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Who wants to train an LLM?

—Tom Jerry



Yes, you can, 2-3 folks with 10-100 GPUs for a few months

—Tom Jerry



Whitening the journey from “we have a great dataset and GPUs" to “we built a
model actually works".

—Tom Jerry



OPT-175B: A true story

* OPT-175B was a large language model with 175 billion parameters, released by

Meta Al in May 2022 as part of an effort to democratize access to large-scale
models for research purposes.

* During the training process on 992 80GB A100 GPUs, the team encountered
various real-world problems that contributed to instability.



OPT-175B: A true story

* Hardware Failures: The training was subject to a significant number of hardware
fallures in the compute cluster, which complicated the continuous training process.

° Numerical Instabilities: The team faced numerical instabilities, such as abrupt loss
divergence or NaN (Not a Number) values.

* Scaling Issues: They observed limitations in transferring results from smaller-scale
experiments to the massive scale of the 175B parameter model.

° Debugging Difficulties: Some incidents were "Implicit failures” (e.g., a communication
hang caused by non-deterministic CUDA errors) that were difficult to detect, diagnose,
and reproduce, sometimes taking hours of manual effort to resolve.
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Yes, building things at scale Is hard

Building high-quality data at scale.
Orchestrating thousands of GPUs at scale.

. Reasoning and evaluating decisions throughout the process.



Schedule

- Part 1: Why train an LLM” Concepts, goals, and design decisions.
. Part 2: How to train an LLM? The technical pipeline and ablation framework.

. Part 3: Training, engineering reality, debugging, and post-training.



Part 1: Why train an LLM?

Concepts, goals, and design decisions

Before we train an LLM, we need to understand why people train LLMs and what
decisions matter before training begins.

Motivation — Architecture — Data — Scaling



Part 2: How to train an LLM?

The technical pipeline & ablation framework

We learn how to design experiments, choose components, and prepare for full-
scale training.

Ablations — Architecture choices — Data recipes — Optimizers — LR schedules
— Stability



Part 3: Full-scale training

Engineering reality, debugging, and post-training

We learn what really happens at scale, and what makes an LLM useful after
pretraining.

Distributed training — Infrastructure — Monitoring — Failures — Safety —
SFT/DPO — Deployment.




Part 1



Introduction
What is an LLM?

* ALLM is a neural network trained to predict the next token in a sequence. Along
the way, somehow, the model learns representations of language, reasoning,
code, mathematics, and multimodal structure purely from token prediction.

* What makes them “large” is not just parameter count, but the amount of data,
compute, and training discipline behind them.




Introduction

Why are we talking about training LLMs now?

LLMs have become central infrastructure

* LLMs are the foundation of Al-empowered tasks, e.g., search, copilots, robotics, and
scientific discovery. We need to understand how training decisions affect task abillity.

Training has become more accessible

* Open-source proj

ects like Qwen, LLaMA, and Gemma show that high-quality LLMs

can be trained ou

side Big Tech.

The ecosystem needs experts who understand fundamentals

* Students in Al tod
train them, which

ay must understand not just how to use LLMs but how to design and
iInvolves scientific, engineering, and decision-making thinking.



Introduction

This is not a GPU tutorial, instead this is a thinking framework

Success comes from a systematic framework of decisions, validation, ablation,
and monitoring—not a collection of engineering tricks.

* Why should we train an LLM at all?

* \What decisions matter before training starts?

* What experiments validate our choices?

* How do we avoid catastrophic mistakes at scale”



Why train your own LLM?

Why does this model need to exist?

Research: You have a scientific question to answer.
Product: You have a practical need that existing models cannot satisfy.

Open source: You aim to fill a strategic gap in the open-source ecosystem.



Research motivation

Train an LLM to understand something fundamental

* Test a hypothesis about architecture (e.g., Does GQA improve long-context
performance?)

* |nvestigate data effects (Does curriculum learning improve reasoning?)
* Explore optimization methods (How stable is training with Muon vs AdamW?)

* Study emergent behavior (At what scale does reasoning appear and why?)



Product motivation

Train an LLM if the requirements cannot be met by existing models

A. Domalin expertise
* Medicine, law, finance, biology, engineering

* Existing models lack domain-knowledge or hallucinate too much
B. Data privacy / security

* Sensitive company data cannot be sent to proprietary models

* Full control over training and deployment is required
C. Hardware constraints

* Need an LLM that runs on edge devices or low-cost GPU clusters
* Require FP8/FP4, quantization friendliness, small KV cache, etc.



Open Source

Train an LLM to enrich the ecosystem

A.There is a missing open-source model with certain properties:
* Small size, high quality
* Long context

* Specific languages (e.qg., Chinese, Arabic, Hindi)

* Efficient runtime (MLA, GQA, low-memory footprint)

B.Open-source reinforcement:

* Enables downstream instruction tuning, agents, robotics, multimodal systems

* Community adoption amplifies impact



Decision flow
Decide shall not made by the availability of GPUs

First try prompting.
f insufficient — Fine-tune an existing model.
If still insufficient — Continue pretraining (domain adaptation).

. Only if all else fails — Train from scratch.



Now we have decided to train a model, what is next?

—Tom Jerry



Pick a training framework

—Tom Jerry



Training framework

Installation...

1. Installing CUDA

2. Setting up

Python,

Py

orch, Megatron-LM, and DeepSpeed

3. Preparing a dataset in the Megatron indexed format

4. Writing the Megatron + DeepSpeed training script

5. Launching multi-GPU training

6. Checking training results (loss, perplexity, inference)



Training framework

Pick the framework to support ablations and model training

Megatron-LM

DeepSpeed

TorchTitan

Nanotron

Mature, feature-rich, battle-tested (used for Kimi-K2, Nemotron). Excellent
performance but heavy and hard to modify.

Similarly mature; pioneer of ZeRO and used in BLOOM/GLM. Also complex
and difficult to customize.

Lightweight, modular, easier to understand; still new and less stable; good for
experimentation but not yet feature-complete.

Minimal, simple, built specifically by the authors for HF-style pretraining. Fully
hackable but requires more engineering investment to reach maturity.



Megatron-LM

Nvidia’'s large-scale training framework: TP/PP/DP

Originally created to train models like GP

-3-class transformers, it is NVIDIA’s large-

scale training framework designed to push transformer models to hundreds of billions

of parameters through highly optimized 3

D parallelism.

Tensor parallelism (TP): Splitting individual weight matrices across GPUS.

Pipeline parallelism (PP): Splitting model layers across GPUS.

Data parallelism (DP): Splitting training data across GPUs.

Megatron-LM provides provides fused CU

norm implementations, and optimized sc

enabling unified, communication-e
minimizing memory overhead.

ficier

t system that keeps all G

DA kernels, custom attention and layer-
neduling of forward/backward microbatches,

PUs busy while



Megatron-LM

Step 1: Estimate the memory usage

Training memory = Model states + Activations + overheads
* Model states: parameters + gradients + optimization states.

* Activations: layer outputs kept for backward.
* Overheads: cuBLAS/cudnn workspaces, CUDA context, fragmentation (20-30%).



Megatron-LM

Step 1: Estimate the memory usage

Model states (8 Billion model)

* Weights in FP16/BF16: 2B/param

* Gradients in FP16/BF16: 2B/param | | =

* FP32 master weights (for Adam): 4B/param e = (L= - ”( ;. ()
* Adam moments m/v in FP32: 8B/param

'U, 4

Model state memory = 8 x 1079 x (2+2+4+8) = 128GB



Megatron-LM

Step 1: Estimate the memory usage

Activations (8 Billion model)

Layers Hidden size Sequence Micro-batch | Data format Activations
length per layer
=48 D=4096 S=2048 B=8 9B c=3

ActMem=cxLxB xS xdx2B=19GB




Megatron-LM

Step 1: Estimate the memory usage

Training memory = Model states + Activations + overheads

* Model states: 128GB
* Activations: 20GB
* Qverheads: 10-20GB

Total peak: 150 -170GB
We cannot train an 8B model on a single 80GB GPU.

We need a parallel training infrastructure.



Megatron-LM

Step 2: Determine the training configuration

* TP (Tensor Parallel)
* PP (Pipeline Parallel)
* DP (Data Parallel)



Megatron-LM

Step 2: Determine the training configuration

* TP (Tensor Parallel)
* Splits big matmuls within a layer across GPUS.
* + Helps fit larger layers & increases FLOP throughput.
* - Adds significant intra-layer communication (per attention/MLP).

°* PP (Pipeline Parallel)
* Splits layers across GPUs (stages).
* + Helps fit deeper models & reduces per-GPU memory.
* - Adds pipeline bubbles; you need enough micro-batches to keep stages busy.

* DP (Data Parallel)
* Replicates model shard; each replica trains on a different mini-batch slice.
* + Easlest way to scale throughput.
* - Needs gradient all-reduce / ZeRO comm across replicas.



Megatron-LM

Step 2: Determine the training configuration

Increase TP until a single layer fits

TP Is best used to:
* Shrink the memory per layer.
* keep matmuls large and efficient.

* stay within a node (use NVLInk/NVSwitch).

Choose TP so that:

* Hidden size / TP is still a “nice” matmul shape (e.q., 4096 / 4 = 1024 OK).
* Head count divisible by TP (e.qg., 32 heads, TP=4 — 8 heads per GPU).

* Keep TP within a node if possible (TP < #GPUs per node).



Megatron-LM

Step 2: Determine the training configuration

If still memory tight, add PP to split depth

PP splits layers across GPUs. Use when:
* Model is deep (many layers, big activations), and
* Even after TP, GPUs are still near memory limit.

Choose PP so that:
* Keep PP factor small at first: 2 - 4 — 8.
* Tryto balance layers per stage (e.q., 48 layers — 24+24 for PP=2).



Megatron-LM

Step 2: Determine the training configuration

Whatever GPUs remain -> DP

We usually do not want to reduce TP/PP just to increase DP, because:
* TP/PP are chosen to make memory fit and matmuls efficient.
* Once that's done, fill remaining dimensionality with DP.

Further optimization (to reduce training steps):
* |Increase micro-batch size if memory allows.
* |ncrease DP if we have more GPUSs.



Megatron-LM

Step 2: Determine the training configuration

Considering the 8 Billion mixed-precision model with 300B tokens,
32 GPUs with 80GB/GPU

TP =4 (within-node, 4096/4 = 1024 per shard)

PP = 2 (24 layers per stage)

TP x PP = 8: each GPU sees 1/8 of params/activations
Each GPU requires 25GB storage < 80GB margin

DP = 32/(4x2) = 4



Megatron-LM

Step 2: Determine the training configuration

Choose micro-batch, grad accumulation, global batch
Micro-batch per GPU: 4 sequences

Gradient accumulation: 4

Batch-sequence =4 x 4 x 4 (DP) = 64 sequences

Tokens per step: 64 x 2048 = 131,072

Steps = 300 x 1079 /1.21 x 1075 = 2.3 x 10”6 steps



Megatron-LM

Summary

1. Start from memory & topology
* Pick TP as smallest value that makes a layer shard fit and plays nice with matmul
shapes, staying within a node.
* |f still memory-constrained: add PP to split depth until each stage fits.

2. Compute DP from remaining GPUs

3. Design global batch
* Choose micro-batch per GPU and grad accumulation K that, fits memory, and
ttmicro-batches is greater than @PP to keep pipeline busy.

4. Estimate training steps and training time.

5. Iterate
* if memory too high (increase TP/PP, reduce batch).
* |f training too slow (increase DP or global batch), or more GPU.




ZeRO 1-2-3

From a “single-GPU memory limitation” to a “cluster-wide pooled memory resource”

/eR0O (Zero Redundancy Optimizer), introduced by Microsoft in 2020, addresses the
memory redundancy and scalability bottlenecks in LLM training.

Traditional data parallelism replicates the full set of parameters, gradients, and
optimizer states on every GPU, causing memory consumption to grow linearly with
model size and making it impractical to train models at the tens- or hundreds-of-
billions scale.

/eR0O’s core value proposition is that without changing the model architecture or the
forward/backward computation, it shards training states across GPUs and
reconstructs them on demand, causing memory usage per GPU to scale nearly
inversely with the number of GPUs, thus enabling extremely large model training.




ZeRO 1-2-3

From a “single-GPU memory limitation” to a “cluster-wide pooled memory resource”

/eR0O’s key techniques include a staged approach to state partitioning:
Stage 1 shards optimizer states (m, v),
Stage 2 additionally shards gradients, and

Stage 3 shards parameters themselves.

These stages rely on efficient communication primitives such as reduce-scatter and

all-gather to perform “on-demand reconstruction, distributed summation, and local
updates.”




ZeRO 1-2-3

/eR0O 1: Shard optimizer states only

Mixed-precision training: 2B parameters, 2B gradients, 12B optimization states.

All GPUs hold full model parameters, compute full gradients, and get full averaged
gradients after all-reduce.

Only the optimizer states (m, v) are sharded, and parameter shards exist only
temporarily during sharded update, but not during forward/backward.



ZeRO 1-2-3
/eR0O 1: Shard optimizer states only

ZeR0-1 = shard optimizer states only.

Forward: no change.
Backward:
e all GPUs compute local gradients
e ALL-REDUCE » all GPUs obtain full average gradient vector G

Update:
e each GPU updates ONLY 1ts optimizer-state shard (m, v) and parameter shard (6)
Example:
GPUQ updates 61
GPUl updates 62 m,
GPU2 updates B3 0,y =1 —nA\)b, — n| —F= |
GPU3 updates 64 VO, + €

After update:
e ALL-GATHER updated parameter shards so every GPU has full 6 again.

This preserves exact DP behavior with 75% less optimizer memory.



ZeRO 1-2-3

/eR0O 1: Shard optimizer states only

* |t works well with tensor parallelism.
* |t works with pipeline parallelism.

* |t introduces low communication overhead.
* |t Is stable, predictable, robust.

* |t doesn't fight with fused kernels.

* |t doesn't break backward compatibility.
* |t's easier to get tast training throughput.



Now we have the training framework ready, what is next?

—Tom Jerry



Evaluation

—Tom Jerry



Model baseline

NoO, we do not start from scratch

There are many proven good
model architectures and training
receipts out there.

A proven baseline matching the
specific needs Is a good starting

point: model size, data scale,
documentation, framework
support.

Architecture Type

Dense
Dense
Dense
Dense
Dense
MoE
MoE
MoE
MoE
MoE
Hybrid
Hybrid
MoE + Hybrid

MoE + Hybrid

Model Family

Sizes

8B, 70B

1B, 3B

0.6B, 1.7B, 4B, 14B, 32B
12B, 27B

135M, 360M, 1.7B, 3B
30B-A3B, 235B-A122B
21B-A3B, 117B-A5B
16B-A3B

1T-A32B

671B-A378B

1.2B, 2.7B, 7B

0.5B, 1.5B, 3B, 7B, 34B
80B-A3B

456B-A468B



Modify the baseline

The baseline is not optimized for your constraints or targets

Opportunities: Modification shall bring benefits, e.q., faster inference, lower
memory, better stability.

Challenges: Multiple interactive decision variables, attention, positional
encoding, activations, optimizers, hyperparameters, normalization, layout, etc.

Rules: Never change anything unless you have tested that it helps.

So, we need to design ablation studies to empirically validate.



Why Evaluation Matters

Loss: How good Is the model at predicting the next token on this dataset?

* Loss may improve while capabillities worsen.

* Wikipedia — lower loss but worse general ability (easier prediction tasks).
* Some capabilities (math, reasoning) don't show Iin average loss.

* Models often keep improving downstream even after loss converges.
Need fine-grained downstream evaluations:

* Knowledge, understanding, reasoning, common sense



What makes a good early-signal task?

Monotonicity, low noise, above-random performance, ranking consistency

* Monotonicity: Performance consistently improves as training progresses.
* Low noise: Different seeds shouldn’t produce wildly different scores.

* Above-random performance: If capablilities only emerge later in training, tasks that
show random-level performance for extended periods aren’t useful for ablations. (unlike
MMLU-MCF)

* Consistency: If method A > B early, that ranking should remain stable later.



Task formulations
MCF. CF. FG

MCF — Multiple Choice Format (Model selects A/B/C/D). May be struggle with early training, useful for

mid-training, example: MMLU.

CF — Cloze Formulation (No explicit choices; compare log-likelihoods across options): Best for early
training stages with high SNR, normalized log-probability per character.

FG — Free-Form Generation (Evaluate greedy generation accuracy):Too hard for early/mid ablations,

mainly in post-training evaluation, as we do need the model to generate useful response by then.

Format Definition Best Training Stage Why

Compute normalized log-
likelihood over each
candidate answer (no
A/B/C/D choices shown to
model).

Early checkpoints cannot
generate or follow MC
structure; CF tracks basic
LM ability.

Early training (0—-40% of

CF — Cloze Formulation
tokens)

Model now understands
structure; MCF gives clean,
discrete accuracy.

Present question + A/B/C/D
options, select option with
highest likelihood.

MCF — Multiple Choice
Format

Mid-training (40-90% of
training)

Model generates full
answer (greedy or
sampled); evaluate
correctness.

Late training / post-
training (after SFT/RLHF or
stable base model)

Requires coherent
reasoning, formatting,
instruction ability.

FG — Free-Form
Generation

Pros

Most stable; correlates with
LM loss; high SNR;
extremely fast.

Easy scoring; interpretable;
strong mid-training signal.

Most realistic; matches user-

facing behavior; captures
long-range coherence.

Cons

Must normalize per
token/char; not comparable
to human baselines; not a
“real task”.

Overestimates early
checkpoints; short options
distort likelihood; sensitive to
formatting.

Very noisy; formatting errors;
decoding variance; useless
for early ablations.

Typical Benchmarks

Early MMLU-Ablation,
Winograd, BoolQ (likelihood
mode)

MMLU, ARC-Challenge,
PIQA, HellaSwag

GSMB8K, HumanEval,
BigBench tasks requiring
reasoning



Benchmark

MMLU

ARC

HellaSwag

WinoGrande

CommonSenseQA

OpenBookQA

PIQA

GSMS8K

HumanEval

Domain

Knowledge

Science & reasoning

Commonsense

Commonsense

Commonsense

Science

Physical commonsense

Math

Coding

Type

MC

MC

MC

Binary

MC

MC

Binary

Free-form

Free-form

#Q

14k

7k

10k

1.7k

1.1k

500

1.8k

1.3k

164

Tests

Knowledge across 57 subjects

Grade-school science

Everyday reasoning

Pronoun resolution

Commonsense concepts

Elementary facts + reasoning

Physical reasoning

Math word problems

Python synthesis



What these tasks actually test

Diversity Is critical

* MMLU / ARC — factual & academic knowledge.

* HellaSwag, WinoGrande, CSQA — commonsense reasoning.
* PIQA — physical reasoning.

* GSM8K — math reasoning & intermediate steps.

* HumanEval — code generation & correctness.

Diversity provides broad coverage of early capabillity shifts.



What these tasks actually test

Diversity provides broad coverage of early capability shifts

Domain / What It

Benchmark Example Question Correct Answer
Measures
. A mutation that introduces a premature stop codon is known as: A.
MMLU Academic & factual knowledge Missense B. Nonsense C. Silent D. Frameshift B
Elementary-level science Which object conducts electricity? A. Rubber band B. Plastic spoon C.
ARC . . C
reasoning Copper wire D. Wood
. A man cuts onions and starts crying because... A. onion chemicals
HellaSwag Commonsense completion . , . . A
irritate eyes B. he's sad C. allergic to knives
WinoGrande Coreference + Commonsense ;Zi trophy didn’t fit in the suitcase because it was too big. What was too The trophy
o .
CSQA Commonsense Q&A What _helps you see at night? A. candle B. telescope C. microscope D. 5
flashlight E. sunglasses
PIQA Physical reasoning To_stop glass from shatte_r/ng when cutting it, you should... A. cool =
rapidly B. heat before scoring
GSM8K Math reasoning (step-by-step) 8 apples + 5, then give away 3. How many left? 10

HumanEval Code generation & correctness Write add(a,b) that returns a+b. returna+b



Ablation principles

Architecture vs. data ablations

* Loss is not enough — need downstream tasks.

* Use high-signal, low-noise benchmarks.

* Prefer cloze formulation for early ablations.

* Use a broad mixture of domains (knowledge, reasoning, math, code).
* Ablations are expensive — plan for them.

* Evaluate early, often, and rigorously.



Ablation is important but also costly

May account for more than half of the main training cost

Phase GPUs Days GPU-hours
Main pretrain run 384 30 276,480
Ablations (pre) 192 15 69,120
Ablations (mid) 192 10 46,080
Debugging 384/192 3/4 46,080

TOTAL — — 437,760 GPU-hours



Practical takeaways

* Build a small ablation harness before scaling up.

* Use CF for early architectures / tokenizer / optimization changes.
* Use ~1k samples/task to get signal fast.

* Establish stable ranking consistency early.

* Expect =50% of total compute to go into ablations.

* Treat eval pipelines as mission-critical infrastructure.



Now we know how to train and evaluate a model, what is next?

—Tom Jerry



Yes, build our own model

—Tom Jerry



Model baseline

NoO, we do not start from scratch

There are many proven good
model architectures and training
receipts out there.

A proven baseline matching the
specific needs Is a good starting
point: Model size, data scale,
documentation, framework
support.

Architecture Type

Dense
Dense
Dense
Dense
Dense
MoE
MoE
MoE
MoE
MoE
Hybrid
Hybrid
MoE + Hybrid

MoE + Hybrid

Model Family

Sizes

8B, 70B

1B, 3B

0.6B, 1.7B, 4B, 14B, 32B
12B, 27B

135M, 360M, 1.7B, 3B
30B-A3B, 235B-A122B
21B-A3B, 117B-A5B
16B-A3B

1T-A32B

671B-A378B

1.2B, 2.7B, 7B

0.5B, 1.5B, 3B, 7B, 34B
80B-A3B

456B-A468B



Model architecture design for LLMs

Why architecture matters

Architecture determines:

model capability

training stability

iInference efficiency
long-context performance

memory footprint

Modern LLMs differ:

attention mechanism
positional encoding
masking strategy
depth / width allocation
embedding design

sparse vs dense layout



Architecture design starts with the WHY

What do we really want

What does the model need to Goal determine:

be good at?
* model size
* Multilingual??
* attention mechanism

* On-device inference? N |
* positional encoding

* Long context?
* data mixture

* Math/code capabillity?
* timeline constraints



Architecture design starts with the WHY

What do we really want

Model size: Multilingual and reasoning-heavy models need
deployment forces small models; long-context models are lim

Attention mechanism:

* Long-context = FlashAttention-2, block-sparse, RWKV, or linear attention.

* On-device = memory-efficient attention.

* Reasoning = multi-head, grouped-query, or multi-query attention.

Positional encoding: RoPEL -

'or general use; exte

long-range extrapolation; absol

nded RoPE

Ute encodings for corr

pact mobile

for 128K-1M context; ALl

models.

arger or deeper networks; on-device
ted by KV-cache memory.

B3| for

Data mixture: Code/math models use curated technical data; multilingual models need broad
language diversity; on-device models rely on small, focused datasets.




The transformer architecture landscape

SO many variants

DeepSeek LLM RoPE BF16 AdamW Multi-Step

7B

DeepSeek LLM Dense 67B 2T GQA 4K RoPE BF16 0.006 AdamW 3.2e4 Multi-Step 2K 18.9M

67B MAAAAAAY

DeepSeek V2 MoE 2368 (21B) 8.1T MLA 128K Partial RoPE - 0.006 AdamW 2.4e-4 Multi-Step 2K 9.4M->37.7
M

DeepSeek V3 MoE 6718 (37B) 14.8T MLA 129K Partial RoPE FP8 0.006 AdamW 2.2e-4 Multi+Cos 2K 12.6M-62.9
M

MiniMax-01 MoE+Hyb 4568 (45.9B) 11.4T7 LinAttn+GQA  4M Partial RoPE - Xavier AdamW 2e-4 Multi-Step 500 16M->128M

rid
Kimi K2 MoE 1T (32B) 15.5T MLA 128K Partial RoPE BF16 ~0.006 MuonClip 2e-4 WSD 500 67M
OLMo 2 7B Dense 7B 5T MHA 4K RoPE BF16 0.02 AdamW 3e-4 Cosine 2K 4.2M

SmolLM3 Dense 38 11T GQOA 128K NoPE BF16 0.02 AdamW 2e-4 WSD 2K 2.3M



The transformer architecture landscape

SO many variants

* Attention: MHA / GQA / MLA / Linear Attention
* Context window: 4k — 128k — 4M tokens
* Position encoding: RoPE / NoPE / Partial RoPE / Parallax

* Architecture: Dense vs Mok vs Hybrid

°* Training tokens: from 2T — 15T

* Model Active Parameters: Mokt activates only a small fraction



Attention mechanism

Why attention matters:
* [raining: compute =~ dominated by FFN
* |nference: main bottleneck = KV Cache memory
Attention mechanism options:
KV memory = n_layers x n_heads x seq_len x head_dim x 2 (K and V)
* MHA: classic, many KV heads
* MQA: 1 KV head for all Q heads
* GQA: shared KV per group (middle ground)
* MLA (DeepSeek v2/v3): latent-compressed KV cache



Attention mechanism

Multi-Head Attention (MHA): Multiple heads independently compute their own
queries, keys, and values to retrieve information from past tokens. During inference,
previously computed keys and values do not need to be recomputed and are stored In
the KV-cache, which allows fast autoregressive decoding. However, as context length
increases, the KV-cache grows linearly with sequence length, number of layers,
number of heads, and head dimension. This makes the KV-cache a major memory
bottleneck in long-context inference.

SKV = 2 X Npytes X S€G X Nygyers X Mheads X dimheads

=2 X2 x 8192 x 32 x 32 x 128 = 4 GB (Llama 3 8B)
=2 x 2 x 8192 x 80 x 64 x 128 = 20 GB (Llama 3 70B)



MULTI HEAD ATTENTION
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Attention mechanism

Mechanism

MHA

MQA

GQA

MLA

Q shared? K shared? V shared?
X No X No XK No
x No v Yes (1 head) v Yes
)( No v Within groups v Within groups
)( No v Compressed latent v Compressed latent
Attention Mechanism KV-Cache parameters per token
MHA = 2 X Mheads X Nigyers X FMpeqq
MQA = 2 X 1 X Nygyers X diMpeqd
GQA = 2 X g X Nygyers X AiMpeqq (typically g=2,4,8 )

MLA = 4.5 X nlayers X dimhead

K/V compressed?

v Yes
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MQA and GQA with 16 groups (leaving only 1 and 2 KV heads

respectively), underperform MHA significantly. On the other hand, GQA
configurations with 2, 4, and 8 groups roughly match MHA performance.

Most modern models (DeepSeek, Qwen, Kimi, OLMo, SmolLM) use GQA.
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Document Masking

Problem:

* Document lengths significantly vary, yet training on fixed-length training sequence.

* T[raining sequences pack many short documents.
e Standard causal mask — tokens attend across unrelated docs.

* 80-90% of real web/code docs < 2k tokens — lots of noise (FineWebOEdu,

Solution: Intra-Document Masking
* Token can attend only inside its own document, and reduces noise
* |Improves long-context scaling (Llamag3, SkyLadder, SmolLM3)

* For short context (4k), little effect

DCLM, FineMath)



File 1: "Recipe for granola bars..." (400 tokens) <EO0S>

File 2: "def hello_world()..." (300 tokens) <EO0S>
File 3: "Climate change impacts..." (1000 tokens) <EO0S>
File 4: "import numpy as np..." (3000 tokens) <EO0S>

After concatenation and chunking into 4k sequences:
Sequence 1: [File 1] + [File 2] + [File 3] + [partial File 4]
Sequence 2: [rest of File 4] + [File 5] + [File 6] + ...
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Intra-Document Masking

Document Masking
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Position Encoding

Transformers have no inherent sense of word order because attention operates in parallel over all
tokens, so without positional information “Adam beats Muon” is indistinguishable from "Muon beats

Adam.”

Early mode
learned pos

s solved this using Absolute Position Embeddings (APE), which assign each token a
itional vector but fail to generalize beyond the training context length.

As context windows grew, the field shifted to relative position encodings that model distances rather
than absolute positions, enabling better extrapolation.

RoPE, the dominant modern approach, uses rotations in Q/K space to encode relative positions in a
flexible, scalable way, making it the standard for contemporary long-context LLMs.

dot_product(RoPE(x, m), ROPE(y, n)) = 2k [Xk * yk * cos((m-n) * 0Ok)]



Position Encoding

ROPE: Encodes positions by rotating Q/K vectors in 2D subspaces so attention depends on relative
token distance, yielding strong short-context performance.

RoOPE Frequency Extensions (ABF, YaRN): ABF and YaRN modity RoPE’s rotation frequencies to
slow angle growth, enabling stable attention and effective inference at very long context lengths

(32k—1M).

NoPE / RNoPE: NoPE removes exp
position learning, while RNoP

Partial RoPE: Partial RoP

= applies RoP

icit positional encoding to enable implicit, highly extrapolatable
- mixes NoPE and RoPE layers to retain strong short-context accuracy.

= to only part of each head’s dimensions, preserving essential

positional signal while enabling latent KV compression and more efticient long-context attention.



Position Encoding

The loss and evaluation results s

INdicati

for be

Technique

1

1

ng that No

RoPE (Rotary Position Embedding)

RoPE Frequency Extensions (NTK, YaRN,

ABF, etc.)

NoPE /| RNoPE

Partial RoPE

Key Idea

Encode position via rotations in 2-D
subspaces

Modify RoPE's frequency schedule to
extend usable context

Remove explicit positional embeddings; rely
on implicit positional learning

Apply RoPE only to part of Q/K dimensions

How It Works

Rotate Q/K by angles proportional to token
index; each dimension has its own base
frequency

Rescale or remap rotational frequencies so
angle growth slows at long positions;
piecewise or smooth scaling

NoPE drops position encodings entirely;
RNoPE alternates between NoPE and RoPE
layers to combine implicit + explicit signals

Split head dimensions: rotate a subset,
leave the rest unrotated

Strengths

Strong short-context performance; clean
relative-position modeling; mathematically
elegant

Enables 32k - 128k - 1M-token contexts;
generally plug-and-play with base models

More stable behavior at unseen long
lengths; simpler architecture; avoids RoPE's
extreme-length failures

Works well with MLA/latent-KV systems;
offers stable long-context behavior

ow similar performance across all three configurations,
°E maintains strong short-context capabilities while providing the fo
er long-context handling.

Jundation

Weaknesses

Breaks down at long contexts due to fast-
growing rotation angles (phase saturation/
aliasing)

Requires tuning; different tasks/models
prefer different scaling schedules

Slightly weaker short-context reasoning/
knowledge; limited absolute-position
information

Provides weaker explicit positional signal;
design requires choosing rotation split
ratios



Stability techniques

Stability problems: loss spikes, divergence, “nan-ing.”
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The cause of training instability

Training Instability in large language models typically arises from bad data, mis-tuned
hyperparameters, faulty or unstable operators, or numerical fragility introduced by low-

precision formats such as BF16/FP8/FP4.

Category Description

Data Issues Low-quality, noisy, or poorly mixed data can destabilize gradients
and cause sudden loss spikes.

Hyperparameter Issues Incorrect optimization settings lead to divergence or NaNs.

Operator [ Kernel Issues Unstable or incorrect implementations cause silent numerical
errors.

Low-Precision Numerical Issues Lower formats reduce numerical stability and increase sensitivity to

scale and initialization.

Examples [ Failure Modes

Duplicates, HTML garbage, malformed sequences; imbalanced data
mixture; distribution shifts.

LR too large, improper warmup/decay schedule, mismatched LR-
batch-size ratio, incorrect momentum/betas.

Precision mismatch in fused ops, unstable softmax/layernorm,
custom CUDA/Triton bugs, wrong backward pass.

BF16/FP8/FP4 underflow/overflow, mantissa loss, incorrect dynamic
scaling, unstable FP8 kernels.
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Depth vs Width Tradeoff
Height vs. width

Deeper > wider for:
* language modeling
® reasoning
* compositionality
Shallower + wider gives:
* higher throughput
* faster inference
Empirical rule:
* Sub-billion models — deep & thin

Deep models reason better; wide
models run faster—so small models
should be deep and thin for
expressivity, while large models are
built moderate-depth and wide to
balance stability, parallelism, anad
efficiency.

* Large models — moderate depth, wide hidden



Dimension
Reasoning Ability
Language Modeling Loss
Compositional Generalization
Training Throughput
Inference Latency

Hardware Utilization
Numerical Stability
Parameter Efficiency

Best For (Sub-1B Models)
Best For (7B—400B Models)
Examples

Deeper
(More Layers, Smaller Width)

Stronger multi-step reasoning; better
compositionality

Better perplexity per parameter

Significantly better

Lower throughput (more sequential ops)

Higher latency per token

Less efficient for GPUs/TPUs (more
kernel launches)

Harder to optimize when extremely deep

Very high (best use of limited parameters)

v Deep & thin recommended

X Too deep becomes unstable
TinyLlama, MobileLLM, Longformer

Wider
(Fewer Layers, Larger Width)

Weaker reasoning; limited sequential
transformations

Needs more parameters to match
deep models

Poorer; tends to memorize instead of
compose

Higher throughput (more parallelizable
per layer)

Lower latency (fewer layers to
traverse)

Better utilization (large GEMMSs per
layer)

Easier to train; more robust at scale

Lower efficiency; needs larger
parameter count

X Not optimal
v Moderate-depth, wide-hidden best
GPT-3, LLaMA-2/3, DeepSeek V3



MoE (Mixture of Experts)

To be or not to be

MoE intuition:

* (Grow total parameters without increasing
FLOPs (#active parameters per token)

* Only activate small expert subset per token

* Enables trillion-parameter models with fast
iINnference

Key design challenges:

* Expert size, expert counts, active counts,
Gating.

Loss

1019

I
1020

Loss Scaling Curve

8 Ling-Dense

102

|
1022

FLOPs

Ling-MoE

I
102




Architecture DeepSeek V3/R1
without MoE (“dense”) with MoE (“sparse”)

A
A

\ FeedForward (SwiGLU) module f

lllllllllllllllllllllllllllllllllllllllllllllll

( Linear output layer > : \ 5 -------- -
( puLiay ) 5 @nearoutputlayer) 5 Lmearlayer ) (% output_dim = emb_dim
f : Linear Iayer ) :

t

FeedForward (SwiGLU) module

 Final RMSNorm : (Final ASNom ) .8
: (SlLU activatnon) ( Linear layer )
(SILU actuvatoorD ( Linear Iayerj : : h1 dden_dim
: T : ( Linear Iayer ) W
: C Linear layer J W .
.............................................. hldden dlm

input_dim = emb_dim

---------------------------------------

( RoPE Mu";’;giﬂ Ol;‘atent ( ROPE Multi-Head Latent :
Attention T

(Feedforward s ( Feed forward
o f -1
o\

61 x\ :
|

L Token embadding layer ) ( Token embedding layer )

.
--------------------------------------

Resource savings:

\ J k J * Model size is 6718

* butonly 1 (shared) + 8 experts

[ Tokenized text | (okenizeatext ) active per token

4 . « only 378 parameters are active
per inference step

Sample input text Sample input text



MoE (Mixture of Experts)

To Mok or not to Mok

e Routing Instability: Early in training, small gradient changes drastically alter expert assignment. Causes oscillations, load
imbalance, and high variance across runs.

e |_oad Balancing Difficulties: Router tends to collapse onto a few experts unless strong balancing losses are used. Poor
balancing — undertrained experts and degraded specialization.

e Expert Specialization Chaos: Specialization emerges unpredictably; different runs produce different expert roles. Leads to
inconsistent performance and noisy validation curves.

e Token—Expert Affinity is Fragile: Router makes hard top-k decisions; small input shifts change expert selection. Hard
routing causes discontinuous behavior and optimization difficulty.

¢ Training Instability & Gradient Spikes: Routed gradients create sparse and uneven updates. Experts receiving too few
tokens learn slowly; overloaded experts diverge.

e Communication & Efficiency Overhead: Dispatching tokens to selected experts adds significant communication cost. Hard
routing complicates batching and increases latency.

e Sensitivity to Hyperparameters: Routing temperature, balancing loss weights, expert count, and capacity factor must be

finely tuned. Slight deviations can collapse routing or destabilize training.



Tokenizer

One of the most underrated components of an LLM

A tokenizer breaks text into small pieces (tokens) so the model can read it.
't converts:

Text — Tokens — Numbers — Model input
Different tokenizers split text differently:

* (Good tokenizer — fewer tokens — faster + cheaper
* Bad tokenizer — many tokens — slow + inefficient

Why it matters:
* A model can only understand what the tokenizer gives it.

* [f the tokenizer splits the text badly (especially non-English), the model
pecomes worse no matter how good the architecture is.




Design choices

One of the most underrated components of an LLM

1. What languages must we support?
* English-only tokenizer — terrible for Arabic, Chinese, etc.
* Example: GPT-2 tokenizer — Arabic sentence becomes 122 tokens
* (Gemmad tokenizer — same sentence becomes 44 tokens

2. Vocabulary size (how many tokens in dictionary?)
* Small vocab — easy for model but produces MANY tokens
* Large vocab — fewer tokens but bigger embedding matrices

3. Tokenization algorithm (usually Byte Pair Encoding)

* BPE builds a vocabulary of common “subword units” by repeatedly merging frequently occurring byte or
character pairs into longer tokens. This allows the model to handle rare words, misspellings, multilingual
text, and code using a compact vocabulary.



How to evaluate?

One of the most underrated components of an LLM

1. Fertility (tokens per word) — lower is better
* |f a word turns into many tokens, training becomes slow and expensive
* Example from PDF:
* English fertility ~1.4-1.6
* Arabic fertility ~2.1-2.4 (much harder to tokenize!)

2. Continued words (% of words split into pieces) — lower is better
* Example (English):
* Llama3: 32% split
* Gemmad: 26% split (better)



Model decision summary

—Tom Jerry



What are we trying to build?

A 3B model case study

Design decisions:
* Run efficiently on phones and edge devices
* Multilingual ability

* Very long context
* Reasoning
* Stay small enough (=3B) to fit mobile memory constraints

* Builld on a proven recipe, not reinvent everything

Why this matters:
* Design decisions must follow deployment constraints (edge devices) and project goals.



Decision #1: Dense vs MoE
A 3B model case study

Choice: Dense transformer (NOT MoE)
* Mok wasn’'t implemented in their training framework yet.
* [eam already had strong dense-model training expertise.
* On edge devices — even inactive Mok experts still need to be loaded into memory.
* This is unacceptable for memory-limited deployment.

Why:

* Dense is simpler, more stable, and fits edge-device memory budgets, while Mok
inflates memory footprint even when only a few experts are active.




Decision #2: Tokenizer choice (Llama3-128k)
A 3B model case study

Choice: Llama3’s 128k tokenizer
* Excellent fertility across their 6 target languages.

* Large enough for multilingual efficiency.
* Small enough to avoid bloating embeddings in a 3B model.
* Performs competitively across English, French, Spanish, Portuguese, ltalian.

Why:
* Tokenizer determines compression, training cost, inference speed, and multilingual quality.

* [lama3 achieved the best trade-off for a small, multilingual dense model.



Decision #3: Use grouped query attention (GQA)
A 3B model case study

Choice: GQA with 4 groups
* Validated at 3B scale: matches MHA quality.
* Dramatically reduces KV-cache size.
* KV-cache is the bottleneck in long-context inference, especially on-device.

Why:

* GQA gives almost the same accuracy as Multi-Head Attention but uses much less
memory, which is crucial for deployment on phones.




Decision #4: NoPE+Document Masking+Depth Layout
A 3B model case study

NoPE (remove ROPE every 4th layer)
* |mproves long-context handling.
* Does not hurt short-context performance.
* — essential for models aiming at long sequences.
Intra-document attention masking
* Prevents tokens from attending across documents.
* Speeds up training.
e Stabilizes very long sequence training.
Model layout optimization (depth > width)
* Tested 3B layouts: Qwen-2.5, Llama3.2, Falcon3-H1.
* All achieved similar loss.
Deeper Qwen-like architecture
* Aligns with evidence that depth improves generalization.




How all decisions fit together
A 3B model case study

* Dense model — fits edge devices.

* Llama3 tokenizer — efficient multilingual representation.
* GQA — memory-efficient long context.

* NoPE — stronger long-context generalization.

* Document masking — stabler ultra-long sequences.

* Deeper model layout — better generalization.



Now we have a model, what is next?

—Tom Jerry



A few more decisions need to be made before training starts

—Tom Jerry



Optimizer
AdamW vs. Muon

AdamW Is the standard LLM optimizer because it combines Adam’s stable, adaptive
updates with a properly separated weight-decay step, preventing weight explosion and
improving reqgularization. This makes it reliable, easy to tune, and eftective across model
sizes—hence its use in nearly all major models.

Muon is a newer second-order optimizer that updates whole weight matrices using SVD-
ke steps, enabling better exploration and support for much larger batch sizes. It can train
more efficiently than AdamW at scale but is harder to tune and more complex, so adoption
s still early.




AdamW

Adaptive updates with decoupled weight-decay

Adam + L2 (Coupled) AdamW (Decoupled)
The L2 penalty is added to the gradient *before® The adaptive step and weight decay are applied
adaptive scaling. separately.
8, e g AB, =
1 AB[_(\F\;{II-FE).gt
9t=9t_1‘(\/‘,7p+ ).gt'

. 6, =0

t

t-1 -AGt - (I]}\Gt_l )

Result: The penalty $\lambda \theta$ is scaled, making it

D effective. Result: True weight decay is applied directly to the

weights.



AdamW
AdamW vs. Muon

Better Generalization: AdamW separates regularization from optimization, leading to
models that generalize better to unseen data.

Effective Regularization: [t fixes the core bug in Adam, allowing weight decay to control
model complexity a s intended.

The Standard for Transformers: This is the default and recommended optimizer for
training large models like BERT, GPT, and Vision Transformers (ViT).

Key Insight: L2 regularization and weight decay are *not™ the same thing in adaptive
optimizers. AdamW implements true weight decay.



Muon
AdamW vs. Muon

1. Matrix-wise geometry (not parameter-wise)
* AdamW uses diagonal estimates — each weight updates independently.
* Muon uses row/column subspaces of the full matrix — updates reflect matrix structure.

2. Isotropic steps via SVD-like updates
* Muon computes an approximate SVD (using Newton—Schulz).

* |t removes the singular values (2) and updates using only U and V, giving an isotropic step in
the dominant directions.

* This reduces “axis-aligned bias” where AdamW suppresses updates in low-variance
directions.

3. Naturally supports larger batches

* Because updates are more global and stable, Muon often tolerates higher batch sizes without
divergence—important for trillion-token training.



Muon
AdamW vs. Muon

Gy = VoLy(0h1)
B; = uB; 1 + Gy
O; = NewtonSchulz5(B;)
0 = 0;—1 — 0O,
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(SVD)



Muon
AdamW vs. Muon

Why use Muon?
* (Can train more efficiently at scale.
* Better at exploring parameter space.

* Higher batch size tolerance — fits large-GPU clusters.
* Already used in high-profile models (e.g., Kimi K2, GLM-4.5).

Why not (yet)?
* Harder to tune than AdamW.

* More computationally expensive (matrix SVD-like operations).

* [ess battle-tested for multi-trillion-token runs.
* Frontier labs remain conservative: AdamW is simple, stable, and predictable.



Learning rate

High or low

Learning rate controls how big a step the optimizer takes at every update.

* Too low — model learns painfully slowly, loss stays flat, compute is wasted.

* Too high — updates become chaotic, model overshoots minima, or diverges (“loss
shoots to the moon™).

* The optimal learning rate is not constant:
* Early training needs larger steps to explore.
* Later training needs smaller steps to stabilize.

* This is why every modern LLM training run uses learning-rate schedules, not a fixed
value.



Warmup + Decay: The LR schedule for LLMs

Modern training uses a three-phase pattern

1. Warmup (0 — peak LR)
* Typically 2000 steps (constant across models and scales)
* Prevents unstable “early chaos” when weights are random
* For very short trainings, people use 1-5% of total steps

2. Stable Phase (plateau at high LR)
 Keeps learning rate high for most of training
* Favored by WSD and Multi-Step schedules
* Helps rapid learning and efficient compute usage

3. Decay Phase (cooldown) with several variants exist:
* Cosine decay — smooth but inflexible (must know total steps ahead of time)
* WSD (Warmup—-Stable—Decay) — sharp decay in last 10-20% of tokens
* Multi-Step (DeepSeek LLM) — two discrete drops (e.g., at 80% and 90% of training)



Warmup + Decay: The LR schedule for LLMs

Modern training uses a three-phase pattern



Warmup + Decay: The LR schedule for LLMs

Modern training uses a three-phase pattern

(X1074)

ing Rate

Step

Legend
() DeepSeek V2 [ DeepSeek V3 Multi-Step



Warmup + Decay: The LR Schedule for LLMs

* Modern training uses a three-phase pattern

Consume d tokens

Legend
E] Cosine (baseline) D WSD, decay 10% WSD, decay 20%



Finding the right learning rate

High or low

1. Too high (e.g., 5e-2): catastrophic divergence
* Loss spikes early and never recovers . Sweeps showed:

* Model becomes unusable
. 2e-4 = fastest stable convergence

2. Too low (e.g., 1e—4): stable but very slow
* (Converges far later than other LRs

* Wastes compute . They chose 2e-4 for the final run

- 3e-4 = slightly better loss, but higher instability risk

3. Middle-range (5e—4 to 5e-3): fastest convergence
* Best mix of stability + speed
* Used as baselines in many LLMs



Batch Size

The tradeoft between speed and data efficiency

Batch size is the number of samples processed before the model updates its

welghts.

Batch size is a tradeoff between speed and data efficiency; larger batches give better

throughput but only help until the critical batch size, after which they waste

‘okens unless

you properly rescale the learning rate and verity that training dynamics remai

This trade-oft is central to choosing a good batch size.

N aligned.



Batch Size

If batch size changes, learning rate must change too — otherwise training becomes unstable or too slow.

When batch size increases, the gradient becomes a
more accurate estimate of the true direction the model
needs to move. This means the optimizer can safely
take larger steps, so the learning rate must increase as
well.

The general idea Is simple: larger batches reduce
gradient noise, so you must raise the \earmng rate to
maintain the right level of update “energy.”

A common rule of thumb is square-root scaling (LR
grows like vbatch), but the exact scaling depends on
the optimizer. If you don't adjust the learning rate,
training may appear stable but will waste compute and
converge poorly.

Averaging over B samples

« Batch gradient: gp

e Mean stays the same:

B ~(i
%Zz‘ﬂg()

< |9B]

= 9

« But covariance shrinks: Cov(gp)

The SGD parameter update is:

+ Aw = —ngB

The variance of this update is proportional to:

« Var(Aw)

2 %
X N° 3

ooll\s



Batch Size

How to identify the critical batch size

The critical batch size iIs not fixed; it depends on the model’'s gradient noise, which

changes throughout training.

Early In training the noise comes

minibatch sampling, so increasing batch size doesn't meaning
critical batch size is small; only later does minibatch noise dom

effective.

from the unstable model and loss landscape, not

ully smooth it — hence the
nate, making large batches

Practitioners often use a practical method: run two short branches of training—one with

the current batch size, and one w
compare their loss curves. If the ¢

efficient. If they diverge, the batch is too large. This low-risk technique helps teams fi

th a larger batch and rescaled learning ra

Jrves match, the new batch size is safe ar

the sweet spot without wasting massive compute.

e—and
d dat

a_

gle



Batch Size

Batch size warmup and dynamic strategies

Since the critical batch size grows during training, some large models gradually increase
batch size over time—a strategy called batch-size warmup.

For example, DeepSeek-V3 starts with a smaller batch size early in training and switches

to a much larger batch later, when the gradients become more stable. This Is analogous
to learning rate warmup and helps maintain optimal training efficiency throughout the run.

(first 469B tokens: batch = 12.6M, remaining tokens: batch = 62.9M)

Other models, like
pbatch size, even usl
do not Increase the

Minin
Ng ex

ax-01, treat the model’'s loss as a signal for when to increase
remely large batches (128M) in later stages. In their setup, they

learn

INg rate, so increasing batch size functions similarly to gradually

reducing the learning rate.



Batch Size

How to choose batch size and learning rate Iin practice

The practical recipe is: start with batch size and learning rate values from literature or
scaling laws, then explore increasing batch size to improve throughput.

Between your initial batch size and the critica

hardware efficiency with no loss in model quality. |

throughput Improvement or hur

same loss), stick with the origina

s data efficiency (

settings.

tle

batch size, you can often gain significant
f increasing the batch size yields Ir
.e., needs more tokens to reach t

he

In short, batch size and learning rate must always be tuned together, and the goal Is to
find the largest batch size that still preserves data efficiency.



Scaling law

Computation bound vs. train as long as you can

“Perfect is the enemy of good” + Compute Constraints

Modern LLM development is always compute-constrained, meaning we never have
enough GPUs or time to reach theoretically perfect training. Instead of chasing pertection,
we must make pragmatic decisions that deliver the best results within finite compute
budgets and deadlines.

his is a shift from early deep learning, where training was not compute-limited and one
could simply train the largest model that fit into memory until it overfitted or data ran out.




Scaling law

Computation bound vs. train as long as you can

Kaplan et al. Scaling Laws (Early Takeaway: Bigger Models > More Data)

Kaplan et al.’s original scaling laws showed that LLM performance improves predictably over many
orders of scale and suggested allocating most compute to increasing model size, not training
nis drove the “"go bigger” trend, where models like GPT-3 (17/5B) were trained on

duration. T
relatively mr
most efficie

odest datasets (300B to

Nt way to improve perform

Kens), retlecting the belief that scaling parameters was the

ance.



Scaling law

Computation bound vs. train as long as you can

Chinchilla/Hoffman Revisions (Later Takeaway: Train Longer)

Hoffman et al. (Chinchilla laws) reexamined Kaplan’'s methodology and found that compute-optimal
training requires much more data for a given model size. For GPT-3, they estimated the compute-
optimal dataset size should have been 3.7 trillion tokens, not 300B. This shifted the field’s

emphasis from simply making models larger to training ° hem longer, with more tokens, for better
efficiency and performance.
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Scaling law

Computation bound vs. train as long as you can

Why real models still don’t follow compute-optimal scaling laws?

Even though Chinchilla provides compute-optimal recommendations, real-world teams don't strictly
follow It because compute-optimal training ignores inference cost. Larger models are expensive to
deploy, so many teams intentionally train smaller models for longer—an “overtraining” strategy that
sacrifices theoretical optimality but produces cheaper, faster models at inference time. This has
become industry-standard practice for open and on-device models.




Now we start training model, what is next?

—Tom Jerry



Model architecture defines how your model learns, then data defines what it
learns

—Tom Jerry



Data

Curation

Data defines what it learns

Even with a perfect architecture, optimized hyperparameters, and strong infrastructure, an LLM
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The challenge of data mixtures
Data defines what it learns

Building a good mixture is unintuitive: increasing one domain (like code) necessarily reduces others
under a fixed compute budget, meaning domains compete.

Some data is higher quality, but using only the best data leads to repetition, which harms
performance.

SO0 mixtures require balancing high-quality and lower-quality sources, tuning proportions, and
running ablations to understand trade-offs across domains.




Data defines what it learns

Modern LLMs no longer train on a single static mixture.
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Case study

3B model with 11 trillion tokens

We wanted a model that can handle English and multiple other languages, and excel in math and
code. These domains — web text, multilingual content, code and math.



Case study
English Web Data (Foundation Layer)

Web text is the backbone, built primarily from FineWeb-Edu and DCLM, totaling 5.1T tokens of
nigh-quality data. FineWeb-Edu strengthens STEM and educational benchmarks, while DCLM

D00Sts commonsense reasoning, and ablations showed that a 50/50 or 60/40 mix delivers the best
overall performance.

Additional datasets such as Wikipedia, Wikibooks, Pes?20, and StackExchange were included for
diversity, although they had minimal isolated impact. This balanced English foundation ensures
strong general-purpose language abillity.




Case study
Multilingual Web Data

To support multilingual capability, FineWeb2-HQ is included for five target languages (FR, ES, DE,

T, PT) and smaller amounts of ten additional languages (e.g., Chinese, Arabic, Russian) using
-ineWeb2 where needed.

Ablations showed that 12% multilingual content achieves the best trade-off: it significantly improves
multilingual performance without hurting English benchmarks.

Going beyond 12% would require heavy repetition because multilingual data (628B tokens) is
much smaller than English data (5.1T tokens), making this a natural upper limit.



Case study
Code Data

Code data came from The Stack v2, StarCoder2Data, GitHub pull requests, Jupyter notebooks,
Kaggle scripts, and StackbExchange discussions. Although prior work recommends using 25%
code for stronger general reasoning, ablations showed that 25% severely degrades English

benchmarks.

At 10% code, the model does not gain much, but code remains valuable for real-world capabillity,

so 10% was kept as a safe compromise.

High-quality code (Stack-Edu) was introduced
staging high-quality data for maximum late-stage

ater In training, consistent with the principle of
impacit.




Case study
Math Data

Math data followed a similar staged strategy. Early training used broad datasets like FineMath3+
and InfiWebMath3+, while later stages incorporated higher-quality datasets such as FineMath4+,
InfiWebMath4+, MegaMath, OpenMathinstruct, and OpenMathReasoning.

Math was limited to 3% in Stage 1 because only ~54B high-quality math tokens were available;
Using more would require too many repeated epochs over the same math content, which can harm

oerformance. Later curriculum stages upsampled higher-quality math sources for stronger
‘easoning improvements.




Case study

Annealing ablations

Stage 1 mixtures were chosen via from-scratch ablations, but new da

tested using annealing ab
tokens using a 40% basel
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new data sources (e.g., MegaMath) yield improvement without restarting training.

- stages were
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tests whether

We ultimately used a three-stage curriculum: a broad foundation in Stage 1, followed by increased
emphasis on high-quality math and code In later stages, ensuring balanced capabilities across

domains.



Now we have everything, so we can start model training, yeah!

—Tom Jerry



Suprises, Suprises, Suprises

—Tom Jerry



The training marathon
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What to verify before hitting “train”
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Scaling surprises (Introduction)

Even with good ablations and configs, full runs behave differently: longer duration, larger datasets,
and subtle infrastructure differences can introduce new failure modes. For 3B model, moving from
short 100B-token ablations to an 11T-token run exposed several surprises that weren't visible at

smaller scale, leading to a sequence of "mysteries” they had to debug.




Mystery #1 — The vanishing throughput

Soon after launch, tokens/sec per GPU collapsed with sharp drops, threatening to double the
fraining time. The team traced this not to the model but to storage: their network f|Iesystem
(FSx/Weka) started evicting dataset shards due to space pressure, causing repeated cache misses
and stalls when shards were fetched from S3 mid-training.

Fix #1 — Changing Data Storage

To eliminate Weka evictions, they moved the 24T1B dataset to each node’'s local NVMe scratch.
his removed the network bottleneck but introduced a new issue: when a node died, Its
replacement had no data, so they had to copy from S3 or a healthy node (1.5-3 hours). They
mitigated this by reserving a spare node preloaded with data, swapping it in instantly on failures
and using it for eval/dev when idle.




Mystery #2 — The persisting throughput drops

Even after fixing storage, sharp throughput drops persisted. Hardware monitoring looked clean,
and the drops reproduced even on a single node, ruling out flakey GPUs or networking. The only
remaining variable was step count: longer planned runs (millions of steps) produced much sharper
drops than short ones, pointing to a software issue, likely in the dataloader.

Fix #2 — Bring In TokenizedBytes Dataloader

They discovered that nanotron’s default nanosets dataloader built a huge index that grew with the
number of steps, eventually blowing up shared memory and causing stalls. By switching to their
0
a

der, battle-tested TokenizedBytes dataloader inside nanotron, the throughput drops disappeared
nd performance matched ablations again.




Mystery #3 — The noisy loss

With TokenizedBytes, throughput was stable but the loss curve became noticeably noisier than
with nanosets. This reminded them of a past bug where documents were shuffled but sequences
inside batches weren't, leading to occasional spikes when a whole batch came from one low-
quality or weird long document (e.g., a single bad code file).

Fix #3 — Shuffle at the Sequence Level

They confirmed the new dataloader read sequences sequentially from each document, so one long
file could dominate a batch. Instead of rewriting the dataloader for random access (risky under time

oressure), they pre-shuffled tokenized sequences offline per node and per epoch. This preserved
good shuffling, smoothed loss, and avoided extra runtime complexity.




Launch, Take two
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Mystery #4 — Unsatisfactory performance
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Training monitoring: Beyond loss curves

They emphasize that loss alone Is
evaluations lagged historical basel

not enough: the T
nes, and intermed

crucial reference points. On the ir

fra side, the key

? bug was caught only because downstream
late checkpoints from the old model provided

metric Is throughput (tokens/sec), monitored

alongside GPU temps, utilization, memory, and node health via Grafana and alerts. Sustained
throughput drops or eval regressions are treated as red flags.
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Fix and restart vs. fix on the fly

Not every issue requires restarting training. In their case, restarting after 1T tokens made sense

the TP seeding bug meant the whole run was eftectively handicapped. For other
especially loss spikes, you might continue training, rewind to a checkpoint, or skip bad

patches. The text categorizes spikes into recoverable vs non-recoverable and lists likely causes:
nigh learni

ng rates, bad data, data—parameter interactions, poor initialization, or precision ISsues.



Stability techniques and spike mitigation

They list stability techniques: better data filtering and shuffling (e.g., removing documents with
repeated n-grams), Z-loss regularization, removing weight decay on embeddings, QK-norm in
attention, better initialization, and using BF16 instead of FP16. When spikes happen anyway,

practical fixes include skipping problematic batches, tightening gradient clipping, or applying QK-
norm mid-run as a “surgical” stabilization trick.




Mid-training: Multi-stage strategy

Modern LLM training is typically multi-stage, with different mixtures and sometimes different
context lengths at different phases. Qweng3, for example, uses a general stage, a reasoning stage,

and a long-context stage.

We follow the same philosophy: some interventions (e.g., adding hig
datasets) are planned, others (e.q., fixing weak math/code performar

monitoring.

ner-quality math and code
ce) are reactive based on



Stage 2 and stage 3 mixtures (Curriculum)

Model training is split into three stages:
* Stage 1 (8T tokens): base web/code/math mixture at 4k context.

* Stage 2 (2T tokens): inject higher-quality datasets (Stack-Edu, FineMath4+, InfiwebMath4+,
MegaMath, Q&A data, synthetic rewrites).

* Stage 3 (1.1T tokens): during LR decay, further upsample high-quality math & code and add
reasoning/instruction Q&A (OpenMathReasoning, OpenCodeReasoning, etc.).

This curriculum lets them exploit abundant data early and concentrate scarce, high-value data near
the end.




Long context extension: From 4k to 128k

inference using RoPE ABF + YaRN.

Model trammg starts at 4k context and later extends -

follow a staged approach with separate LR schedules ar

raining at long con

0 32K,

then 64k, finally reaching 128k at

ext from the start is too expensive, so they
d ablations at each length.

They found that simple RULER evaluation was more reliable t
that using NoPE plus naturally occurring long documents |
upsampling extra long-doc data didn't help further.

nan HELMET on base models, and
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Wrapping up pretraining

Journey recap: usmg the “training compass”™ to choose goals, systematically ablate architecture
and data, then surviving the messy realities of large-scale training (throughpu collapse, dataloader
bugs, TP seeding bug). The main lesson is that training LLMs is as much about disciplined
experimentation, monitoring, and debugging as it is about fancy architectures.

This process ultimately produced a 3B model trained on 11T tokens that sits on the Pareto frontier
versus Qwen3d models (competitive performance while being taster/cheaper), and sets the stage
for the next phase: post-training to turn a raw base model into useful assistants and agents.




How to train an LLM

Principes, Decisions, and Engineering

Li Shang
lishang@slai.edu.cn
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