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¢ Introduction

Scaling Laws (Kaplan et al. “Scaling laws for neural language models”)
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¢ Introduction

Scaling Laws under limited compute
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¢ Cramming: Training a Language Model on a Single GPU inOnesa

Scaling Laws under a Cramming Regime
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Finding the One-Day Optimum
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@J_& Da)

Group Target Accelerator Time Limit | Total exaFLOP
(Devlin et al., 2019) BERT 16 TPU 4 days 680
(Dettmers, 2018) BERT 8 V100 11 days 950
(Narasimhan, 2019) BERT-large 1472v100 47 min 519
(Raffel et al., 2020) T5-base 16 TPUV3 1 day 170
(Iandola et al., 2020) squeezeBERT | 8 Titan RTX 4 days 361
(Narang et al., 2021) TS variations 16 TPUV3 1.75 days 298
(Tay et al., 2021) T5-small-L16 16 TPUV3 11.2 hours 82
(Izsak et al., 2021) BERT variation 8§ V100 1 day 86
(Liu et al., 2019) roBERTa-base 1024 v100 1.25 day 13824
(Chowdhery et al., 2022) PalL.M 6144 TPUv4 50 days 7299072
Our Setup 1 BERT variation | 1 rtx2080t1 1 day 5
Our Setup 2 BERT variation | 1 rtxa4000 1 day 8
Our Setup 3 BERT variation | 1 rtxa6000 1 day 13

How to reach the “sweet spot” on 1 GPU?
Flash-Attn 3, Unpadding, torch.compile (Tt¢l A2t E2 X 2IZH(T) 371
Bias-off, Head |}, GeGLU (22 37| Z[Z5HN Z4))
® Long-seqdata packing 8k tokens / sample (Hiz] St &84 S7t(T 37h))

@ Kernel-level tricks
(@ Parameter pruning
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¢ Cramming: Training a Language Model on a Single GPU in

Modifying the Architecture (1)

* Attention Block:
1. Disabling QKV bias oReHi|E] 4~ 1-2% &4, GPU Throughput 1% 37 2 4
2. Reducing Attention Heads (1271 & AL, GPUEZES 28 1

 Feedforward Block:
1. Disabling Linear bias ni2to|ef Z4, gradient A4 42 7iM
B ST Mt

[Detail. GLU 7]4t Activation + FFN]

9 = a(xwy) € (0,1) > 7ol E

alx) =xW, > 4H 35

h=(g(x) ® a(x))Wrpy (®: element-wise multiplication)
> AR 5E A
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¢ Cramming: Training a Language Model on a Single GPU in

Modifying the Architecture (2)

* Normalization:

1. Layer Normalization after Embedding Layer: Token distributions 2F4s}
2. Pre-normalization: Stable training gradient Z&/AH 25}, FH QF43}
* Head Block: - i
1. Removing non-linear heads and decoder bias: AEfs)
2. Optimizing token prediction: &4H|8 | aiion
| addition |
Xiong, Ruibin, et al. 0f [Lk2™, Layer Normalization (LN)2| 2|x|7} /'
31 20| gradiento| F20f 2ol %3S 0|2y
Pre-LNS| 72, Cf 22 DU A2 5120| O QHYO2 S2E S [ o Do
2=

Wi
Multi-Head
Attention
Multi-Head
Attention _Laysl Norm
o)

X
(a) (b)
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¢ Cramming: Training a Language Model on a Single GP U in"Onesan

Modifying the Training Setup

+ Training Objective:
1. Masked Language Modeling (MLM) & =&
- OAZIH[Z 15% (Devlinetal., 2019 &)
- 0fAZ 40% / MSE / L1 Loss — 0|5 812

* Optimizer:
1. AdamW (81=0.9,82=0.98, € = 1e-12, wd = 0.01)
2. Gradient Clipping 0.5 — £ ot&s}, 27HH|E 0
3. CHE A3d/1at-SE|0t0|A (Adafactor &)Lt SGD= 0| A[gHEl Ofl4Hojl A= 2482 0| =0 AU

olo

* Learning Rate Schedule
1. Budget-aware one-cycle (lzsak etal., 2021)
2. CiFetcurve & S 2[4 AFM-2& Loss B4

» Batch Size:
1. 2080Ti 7|8 7}&8t micro-batch = 96 = Gradient accumulation (CHE AA|E2E RA EHQ)
2. Batch Size Scheduling: 23 2131} 3P| =2 step MY 1
= One-cycleLRZ} ZS0| EZZ D S5 £ H5
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Modifying the Training Setup
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¢ Cramming: Training a Language Model on a Single GP U inOnesba

Optimizing The Dataset

+ Data-Source Exploration:
The Pile 512 Al (Gutenberg + Books3 + Wiki-en)

1.
2. C4 (20 M items streaming)
3. Zt AAHZ WordPiece ETLI0|A Asks > 45 H|1 & The Pile ETLI0|A €8

* Filtering & Sorting Existing Data:
1. Deduplication (Mg £ £5) - 2 51 QS

> B2 US H|S0| 2 BET: Y= 715" AIFRLA BEE  (t =#tok / #char ) 0.3)
(ZE/7|Z: ot =9 EZ +7f 27 FAf 79 t YfE 5OH 1 H== HE)
2. ESHIZ 7|R A|RA HY L 551TI5A £27) 2R HA AH| - 23 & ¢
> 7|0 &2 HI0|E1—'?'—E1 87| 51H st5 27| Er71I0||*‘| C HHfE7LII ooI'JIa eSS
o5 AMS Al
'|0|-'?'-M7 FA)

_ -

+ Vocabulary:
1. &5 %t batch t (2ICH 4032/4096) — CAOIAM &4 |, 22X HE 2151 > R4 A0l s
> Gl|O[E{7} HEL|0] AS W (= Af‘ﬂ*:."soquoﬁié ) &1t =ch2t (gradient =
2. Vocab size sweep (16k ~ 64k) — GLUE Hd2 37| t of| H[2{|StLL, MNLI01|A1E 32kOfIA] =3}
T OF7|ElIx - 7'E 2[5} 0|F 7} 2 - 3 ptdownstream O]

+ Take-away:
ClojEf &4 -&MS Ce= AUOR
“Scaling Laws # EZ £2 StH” — Better tokens beat more compute.
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¢ Cramming: Training a Language Model on a Single GPU inOnesa

Optimizing The Dataset

Dataset Batch Size MNLI (m)
Bookcorpus-Wikipedia 1536 79.8
The Pile 1536 80.5
The Pile (natural data subset) 1536 80.8
C4-Subset 1536 79.1
Bookcorpus-Wikipedia, Deduduplication > 100 1536 79.9
Bookcorpus-Wikipedia, Deduduplication > 50 1536 79.5
Bookcorpus-Wikipedia, filtered with ¢ = 0.3, sorted 1536 80.8
Bookcorpus-Wikipedia, sorted 1536 81.0
C4-Subset, Deduduplication > 100 1536 79.2
C4-Subset, filtered with ¢t = 0.3 1536 79.9
C4-Subset, filtered with ¢ = 0.3, sorted 1536 81.4
C4-Subset, filtered with ¢ = 0.3, larger, sorted 1536 81.9
Bookcorpus-Wikipedia 4032 80.5
C4-Subset, filtered with ¢ = 0.3 4032 82.2
C4-Subset, filtered with ¢ = 0.3, sorted 4032 82.5

C4-Subset, filtered with ¢ = 0.3 8064 80.9
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Comparison in GLUE-dev performance of baseline BERT to the crammed model

MNLI SST-2 STSB RTE QNLI QQP MRPC CoLA | GLUE

BERT-base (Fully trained)  83.2/83.4 91.9 86.7 59.2 9.6 87.7 89.3 56.5 80.9
BERT-base (No Pretrain) 34.1/34.1 79.9 17.8 473 50.0 68.6 77.9 0.0 45.5
Trained for 1 day on a 2080ti:

BERT (normal protocol) 58.7/57.8 79.8 16.6 50.9 554  71.1 70.1 7.3 52.0
BERT ((Izsak et al., 2021))  75.0/75.7 - - 523 846 844 82.2 33.8 69.7
crammed BERT 82.8/83.4 91.5 83.1 54.0 89.0 87.2 86.2 47.2 78.3
Trained for 1 day on an A4000:

BERT (normal protocol) 58.0/56.5 79.4 17.0 51.6 542  70.6 74.1 8.2 52.2
BERT ((Izsak et al., 2021))  58.8/59.6 - - - - - 814 0.0 49.9
crammed BERT 83.0/83.2 91.6 84.8 54.7 88.5 86.9 86.4 43.7 78.1
Trained for 1 day on an A6000:

BERT (normal protocol) 56.3/54.8 81.2 21.8 495 56.4  65.1 74.8 10.3 52.2
BERT ((Izsak et al., 2021))  76.2/76.5 87.4 78.5 49.1 85.0 84.1 83.2 36.3 72.9
crammed BERT 83.9/84.1 92.2 84.6 53.8 89.5 873 87.5 44.5 78.6
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4 Cramming: Training a Language Model on a Single GP U in"Ones

Ablation study, which improvements were most important?

MNLI SST-2 STSB RTE QNLI QQP MRPC CoLA | GLUE

crammed BERT 83.9/84.1 92.2 84.6 53.8 895 873 87.5 44.5 78.6
+ original data 82.2/82.7 92.0 83.6 49.8 89.5 87.0 85.9 42.5 77.3
+ original train 50.0/50.4 80.7 13.7  52.0 59.8  65.1 73.2 7.2 50.2
+ original arch. 35.4/35.2 49.1 - 527 49.5 0.0 0.0 0.0 27.7
+ minimal train mod.  81.9/82.6 91.4 85.5 549 882 870 88.4 43.6 78.1
+ minimal arch. mod.  83.2/83.5 91.7 82.0 520 889 86.8 83.6 38.3 76.7

+ Original data: H[O[E{2t Y22 F2{ = Hs ASk= 23 > HIO[E] 7HH (BE{Y/AE) 0| F2|0|SHA[2t A 2 =2 ofH
+ Original train: 8t& 43 (53] LR schedule-dropout) 210|= 4&0| 22 & 1GPU-5tF2t= A2k 2245t
+ Original arch: H[2IA| 72| et& =7t

© A2 AR = BEOEEQICY = Q6 S 7 2ol MA HAmZHES.
* Of7|El]-sk5 W4 -L|0|E| 320| M2 H2t g4t +26 ~ +51 pt.
e.g. Pre-Norm > QFyst > ARl LR AH|ET > 0[0f] 2= batch size A3|2T + B 22 22 HIO0IH
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4 Cramming: Training a Language Model on a Single GP U in"Ones

WHAT HAPPENS WHEN TRAINING LONGER?

MNLI SST-2 STSB

RTE QNLI QQP MRPC ColLA GLUE

BERT-Base (Fully trained) 83.2/83.4 91.9 86.7 59.2 90.6 87.7 89.3 56.5 80.9
BERT-Base (No Pretrain) 34.1/34.1 79.9 17.8 4773 50.0 68.6 77.9 0.0 455
ROBERTA-Base 86.6/86.4 93.7 904 773 92.1 88.3 914 60.2 85.1
Crammed BERT (A6000) 83.9/84.1 92.2 84.6 53.8 89.5 87.3 87.5 44.5 78.6
Trained for 2 days on 8 A6000:

Crammed BERT 86.5/86.7 93.8 86.8 534 91.6 88.0 88.2 42.9 79.8
Crammed BERT (no clipping) 86.1/86.7 93.2 87.1 55.2 92.1 88.3 90.2 46.6 80.6
o Y YAD P HS « EjA3H 2
- 1GPU-24 h—-8GPU-48 h 2 Compute x16 - LY MI(MNLI, QQP, QNLI, SST-2) : Of|At 1 B2 M4 7HM
- S ofo|mjuf2tale], H|O[E] 1-pass H= 51& - CoLA-RTE: +16x computed|= 72| Z|

_ - CoLA—5jo|muj2ti[e] MIHE [/ 2H 85 B SHA?
- &5 Zat (GLUE) ) - RTE — &3 Al A2 scaling benefit 2+
MNLI 86.5/SST-293.8 — BERT-base 2t3sts
surpass - QA0IE?
GLUE ®#79.8 — RoBERTa-base 85.1 0f| 2% 1. Cramming2 compute-invariant — & & 0f| &0 M= 5110
Gradient clipping OFF = £ (80.6) — QH&A St % H|0|E] 4 MEl + BHE training O] “QEII” 10| MRIA 71

Task-specific H=(ColLA, RTE) siiZgfot = |
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¢ Smarter, Better, Faster, Longer: A Modern Bidirectional Encoder for Fast, MemoryaliiiCiC e
Context Finetuning and Inference

Smarter, Better, Faster, Longer: A Modern Bidirectional Encoder for Fast,
Memory Efficient, and Long Context Finetuning and Inference

Benjamin Warner'' Antoine Chaffin?® Benjamin Clavié'
Orion Weller® Oskar Hallstrom? Said Taghadouini?
Alexis Gallagher! Raja Biswas' Faisal Ladhak** Tom Aarsen®
Nathan Cooper! Griffin Adams' Jeremy Howard! Iacopo Poli’

IAnswer.AI 2LightOn 3Johns Hopkins University “NVIDIA SHuggingFace

t: core authors, *: work done while at Answer.Al

Correspondence: {bw,bc} @answer.ai, antoine.chaffin @lighton.ai

* ACL 2025 Accepted
+ ModernBERTE 2|2 LLM 7H&H0j|AM & ZHES 0[2{5H 2t

rlo

HESH HESIUS D H L2 28, d5

oy OO
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¢ Smarter, Better, Faster, Longer: A Modern Bidirectional Encoder for Fast, MemoryaliiiCiC e
Context Finetuning and Inference

Architectural Improvements

- HO|OJA &t (Bias Terms) H|2Hd3}
+ Dense / FFN / LayerNorm & bias=False
« &t MLM Decoder Linear2t bias | — D2t [E{-H22| | (~-2 %), TensorCore &

« 2| Y (Positional Embeddings) - RoPE
« ZC{ PE < Rotary PE (Suetal., 2024)
- I 2M(8192+) &t 80|, 7o 7, S FLOP

« st (Normalization)
« 22 Pre-LN — 12{C|YE O, Warm-up S22
« Embedding ¥ LN &t & %7 — Token 2% A5}

- 2hM3st gt (Activation)
+ GelU — GeGLU(Shazeer, 2020)
« FFN AO|Ele=2 3= t ) BEIR7|& +0.2 pt
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¢ Smarter, Better, Faster, Longer: A Modern Bidirectional Encoder for Fast, MemoryaliiiCiC e
Context Finetuning and Inference

Efficiency Improvements

- 1rff ofENM (Alternating Attention)
+ Global Attention: O A|EH3)| 2|0|O{OIC} R AS 2R 7Hs
* Local Attention: 22 S210|d A=0|ATH &S 2I=R 7ks > Local 128-window Attention
= Global-only & 452 SAIotHA - FLOP Z4

+ AmfY (Unpadding)
« Variable-len batch — Token IDs &= = Flash-Atth &&=
« 10-20% throughput 1, H=22| |

* Fash Attention
* Global layer — Flash-Attn 3 (H100 2[%)
* Local layer — Flash-Attn 2
« end-to-end wall-time ~1.3 X faster vs. vanilla

+ torch.compile (PyTorch 2)
* JIT compile 7ks3t B& 24| 2[A5}
« FHZEHF QOIS TPS = +10%
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¢ Smarter, Better, Faster, Longer: A Modern Bidirectional Encoder for Fast, MemoryaiiiCiCnisnu e
Context Finetuning and Inference

Paddin_q can be inefficient, and change how

many non—padc/ing fokens are in a batch

r—l Lon_qes)‘ Samp/e
e

J_T

r—\_j
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¢ Smarter, Better, Faster, Longer: A Modern Bidirectional Encoder for Fast, MemoryaliiiCiC e
Context Finetuning and Inference

Model Design

* StERI0] 212 2 EHA|: GPU-Centric SE
« M (T4-A10-A100-H100) + AH|ZH(RTX 3090-4090) 2F0f|A
“ot 9| ckpt — 2| 22 E8” 2 Global-only & 55 RAISIHA] - FLOP Z&
-« A-E 2 2F 64 b5 — Tensor Core full-util

« Deep & Narrow O}7|Ell4]
* Deep & Narrowvs. Shallow & Wide: Deep-Narrowe= 4& / Wides &
* ModernBERT= 0| & 7HA| Af0|9] d5-£0| BZHS EIY
20|0{ 4= 1, hidden size | — C 22 MatMul tile « Cf ZI A|ZA FHA|

o Do AW
« Base 22L/H768—149 M params
« Large 28L/H 1024 — 395 M params
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¢ Smarter, Better, Faster, Longer: A Modern Bidirectional Encoder for Fast; Memoryaiiiciens
Context Finetuning and Inference

Deep-and-thin Shallow-and-fat
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¢ Smarter, Better, Faster, Longer: A Modern Bidirectional Encoder for Fast; Memoryaiiiciens
Context Finetuning and Inference

ModernBERT-large j ina-XLM-RoBERTa RoBERTa-large

Parameters

Hidden states

Intermediate dims

Attention heads 16
Layers 24

Vocabulary size 250,002
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Smarter, Better, Faster, Longer: A Modern Bidirectional Encoder for Fast; MemoryaitiiiCienissiuueone
Context Finetuning and Inference

Performance Comparison

B ModernBERT-large [ jina-XLM-RoBERTa [l RoBERTa-large

100.0

750

50.0

25.0

0.0

STS12 STS13 STS14 STS15 STS16 STS17 TRECCOVID FiQA NFCorpus SciFact
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¢ Smarter, Better, Faster, Longer: A Modern Bidirectional Encoder for Fast, MemoryaliiiCiC e
Context Finetuning and Inference

Training Data & Tokenizer

- si5 00|
« 22 EF (+IZE + 1St FEA)
042 ablationE Esll mixure H|E 24

* OLMo E=LIO|A| ZHEH
+ GPT-NeoX-20B2| BPE-based tokenizer?| £ =l HA
- ZEEE SRS
» Vocab size = 50,368 (64 Hi$) = 6484 232411 unused 8371 &7}

+ Sequence Packing + Unpadding
* UnpaddingQ & 25t batch sizeQ| 20 UA|E LIl Greedy packing & > 99% &8
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¢ Smarter, Better, Faster, Longer: A Modern Bidirectional Encoder for Fast, MemoryaliiiCiC e
Context Finetuning and Inference

Training Details

+ Masked Language Modeling (MLM)
* 7|&BERT2| 15% L4l 30% OtAZ HIE AME

« Next-Sentence Prediction (NSP) #[H > 7|2 SE1t &Y
* Optimizer
« StableAdamW AFE: Cf Q4201 314 QI CIRAEZ M

- “per-parameter update clipping 0/ £}l # §

* Learning Rate Schedule
o AICH|E YElQ| SHEE AAET 28 (Warmup-Stable-Decay): €% & R4, &

’

5

» Batch Size Schedule
o« 53 270 =22 HiR| > HZRIAOZ UjR| 27| 7t > & £ TILS}

+ Context Length Extension
« 102485 > 81922 &4
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Context Finetuning and Inference

Weight Initialization and Tiling

* Layer 2t
« Small 22| layers & HE MEHSI] 7|3} :
. Randomllf se[act
one layer from the
. Weig ht i}%)l’ swall model
+ Tiling &Al: small 2&2| 7tSX| & OHEZHA :

S0 Bi2[ot L SjX5HH 2 2= L4

S 0|0| BI45E TiEIS ETjM02 &8 Weight initialization

Weight watrix in i Intialize the Initialize the top Initialize the left
one layer . center with the & bottom edges & right edges by
weights from the by wrapping the wrapping the
suaﬂ model

columns
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¢ Smarter, Better, Faster, Longer: A Modern Bidirectional Encoder for Fast; MemoryaiiiCiCnnin
Context Finetuning and Inference

Language Benchmark Evaluation

IR (DPR) IR (ColBERT) NLU Code
Model BEIR MLDRgop MLDR)p; BEIR MIDRpop GLUE CSN  SQA
BERT 38.9 239 32.2 49.0 28.1 847 412 595
RoBERTa 37.7 229 32.8 48.7 28.2 86.4 443 59.6
o DeBERTaV3 20.2 54 13.4 47.1 219 88.1 175 186
& NomicBERT 41.0 26.7 303 499 61.3 840 416 614
GTE-en-MLM 414 343 44.4 48.2 69.3 856 449 714
27 ZIY| &2 A 0olO =0
ModernBERT  41.6 274 44.0 513 80.2 884 564 73.6 S C 22 EEA S+ UCHNEH 2 2
BERT 38.9 233 31.7 495 28.5 852 416 608
o RoBERTa 414 22.6 36.1 49.8 28.8 88.9 473 68.1
%ﬂ DeBERTaV3 25.6 7.1 19.2 46.7 23.0 914 212 197
~  GTEenMLM 425 36.4 48.9 50.7 71.3 87.6 405 669
ModernBERT  44.0 343 48.6 524 80.4 %0.4 595 839
« MurMol M5 M + Natural Language Understanding 4
* ModernBERT7} base % large 37| Z50f| A 7+& + DeBERTaV3 &A| 0| 432 20| 452 &7t
= M ohy + Code Tasks
+ Information Retrieval 4& + JE ESEFLOIA +HOIHZ IR =2 85

+ Single-vector(DPR) 2 Multi-vector(ColBERT)
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Memory and Inference efficiency

Short Long [NVIDIA RTX 4090 GPUOIM &84 E|AE 3]
BS (Batch Size), Short (512 context), Long (8192 context),
Model Params BS Fixed Variable BS Fixed Variable Fixed (A ZO[{AM XH X2 E2 4, M ELQ))
Variable (71 ZOJoflM 2 22| E2 4, 2 TH9))
BERT 110M 1096 180.4 902 - - -
RoBERT:2 125M 664 1799 899 - —  + BS:BaseO|lA 1604, LargedilA| 7702] x| 3712 7|2
2 DeBERTaV3 183M 236 702 351 - - - S [I2 05 pouct 4 =2 2z 58A4S HoiE
& NomicBERT 137M 588 117.1 585 36 46.1 23.1  * Short_Fixed: 7| BERT2 RoBERTa RHECH= of7H
GTE-en-MLM 137M 640 1237 618 38 468 23.4 SRR, THE 2|4 2l 200 HIgHA = O WEAL RARE S5
GTE-en-MLM 137M 640 1225 1286 38 475 673 - ShortVariable: LS == 34 mALCH @Y Hold
e e - - - - 842 HOIFLICL 53], 2/th % 30.9% O %2 E28 42|
ModernBERT 149M 1604 148.1 147.3 98 123.7 1338 . |ong_Fixed: CH2 B.E Z 7 0| FC{ B} 2. 654 (Base) Ol A
3b{(Large) G WIE £
BERT 330M 792 544 272 - - -
. jable: /T ©F 118.8% O 2 E22 2
. RoBERTa 35SM 460  42.0 210 B B Long_Variable: Z|CH 2f 118.8% O W2 E22 A2|
£ DeBERTaV3 434M 134 246 123 - - -
~  GTE-en-MLM 435M 472 38.7 193 28 162 8.1
GTE-en-MLM, omere  435M 472 385 404 28 165 22.8

ModernBERT 395M 770 523 529 48 468 49.8
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