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SGD diverges with any learning rate for LLS
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How to compare them? AlgoPerf benchmark * 2

® AlgoPerf Benchmark: Compares NN training algorithms with two rulesets:
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How to compare them? AlgoPerf benchmark * 2

® AlgoPerf Benchmark: Compares NN training algorithms with two rulesets:
® External Tuning: Simulates hyperparameter tuning with limited resources (5 trials, quasirandom search). Scored on
median fastest time to target across 5 studies.
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How to compare them? AlgoPerf benchmark * 2

® AlgoPerf Benchmark: Compares NN training algorithms with two rulesets:
® External Tuning: Simulates hyperparameter tuning with limited resources (5 trials, quasirandom search). Scored on
median fastest time to target across 5 studies.
® Self-Tuning: Simulates automated tuning on a single machine (fixed/inner-loop tuning, 3x budget). Scored on median
runtime across 5 studies.
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How to compare them? AlgoPerf benchmark * 2

® AlgoPerf Benchmark: Compares NN training algorithms with two rulesets:
® External Tuning: Simulates hyperparameter tuning with limited resources (5 trials, quasirandom search). Scored on
median fastest time to target across 5 studies.
® Self-Tuning: Simulates automated tuning on a single machine (fixed/inner-loop tuning, 3x budget). Scored on median
runtime across 5 studies.
® Scoring: Aggregates workload scores using performance profiles. Profiles plot the fraction of workloads solved
within a time factor T relative to the fastest submission. Final score: normalized area under the profile (1.0 =

fastest on all workloads).
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How to compare them? AlgoPerf benchmark * 2

® AlgoPerf Benchmark: Compares NN training algorithms with two rulesets:
® External Tuning: Simulates hyperparameter tuning with limited resources (5 trials, quasirandom search). Scored on
median fastest time to target across 5 studies.
® Self-Tuning: Simulates automated tuning on a single machine (fixed/inner-loop tuning, 3x budget). Scored on median
runtime across 5 studies.
® Scoring: Aggregates workload scores using performance profiles. Profiles plot the fraction of workloads solved
within a time factor T relative to the fastest submission. Final score: normalized area under the profile (1.0 =
fastest on all workloads).
® Computational Cost: Scoring required ~ 49, 240 total hours on 8x NVIDIA V100 GPUs (avg.
~ 3469h/external, ~ 1847h/self-tuning submission).

!Benchmarking Neural Network Training Algorithms
2 Accelerating neural network training: An analysis of the AlgoPerf competition
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AlgoPerf benchmark

Summary of fixed base workloads in the AlgoPerf benchmark. Losses include cross-entropy (CE), mean absolute
error (L1), and Connectionist Temporal Classification loss (CTC). Additional evaluation metrics are structural
similarity index measure (SSIM), (word) error rate (ER & WER), mean average precision (mAP), and bilingual
evaluation understudy score (BLEU). The \runtime budget is that of the external tuning ruleset, the self-tuning
ruleset allows 3% longer training.

Runtime
Task Dataset Model Loss  Metric  Validation Target  Budget
Clickthrough rate CRITEO 1TB  DLRMSMALL CE CE 0.123735 7703
prediction
MRI reconstruction ~ FASTMRI U-NET L1 SSIM 0.7344 8859
Image classification IMAGENET ResNet-50 CE ER 0.22569 63,008
ViT CE ER 0.22691 77,520
Speech recognition  LIBRISPEECH  Conformer CTC WER 0.085884 61,068
DeepSpeech CTC WER 0.119936 55,506
Molecular property  OGBG GNN CE mAP 0.28098 18,477
prediction
Translation WMT Transformer CE BLEU 30.8491 48,151
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AlgoPerf benchmark

Submission Line Score
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(a) External tuning leaderboard
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AlgoPerf benchmark
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NanoGPT speedrun
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PaboTtalor nn Tproku, ecnm ysenmuntb pasmep mogenn?

Scaling up the NanoGPT (124M) speedrun
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Shampoo 3

Stands for Stochastic Hessian-Approximation Matrix Preconditioning for Optimization Of deep networks. It's a
method inspired by second-order optimization designed for large-scale deep learning.

Core Idea: Approximates the full-matrix AdaGrad pre conditioner using efficient matrix structures, specifically
Kronecker products.

For a weight matrix W € R™*", the update involves preconditioning using approximations of the statistics matrices
L~37, G,G¥ and R ~ Dk GTG,,, where G, are the gradients.

Simplified concept:

1. Compute gradient G

Notes:
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Shampoo 3

Stands for Stochastic Hessian-Approximation Matrix Preconditioning for Optimization Of deep networks. It's a
method inspired by second-order optimization designed for large-scale deep learning.

Core Idea: Approximates the full-matrix AdaGrad pre conditioner using efficient matrix structures, specifically
Kronecker products.

For a weight matrix W € R™*", the update involves preconditioning using approximations of the statistics matrices
L~37, G,G¥ and R ~ Dk GTG,,, where G, are the gradients.

Simplified concept:

1. Compute gradient G
2. Update statistics L, = 8L;_; + (1 — 8)G,G¥ and R, = BR;_, + (1 — B)GLG,.

Notes:
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Shampoo 3

Stands for Stochastic Hessian-Approximation Matrix Preconditioning for Optimization Of deep networks. It's a
method inspired by second-order optimization designed for large-scale deep learning.

Core Idea: Approximates the full-matrix AdaGrad pre conditioner using efficient matrix structures, specifically
Kronecker products.

For a weight matrix W € R™*", the update involves preconditioning using approximations of the statistics matrices
L~37, G,G¥ and R ~ Dk GTG,,, where G, are the gradients.

Simplified concept:

1. Compute gradient G
2. Update statistics L, = 8L;_; + (1 — 8)G,G¥ and R, = BR;_, + (1 — B)GLG,.
3. Compute preconditioners P; = L;1/4 and Py = R,;l/4. (Inverse matrix root)

Notes:
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Shampoo 3

Stands for Stochastic Hessian-Approximation Matrix Preconditioning for Optimization Of deep networks. It's a
method inspired by second-order optimization designed for large-scale deep learning.

Core Idea: Approximates the full-matrix AdaGrad pre conditioner using efficient matrix structures, specifically
Kronecker products.

For a weight matrix W € R™*", the update involves preconditioning using approximations of the statistics matrices
L~37, G,G¥ and R ~ Dk GTG,,, where G, are the gradients.

Simplified concept:

1. Compute gradient G

2. Update statistics L, = 8L;_; + (1 — 8)G,G¥ and R, = BR;_, + (1 — B)GLG,.
3. Compute preconditioners P; = L;1/4 and Py = R,;l/4. (Inverse matrix root)

4. Update: W, | = W, — aP; G} Pp.

Notes:
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Stands for Stochastic Hessian-Approximation Matrix Preconditioning for Optimization Of deep networks. It's a
method inspired by second-order optimization designed for large-scale deep learning.

Core Idea: Approximates the full-matrix AdaGrad pre conditioner using efficient matrix structures, specifically
Kronecker products.

For a weight matrix W € R™*", the update involves preconditioning using approximations of the statistics matrices
L~37, G,G¥ and R ~ Dk GTG,,, where G, are the gradients.

Simplified concept:

1. Compute gradient G

2. Update statistics L, = 8L;_; + (1 — 8)G,G¥ and R, = BR;_, + (1 — B)GLG,.
3. Compute preconditioners P; = L;1/4 and Py = R,;l/4. (Inverse matrix root)

4. Update: W, | = W, — aP; G} Pp.

Notes:

® Aims to capture curvature information more effectively than first-order methods.
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Stands for Stochastic Hessian-Approximation Matrix Preconditioning for Optimization Of deep networks. It's a
method inspired by second-order optimization designed for large-scale deep learning.

Core Idea: Approximates the full-matrix AdaGrad pre conditioner using efficient matrix structures, specifically
Kronecker products.

For a weight matrix W € R™*", the update involves preconditioning using approximations of the statistics matrices
L~37, G,G¥ and R ~ Dk GTG,,, where G, are the gradients.

Simplified concept:

1. Compute gradient G
2. Update statistics L, = 8L;_; + (1 — 8)G,G¥ and R, = BR;_, + (1 — B)GLG,.
3. Compute preconditioners P; = L;1/4 and Py = R,;l/4. (Inverse matrix root)
4. Update: W, | = W, — aP; G} Pp.
Notes:

® Aims to capture curvature information more effectively than first-order methods.
® Computationally more expensive than Adam but can converge faster or to better solutions in terms of steps.
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Stands for Stochastic Hessian-Approximation Matrix Preconditioning for Optimization Of deep networks. It's a
method inspired by second-order optimization designed for large-scale deep learning.

Core Idea: Approximates the full-matrix AdaGrad pre conditioner using efficient matrix structures, specifically
Kronecker products.

For a weight matrix W € R™*", the update involves preconditioning using approximations of the statistics matrices
L~37, G,G¥ and R ~ Dk GTG,,, where G, are the gradients.

Simplified concept:
1. Compute gradient G
2. Update statistics L, = 8L;_; + (1 — 8)G,G¥ and R, = BR;_, + (1 — B)GLG,.
3. Compute preconditioners P; = L;1/4 and Py = R,;l/4. (Inverse matrix root)
4. Update: W, | = W, — aP; G} Pp.
Notes:
® Aims to capture curvature information more effectively than first-order methods.
® Computationally more expensive than Adam but can converge faster or to better solutions in terms of steps.

® Requires careful implementation for efficiency (e.g., efficient computation of inverse matrix roots, handling large
matrices).
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Shampoo 3

Stands for Stochastic Hessian-Approximation Matrix Preconditioning for Optimization Of deep networks. It's a
method inspired by second-order optimization designed for large-scale deep learning.

Core Idea: Approximates the full-matrix AdaGrad pre conditioner using efficient matrix structures, specifically
Kronecker products.

For a weight matrix W € R™*", the update involves preconditioning using approximations of the statistics matrices
L~37, G,G¥ and R ~ Dk GTG,,, where G, are the gradients.

Simplified concept:
1. Compute gradient G
. Update statistics L, = 8L;,_; + (1 — 8)G,G¥ and R, = BR;,_, + (1 — B)GEG,.

2
3. Compute preconditioners P; = L;1/4 and Py = R,;l/4. (Inverse matrix root)
4. Update: W, | = W, — aP; G} Pp.

Notes:

® Aims to capture curvature information more effectively than first-order methods.
® Computationally more expensive than Adam but can converge faster or to better solutions in terms of steps.
® Requires careful implementation for efficiency (e.g., efficient computation of inverse matrix roots, handling large

matrices).
° i i .g., convolutional layers).
3Shampoo: Preconditioned Stochastic Tensor Optimization
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Adam pabotaet xyxe gna CV, yem
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Figure 4: CNNs on MNIST and CIFAR10
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Figure 5: Transformers on PTB, WikiText2, and SQuAD

SLinear attention is (maybe) all you need (to understand transformer optimization)
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Mouemy Adam paboTaet xyxe ans CV, yem gnsa LLM? ©

nOTOMy HYTO WYM IrPpaANEHTOB B A3bIKOBbIX MOAENAX NMEET TAXKEJble XBOCTbI?
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SLinear attention is (maybe) all you need (to understand transformer optimization)
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Mouemy Adam pabotaet xyxe ans CV, yem gana LLM? /

Het! MeTku umeroT Ts>kenble xBocTbi!
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Figure 6: Pacnpegenerue yactotsl TokeHos B PTB

"Heavy-Tailed Class Imbalance and Why Adam Outperforms Gradient Descent on Language Models
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Mouemy Adam pabotaet xyxe ans CV, yem gana LLM? 8

SGD mep/ieHHO MporpeccupyeTt Ha peakux Kiaaccax

a) Samples/class b) Overall loss c) SGD d) Adam
g 10° \ 310 10 10
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€ 13 c
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Class index (sorted) Step Step Step
= SGD (with momentum) ~10% samples, least freq. classes

== Adam (with momentum) == =~ 10% samples, most freq. classes

SGD He gobuBaetcs nporpecca Ha HW3KOYaCTOTHbLIX Kflaccax, B To BpeMmsi kKak Adam pobusaetcs. Obyuernne GPT-2 S
Ha WikiText-103. (a) Pacnpegenerue knaccos, oTCOPTUPOBAHHbBIX MO HaCTOTE BCTPEHAEMOCTM, PasbUTLIX Ha rpymnmbl,
cooteetcTaytowme ~ 10 % panubix. (b) 3Hauerne dyHkunm noteps npu obyyenun. (c, d) 3HayveHne dyHkLUM
notepb npu obyyeHnn Ans Kaxkgon rpynnel npu ucnonbsosanum SGD n Adam.

8Heavy-Tailed Class Imbalance and Why Adam Outperforms Gradient Descent on Language Models
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Impact of initialization °

@ Properly initializing a NN important. NN loss is highly nonconvex; optimizing it to attain a “good” solution
hard, requires careful tuning.

® Don't initialize all weights to be the same — why?
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Impact of initialization °

@ Properly initializing a NN important. NN loss is highly nonconvex; optimizing it to attain a “good” solution
hard, requires careful tuning.

® Don't initialize all weights to be the same — why?
® Random: Initialize randomly, e.g., via the Gaussian N (0, 02), where std o depends on the number of neurons in
a given layer. Symmetry breaking.
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Impact of initialization °

@ Properly initializing a NN important. NN loss is highly nonconvex; optimizing it to attain a “good” solution
hard, requires careful tuning.

® Don't initialize all weights to be the same — why?

® Random: Initialize randomly, e.g., via the Gaussian N (0, 02), where std o depends on the number of neurons in
a given layer. Symmetry breaking.

® One can find more useful advices here

90n the importance of initialization and momentum in deep learning llya Sutskever, James Martens, George Dahl, Geoffrey Hinton
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Baunsinne nunumanusauumn Becos HePOHHOW CETU Ha CxoAUMOCTb meTopos °
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Epoch

Figure 8: 30-layer ReLU net: good init is able to converge

0Delving Deep into Rectifiers: Surpassing Human-Level Performance on ImageNet Classification, Kaiming He, Xiangyu Zhang, Shaoqing Ren, Jian
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0.85 1 “
—_ EﬁlVar[wl] =1 ours
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= W Var[w,] =1 Xavier
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Figure 7: 22-layer ReLU net: good init converges faster
Sun
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Busyanusauus c nomouwbio Npoekuun Ha nNpsimyto

® O60o3Ha4MM HauvasibHYIO TOUKY KaK W, NPeACTaBAsIOLLY0 coboli Beca HelipoHHOI CeTV MpW MHNLMAAN3aLNA.
Beca, nonyyenHble nocne obyderns, 0603HaYNM Kak .

L(a) = L(wy + aw, ), where a € [—b,b].
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Busyanusauus c nomouwbio Npoekuun Ha nNpsimyto

® 0b6o3Hauyum Ha4a/lbHYIO TOYKY KaK W, NPEACTaBAAIOLWYHO coboii Beca HeVIpOHHOVI CETN Npn NHNUMnann3ayunn.

Beca, nonyyenHble nocne obyderns, 0603HaYNM Kak .

® [eHepypyem cnyyaliHblli BEKTOP TaKoii ke pasMepHOCTM 1 HopMbl w; € RP, 3aTem BblUNCAEM 3HaYeHMe
hbyHKUMM NOTEPL BAOJL 3TOr0 BEKTOpa:

L(a) = L(wy + aw, ), where a € [—b,b].
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Mpoekunsa yHKLUUN NOTEPL HEVIPOHHOW CETU HA NPAMYIO

No Dropout
Loss surface. Line projection around the starting point Loss surface. Line projection around the final point
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Mpoekunsa yHKLUUN NOTEPL HEVIPOHHOW CETU HA NPAMYIO

Dropout 0.2

Loss surface. Line projection around the starting point Loss surface. Line projection around the final point
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Mpoekunsa dyHKLUUU NOTEPL HEIPOHHOW CETU HA NJIOCKOCTb
® Mbl MOXeM paclpUTb 3TY UAEH0 U NOCTPOUNTL MPOEKLMIO MOBEPXHOCTU MOTEPb HAa MJIOCKOCTb, KOTOpas 3afaeTcs

2 Cﬂy‘-laﬁHblMI/I BEKTOpPamMn.

L(a, B) = L(wy + aw; + Bw,), where o, 3 € [—b,b].

No Dropout. Plane projection of loss surface.

After training

Before training
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Mpoekunsa dyHKLUUU NOTEPL HEIPOHHOW CETU HA NJIOCKOCTb
® Mbl MOXeM paclpUTb 3TY UAEH0 U NOCTPOUNTL MPOEKLMIO MOBEPXHOCTU MOTEPb HAa MJIOCKOCTb, KOTOpas 3afaeTcs

2 cnyyaiiHbIMU BEKTOpamu.
® [lga cnyyaiiHbIX raycCoBbIX BEKTOPa B MPOCTPAHCTBE BOSIBLLOA Pa3MEPHOCTU C BbICOKOW BEPOSITHOCTbLIO

OpPTOroHanbHbI.

L(a, B) = L(wy + aw; + Bw,), where o, 3 € [—b,b].

No Dropout. Plane projection of loss surface.

Before training After training
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MoxeT nu 6bITb NONe3Ho usydeHne Takux npoekumii? 1!

Figure 12: The loss surface of ResNet-56

without skip connections Figure 13: The loss surface of ResNet-56 with skip connections

"Visualizing the Loss Landscape of Neural Nets, Hao Li, Zheng Xu, Gavin Taylor, Christoph Studer, Tom Goldstein
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MoxeTt nu ObITb NonesHo n3y4eHmne Takux I'IpOEKLI,VII?i, ecnan cepbe3H0? 12
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Figure 14: Examples of a loss landscape of a typical CNN model on FashionMNIST and CIFAR10 datasets found with MPO. Loss
values are color-coded according to a logarithmic scale

- 04

12L(_)ss Landscape Sightseeing with Multi-Point Optimization, lvan Skorokhodov, Mikhail Burtsev
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LL'I/IpI/IHa JNOKAJIbHbIX MUHNMYMOB
Y3kune n LnpoKne noKaJibHblie MNHNMYMbI
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LL'I/IpI/IHa JNOKAJIbHbIX MUHNMYMOB
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Exponential learning rate

® Exponential Learning Rate Schedules for Deep Learning
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Double Descent 3

under-parameterized over-parameterized

Test risk

“classical”
regime

“modern”
interpolating regime

~ Training risk
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interpolation threshold

——

Capacity of H

13Reconciling modern machine learning practice and the bias-variance trade-off, Mikhail Belkin, Daniel Hsu, Siyuan Ma, Soumik Mandal
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Double Descent
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Grokking **

Modular Division (training on 50% of data)
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Optimization Steps

Figure 15: Training transformer with 2 layers, width 128, and 4
attention heads, with a total of about 4 - 10° non-embedding
parameters. Reproduction of experiments (™ half an hour) is
available here
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[ )
Modular Division (training on 50% of data) PekomeHngyto nocmotpets nekuuto Amutpus Betposa

YpusutensHbie cBoiicTBa hyHKUMMN NOTEPL B

100 — train T = - - - i
— val HeiiponHoin cetu (Surprising properties of loss
o0 landscape in overparameterized models). @ sugeo,
A
B Npesentayus
e Agtop @ kanana Ceugetenn pagueHTa cobupaet
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Optimization Steps

Figure 15: Training transformer with 2 layers, width 128, and 4
attention heads, with a total of about 4 - 10° non-embedding
parameters. Reproduction of experiments (™ half an hour) is
available here
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HeiiponHoin cetu (Surprising properties of loss
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e Agtop @ kanana Ceugetenn pagueHTa cobupaet
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Figure 15: Training transformer with 2 layers, width 128, and 4
attention heads, with a total of about 4 - 10° non-embedding
parameters. Reproduction of experiments (™ half an hour) is
available here

4Grokking: Generalization Beyond Overfitting on Small Algorithmic Datasets, Alethea Power, Yuri Burda, Harri Edwards, Igor Babuschkin, Vedant
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