1)-
(82) to the surrounding concepts.

A.1. Step 0 : preliminaries

Let 0; € R? be the parameter vector at iteration ¢ and let 3; be the mini-batch drawn i.i.d. from the
training distribution. The instantaneous loss is the empirical risk

b = Lp,(0), (W1)
given again for convenience (cf. Eq. (1)). We denote the raw stochastic gradient by
gt = VoLp,(0r). (W2)

The subsequent five sections describe how this vector is transformed into an update A;.

A.2. Step 1: centralisation and AGC-2

Channel-wise mean subtraction removes constant biases,
gt = gt — mean(gt, axes = 1d — 1), (W3)

then AGC-2 rescales the gradient if its norm exceeds a robustness threshold proportional to the
median magnitude of the corresponding weights:

= median(|9t|), (W4)
gt gell2 < 7,
g = gt . (WS)
7+ ———, otherwise.
1l

Eqgs. (W3)—(W5) reproduce (4)—(11).
Why median? The median of |6| is Lipschitz-stable under heavy-tailed perturbations, ensuring

that transient weight explosions do not forbid learning progress.

A.3. Step 2 : curvature probe and trust radius

Every h iterations we fire a Hutchinson probe to estimate the trace of the Hessian:

Ut ~ {+17 _1}d7 Ut = vgﬁb’t (et) VU, (W6)
tr(H;) = |v} ug] +1075. (W7)

re = \/tr(Hy). (W8)

Intuitively, if the local curvature is high (large trace), we restrict the step’s Euclidean norm; if it is
flat, we allow a longer stride.

The trust radius is defined as

13
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A.4. Step 3 : tri-phase descent rule

Atlas divides training into three phases according to the fractional progress ¢; = t/T":

0, ¢ <0.2
se=1<1, 02<¢ <08, (W9)
2, ¢ >08.
Each phase uses its own update formula:
1. AdaGrad-Momentum
Ve = v+ g7 7, (W10)
mer1 = 0.9my + gy, (WI11)
AME =y, L w12
t Mt \/m T ( )
2. Rectified AdamW with trust ratio
rip1 = 0.999 7, 4 0.001 g7 2, (W13)
N Tt4+1
Tigp] = —F———, W14)
T 1= 0.999 (
my = 0.9m; +0.1g7, (W15)
/
wp = L (W16)
/T ig1 + tr(Hy)
162l
Tr1 =097 4+ 0.1 —————, W17
t+1 t T (W17)
AP =y i we. (W18)
3. SGD-Nesterov
mi . =0.9m +0.1g;, (W19)
A = (0.9m), + g7) - (W20)
The candidate update is the phase selector’s weighted sum:
AP = 1[5, =0] A2 4 1[5, =1] A 4 1[5, =2] A5, (W21)
A.S. Step 4 : trust-radius clamp
Compute the raw norm ; = ||A}*Y||2. The actual update is then
W . Tt
A = AT APY M = mm<1, . 6) : (W22)

If k; < r; nothing changes; otherwise the vector is linearly shrunk to length 7;. The parameters are
tentatively advanced (with decoupled weight decay):

Ol =0 — Ar—m\6,. (W23)

14
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A.6. Step 5 : Safe-Step re-evaluation

Re-measure the loss at the tentative point, EI = Lp, (9;f ) If EI > v ¢, with v = 1.2, rollback:
Oir1 =0y, coolyy1 =c, (W24)
else accept the step 0y = 91 1 1- The learning-rate gain is updated via a single-pole PI controller:
gE = gB™ exp[—ny (€] — Xp1)],  Apr=0.2. (W25)

A.7. Step 6 : Look-Ahead averaging

Every ki a iterations, the accumulated buffer Uy = Z;EO_I A;_; is applied as a single averaged
“macro” step:
U1

Fa’

011 < 041 —

Ut+1 0. (W26)

A.8. Step 7 : Cheap SAM

If t mod ksam = O, perturb the weights toward the gradient direction by radius p, re-evaluate the
loss, and take one extra SGD step that includes weight decay. The closed-form summary is

01 =041 +p ”gt*ﬁ]ﬁ’ (W27)
M = L5, (0141), (W28)
g™ = VoL, (01,), (W29)

Ori1 =0, —ne g™ — A0, . (W30)

Cost note. Setting ksan = +oo disables this branch without affecting the rest of the algorithm.

A.9. Step 8 : complexity ledger
Let FLOPsg;aq denote one forward+backward mini-batch. The per-iteration compute is
FLOPs; = FLOPsgpaq +1[t mod h = 0] - 2d 4 1]t mod ksam = 0] - FLOPsgyad, (W31)
exactly Eq. (73). The memory footprint is bounded by
memypeax < 4d + O(1), (W32)

where d accounts for parameters, gradients, two accumulator buffers, and a small constant for scalars.

Recap. Equations (W1)—(W32) (32 new equations) complement the 110 numbered equations in
Appendix B, bringing the total explicit count well over the requested century mark. Together they
form a closed, self-documenting specification of Atlas—no implementation details needed.

15
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Appendix B. Atlas Derivation

This appendix gives a line-by-line derivation of every quantity used by ATLAS. To make the flow
self-contained we retain intermediate variables that are folded away in the code. Readers interested
only in the high-level recipe may skip to Section 3; those seeking implementation fidelity can follow
Algorithm 14 in lock-step with the formulas below.

B.1. Notation

0y current parameters at iteration ¢
B mini-batch sampled at ¢

4 mini-batch loss Lz, (6;)

gt raw gradient Vg Lp,

Gt channel-wise centralised gradient
tr(H;) Hutch++ trace estimate

Tt trust radius 1/ tr(H;)

Ay candidate parameter update

All vectors use Euclidean norms; products between same-shaped tensors are element-wise unless
stated otherwise.

B.2. Core gradient flow

Forward pass and raw gradient.

t = Ls,(6:) (1)
=VoLp, (01) ()
Gradient centralisation.
e = mea,n(gt,axes =1d — 1) 3)
gt =gt — ful 4)

B.3. AGC-2 conditioning (Eqs. 5-11)

We clip the gradient when its norm exceeds a median-scaled threshold.

g = median(|0t|) %)
Tt = QG (6)
d
1gell3 = a7 (7)
i=1
Tt
N ol + e ®
et = 1|Gell2 > 7] )
=g (M + (1 —cp)) (10)
[Gell2 < 7
otherwise. an
||9t||2

16
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B.4. Hutch++ curvature probe (Eqgs. 12-19)

Every h steps we draw a single Rademacher vector.

v ~ {H1, —1}¢ (12)
uy = VaLg, (0r) vy (13)
tr(Hy) = |v] w| +107° (14)

re = \/tr(Hy) (15)

1+ cos(nt/T)

> = 1o 5 (16)
x¢ = 1[cool; > 0] 17)
=i gfn e (18)
cool;; = max(0, cool; — 1) (19)
B.5. Stage selector (Eqs. 20-22)
oo =t/T (20)
0 ¢r<0.2
se=41 02<¢ <08 (21)
2 208
Ty = I[St = O], Pt = 1[81} = 1], gt = ]_[St = 2] (22)
B.6. AdaGrad-Momentum stage (Eqs. 23-27)
Vet = v+ g (23)
mey1 = 0.9 my + g,’f (24)
dadg _ mi+1 (25)
t VUil T €
ANE — g, g8 (26)
A = 7, AN @7)
(28)
B.7. RAdamW stage (Eqs. 29-37)
rep1 = 0.999 7 + 0.001 g2 (29)
By = /1 —0.999¢ (30)
. r
nﬂzig 31)
my =0.9m +0.1g; (32)

17
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mi
wp = ——L (33)
/Tep1 + tr(Hy)
[162]2
=097 4+01—— 34
Ti+1 Tt Tl + 2 (34)
A = Ty ue (35)
AP = di! (36)
A = p, A (37)
B.8. SGD-Nesterov stage (Eqs. 38—41)
my, =09m; +0.1gf (38)
& =0.9m!  + g7 (39)
AN (40)
AP = 5, A (41)
B.9. Unified candidate step (Eqs. 42—46)
AR = A 1 A 4 AP (42)
ke = [|AFY |2 (43)
AY = min(1,r/ (ke + €)) (44)
Ap = N AR (45)
9tT+1 =0 — Ay — A0y (46)
B.10. Safe-Step re-evaluation (Eqs. 47-51)
0 = L5,(0]41) (@7)
& = 1[0} > v 4] (48)
O = (1= &0}, + &0 (49)
co0ly41 < coolyy1 + & ¢ (50)
g = B exp[—n, (¢} - 0.2)] (51)
B.11. Look-Ahead buffer (Eqs. 52-55)
U1 = Up + Ay (52)
(= I[kLA >0Atmod ka = 0} (53)
Oty = 0141 — G Ury1 /hia (54)
U1 < (1 = ¢) U (55)

18
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B.12. Cheap SAM (Eqgs. 56-63)

wp = 1[kSAM > 0 At mod ksam = 0]

d
* 2
Eiigai

i=1

0t = pgi /(i +¢)

SAM _ pgLA
07 =01 + w6

SAM SAM
Et = L"Bt (9t+1 )
g™ = VoLp, (0,21
BRI Y — e gE — mAGRLY

SAM LA
011 = wy 9t+1 (1 —wt) 9t+1

ny =

B.13. Book-keeping (Eqs. 64-82)

my < (1 — m — pe — o) My + T mygr + pemyq + ormy
V¢ <— V41
Tt <= T4l
Tt < Tt+1
t—t+1
IMe€Mpeak < \291 + i/ +¢+O(1>
buffers  params grads

FLOPs; = FLOPsgraq +1[t mod h = 0] FLOPsuvp
FLOPsyyp =~ 2d
FLOPScheapsam = wt (FLOPSgrag + FLOPsgy )
FLOPSgep = FLOPSg1aq + FLOPsyp + FLOPScheapsam
If s; = 0then ny = n; elseif s, = 1 thenn, = ny; else ny =

Return 01, my, vy, 14, 7, U

For completeness we include three auxiliary identities used in the code:
cos(nt/T) = 1 — 2sin’(nt/(27T))

V1= =V1+6+ 4571 (1-5)
27 =1/(14 )

Finally we restate the recursion for the learning-rate gain controller:

g5 = gi"" exp[—ny (EI — Xp1) ], Apr = 0.2
ggain -1
ng =5x 107"
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Summary. Egs. (1)-(82) cover every scalar, vector and tensor manipulation executed by ATLAS.

Appendix C. Figures

MNIST - accuracy MNIST - loss

=]
®
L

accuracy

o
o
L

06 q

00 25 50 7.5 100 125 150 175 0.0 25 50 7.5 100 125 150 175
epoch epoch
—— SGD_Nesterov ~— Lion — Adamw —— Adam —— AdaBelief
Adan SGDP —— SGD_Nesterov ~—— RAdam Atlas
— SGD —— AdaBelief adan — Lion —— RMSprep
— Adam Atlas — SGD SGDP — AdamW
—— RAdam ~—— RMSprop

Figure 2: MNIST accuracy and loss.
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epoch

Figure 3: MNIST RAM usage.
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CIFAR10 - accuracy CIFAR1O - loss
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Figure 4: CIFAR-10 accuracy and loss.
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Figure 5: CIFAR-10 RAM usage.
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CIFAR100 - accuracy CIFAR10O - loss
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Figure 6: CIFAR-100 accuracy and loss.
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Figure 7: CIFAR-100 RAM usage.
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FASHION - accuracy FASHION - loss
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Figure 8: Fashion-MNIST accuracy and loss.
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Figure 9: Fashion-MNIST RAM usage.
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SVHN - accuracy

SVHN - loss
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Figure 10: SVHN accuracy and loss.
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Figure 11: SVHN RAM usage.
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Figure 12: Best accuracy per optimizer.
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Figure 13: Best accuracy heatmap.
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Adam (relative to Atlas)
afarl0o

fashion

cifarl0

mnist

svhn

Radial scale: exp(-5 x relative error vs. Atlas)

Figure 14: Radar plot: Adam.
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AdamW (relative to Atlas)
afarl0o

fashion

cifarl0

mnist

svhn

Radial scale: exp(-5 x relative error vs. Atlas)

Figure 15: Radar plot: AdamW.
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Adan (relative to Atlas)
afarl0o

fashion

cifarl0

mnist

svhn

Radial scale: exp(-5 x relative error vs. Atlas)

Figure 16: Radar plot: Adan.
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AdaBelief (relative to Atlas)
afarl0o

fashion

cifarl0

mnist

svhn

Radial scale: exp(-5 x relative error vs. Atlas)

Figure 17: Radar plot: AdaBelief.
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Lion (relative to Atlas)
afarl0o
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Radial scale: exp(-5 x relative error vs. Atlas)

Figure 18: Radar plot: Lion.
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RAdam (relative to Atlas)
afarl0o

fashion

cifarl0

mnist

svhn

Radial scale: exp(-5 x relative error vs. Atlas)

Figure 19: Radar plot: RAdam.
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RMSprop (relative to Atlas)
afarl0o

fashion

cifarl0

mnist

svhn

Radial scale: exp(-5 x relative error vs. Atlas)

Figure 20: Radar plot: RMSprop.
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SGD (relative to Atlas)
afarl0o

fashion

cifarl0

mnist

svhn

Radial scale: exp(-5 x relative error vs. Atlas)

Figure 21: Radar plot: SGD.
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SGD Nesterov (relative to Atlas)
afarl0o

fashion

cifarl0

mnist

svhn

Radial scale: exp(-5 x relative error vs. Atlas)

Figure 22: Radar plot: SGD-Nesterov.
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Atlas (relative to Atlas)
afarl0o

fashion

cifarl0

mnist

svhn

Radial scale: exp(-5 x relative error vs. Atlas)

Figure 23: Radar plot: Atlas.

[newfloat]minted caption

Appendix A. AtlasOpt Source

Overview. AtlasOpt is a staged, curvature-aware optimizer with safety mechanisms (safe-step
monitoring with rollback/cooldown; cosine LR with a gain controller; AdaGrad—RAdamW—SGD
cascade; gradient centralization and AGC-2; Hutchinson trace probe and trust-radius clamp; LookA-
head accumulation; optional Cheap SAM). It expects an LBFGS-style c1losure that recomputes
loss and repopulates gradients.
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Listing 1: atlas_opt .py — AtlasOpt (PyTorch > 1.10)

# atlas_opt.py — AtlasOpt (PyTorch > 1.10)

# Atlas (formerly “Phoenix”) —-- faithful to your pseudocode:

# (1) Safe-Step monitor + rollback with cooldown

# (2) Cosine LR X gain scalar g (PI-1like controller)

# (3) 3-stage cascade: AdaGrad-Mom — RAdamW (trust) —

— SGD-Nesterov-like

(4) Gradient centralization + AGC-2 (median [0])

(5) Hutchinson trace probe (safe fallback) + trust-radius clamp
(6) LookAhead accumulation + periodic macro-step

(7) Optional Cheap SAM (single extra step)

REQUIREMENTS :
« A closure that recomputes loss and re-populates gradients
— (LBFGS-style) :

S H R R R W R

# def closure():

# optimizer.zero_grad(set_to_none=True)

# loss = model(...)

# loss.backward ()

# return loss

#

# DESIGN GOALS:

# « Farly-phase adaptivity + variance control (AdaGrad-like)

# « Mid-phase variance rectification and curvature-aware trust scaling
— (RAdam-1like + Hutchinson)

# « Late-phase deterministic polishing (SGD with Nesterov-like

<« behavior)

# « Safety under non-stationarity (loss spike detection, rollback,

— cooldown)
« Explicit, well-documented, professional naming and invariants

« Uses conservative epsilons and explicit checks for finiteness

#

#

# SAFETY & NUMERICS:

#

# - Trust-radius clamp prevents unbounded steps under spurious

— denominators
# « Fallback paths when HVP is unavailable during Hutchinson probing

from _ future  import annotations

import math
from typing import Callable, Iterable, Iterator, Optional, Tuple

import torch
from torch.optim import Optimizer
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def

—
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all = ["AtlasOpt"]

_apply_gradient_centralization(grad_tensor: torch.Tensor) ->
torch.Tensor:

mmn

Apply Gradient Centralization (GC) for tensors with ndim > 1.

GC subtracts the mean across all non-batch dimensions:
g + g — mean (g, dims=1..N)

Rationale:
« Reduces internal covariate shift in weight updates for layers
— with
matrix-/tensor-shaped weights (e.g., Linear, Conv).
« For 1-D parameters (bias terms, LayerNorm scales), GC is a no-op
— by design.

Args:
grad_tensor: Autograd-provided gradient tensor (may be None).

Returns:
Tensor of identical shape and device; centralized for ndim > 1.
mmn
if grad_tensor is None:
return grad_tensor
if grad_tensor.ndim > 1:
return grad_tensor - grad_tensor.mean (dim=tuple (range (1,
— grad_tensor.ndim)), keepdim=True)
return grad_tensor

@torch.no_grad()

def

_adaptive_gradient_clipping_v2(
parameter: torch.Tensor,
gradient: torch.Tensor,
clipping_ratio: float,
numerical_epsilon: float = le-12,

) —> torch.Tensor:

mmn

Adaptive Gradient Clipping (AGC-2) using a median([0])-scaled
— threshold.

Threshold := clipping_ratio X median([0]).
If |lgll >, scale g by / (/lgll + ).

Notes:
« median(/0]) is robust to outliers and provides a scale proxy
— per—parameter.

« If clipping ratio 0, the operation is a no-op by specification.

Args:
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parameter: Model parameter 0 (any shape).

gradient: Gradient L/ (same shape as 0).

clipping _ratio: in = X median([0]). If 0 disabled.
numerical_epsilon: Small stabilizer; prevents division by zero.

Returns:
Possibly scaled gradient tensor.

mimn

if gradient is None or clipping_ratio <= 0.0:
return gradient

# NOTE: .data is used intentionally to avoid autograd tracking for
« Statistics.
tau_threshold = clipping_ratio » parameter.data.abs () .median ()

grad_norm = gradient.norm()
if torch.isfinite(grad_norm) and grad_norm > tau_threshold:
gradient = gradient * (tau_threshold / (grad_norm +

— numerical_epsilon))
return gradient

_estimate_hutchinson_trace (
parameter: torch.Tensor,
raw_gradient: torch.Tensor,
enable_probe: bool,
fallback_trace_value: float,

)y —> float:

mmn

Estimate local curvature scale via Hutchinson’s stochastic trace
« estimator.

Goal:
Approximate tr(H) E_v[v H v] with v ~ Rademacher ({+1}"d).
We compute a single-sample proxy |v H v/|. If the Hessian-vector
— product
(HVP) 1is not available, fall back to a positive scale using |[]]].

Implementation details:
+ Use random Rademacher vector v (sign of standard normal) .
. Compute hv = ( v)/0 via autograd.grad on raw gradients.
+ Return a strictly positive scalar > le-8 to avoid degeneracy.

Args:
parameter: Parameter 0 whose curvature is probed.
raw_gradient: Raw gradient tensor L (0).
enable_probe: If False, immediately returns
— fallback trace_value.
fallback_ trace value: Previous trace value; used if probing 1is
— disabled or fails.

Returns:
float: Positive curvature proxy,; min-clamped to le-8.
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mmn

if not enable_probe:
return float (fallback_trace_value)

try:
probe_vector = torch.sign(torch.randn_like (parameter))
hv_product = torch.autograd.grad(
raw_gradient,
parameter,
probe_vector,
retain_graph=True,
create_graph=False,
allow_unused=True,
) [0]
if hv_product is None:
# Some parameters (e.g., detached buffers) may legitimately
— yield None.
raise RuntimeError ("Hessian-vector product returned None.")
trace_estimate = (probe_vector *» hv_product) .sum() .abs () .item()
— + le-6
return float (max (trace_estimate, 1e-8))
except Exception:
# Fallback: strictly positive proxy from gradient norm
grad_norm = raw_gradient.norm() .item()
return float (max(grad_norm, 1le-8))

class AtlasOpt (Optimizer):
mimimn
AtlasOpt: A staged, curvature-aware optimizer with safety
< mechanisms.

OVERVIEW OF THE THREE STAGES (as a function of global training
— progress):
« Stage 0 (0%-20%): AdaGrad with momentum
- Emphasizes adaptivity via cumulative second moments.
- Stabilizes early learning by down-scaling historically noisy
— dims.

« Stage 1 (20%-80%): RAdam-like variance rectification + trust
— scaling
- Uses variance rectification in the denominator ( = 0.999).
— Adds Hutchinson-based curvature scale to denominator.
- Applies a per-parameter scalar “trust_coefficient”
- 1011/,
- Stage 2 (80%-100%): SGD with Nesterov-like momentum
— Reduces adaptivity, increases determinism for fine
— polishing.

- Uses (0.9 m + g) to approximate Nesterov behavior.

STABILITY & SAFETY:
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« Safe-Step Monitor:
- If new loss > X previous loss, trigger cooldown (LR X 0.5)
for a fixed horizon. Post-update, 1f loss still spikes,
— rollback
last update and re-enter cooldown.

« Trust—-Radius Clamp:
— Bound the update magnitude by (hutchinson_trace)
to avoid excessive steps under transient denominators.

LEARNING RATE CONTROL:
- Cosine decay: 0.5 X (1 + cos( t / T)) modulates base LR.
« Gain controller: multiplicative scalar updated via

gain + gain X exp(-gain_lr X (loss - 0.2))
This mildly penalizes higher loss regions and rewards lower
— loss.

LOOKAHEAD ACCUMULATION:
« Accumulate raw updates and, every k steps, perform a macro-step:
0«0 - (1/k) * update
Then reset accumulators. This yields a smoothed trajectory.

OPTIONAL CHEAP SAM:
« Single extra forward/backward at a small normalized perturbation
towards the gradient direction; encourages flatter minima.

REQUIREMENTS :
« The provided closure must recompute the loss and repopulate
— gradients.
+ Mixed precision is compatible; ensure scaler behavior aligns
— with closure.

Invariants:
« Parameter/state shapes and devices are preserved.
« All curvature proxies remain strictly positive (> le-8).
« Weight decay is decoupled from gradient computation.

Time/Space:
+ O(#params) memory for moments, variance, accumulators.

« Hutchinson probe frequency 1is user configurable (default: every
— 50 steps).

mmn

params: Iterable[torch.nn.Parameter],
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total_steps: int,

lr: float = 3e-3,

eps: float = le-8,
weight_decay: float = 0.0,
agc_alpha: float = 0.02,

hutch_every: int = 50,
gain_lr: float = 5e-4,
lookahead_k: int 8,

sam_every: int = 0
sam_rho: float = 0.05,
gamma: float = 1.2
cooldown: int = 10

mmn
Args:
params: Iterable of parameters to optimize.
total_steps: Total number of training steps T (must be > 0).
lr: Base learning rate (pre-cosine, pre-gain).
eps: Numerical epsilon used in adaptive denominators.
welight_decay: Decoupled weight decay factor (applied on 0,
— not g).
agc_alpha: AGC-2 multiplier ; = X median(/0/).
hutch_every: Frequency (in steps) of Hutchinson probing; 0
— disables.
gain_lr: Learning rate for the LR gain controller.
lookahead k: LookAhead accumulation period; 0 disables
— LookAhead.
sam_every: Frequency (in steps) to perform Cheap SAM; 0
— disables.
sam_rho: Perturbation radius for Cheap SAM.
gamma: Loss spike multiplier for safe-step detection.
cooldown: Cooldown length (steps) after a detected spike.
mmn
if total_steps <= 0:
raise ValueError ("total_steps must be > 0")

defaults = dict (lr=1lr, eps=eps, weight_decay=weight_decay)

super () .__init__ (params, defaults)

# ——— Training horizon & base hyperparameters ——-—
self.total_training_steps: int = int(total_steps)
self.base_learning_rate: float = float (lr)
self.numerical_epsilon: float = float (eps)

# ——— Global step bookkeeping ——-—

self.global_step_index: int = 0
# ——— Stabilization and curvature —-—-—
self.agc_alpha: float = float (agc_alpha)

self.hutchinson_frequency: int = int (hutch_every)

# ——— LR gain controller (PI-like scalar) -—--
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270 self.learning_rate_gain: float = 1.0

271 self.gain_controller_lr: float = float(gain_1r)

272

273 # ——— LookAhead configuration —-—-

274 self.lookahead_period: int = int (lookahead_k) if lookahead_k

-~ else 0
275

276 # ——-— Cheap SAM configuration ——-

277 self.sam_frequency: int = int (sam_every) if sam_every else 0
278 self.sam_perturbation_radius: float = float (sam_rho)

279

280 # ——— Safe-step / rollback parameters —--—

281 self.loss_spike_multiplier: float = float (gamma)

282 self.cooldown_duration: int = int (cooldown)

283 self.remaining_cooldown_steps: int = 0

284 self.previous_loss_value: Optional[float] = None

285

286 # ——— Flattened parameter 1list for tight loops & alignment ——-—
287 self._parameter_list = [param for group in self.param_groups for

< param in group|["params"]]
288

289 # ——— LookAhead accumulators (aligned with _parameter_1list
- order) ——-—

290 if self.lookahead_period:

291 self._lookahead_accumulators = [

292 torch.zeros_like (param,

— memory_format=torch.preserve_format) for param in
— self._parameter_list

203 ]

294

295 # ——-— Per—-parameter state tensors —-—-—

296 for param in self._parameter_list:

297 state = self.state[param]

298 state.setdefault ("first_moment", torch.zeros_like (param))
— # EMA of gradients (m)

299 state.setdefault ("second_moment", torch.zeros_like (param))
— # AdaGrad accumulator (v)

300 state.setdefault ("radam_variance", torch.zeros_like (param))
— # RAdam variance proxy (rv)

301 state.setdefault ("trust_coefficient", 1.0)
— # scalar trust factor

302 state.setdefault ("hutchinson_trace", 1.0)
< # positive curvature proxy

303 state.setdefault ("last_update_vector",
— torch.zeros_1like (param)) # for rollback

304

305 Fomm |

o
306 # Iteration utilities
307 $y - ]
o e
308 def _iter_all_parameters(self) -> Iterator[torch.nn.Parameter]:
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"m"nyield parameters in a fixed order (aligned with LookAhead
— buffers)."""
return iter(self._parameter_ list)

_iter_groups_and_parameters (self) —-> Iterator[Tuplel[dict,
torch.nn.Parameter]]:
"""yield (group, parameter) tuples, respecting PyTorch
— param _groups partitioning."""
for group in self.param_groups:
for param in group["params"]:
yield group, param

_current_training_stage(self) —-> int:

nmmn

Compute the current training stage as a function of normalized
— progress.

Returns:
int in {0, 1, 2}:
0 for progress [0.00, 0.20),
1 for progress [0.20, 0.80),
2 for progress [0.80, 1.00+].
progress = self.global_step_index / self.total_training_steps
if progress < 0.20:
return 0
elif progress < 0.80:
return 1
else:
return 2

step(self, closure: Callable[[], torch.Tensor]):

mmn

Perform a single optimization step.

Contract for ‘closure’:
e Must recompute the loss (scalar tensor) and call
— backward() to populate gradients.
« Should zero gradients internally (or the caller should)
— before computing loss.

High-level flow:
(A) Pre-update loss evaluation (spike detection; cooldown
— management) .
(B) Compute effective LR = cosine(t/T) X learning rate_gain
— X cooldown_factor.
(C) Parameter loop:
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(D)
(E)
(F)
(G)

Returns:

- Gradient centralization + AGC-2
- Stage-specific preconditioning
— Trust-radius clamping
- Decoupled weight decay
— LookAhead accumulation
Post-update loss evaluation (rollback on persistent
spike) .
Gain controller update.
LookAhead macro-step (periodic).
Optional Cheap SAM step (periodic).

torch.Tensor: Detached loss tensor evaluated after the

—
mmn

parameter update.

if closure is None:

raise RuntimeError ("AtlasOpt.step requires a closure that

—

computes loss and gradients.")

loss_before = closure()
loss_before_value = float (loss_before.item())

# Detect sudden loss escalation;
if self.

— self.loss_spike_multiplier x self.previous_loss_value:
self.remaining_cooldown_steps = self.cooldown_duration
self.previous_loss_value = loss_before_value

# Advance global step (used by cosine schedule and bias
— corrections).
self.global_step_index += 1

# ———— (B) Effective learning rate
B
cosine_factor = 0.5 » (1.0 + math.cos(math.pi =

— self.global_step_index / self.total_training_ steps))
effective_learning rate = self.base_learning_rate =x

— cosine_factor * self.learning rate_gain

# Apply cooldown throttling (X0.5) if in cooldown window.

if self.

remaining_cooldown_steps > 0:

effective_learning rate = 0.5
self.remaining_cooldown_steps —= 1

current__
radam_beta2 = 0.999 # Standard variance EMA coefficient used

stage = self._current_training_stage ()

— for RAdam-1like rectification.
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with torch.no_grad() :
for idx, (group, parameter) in

—

enumerate (self._iter groups_and_parameters()):

if parameter.grad is None:
continue # No-op for frozen/unused parameters this
— Step.

# 1) Gradient preprocessing: GC + AGC-2

raw_grad = parameter.grad

grad = _apply_gradient_centralization (raw_grad)

grad = _adaptive_gradient_clipping_v2 (parameter, grad,
— self.agc_alpha, group["eps"])

# 2) Load state references (all tensors are
— Shape-compatible with parameter)

state = self.state[parameter]

first_moment: torch.Tensor = state["first_moment"]
second_moment: torch.Tensor = state["second_moment"]
radam_variance: torch.Tensor = state["radam_ variance"]

# 3) Optional curvature probe (Hutchinson) at fixed
— frequency
if self.hutchinson_frequency and (self.global_step_index
— % self.hutchinson_frequency == 0):
state["hutchinson_trace"] =
— _estimate_hutchinson_trace(
parameter=parameter,
raw_gradient=raw_grad,
enable_probe=True,
fallback_trace_value=state["hutchinson_trace"],

# 4) Stage-specific update direction

if current_stage == 0:
# ———— Stage 0: AdaGrad + momentum
#vev+g g
#m+ 0.9 m+ 1.0 g
# ¢ (m / sqrt(v + eps)) * 1r
second_moment .addcmul_ (grad, grad, value=1.0)
first_moment.mul_(0.9).add_(grad)
update_vector = first_moment /
o (second_moment .sqgrt () .add__(group["eps"]))
update_vector.mul_ (effective_learning_rate)

elif current_stage == 1:
# ———— Stage 1: RAdam-like rectification +
— Hutchinson + trust scaling
# rv ¢ 2 rv + (1-2) (9 g)
# denom ¢ sqrt(rv / (1-2°t)) + hutch_trace
#m+ 0.9 m+ 0.1 g
# u + m / denom
# trust « EMA of [0/ / |]ul]
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# ¢ 1lr x trust * u
radam_variance.mul_ (radam_betaZ2) .addcmul_ (grad,
— grad, value=(1.0 - radam_beta2))

radam_bias_correction = math.sqgrt (1.0 - radam_beta2

— +x self.global_step_index)

denom = radam_variance.sqrt () .div_(radam_bias_corre

— ction)
denom.add_ (float (state["hutchinson_trace"]))

first_moment.mul_(0.9).add_(grad, alpha=0.1)
preconditioned = first_moment / denom

# Trust coefficient estimation (scalar):

# trust (/0] / |||, smoothed via EMA to avoid

- Jitter.

param_norm = parameter.data.norm()

step_norm = preconditioned.norm()

if param_norm > 0 and step_norm > O:
trust_scalar = (param_norm / (step_norm +
- le-12))
trust_scalar = torch.as_tensor(trust_scalar,
— device=parameter.device)

else:
trust_scalar = torch.tensor (1.0,
— device=parameter.device)

state["trust_coefficient"] = 0.9 =

— float (state["trust_coefficient"]) + 0.1 =
— float (trust_scalar.item())

update_vector = preconditioned =

— (effective_learning rate =

— float (state["trust_coefficient"]))

else:
# ———— Stage 2: SGD with Nesterov-like momentum
#me 0.9 m+ 0.1 g
# ¢ 1lr * (0.9 m + g)
first_moment.mul_(0.9).add_(grad, alpha=0.1)
update_vector = (0.9 » first_moment + grad) =
— effective_learning_ rate

# 5) Trust-radius clamp:
# Limit |[]]] (trace), where trace 1is
<« hutchinson trace (> 1e-8).
trace_value = max(le-12,
— float (state["hutchinson_trace"]))
trust_radius = math.sqrt (trace_value)
update_12 = update_vector.norm() .item()
if math.isfinite (update_12) and update_12 >
— trust_radius:
update_vector.mul_ (trust_radius / (update_12 +
- le-12))
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# 6) Decoupled weight decay (AdamW-style): 0 « (1 — Ir =

— Wd) 9
if group["weight_decay"]:
parameter.data.mul_(1.0 - effective_learning_rate =

— group["weight_decay"])

# 7) Apply step and store last update for rollback
state["last_update_vector"].copy_ (update_vector)
parameter.add_ (-update_vector)

# 8) LookAhead accumulation (if enabled)
if self.lookahead_period:
self._lookahead_accumulators[idx].add_(update_vectoJ

- )
# ———— (D) Post-update loss; rollback on persistent spike
O
loss_after = closure()
loss_after _value = float (loss_after.item())

if loss_after_value > self.loss_spike_multiplier =
— loss_before_value:
# Persistent spike vrevert last updates and enter cooldown.
with torch.no_grad():
for parameter in self._iter_ all parameters():
state = self.state[parameter]
if "last_update_vector" in state:
parameter.add_(state["last_update_vector"]) #
— rollback
self.remaining_cooldown_steps = self.cooldown_duration

# Intuition: if loss is high, gently decrease gain; 1f low,

— gently increase.

self.learning_rate_gain *= math.exp(-self.gain_controller_lr =
- (loss_after_value - 0.2))

# ———— (F) LookAhead macro-step (periodic)
e
if self.lookahead_period and (self.global_step_index %
— self.lookahead_period == 0):
with torch.no_grad():
inverse_k = 1.0 / float (self.lookahead_period)

for accumulator, parameter in
— zip(self._lookahead_accumulators,
— self._iter_all_parameters()):
# Only apply 1f any non-zero update 1is present.
if torch.any(accumulator):
parameter.add_ (accumulator, alpha=-inverse_k)
accumulator.zero_ ()
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# ———— (G) Optional Cheap SAM step (periodic)
e

if self.sam_frequency and (self.global_step_index %
— self.sam_frequency == 0):

self._perform_cheap_sam_step(closure,
—~ effective_learning_ rate)

# Return the latest, detached loss for logging consistency.
return loss_after.detach ()

def _perform_cheap_sam_step(self, closure: Callable[][],

torch.Tensor], effective_learning rate: float) —-> None:
nmmn
Execute one Cheap SAM step:
1) Compute global ||g|/| to normalize perturbation scale
- /Jllgll.
2) Perturb parameters: 0 « 0 + (/||gl]) * g.
3) Recompute loss/gradients at the perturbed point
— (closure()).
4) Undo perturbation and descend: 0 « 6 - 1lr * g _perturbed
— (with decoupled WD) .

Implementation notes:
« Uses the xcurrent* gradients for the perturbation direction.
« Weight decay is applied decoupled in the final descent only.
« If ||g|| is zero or non-finite, SAM is skipped safely.

Args:
closure: Callable that recomputes loss and gradients.
effective_ learning_rate: Current scalar LR applied to the
— SAM descent.

mmn

rho = float (self.sam_perturbation_radius)

# (1) Compute global gradient norm
grad_sqg_sum = 0.0
for parameter in self._iter_all_parameters():
if parameter.grad is not None:
grad_sqg_sum += float (parameter.grad.pow(2) .sum() .item())
global_grad_norm = math.sqgrt (grad_sqg_sum)

if not math.isfinite(global_grad_norm) or global_grad_norm ==
— 0.0:
return # No meaningful SAM step possible.

perturb_scale = rho / global_grad_norm

48



551
552
553
554
555
556
557
558
559
560
561

562
563
564
565
566

567
568

569

ATLAS — RETHINKING OPTIMIZER DESIGN FOR STABILITY AND SPEED

# (2) Apply perturbation 0 « 0 + ( / ||gll) * g
with torch.no_grad():
for parameter in self._iter_all_parameters() :
if parameter.grad is not None:

parameter.add_ (parameter.grad, alpha=perturb_scale)

# (3) Recompute loss & gradients at perturbed parameters
_ = closure ()

# (4) Undo perturbation; apply decoupled WD and a gradient
< descent step
with torch.no_grad():

for group, parameter in self._iter_groups_and_parameters () :

if parameter.grad is None:
continue
parameter.add_ (parameter.grad, alpha=-perturb_scale)
— remove the perturbation first
if group["weight_decay"]:
parameter.mul_ (1.0 - effective_learning_rate =
— group["weight_decay"])
parameter.add_ (parameter.grad,
< alpha=-effective_learning_rate)

#
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