Model Anatomy

. Grouped Query Attention

( SoftMax )

The 16 attention heads share 4 query which maintains
the performance of full multi-head attention and saves
memory during inference.

Training Configuration

Parameter count: 3.08B
Initialization: N(O, std=0.02)

SmolLM3: Blueprint

Small, multilingual, long-context reasoner

Distributed Training

Training Cluster

48 nodes of 8 x H100 (80 GB) for 24 days at the
pretraining stage with a total of 220k GPUh.

0000
0000
0000
0000
0000
0000
0000
0000
0000
0000
0000
0000
0000
0000
0000
0000
0000
0000
0000
0000
0000
0000
0000

0
0
O
000000000000 IO IO IO D00 IO
- 4 N : AN £ 0000000010 0IA0I00I00 IR0 1IN0 IR0 IR0
.~ Intra-Document Masking Rope theta: 50k .. 00000000000 0I00I00I0IN0ING IR0
(Feed Forward), T | Distributed Layout 00000000 o @0 tdcdbdadiagian
Attention masking ensures that tokens from different
f ' documents in the same training sequence don't attend Sequence length: 4096 The model was split across 2 0000 OO0 00 L0 B0 IBOA0 LI MBOIlO
| | | to each other which helps with long context training. Batch size: 2.36M Tokens 3B Params Long Context Tools Use - ) Tokenizer GPUs WithhTeESOF Para”z“sm 88 88 88 88 88 88 88 88 88 88 88 88
.. . easoning (TP=2) such that one node
Optimizer: AdamW (eps=1e-8, beta1=0.8, beta2=0.95 )
. NoRoPE Lezrning o (peak)(' Ze ) ) dense model Up to 256k code + Jjson dual think Llama 3.2 holds 4 model instances and 000000 0o 0d0dodoiodiodiod oo
S then distributed across the 384
| We use NoRoPE which selectively removing rotary Gradient Clipping: 1.0 and no_think GPUs with Data Parallelism 000000000000 001000000000
Q K V position embeddings from every 4th layer improving Weight decay: 0.1 (DP=192). 0000100 000000 DO 0O 00Ilgrg o
- y long context performance O modes for . 0000000000 00INB0GIB0IRO LG IO IO
P ‘ Gradient accumulation: 1 ore : Post-training 000000000000 0o oo noboinn
? Layer N e —— oo e e o Multlllngual Open Source reasoning SET + APO
---------- O vvel ecay in eEmbpe INgsS ) -
(Embsdding ) g - ?’ o S Precision: bf16 6 languages: English, French, | | Code, data, caving esuming el
We remove weight decay Trom embedding layers to i . . . o g lfElNGSINOS5S;
? improve training stability as embedding norms naturally Lerlsor pa:rl:el{qzz Spanlsh, German, Itallan, model are Logglng and CheCkPOIntlng checkpoints checkpoints metrics | throughput, ...
stabilize at healthier values. ata parafiel: : Training and evaluation metrics are logged to
( e G ) — Portuguese ar;d support for Oplenkl)}ll 11T tokens Attention W8I<BI vvghile chgck?)oilnts are sltored ongS% every 2k o
""" - Multilingual Tokenizer Throughput: 14k tokens/sec/gpu several more evellliclons pretraining GQA steps. Evaluation runs asynchronously ( S3 ) > [ Eval ) — [ W&B )
. , MFU: 29.43 % independent of training ATHEG aoc
We use the Llama 3.2 tokenizer which covers all o .
languages used for pretraining. Training duration: 24 days
Pretraining Recipe Long Context Training Post-training Recipe
Math 3% 1 ) | % ]
COde 12% I I o _________________________________________________________________________________________________ The post-training recipe starts of During mid-training the model is The model is further trained on a
::::..__’I__S__él | 249 with the checkpoint after trained for 5 epochs on a mix of mix of 25 high quality datasets
e ? D I I I I pretraining and long context OpenThoughts and Nemotron mixing reasoning/non-reasoning
adaptation. The optimizer state is post-training data totalling 175B data for 4 epochs and 10B
. . not re-used from earlier training. tokens (35B unique). tokens (2.5B unique).
Base: 4k Step 1: 32k Step 2: 64k = i q
Web 85% :
75% . During pretraining a The RoPE theta was The RoPE theta was
63% context length of 4k increased to 1.5M and further increased to 5M )
tokens was used. The training continued for and training continued Pretrained + . L.
long context training 50B tokens with 32k for 50B tokens with 64k T Mld-tl‘alnlng S SFT
""""""""""""""""""""""""""""""""""""" — used the same data. context size. context size. Long context
Phase | Phase |l Phase i ~8 pages of text ~64 pages of text ~128 pages of text a
L
Description: Base training Description: High quality injection Description: LR Decay LQ l
Duration: 8T tokens Duration: 2T tokens Duration: 1.1T tokens 08)
Datasets: Base mix for pretraining Datasets: Adding Stack-Edu, FineMath4+, Datasets: Upsampling high quality I I o —
Web: FineWeb-Edu, DCLM, FineWeb2, FineWeb2-HQ InfiWebMath4+, MegaMath (incl. Qwen code/math datasets and adding Y 10% o il
. . . . . o E::::::'32 adestiEFFFEEEEE —FFFFFFFFFEFFFFFFFEFFFEFFFFFFFFEE . 0O
Code: The Stack v2 (16 langs), StarCoder2 PRs, CQogéAe'ii{grfg:\fzcejtglgivkgtesr Al e gst;ii;'aotr;]/éeezzzz';g SEIE| VST £ YaRN: 128k =L BRI — Model Merging —— Model Soup ] APO
Jupyter/Kaggle NBs, GH issues, StackExchange P 9 Using YaRN scaling on = = «—
Math: FineMath3+ | |nf|WebMath3+ top Of the 64'( Checkpoint — 1

LR Schedule

Warmup Phase

Stable Phase

Decay Phase

allows to extend the
context to 128k tokens.
~256 pages of text

256 pages

Finally, we linearly merge the
model soup checkpoint with long

We found that model souping,
where intermediate checkpoints

We apply Anchored Preference
Optimization (APO), a variant of

2,000 Steps 10T tokens 1.1T tokens context checkpoint using a 90/10 from the APO stage are merged DPO, for 1 epoch with a thinking
ratio to recover the long context together further improves the preference pair for every non-
\ capabilities. downstream performance. thinking preference pair.
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