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| ast Week: MoE

. MOE Is a technigue that uses many different sub-models
(or "experts") to iImprove the guality of LLMs
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. A very common architecture in recent models
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| ast Week: Scaling Laws

. Scaling laws: Simple and predictive rules for model performance
. Old way: tune hyperparameters on big models
New way: tune on small models, extrapolate to large ones
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| ast Week: Scaling Laws

. Scaling laws are really surprising and useful tools

ﬁ

. Data scaling: understand how data affects models
. Model scaling: dramatically reduce costs for training
. Scaling as prediction: understand what problems can e brute forceo

. Without scaling laws, we might...
. Waste millions of dollars on "blind" trial-and-error
Produce "under-trained" models without knowing it
—all to distinguish between "bad architecture" and "insufficient scale”

_ose the "extrapolation" advantage (train and pray @)
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| LM: Architectural Change
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| ecture Overview
. Walk through LLM models chronologically

. Part1: 2023 - 2024 Q]
. Key models: LLaMA vI-2, Mistral, Gemma, OLMo, DeepSeekMo

. Part 2: 2024 Q1 - 2024 Q4
. Key models: Qwen?2, DeepSeek v2-3, Gemma v2, MiniMax-01, ...

. Part 5: 2025 -
. Key models: Gemma 3, Kimi, Qwens3, GLM, some Korean models, ...
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Disclaimer...

Somr

M acC

Please note that some specs or detalls may be inaccurate

e specs may be inaccurate; reviewing 20-30 technical reports

e exhaustive verifl

cation

Certain settings only exist in the codelbase, making manual
verification of every detail highly difficult @ @ @

. | may have missed some key models, or included less crucial ones

. |T you notice any errors or missing information, please let me know!
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Part 1: 2023 - 2024 Q]
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Recall: LLaMA Recipe [Touvron+ 2023

. RMSNorm with pre-norm placement output

Output tensor with shape
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| LaMA: RHyperparameters [Touvron+ 2023

Model Params Layers d_model Heads KV Heads Context Vocab
/B 0./7B 32 4096 32 32 (MHA) 2048 52K
158 15.0B 40 5120 40 40 (MHA) 2048 52K
33B 52.5B o0 0656 52 52 (MHA) 2048 52K
o5B 65.2B 80 8192 o4 o4 (MHA) 2048 32K

. Optimizer: AdamW with LR cosine schedule
. Batch size: 4M tokens, Weight decay: O.]

. Dataset: 1.0T (7B/13B), 1.4T (33B/65B) tokens (public only)
. Tokenizer: SentencePlece BPE

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)

Inha University



| LaMA: Takeaway [Touvron+ 2023

. ES

RMSNorm + pre-norm +

20

ablished the "LLaMA recipe" as the de facto standard

DE + SWIGLU + no blas

. Opened the era of open-weight foundation models

Generative Computing Lab

Inha U
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ECE/115 Multimodal VLM (Spring 2026)



| LaMA 2: What Changed? [Touvron+ 2023

. Architecture: Same as LLaMA T with two key changes:
. Context length: 2K » 4K

. COA Introduced for 34B and 70B models (8 KV heads)
't was one of the first major open models to adopt GQA at scale

But, 7B/13B still use MHA (same as LLaMA 1)

. Training data: 1.4T » 2.0T tokens """" I I I I I """"\
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L LaMA 2: Hyperparameters [Touvron+2023]

Model Params Layers | d_model | Heads | KV Heads d_ff Context| Vocab
7B /B 32 4096 32 32 (MHA) 11008 4096 32K
158 15B 40 5120 40 40 (MHA) 13824 4096 32K
348 348 48 8192 o4 8 (GQA) 22016 4096 32K
70B 70B 80 8192 o4 8 (GQA) 28672 4096 32K

. Total compute: 3.3M AIOO GPU hours
. Note: Training loss still not saturated after 2T tokens
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Mistral 7B Biang+ 2023
. Basically, LLaMA recipe (RMSNorm, pre-norm, RoPE, SwiGLU)

. 8,192 context length I I I I

. Introduce sliding window attention (SWA)
Rolling buffer KV-cache
Pre-fill and chunking

. Use GOA (32 query heads, 8 KV heads) I I I l

GQA
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Mistral 7B: Sliding Window Attention [iang+2023]

The cat sat on the The cat sat on the window size
ER IRnnnnnnn
cat 1 1 1 0 0 0
sat 1 0 0 \
on 1 1 0
I vich 22 layers,
the 1 / 1 1/ " Tokens  theoretically the
_ _ o _ _ _ Model can see
Vanilla Attention Sliding Window Attention Effective Context Length
131K tokens

Figure 1: Sliding Window Attention. The number of operations in vanilla attention is quadratic in the sequence
length, and the memory increases linearly with the number of tokens. At inference time, this incurs higher
latency and smaller throughput due to reduced cache availability. To alleviate this 1ssue, we use sliding window
attention: each token can attend to at most W tokens from the previous layer (here, W = 3). Note that tokens
outside the sliding window still influence next word prediction. At each attention layer, information can move
forward by W tokens. Hence, after k£ attention layers, information can move forward by up to £ X W tokens.

W = 4096, context length = 8192
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Mistral 7B: Sliding Window Attention [iang+2023]

. Rolling buffer KV-cache
. Now KV-cache can store up to W KV context, not # context length
Rolls KV-cache to overwrite the oldest context

Timestep i Timestep i + 1 Timestep i + 2
This is an example of ... This IS an This IS an |example of [ IS an |example
Mistral is a good ... Mistral is Mistral IS ] a Mistral IS a good
The cat satonthe mat ... | The cat sat on the cat sat on the I mat sat on

Figure 2: Rolling buffer cache. The cache has a fixed size of W = 4. Keys and values for position 2 are stored
in position 2 mod W of the cache. When the position ¢ is larger than W, past values in the cache are overwritten.
The hidden state corresponding to the latest generated tokens are colored in orange.

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)

Inha University



Mistral 7B: Sliding Window Attention [iang+2023]

. Pre-fill and chunking
. Slices the pre-fill context to reduce memory peak

The cat sat on the mat and saw the dog go to

[

the 0O O 0O O
dog 0 0 0 0

go 0 0 0 0

to O 0 0 O

Past Cache Current

Figure 3: Pre-fill and chunking. During pre-fill of the cache, long sequences are chunked to limit memory
usage. We process a sequence in three chunks, “The cat sat on”, “the mat and saw”, “the dog go to”. The figure
shows what happens for the third chunk (“the dog go to”): it attends itself using a causal mask (rightmost block),
attends the cache using a sliding window (center block), and does not attend to past tokens as they are outside of

the sliding window (left block).
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Mistral 7B: Hyperparameters iang+2023]

Model Params Layers | d_model | Heads | KV Heads d_ff Context| Vocab

Mistral
7B

. WIindow size W = 4096

/B 52 4096 32 3 143560 3192 32K
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Mixtral 8x /B Biang+ 2024

. Same base as Mistral 7B, but every FEN Is Mixtral 8x7R
replaced bY Mok Total Params 478
. Total/active params: 47B /13B ,
- Active Params 158
y =Y Softmax(Top2(z - Wy)); - SWiGLU;(z). Layers 32
=0 routing logic d_mode 4096
d_ff 14336
. Full 32K context (no sliding window, Experts 3
unlike Mistral /7B Top-K 5
. GOQA: 32 Q heads, 8 KV heads
Context Length 32K
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Mixtral 8x7B: Takeaway BDiang+2024]

. 5x fewer active params than LLaMA 2 /0B, comparable performance

Model etV MMLU HellaSS WinoG PIQA Arc-e Arc-c NQ TriQA HumanE MBPP Math GSMSK
LLaMA27B 7B  444% 771% 69.5% 779% 687% 432% 11.5% 56.6% 11.6% 26.1% 39% 16.0%
LLaMA213B 13B  55.6% 80.7% 729% 80.8% 752% 488% 167% 64.0% 189% 354% 6.0% 34.3%
LLaMA133B 33B  568% 837% 762% 822% 79.6% 544% 24.1% 685% 250% 40.9% 84% 44.1%
LLaMA270B 70B 69.9% 85.4% 804% 82.6% 799% 56.5% 25.4% 73.0% 293% 49.8% 13.8% 69.6%
Mistral 7B 7B 62.5% 81.0% 742% 822% 80.5% 549% 232% 62.5% 262% 502% 127% 50.0%
Mixtral 8x7B  13B  70.6% 84.4% 772% 83.6% 831% 59.7% 30.6% 715% 402% 60.7% 284% 74.4%

Generative Computing Lab
Inha University
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Gem ' a -| Gemma Team 2024]

. Google's first open-weight model family

. Architecture choices (some different from LLaMA recipe):
. RMSNorm + Pre-norm + RoPE (same as LLaMA)

. CeCGLU instead of SwiGLU

. Very large vocab: 256K (vs. LLaMA's 32K): tied embedding
. Training tokens: 3T (2B) /6T (7B)

Model Params Layers | d_model | Heads | KV Heads d_ff Context| Vocab

2B ~2.58 18 2048 3 1 (MQA) 32768 SK 250K

/B ~8.58 28 3072 16 16 (MHA) 49152 SK 250K
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Tied Embedding [press+ 2017

Non-Tied Embedding Tied Embedding
Output Logits { Output Logits
A
Input Embedding Independent Shared Weight Matrix
Matrix E Vxd) Weights Transpose (WT dxV)
Shared Weights
[ Transformer Blocks ] [ Transformer Blocks J Parameters: 1 * (Vxd)
Regularization Effect
Input Embeddlng Parameters Shared Welght Matrix
Matrix E Vxd) * (Vxd) (W, de
[ Input Tokens ] { Input Tokens J
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OLMO [Croeneveld+ 2024]

. Title: "OLMo: Accelerating the Science of Language Models”
~ully public: data (Dolma), code, checkpoints (500+), training logs

. Dellberate architectural choices that differ from the standard:
Non-parametric LayerNorm (not RMSNorm) for stability + speed

MHA (no GQA), linear LR schedule (not cosine)
. All blases removed (same as LLaMA)

Model Params Layers | d_model | Heads | KV Heads d_ff Context| Vocab

1B 1B 16 2048 10 16 (MHA) 5504 2K SOK

/B /B 32 4096 32 32 (MHA) 11008 2K SOK
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DeepSeekMOoE [Dai+ 2024]

. Fine-grained experts and shared expert isolation

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

:‘ Routed Expert |
|

1

l Shared Expert E

Output Hidden

Input Hidden

(a) Conventional Top-2 Routing === (b) + Fine-grained Expert Segmentation === (c) + Shared Expert Isolation
(DeepSeekMOoE)
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DeepSeekKMOE  [Dai+ 2024]
DeepSeekMoE 16B achieves similar performance to DeepSeek 7B
([dense) with ~40% compute
. DeepSeekMoE 145B matches DeepSeek 67B with ~28.5% compute
52 - DeepSe:kMoE 16B
50 - LLaMA2 7B
)
C 48-
(©
C 46- LLaMA 7B
O Falcon 7B
o 44 ®
a- Open LLaMA 7B
%42- 0.
© RedPaja.ma-INCITE 7B
@ 40° RedPajama-INCITE 3B GPT-J 6B
< 33.- +Open LLaMA 3B
OPT 2.7B ,Pythia 2.8B
36 - ° ,BLOOM 3B
GPT-neo 2.7B | | | |
2 3 4 5 6 7

Number of Activated Parameters (Billions)
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I_Oad Ba‘anCing [Da|+ 2024] LExpBalzalzfipi/

. Expert-level balance loss
We saw this loss iIn Mok slide fi =
Switch Transtormer [Fedus+ 2022]

Z 1 (Token t selects Expert i),

T

—
1
= ? zsi,t/
. Device-level balance loss t=1
Balance across the devices
LpevBal = @2 Z f Pl,

— 35

je &

P/ =) P

JE&;

Partition all routed experts Into
D groups and deploy each group fi \8|
onN a single device
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DeepSeekMoE: Hyperparameters [Dai+ 2024

2B (validation) 168 1458
Total Params ~2.0B ~16.4B ~144.68
Active Params ~0.3B ~2.8B8 ~22.28
Layers 9 23 o2
d_model 1280 2048 4096
Heads 10 (MHA) 16 (MHA) 32 (MHA)
Total Experts 1S + 63r 2S + 04 45 + 1281
< chared Active Experts 1s+ 71 2S + or 45 + 12r
r royted —Xpert Size 0.25X FEN 0.25X FEN O.125x FFEN
Training Tokens 100B 2T 2458

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)

Inha University



MINICPM  [Hu+ 2024]

. Title: "MINICPM: Unvelling the Potential of Small Language Models"

. Key contribution il i | il =) upcycling
WSD learning rate scheduler R
-xtensive scaling experiments »Ane?uon»?» A -
MoE upcycling (dense » init MokE)
. Vocab
Model Params Layers | d_model | Heads | KV Heads d_ tied)
12B 12B 52 1536 24 3 (CQA) 3840 73440
2 4B 2 4B 40 2304 36 36 (MHA) 5760 122753
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MINICPM: Scaling Laws Experiments [Hu+2024]

. Key technique: they use uP Initialization [Yang+ 2022}
+ FIX the aspect ratio, and scale up the overall model size

Name N (B) dm dff dh ny L

‘M 0.009 320 3800 64 5 8
30M | 0.036 512 1280 64 8 12
7/0M | 0.066 640 1600 64 10 14
0.1B | 0.109 768 1920 64 12 16

0.17B | 0.166 896 2240 64 14 18
02B | 0.241 1024 2560 64 16 20
05B | 0499 1344 3360 64 21 24

. Optimal batch size and optimal learning rate

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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MINICPM: Scaling Laws Experiments [Hu+2024]
. scale_emb = 12, scale_depth = 1.4, init_std = 0.1, 1lr = 0.01

Name

Specific Operation

Embedding Output Scaling

Multiply the output of the embedding by scale_emb

Residual Connection Scaling

Scale the output tensor of a block before adding
to each residual connection in each layer by

scale_depth / /num layers

Initialization of Tensors

Set the initialization standard deviation of each two-
dimensional tensor parameter to init_std /\/du, / Apase,
and set other parameters’ initialization to 0.1

Learning Rate Scaling of Tensors

Adjust the learning rate of each two-dimensional
tensor parameter to 1/ (dy, /dy,s.) times the learning
rate of other parts (or the overall learning rate)

LM Head Scaling

Adjust the output logits to 1/(d,,/dy,s.) times the
original value

Table 7: List of operations used when applying tensor program techniques.

Generative Computing Lab
Inha University
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MINICPM: Scaling Laws Experiments [Hu+2024]

similar trend to

. Optimal batch size ,
Kaplan's experiment

10°

. " - 4.2 log(BS)=-6.24log(L)+20.91
= .2 5100 1.6 & N OSe
- - = 4.0
= 50, 1.4, F " Q
S a2 G A 388 N
) 18— & (o= B - o p
ol L L 109 | :
8108 ~E g 10 3.6 =
= 46 B 10 2 - .
z Z Z 3 4 & 107

. 4.4 - . 3.8 | . =

10 10° | 107 10 . 10 10
Batch Size Batch Size Batch Size
. . 3.5 45 5.5

Figure 1: We demonstrate the loss curve of three size models Loss

trained using different batch sizes. Each vertical line formed
by points with a gradient color represents a training curve.Figure 2: The connected op-
Lighter colors denote higher loss. timal batch sizes.
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MINICPM: Scaling Laws Experiments [Hu+2024]

. Optimal learning rate
With uP initialization, optimal learning rate does not shift very much

-ven when we scale up the model from 0.04b to 2.1b, relative similar

LR v.s. Loss

8 4 0.04b
- (.1b

-&— 0.3b
7 1" —&— (0.5b
—&— 2.1b

Figure 3: Loss vs Learning Rate. After ap-
plying for the Tensor Program, the learn-
ing rate shift becomes minimalw

HD

103 102 101
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Side Note: Without uP?

. How to find optl
. DeepSeek VI

Mal learning rate and batch size without uP~

B1+ 2024] estimate these using scaling laws
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Learning Rate

(a) 1e17 FLOPs (177M FLOPs/token)

Learning Rate

(b) 1e20 FLOPs (2.94B FLOPs/token)

Figure 2 | Training loss w.r.t. batch size and learning rate with 1el7 and 1e20 FLOPs.
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Side Note: Without uP?

. How to find optimal learning rate and batch size without upP?
. DeepSeek vl [Bi+ 2024 estimate these using scaling laws

Nopt = 0.3118 - ¢ 7120

1
Bopt = 0.2920 - ¢ %71 )

8e-3
226. % 7B MHA 2T Token % 7B MHA 2T Token
_ * 678 GQA 2T Token 4e-3 % 67B GQA 2T Token
‘é’ 224 ’,/*1 9.7M N <
() ) O 00D 0O
S _*9 2M ®
. @ 2e-3 © 65200 CADWOD
8 2 g ooooéEiDecpgo
- o 1e-3 o @ @ 0 T~
.ta) 220 S
(g]
— TEU S5e-4 :
1Y) ‘s ) \\\*\
S_.. 2.5e-4 3.2e-04
2 ]
1.25e-4
1076 108 1020 1022 1024 106 10 1020 1022 10%4

Non-Embedding Training FLOPs

(a) Batch size scaling curve
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Non-Embedding Training FLOPs

(b) Learning rate scaling curve
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Recall: Chinchilla Scaling Law

. From chinchilla

What Makes the Difference?

. Improperly configured cosine learning rate decay
. To get optimal loss, we should set T_max to actual end-training steps

. But they used fixed scheduler

[Hoffman+ 2022]

o fit a scaling law, we need to train from scratch, not just early stop

his turns the cost of fitting a scaling law from OW) to O(N?)...

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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Solution? WSD LR Scheduler Hu+2024]

. Warmup-Stable-Decay (WSD) LR scheduler
Split learning rate into warmup, stable, and decay phases

Cosine(40N)
—— WSD(40N 4N)
—— WSD(80N,8N)

0.01751

wh, s <W warmup
WSD(T;s) = n, W <s<T stable
f(s—T)y, T<s<S§ decay

oortion: ~ 10%

)
:‘S 0.0125 -
2 0.0100

O ]
5 0.0075

0.0025 1

0.0000 A

. .= Any stable checkpoint » add decay -~ valid model

. .= Chinchilla analysis: we can restart the run at the end of the stable phase
Scaling law measurement at O(N) cost, not O(N?)
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Solution? WSD LR Scheduler Hu+2024]

WSD (40N ,2N)
—— WSD(60N,2N)
—— WSD(80N,2N)
—— WSD(40N,4N)
—— WSD(60N,6N)
—— WSD(80N,8N)

Loss on C4

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

20N 40N 60N SON 100N 120N 140N
Tokens (B)

DuUring stable phase: large weight updates, minimal loss reduction
. During decay phase: small updates, dramatic loss drop
Decay phase = only 10% of total training - sufficient convergence
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Model Comparison: 2023 - 2024 Q]

Model Type Activation Norm Attention | # Tokens
LLaMA T (23Q1) Dense SwiGLU RMSNorm MHA 1.0 - 147
LLaMA 2 (23Q3) Dense SwiGLU RMSNorm MHA / GOA 2.0T

Mistral 7B (25Q4%) Dense SwiGLU RMSNorm SWA + GOQA -
Mixtral 8x7B (24Ql) MoE SwiGLU - GQA -
GCemma 1 (24Q1) Dense GeGLU RMSNorm MQA / MHA 5-0T
OLMo (24Ql) Dense SwiGLU NP LayerNorm MHA 2-25T
DeepSeekMokE (24Q1) MoE SwiGLU RMSNorm MHA 2T
MiniCPM (24Q2) Dense /MoE | SwiGLU RMSNorm MHA / GOA 11T
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Inha University

ECE/115 Multimodal VLM (Spring 2026)




Key Takeaway: 2023 - 2024 Q]

. LLaMA recipe remains dominant, but with growing variations
Oominant SwiGLU, RMSNorm, RoPE

. Rising of mixture-of-experts
. 8 experts, top-2 (Mixtral) » 64+ experts, top-8 (DeepSeekMoOE)
. All routed (Mixtral) » shared expert isolation(DeepSeekMoE)

. Cosine LR scheduling » WSD (MiniCPM)

. More vocab size (32k; LLaMA -» 256K; Gemma) and data scale (1T » 6T)
SBut still, very small context length

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)

Inha University



Part 2: 2024 Q2 - 2024 Q4%
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Qweﬂ 7 [Yang+ 2024]

. Standard recipe:

. MO

—. OQwen’-57/

S-Al4

RMSNorm, Pre-norm, RoPE, SwiIGLU, GOA

B (64 experts, 8 active, upcycled from Qwen-7/

. b4 experts + shared experts, top-8 routing

. Training: /T tokens (dense), 45T (MoE), 12T (0.5B)

. Long context support
. OKV blas; adds blas to Q, K, V projections [Su+ 2023]

. Yet another

Generative Computing Lab
Inha University

ROPE extensioN (YaRN) [Peng+ 2023]
Dual chunk attention (DCA) [An+ 2024
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Challenge: Long Context Support

. What happens if the model gets a seq. longer than its training length?
Qut-of-distribution of sequence length
aka length extrapolation (generalization) problem

Extrapolation for models trained on sequence length of 1024

Pos Method
-®- Sinusoidal
" 29 | -@- Learnable

0.0 Pre\-trained range nseen Range -@= T5-Bias
-0= Kerple
-@- RoPE

Fire
== ALIBI
-@- CABLE

24

N
o

2048 4096

Normal Extrapolation

Chen+ 2023] e.g. unseen d

Bt ali Nl S s Tl o Ul B ok LT

Perplexity
-
oo
14
I

]
=
== ~~

— ] pmm W
T a1 L

o = ey —_—

- == -
=

="} [

[
(@)

—
]
F==
~~

=
IS

Velsi+ 2025]

T " T T T T
512 1024 2048 4096 8192 15360
Context Length

12
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RoPE(XW})) RoPE(XWy)

QK\/ BIaS O; = Softmax Ml

Nz

. First, let's rewrite dot product of QK (m, n: positional index)
(qum)(kan)T T qm mRTkT T qm m— nkT
ROPE represents relative distance (m — n) between Q and K

Term 1. original ROPE score vvithout b|a5
erm 2-3: expectation is nearly zero (no effects)

erm 4. acts as a distance penalty =
([decays attention logits for
long-distance tokens,

reducing OOD spikes)

00000

00000

QoK 300
a@k
q@b 200 -
b
. 100 - I }
2‘ N *“‘“{ i J.} I'}Ijl[}lq

w/o Bias
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RoPE

RoPE

Position Interpolation [chen+2023]

. Sgqueeze RoPE range! 0
1.0
0.5
0.0 Pret-trained range PSeesiange R(é) —
,m
-0.5
-1.0
0 Normal 2048 Extrapolation 4096
1.0
0.5
0.0 Prettrained range + PJ|:
-0.5
-1.0
0 4096 : :
Position Interpolation Positi —
siton Interpolat s =2 1IN thisexample

—. _ 1.—=2ild
(. 91' —_ b
cosmbi; —sinmb,
sinmf; cosmb,
0 0
0 0
0 0
0 0

m
cos | —0,
)
m
—0,
)

Sin
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"Base" iIn ROPE

3ase" b determines rotation speed of

. Recall: Base frequency of RoPE is 0, = b~/

20

D)

- as Index m changes

N addition, it Is linked to RoPE's wavelength, and it determines
the maximum context length of the model!

. Wavelength: # tokens (distance) for a full rotation (2z) A

High-freqg (i ~ 0): short-wavelength

— E — 27[b2i/d
0

l

l

. Captures subtle changes between adjacent tokens

Low-freq. (i ~ d/2): long-wavelength

. Captures global information by seeing very long distance tokens

Generative Computing Lab
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I I Dimension Pair 0 Dimension Pair 1 Dimension Pair 2
B a Speed: 1.0000 rad/pos Speed: 0.1000 rad/pos Speed: 0.0100 rad/pos
1.5 1.5

1.5 1.5
1.0 4 1.0 A 1.0 4 1.0 4
—~ — — —
+ 0.5 /‘\ T 05- K\ T 05- /\ T 05
™~ ™~ ™~ ™~
[ c c c
:2 e C S 0.0 — S 00 > S 00 — S 00
[ ) c c c c
Q Q Q Q
I E -1.0 -1.01 -1.01 -1.01
® Position: 0 Position: O Position: 0 Position: 0
_1.5 L L _1.5 1 I _1.5 L 1 _1.5 l 1
-1 0 1 -1 0 1 -1 0 1 -1 0 1
‘ r- Dimension 2i Dimension 2i Dimension 2i Dimension 2i
)

All Dimension Pairsl. ;l'ogether (Clock Hands at Different Speeds)

Position: 0 B Pair 0 (6=1.0000)
t }/ E 1.0 1 B Pair 1 (6=0.1000)
- B Pair 2 (6=0.0100)
g_ 0.5 1 Pair 3 (6=0.0010)
o
O 0.0
o
(1+]
£ —0.5 - .
o
5 1 2i/d
. Wa\ E 10 )
-1.5

-1 0 1
° I_I Real Component

> How Attention Decays with Distance (for each rotation speed)
L,
. E
wn
D
=
o
. L( o
&J
8
(Vp)
2
‘ 5 >MNS
I=
g T T T T
£ 0 10 20 30 40 50

Relative Position Distance

Image credit: https:/medium.com/@saeed.mehrang/understanding-
rotary-position-embeddings-rope-a-visual-guide-ef8319353ddb
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Yet Another ROPE ExtensioN (YaRN) [Peng+2023]

Position Interpolation treats all dimensions egqually

NIS over-compresses rotation angles in high-freg. dimensions
Hence, local context between nearer tokens is degraded

. Actually, we don't need to squeeze the high-freg. dimensions

e .. Multiple cycles within the trainin Some bands do not
Within the training e €

window complete even a single
wiww cycle
- =~ Sine Waves vs Training Window L _trali /

1.00 - e : - —— A=400 (r=5.00)
et A (\W///A/ 7\ \A\i(\ A (\ /\ (\ (\ /\ /\ (\ //(4 A=5000 (r’=o.40)
0.50 - E\ / /
W N /
g ~0.25 - E \\\ /
~0.50 - ; \\ //
-0.75 - i \\ 1, /
-1.00 - U U U U U E U U U \U\VU// U U U U U U

Token Index
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Yet Another ROPE ExtensioN (YaRN) [Peng+2023]

. NTK-based Pl and YaRN: split and do band-wise scaling

1.0 -
. Don’t Touch Interpolation Pl Scaling
o P https:/medium.com/ = Y(rid)
™ | . y=0
= @hugmanskj/mastering-gpt-oss- 0<y<1
vy yarn-yet-another-rope- mmy=1
extension-5-6-4978ed2ccabc
0.2 4
0.0" L S S S e
0 10 20 .3'9 . 40 50 60
high-frequency boundary ey T low-frequency boundary

-t Temperature on attention softmax

I 1 . .
softmax ( Im ‘) \/; — O.lln(s) + 1. S =context extension ratio
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Scaling Laws of RoOPE [Liu+2023]

—arly models use base b =10,000 (LLaMA) @, = p=2/
. But modern models use a very large base e.g. 1,000,000 for Qwen 2

. "Scaling Laws of RoPE-based Extrapolation" [Liu+ 2023]
Previous base (10,000) Is bad; smaller or larger pases are good

J < , re
‘ — = RoPE [ ; - = RoPE
60 - l ~ = ROPE + Pl A=2 60 - . 'l ~ = ROPE + PI A=2
,‘ ’ == ROPE + fixed NTK a=8 —= ROPE + fixed NTK a=8
50 - , I ——— ROPE + dynamic NTK 50 ——— ROPE + dynamic NTK
. == ROPE (base=1000000) 4K == RoPE (base=1000000) 4K
> , ———ROPE (base=1000000) 16K > ———ROPE (base=1000000) 16K
% . — = ROPE (base=500) 4K :) 401 — = ROoPE (base=500) 4K
B ———  ROPE (base=500) 16K = ——— ROPE (base=500) 16K
3 301 = 3 301 =
- -’ -
201 20 1 -
10 - el — 104 | i =TT T T
0 20480 40960 61440 81920 102400 0 20480 40960 61440 81920 102400

Context Length Context Length

(a) Results on LLaMA?2 7B (b) Results on LLaMA2 13B
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Scaling Laws of RoOPE [Liu+2023]

. Smaller base (e.g. 500) » shorter wavelength
. High dims fully rotate within short seg. length (4K) when training
. No OOD rotation angle when seqg. length is large

. > Unboun

ded extrapolation: graceful degradation in

catastrophic failure

. Larger base

(e.g.1,000,000) » longer wavelength

D

D without

. Minimal angle shifts between tokens -» Very high-res phase space
. Extended seqg. remain within the seen range (interpolation)
. > Bounded but high-performance

Generative Computing Lab

Inha University

But with YARN or other methods, we can further extend bound
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Dual Chunk Attention (DCA) [an+2024]

. Dual chunk attention splits seguence into multiple chunks

. Chunk size must be smaller than the pre-trained context length
INntra-chunk attention
. Captures local dependencies within each individual chunk

INnter-chunk attention
. Captures long-range dependencies between different chunks

. Successive-chunk attention

Rectr
chun

es the discontinuity of relative positional information at

<K boundaries
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Dual Chunk Attention (DCA) [an+2024]

(a) Intra-chunk Attention (b) Inter-chunk Attention (¢) Successive-Chunk Attention

Pq 7 Pqint'ra Chunkl Chunk2 Chunkl Chunk2 | Pc;nter quntra Chunkl . Chunka PqSucc
o [0 |
Q. 0 7 <9, <= ’ ° <9,
1 = 1 9 5 = 1 7 =2
2 ® 2 ®
Z . s e
S = S ’ o 3 7|2 ’ S
n
5 3|2 3 9 = & 3|8 9 2
e * — e
v 44|32 3 4 9 S S 4|43 9 8
o S. —y a — -
c 5(5|4|3]|2 @ 5 9 @ @ 55|43 9 &
2 . . s Sane .
5 66]5]4]8 s 0 9|8 |7|6|5]4 98 o 0[6|5]|4[S)2 ° o
~ 7|17|6|5[4]|3]|2 = 1 918 |7|6|5]|4 9 3 = 1|(7[6]|5 7 3
. Y - T 8
g8 |7|6|5]|4[3]2 g 2z 9|8 |7]6]|5(4 96 2 z|8|7]6 5 4
= c = c
99 |8|7|6|5]|4]3 5 3 9|8|7|6|5|4 9 = 5 3|9|8]|7 9 %
L7 | L = 2 7 :
10(10/ 9|8 |7|6|5]4 S 4 4 2 9|8 |7]|6|5|4 98 2 4[9]|8]|7 9 8
- ] o o
i|11/10(9 |8 |7 |65 3|2 s s 5(04(3]2 ols|7]6[5]a4 92 = 5|9|8]|7 9 3
Peo 1 2 3 4 5 6 7 & 9 10 11 s=6 — s=6 — =6 w=4
k _ K Pk o 1 2 3 4 5 0 1 2 3 4 5 Pk o 1 2 3 4 5 0 1 2 3 4 5 Peo 122 3 4 5 0 1 2 3 4 5
N _ Py Position ids of Py : Position ids of k P, : Position ids of k Py : Position ids of k

Alleviates the sudden
Index spike between
neighboring tokens

context window (c) = [c-1, c-s| distance

chunksize (s) = 6

gk distance within
the chunk

Generative Computing Lab
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Pri] — Pelg] if |i/s| — |j/s] =0
combining these: Mli[j] = { PS[i] — P[j] if [i/s| — [j/s] =1
Plnter i — Pelj] if |i/s| — |j/s| > 1

relative distance mas<
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Why DCA WOrks? [An+2024]

Model Evaluation Context Window

. |t rearranges positional indices of the seq oo 8192 16584 2708 09536
. . . Finetuned
. WIth Intra-chur L(’ nNter-chun k, Longlora-32k 7B 814 7.85 770 780 91.79
: Together-32k 7B 821 795 776 764  >10°
syccessive-chunk CodeLlama-16k 7B | 893 864 844 836  8.65
CLEX-16k 7B 884 7.66 743 157 873
- . : : Training-free

P cllntra i — Plg] if[ifs] —[j/s] =0 Llama2 7B 787 >102 >102 >102 >10?
121 Succ[;1 . D [ i€ lalal 1. _ Llama2-ReRoPE7B | 794 775 OOM OOM OOM
M[Z] [] ] =4 L a v Pic J. it -Z/ 5. J / sj=1 Llama2-PI 7B 787 9.19 15.11 >10% >10?
pPhoterizt Bl if |4 /s| —1j3/s] > 1. Llama2-PI-Yarn 7B 787 8.80 1175 4242 >10?
a - - Llama2-NTK 7B 787 1198 2612 5891 >102
Llama2-NTK-Yarn 7B | 7.87 8.06 0.82 11.74  41.57
, , CHUNKLLAMA?2 7B 7.87 7.67 7.64 7.89 15.87
. AS a result, the relative distances are CHUNKLLAMA2 13B | 7.15 695 699 790 15.14
. . , CHUNKLLAMA2 70B | 5.24  5.18 3.21 5.30 3.59

restricted within the range that RoPE T
‘ traini Llama3 8B 904 871 78.88 >10° >10?
1aS Seen durmg pre yrammg Llama3 70B 536 5.16 >10° >10° >10?
: . CHUNKL 388 | 904 871 861 862 895
. And It's traini ng—free! cﬁﬁﬂiiiﬁf‘\s 70B | 536 516 514 514 521
ChunkLLaMA = DCA + LLaMA

Generative Computing Lab
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Qwen 2: Hyperparameters [Yang+2024]

Model |# Params| Layers |d_model | Q Heads | KV Heads d_ft Context | Vocab
0.5B 0.5B 24 896 14 2 48064 52K 151,936
1.5B 1.5B 28 1536 12 2 8960 32K 151,936
= = 28 3584 28 4 18944 32K | 152,064
/2B /2B S0 8192 04 S 29568 52K | 152,064

57B-Al4B | 57B(14B) 28 3584 28 4 2560/expert| 32K 152,064
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| ong Context Support: Takeaway

. Long context support: A major challenge, yet essential
. Computation: KV cache memory, complexity of full attention
. Solutions: GQA, MLA, interleaved local-global attentions

Positional encoding: ROPE struggles with unseen long contexts
. Training with long context? Highly resource-intensive
. Solutions: RoPE variants (PI, YaRN, base frequency scaling, ...)

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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Dee pSee K—VZ DeepSeek-Al 2024]

. " L Multi-Head Attention
. Multi-head latent attention (MLA) M 1 )
. With decoupled RoPE 0| Of| 0| OF)| 0] 05 Qu | OF| | Ki | KF| Ko | K5 | Ky | K| Ky | K| | Vi | V| Vi Vs
Wg WQR e R4 (dixh) Wir WIT( W‘T/
. FIne-grained MokE: —1 P | !
0 =XW; Cyy = XWy,
160 experts, 2 shared experts, Wh| ¢ Roxea Wi e pixaxad
. 6/ 2 activated experts Query X Key / Value
Attention Mechanism KV Cache per Token (# Element) Capability
C o~ . Multi-Head Attention (MHA) 2npdpl Strong
’ Tra 1808 g y 8 -‘ T tO ke NS Grouped-Query Attention (GQA) 2n:d:l Moderate
Multi-Query Attention (MQA) 2dyl Weak
MLA (Ours) (de +dR) ~ 3dpl Stronger

. YaRN for long context (4K -» 128K)
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Routing and Load Balancing

-or each token, select M GPUs that have experts with high score
hen, perform top-K selection among experts on these M devices

. Communication balance loss
Makes the communication of each device balanced

D
LcommBal = @3 Z fiI’Pl{,’ LDeVBal = a2 Z fz Pl,
fll = — Z 1 (Token t is sent to Device i), f! |8 | Z fis
je &
P/’_ZP]/ P::ZP],
168 ngi

.+ Expert-level, device-level balance losses
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DeepSeek-V2: Hyperparameters [DeepSeek-Al 2024]

DeepSeek-V2

Total Params 2508
Active Params 218
Layers 00
d_model 5120
Attention Heads 128
KV Comp. Dim (d_c) 512
Query Comp. Dim 1536
Decoupled RoPE Dim 04

Total Experts

2 shared + 160 routed

Active Experts

2 shared + 6 routeo

Tokens

S.1T

Context

4K - 128K

Generative Computing Lab

Training Costs (K GPU Hours/T Tokens)

DeepSeek 67B -

aving 42.5% of o
training costs

S
DeepSeek-V2 - |<

0 50 100 150 200 250 300
KV Cache for Generation (KB/Token)

DeepSeek 67B -

reducing KV cache by 93.3%
DeepSeek-V21{ |== —

0 100 200 300 400

Maximum Generation Throughput (Tokens/Sec)

DeepSeek 67B -

576% of maximum throughput
DeepSeek-V2 == - g7p —

0 10000 20000 30000 40000 50000

Inha University
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Gem ' a 2 Gemma Team 2024]

. Key components:

Knowledge distillation in pre-training

Local/global attention interleaving

Loglit soft-capping for attention stability

. Other ingredients:
GQA
Pre + post norm:

Generative Computing Lab

INnha University

- Soft-capping the logits to some maximum value via Tanh
.- Softcap:

softcap(x) =t * tanh(%)

- Hardcap: clip xin [-t, t]

. Gemma 2 uses t = 30.0 for output softmax,
and t = 50.0 for attention softmax

RMSNorm on both input/output
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Gemma 2: Hyperparameters [Gemma Team 2024

Model Params Layers d_model Heads KV Heads Context Tokens
2B ~2.6B 26 23504 8 4 8K 2T
9B ~92B 42 3584 16 8 8K 8T

278 ~27.2B 46 4608 32 16 8K 13T
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Knowledge Distillation [Gemma Team 2024]

reacher NN soft labels ' —Pr(x | x;)log Ps(x | x.),

predictions

distilled| knowledge
where Pg is the parameterized probability of the
_ l et student. Note that knowledge distillation was
obet J predictions € true label also used in Gemini 1.5 (Gemini Team, 2024).

Training data

Student

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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Attention Interleaving [Gemma Team 2024]

. Use |local sliding window attention and GQA-based global attention
. Attention Interleaving

—ven layers: SWA (4096 tokens) / odd layers: CQA (8192 tokens)

The cat sat on the The cat sat on the window size
0 0 | INNNEnEN
cat 0 0
sat 0 0
on 1 0
I
the 1 y | Tokens J
Vanilla Attention Sliding Window Attention Effective Context Length

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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Qweﬂ 25 Qwen Team 2024

. Architecture: same as Qwen?2 (GOQA, SwiGLU, RoPE, QKV bias)
DCA+YARN, DeepSeekMoE-style Mok
. Key change: massive data scaling, /T -» 18T tokens

. Control tokens: 3 » 22 (expanded for tool-use)
. Scaling law used to predict optimal HPs (MInICPM influence)

Models Layers Heads (Q / KV) Tie Embedding Context / Generation Length License
0.5B 24 14 /2 Yes 32K / 8K Apache 2.0
1.5B 28 12 / 2 Yes 32K / 8K Apache 2.0
3B 36 16 / 2 Yes 32K / 8K Qwen Research
7B 28 28 / 4 No 128K / 8K Apache 2.0
14B 48 40 / 8 No 128K / 8K Apache 2.0
32B 64 40 / 8 No 128K / 8K Apache 2.0
72B 80 64 / 8 No 128K / 8K Qwen

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)

Inha University



Dee pSee K—\/3 DeepSeek-Al 2024]

+ Key components: Total Params Dee%ifgk_vz
Base: DeepSeekV2 (MLA + MoE) Active Parame 275
Layers o
Auxiliary-loss-free load balancing d_model /168
Attention Heads 128
. L KV Compression (d_c) 512
Multi-token prediction (MTP) ROPE Dim (dAR A
Total Experts 1 shared + 256 routead
-P8 mixed precision training Active Experts 1 shared + 8 routed
-xpert d_ff 2048
MTP Depth |
Tokens 14.8T
Context 4K - 128K
Gating Sigmoid

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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Auxiliary-Loss-Free LB [wang+2024]

. Auxiliary LB losses are effective, but it can harm model performance

° AUXI‘Ia rV-‘OSS-free I_B h;=ut+iFFN@ (ut)+igitFFN-(r) (uy),
. i=1 i=1

Sity Sitt b; € TOPk({Sj,t +bj|1 S ]S Nr}/ Kr)/

, —
g .t .
’ 0, otherwise.
n, ( .
) - ] "o, sit,  Sit € Topk({s;j¢|]1 < j < N:},K;),
: > .
. m s 0, otherwise,
. Heuristic I Export Load T T
. sie = Sigmoid (u;" e;),
ojasupdate | gy | | B - . Moan Loz
Expert Load
BEiﬁﬁTémi?ﬁnt Expert Bias

- A Updating
4 4 enBias Note: actually, DSv3 also uses
o Gating Score i (New seq.-wise aux loss to prevent
B Bias Updating extreme imbalance within a
o sequence

Model Training
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M LJ H:i—TOKeﬂ PredictiOﬂ Gloeckle+ 2024, DeepSeek-Al 2024

-xtends the predict scope to multiple future tokens at each position
. Better model performance + can be used for speculative decoding
Why it works? speculation: lookahead can reinforce choice points

Target Tokens t, ts ty tc ts ty ts te ty tc te t, Model A B C
I N B I N B I N B predietions
A B
[ Cross-Entropy Loss ]—> Lytain [ Cross-Entropy Loss ]—* Lirp [ Cross-Entropy Loss ]—> LTp
/'y r'y r'y A
- - -==-===-==/=_="=-"==-===71 _—mmmmmmm-rs/ T === g/ ==-===-=-"-"1T-""=-======
| Main Model | ' MTP Module 1 | . MTP Module 2 |
: (Next Token Prediction) : : (Next? Token Prediction) E : (Next? Token Prediction) : Ground truth 1 5 3 4 5, A o
| s
: [ Output Head ] | : Output Head I : L Output Head :
: ¥ , 3 | | 3 ‘ k ‘
. — SuRE - Gloeckle+ 2024
I |
I \\ : : Transformer Block : | Transformer Block :
| |
| A | - . J | \ : J
: A | | : .
. | ' [ Linear Projection ] l : Linear Projection :
: Transformer Block X L : : Tconcatenation : | | concatenation l
I ) [ ] . | [ | |
: ¥ : ! RMSNorm ] [ RMSNorm | 1 : [ RMSNorm ] [ RMSNorm ] :
| - gl
: . o i | e |
: [ Embedding Layer ] : i Embedding Layer | [ Embedding Layer ] :
| | ' | |

S I S T — I

Input Tokens tl tz t3 t4 tz t3 t4 t5 t3 t4 t5 t6
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Dee pSee K—\/3 DeepSeek-Al 2024]

. =& Very stable training (no loss spikes, no rollback during training)

. .= DeepSeek-V3 achieves frontier performance at ~10x lower cost

. e.g. LLaMA 3 405B used 3.8 x 10225 FLOPs on 16K H100s
(~30.8M HI100-hours, estimated)

Stage H800 hrs Cost (@ $2/h)
Pre-training 2,664K $5.328M
Context extension 119K $0.238M
Post-training 5K $0.01M
Total 2, /88K $5.576M

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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MINIMax-01 [MiniMax 2024]

. Key components:
. Lightning attention: linear (0@td?)) in sequence length

. Post-norm with DeepNorm [Wang+ 2022]

def deepnorm(x): Architectures Encoder Decoder

return LayerNorm(x * o + f(x)) & p o B
Encoder-only 1 _1
def deepnorm_init(w): (e.g., BERT) (2N)3 (8NV) ™3
if w is ['ffn', 'v_proj', 'out_proj'l: Decoder-only M)t M)~}
nn.init.xavier_normal_(w, gain=/3) Sg-,deg) .
elif w is ['q proj', 'k_proj'l: o CNMT Ty | 08L(N*M)Ts  0.87(N*M)~1 | (3M)% (12M) %
nn.init.xavier_normal_(w, gain=1) (e.g., NMT, T5) ( ) ( ) (3M) ( )

Figure 2: (a) Pseudocode for DEEPNORM. We take Xavier initialization (Glorot and Bengio, 2010)
as an example, and it can be replaced with other standard initialization. Notice that « 1s a constant.
(b) Parameters of DEEPNORM for different architectures (/V-layer encoder, M -layer decoder).

. Recipes: GQA (on standard attention) + partial RoPE (50% of head dim)

Generative Computing Lab
Inha University
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Attention Complexity

. Context length: 2K (LLaMA; 2023) » IM - 10M (2025)
We saw that recent models use interleaved SWA + full attention

But still attention itself is a very expensive op O(N2d)
. - C ' | Effici
. Quadratic on the input sequence! o ieling Ganatiiity
(and linear KV cache) " ) I a——
Complexity per Sequential Maximum Path | Q ; KT lﬂ | v
I. T I X I X
AYer TYPE Layer Operations Length ! . ) [ dxN A e )
Self-Attention  0(n?.d) 0(1) 0(1) S P —
Recurrent 0(n.d*) 0(n) 0(n) /// \\\ —
Convolutional  O(k.n.d?) 0(1) 0(logy(n)) ) .
Recurrent O(r.n.d) 0(1) O(n/r) NQXKN N x d
N YW

Softmax Attention

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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| Inear Attention [Katharopoulos+ 2020]

. Can we modify attention to be linear complexity?
t

| ex k'
. Recall Softmax attention: o = E ; p(a: ) =

. Linear attention: Softmax to kernel feature map exp(q; - k;) ~ o(q)d(k;) "
. Since there Is No Softmax, we can replace as

V; t=seqg.length

l(jeneratjve Computing Lab ECE7115 Multimodal VLM (Spring 2026)
Nnha University



| Inear Attention [Katharopoulos+2020]

G(Nd?)
v Computational Efficiency
X Modeling Capability

G(N?2d)
X Computational Efficiency
v Modeling Capability

f rr \\ \l (f \\ ff \\ l- f{ \\N|
| ) | @ ) ( ) I ( ) I
| Ve N | Va \ I
| ([ \\ | I f( \\ !
| Q KT l V Q | KT V |
N xd dxN | ' |Nxd N xd | dxN |~ |[Nxd|||
| VAR /| Joo - 7 ) !
, v, | v, v, : |
\L _J —l \. J \_ Y, - \_ ) -I
- s 2
- \\\ o) 5) (/: el
QKT V (2 Ty
N x N N xd NQx d ¢Ii<><‘¢;
/ | ) \_ _J
N\ / - L
— — ‘Fang+ 2025]
Softmax Attention Linear Attention

Generative Computing Lab
INnha University
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L INnear Attentiont:: RNN [Katharopoulos+2020]

1=1

Define "state" as: § = Zk;r v, Ot = g:S. (omit kernel feature map)

Due to the autoregressive (causal) characteristic, we can rewrite as:

This iIs RNN!

Softmax Attention

L Inear Attention

Training O(N?) O(N)
INnference per token O(N) O(1)
INnference state KV cache: O(N) Fixed state: O(1)

Strength

Good performance

Linear complexity

Weakness

Quadratic complexity

Memory overtlow (RNN!)

Generative Computing Lab
Inha University
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| Ightning Attention [Qin+2024]

. Linear attention is O(N), but not really fast in practice (in GPU)
Since state update Is cumulative sum (and seguentially)
This makes massive SRAM « HBM communication cost

. Lightning attention: split segs
INto multiple blocks (tiling)
Nntra-block: Softmax attention (parallel) l
: : : | Ointra = (QK[OM)V; Ointer = AQ; - (KV)
nter-block: linear attention (sequential)

0; = Ointra™ Ointer

KV = 2BKv + (2B-1A-1K )TV,

____________________________________________________________________________

— - - ————— . - - - - - - - - . e em EE e e S e e e e S S e R e e e S S e e R S S e e e e e e e e e e e e e e e e e e e o
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L Ightning Attention [MiniMax 2024]

. Pure linear attention Is weak at retrieval tasks

Output Hidden

b
. ( RMSNorm ) -

. Hybrid linear attention o:
. 7] ratio ’ “
(7 linear /1 Softmax)

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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MINIMax-01 [MiniMax 2024]

. Training 1M context Is done with 3-stage context extension
1) 128K: RoPE base 5M, 300B tokens s -
?2) 512K: RoPE base 10M, 32B tokens '—'\':’"'\_
3) IM: RoPE pbase 10M, 26B tokens A \
ROPE rotation angle: 6. = 91;;76 3
Total pre-training: ~11.8T tokens
Inference: extrapolates to 4M tokens

N- NN o N N D
® VA 52 © Vv

(c) Long-context RULER performance

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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Model Comparison: 2024 Q2 - 2024 Q4

Model Params | Active Attention -xperts | Tokens | Context | Cost
owenZ-/28 /2B /2B GOQA Dense VAl 128K N/A
DeepSeek-V2 2508 21B MLA 25+100r S.1T 128K N/A
Gemma 2-27/B 278 278 GCQA Dense 15T SK N/A
Qwen2.5-72B 728 728 GQA Dense | 18T 128K N/A
DeepSeek-V3 o/1B 37B MLA Is+256r | 14.8T 128K | $5.576M
MiniMax-0] 450B | 459B |Lightning+Softmax 32 11.8T M N/A

Generative Computing Lab

Inha University
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Key Takeaway: 2024 Q2 - 2024 Q4

. Attention evolution
. Still many models use GQA, but MLA Is rising
. Local / global-level attention with interleaving
. Linear-complexity attention (e.g. Lightning attention)

. New setups: fine-grained Mok, aux-loss-free LBL, ..

. Training: WS

D, Multi-token prediction, mixed-precision (e.g.

. Data scaling, long context
. ~20T training tokens (Qwen2.5) vs. 2T in 2023 (LLaMA 2)
. ~IM context length (MiniMax-01) vs. 32K in 2023 (Mixtral)

Generative Computing Lab

Inha University

ECE/115 Multimodal VLM (Spring 2026)
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Key Takeaway: 2024 Q2 - 2024 Q4

Component Farly 2024 Mid 2024 Late 2024
Attention GQA + MLA (DeepSeek-V2) + Lightning Attn. (MiniMax-01)
KV Cache ~25% (GQA-8) ~7% (MLA) ~7% (MLA)

MoE Sigmoid, aux-loss-free
Routing Softmax + aux |oss Softmax + aux |oss (DeepSeck V3|
-Xperts os+2 160+2 (DeepSeek V2) 2560+] (DeepSeek V3)

N (DeepSeekMoE)
Training [BF16, cosine/WSD : + FP8, MTP (DeepSeek V3)

Data 7T (Qwen?2) 15T (Gemma 2) 18T (Qwen2.5)
L ) KD In pre-training )

Distillation Gemma 2)

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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Key Takeaway: 2024 Q2 - 2024 Q4

Metric 2023 2024
Max Params /0B (LLaMA 2) o/1B (DeepSeek-V3)
Training Data 2T (LLaMA 2) 18T (Qwen?2.5)
Context Length 32K (Mixtral) M (MiniMax-01)
Max Experts 8 (Mixtral) 256 (DeepSeek-V3)
KV Cache MHA (100%) MLA (~7%])

Generative Computing Lab
Inha University

2025 Vs, 2024
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Part 5: 2025 -

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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OLMO 2 [Groeneveld+ 2025] OLMo-0424 OLMo 2

h := z + Attention(LN(z)) h :=z + RMSNorm(Attention(z))
. Ol Mo 2 yses pOSt‘ NOrm hou = h + MLP(LN(h)) hou: := h + RMSNorm(MLP(h))

. SwinTF v2 [Liu+ 2021] introduced it

. Pre-norm: <= stability / <" representation collapse in deep layers
Dost-norm: <= deep layers <+ vanishing grads in early layers
OK-norm mitigates downside of post-norm

pre-attention nor m

post-attention norm + QK-norm

vanilla
softmax (

109 | “

gk-norm
softmax (g x QK 1)V

L2 norm of gradient

1071 4

0 20000 40000 60000 80000 100000 120000 140000 160000
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OLMO 2 (Groeneveld+ 2025]

Model Params Layers Hidden Heads KV Heads Context Tokens

/B /B 32 4096 52 32 (MHA) 4K ~41
158 158 40 o120 40 40 (MHA) 4K ~51

. Other recipes
Uses MHA (not GQA)

SwiGLU
7-10SS

—ully open: data (Dolma 1.7), code, 500+ checkpoints, training logs

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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Gem ' a 3 Gemma Team 2025]

. Logit soft-capping » replaced by OK-Norm (simpler, more stable)
. Local-global ratio 1:1 » 5:1 interleaving (5 local layers per 1 global layer)
. SWA window: 4096 - 1024 tokens
KV overhead: 60% - 15% (at 32K context)
. ROPE: base freqguency 10K » 1M (for long context)
. All models trained via knowledge distillation

Model Params (non-emped) Context Tokens Vision
1B 698M 32K 2T NO
4B 3,209M 128K 47 Yes (417M)
128 10,759M 128K 12T Yes (417M)
2'7B 25,600M 128K 14T Yes (417M)

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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Qweﬂ 3 Qwen Team 2025

. Most setups are based on Qwen?2
But, OKV bias Is removed (Qwen2 used It as a distinctive feature)
. OK-Norm Is used instead (replaces QKV bias for stability)

. MoE: No shared experts (Qwen2.5 used shared experts)
. 28 routed experts, top-8 activation

. Note: DeepSeek-V3, GLM-45, Qweni3-Next (later version of Qwen
Model) use shared experts;, some ongoing debate..

. Data: 36T tokens (2x Qwen2.5's 18T, largest ever at the time)

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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Qwen 3. Hyperparameters [Qwen Team 2025]

Model | Params Layers Q Heads KV Heads Context Vocab
0.0B 0.0B 28 16 8 32K 151,936
4B 4B 36 32 8 128K 151,936
8B 8B 36 32 8 128K 151,936
148 148 40 40 8 128K 151,936
32B 32B 04 04 8 128K 151,936
Model Total | Active | Layers -Xperts Active Exp Context
30B-A3B 30B 3B 48 128 8 128K
235B-A22B 2358 22B 94 128 8 128K

Generative Computing Lab
Inha University
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GLM-4.5 [zhipu Al 2025]

. Deep and narrow: 92 layers with
d_ff = 5120 (DS-V3: 61 layers, /168d)
Aux-loss-free LBL
MTP layer (1 layer, MoE-lbased)

. QK-Norm (for GLM-4.5 only)

. Training: 23T tokens

. Muon optimizer
We will see |ater in this class

Generative Computing Lab

GLM-45 GLM-4.5-Alr
Total Params 555B 1068
Active Params 328 128
92 (dense + | 46 (1 dense +
Layers 89 MoE) 45 MokE)
+ 1 MTP + 1 MTP
[dden 5120 4096
Attention 96 96
KV Heads S S
Total Experts 160 128
Active Experts 8 S
Shared Expert ] ]
Context 128K 128K

Inha University
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GPT-0O55

OpenAl 2025]

. Wide-and-shallow: hidden=2880 but

only 36/ 24
GLM-45:

ayers
NiIdden=5120, 93 layers

(narrow-and-deep)

Why? wider models » better GPU
oarallelism - faster inference

. Attent
(SWA -

. Mok, YaRN for lo

. MX

Generative Computing Lab

reduction

D4 guantiza

on: Interleaved attention
- full) + attention sink

Ng context

lon for memory

gpt-0ss-120b | gpt-0ss5-20b

Total Params 116.8B 20.9B

Active Params 5138 5.01B
Layers 50 24

Hidden 2880 2880
Q Heads 04 04
KV Heads S S
Head Dim 04 o4
-Xperts 128 52
Top-K 4 4

Context 151K 151K

Vocab 201K 201K

Inha University
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Attention SINK [Xiao+ 2024]

Layer 0 Head 0

1.25

Layer 1 Head 0 Layer 9 Head 0

Layer 2 Head 0

2.00 1

1.75

1.50

1.00 [N H 10 12
Layer 23 Head 0

0.75
10
0.50

12
0.25

10

12

14 14

0.00

4 6 8 10 12 14

10 12 14

3

0 2

first two layers capture the local pattern

B 6

0

and then, the model heavily attends to the

2 B 6

INitial tokens

But why? initial tokens are visipble to all subseguent tokens
. S0, the model exploits initial tokens as "attention sinks", cap

Average attention logits of LLaMA 2-7

' DI
1 2

o ~ ! C ! 1 (-
- - ~ -
- - -
) o N =) o ~ =) = ) a

8
-1
10
12
-2
14
0 2 4

0
10 12 14

53

Layer 16 Head 0

||L

Layer 31 Head 0

0
-1
l‘l -2
14

turing

dnnecessary attention (e.g. to make attention prob. sum to

Generative Computing Lab
INnha University
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Attention SINK [Xiao+ 2024]

. Why does this matter?

Jnder a restricted context window (e.g. SWA) or beyond the pre-
trained length, the attention sinks disappear

> [t removes a considerable poonn of the denominator of softmax

SoftMax(z); = ~ , T1>T;,j€2,...,N
et + Ej:Z e*7  distribution shift

Generating

. Solution: Rolling KV cache Token 7
No fine-tuning Is required  Generting

Token 8

Generating
Token 9

Attentlon Smks Ev1cted Tokens Rolling KV Cache

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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Attention SINK [Xiao+ 2024]

(c) Sliding Window

(a) Dense Attention (b) Window Attention w/ Re-computation

(d) StreamingLLLLM (ours)

h '
: Current Token : : Attention Sink :

previous tokens ﬁ k T e T ‘%
m -]- o -:‘I/ﬁ are truncated o _l

<4—— T cached tokens —» T-L evicted L cached L re- computed evicted L cached
<« »> <« -»>
tokens tokens tokens tokens tokens

O(T?)x PPL:5641x  O(TL)v PPL:5158x O(TL?)x PPL:5.43v O(TL)v PPL:5.40v

Has poor efficiency and Breaks when initial Has to re-compute cache Can perform efficient and stable
performance on long text. tokens are evicted. for each incoming token. language modeling on long texts.

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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Klml KZ Kimi Team 2025]

. MuonClip optimizer
Muon + welght decay + QK clip

. Sparsity scaling law
With fixed activated params, does
adding more (smaller) experts help?

- MLA, WSD

. Trained on 1557 tokens

Generative Computing Lab

[tem Kimi K2 | DeepSeek-V3
Total Params 1.04T o/1B
Active Params 52.6B 378
Layers ol ol
Hidden 7168 7168
Attention Heads o4 128
Routed Experts 384 256
Shared Experts ] ]
Top-K 8
Dense Layers ] 3
—xpert Grouping NoO Yes
Sparsity 48 352

Inha University
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Muon Optimizer [Bordan 2024]

. What is wrong with Adam/AdamW?
. We need to store 1st/2nd moments

Params. updates are dominated by a few directions with large grads
N a large matrix, only small dims change meaningfully per step
Most of the welght matrix's capacity sits idle

. Can we lift up the rare (with small grads) directions??
. Orthogonalization: SVD the I1st moment M = UZV' (not use 2nd)
. Then,drop Xand use M =UV'
. All singular values become 1, so every direction gets equal scale

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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Muon Optimizer [Bordan 2024]

But, SVD Is very expensive; so use Newton-Schulz (NS) iteration instead
. Approximately orthogonalize the matrix with a few iterations
Ortho(G) = argmoin{HO — G||p: either O'O=Tor 00" =TI}

To understand why the NS iteration orthogonalizes the update, let G = USV ! be the
SVD of the update matrix produced by SGD-momentum. Then running one step of the NS
iteration with coefficients (a, b, ¢) yields the following output:

R QR+

#(8(4(4(4(x)))))

! | |
6(x) = 2x — 1.5x% + 0.5x° |, I _l
| |

G' :=aG +b(GGT)G + ¢(GG %G  5add5s— 4775057+ 203158
= (al +b(GG") + ¢(GGT)?)G
= (al +bUS*U" +US*UT)USVT
=U(aS +bS° +cS°)V'

p

(
p(x
(

R

)
p(p )

Now the matrix is a semi-orthogonal matrix (singular values are 1)
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Muon Optimizer [Bordan 2024]

Algorithm 2 Muon

Require: Learning rate 7, momentum u
1: Inmitialize By < O
2: fort=1,... do
3: Compute gradient G; < VgL (60:—1)
4: B + /LBt—l + Gt
5: O; < NewtonSchulz5(B;)
6: Update parameters 0; < 0;_1 — nOy
1
3:

end for
return 6,

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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Muon Optimizer [Bordan 2024]

. Note: this is NanoGPT (very small scale compared to frontiers')

. But GLM-45 [Zhipu Al 2025

Optimizer comparison by tokens (NanoGPT speedrun)

4.1
—— Adam 139ms/step
4.0 - —— DistributedShampoo (UpdateFreq=10) 179ms/step
—— DistributedShampoo (UpdateFreq=32) 154ms/step
3.9 A —— SOAP* 301ms/step
—— Muon 142ms/step
;a 3.8 -
o
S 3.7 -
=
©
2 3.6 -
©
>
3.5
3.4 -
3.3
0.0 0.5 1.0 1.5 2.0 2.5

Training tokens 1ed

*SOAP is under active development. Future versions will significantly improve the wallclock overhead.

Generative Computing Lab

INnha University

Validation loss

adopts Muon!

Optimizer comparison by time (NanoGPT speedrun)

4.1
—— Adam 139ms/step

4.0 - —— DistributedShampoo (UpdateFreq=10) 179ms/step
—— DistributedShampoo (UpdateFreq=32) 154ms/step

3.9 A —— SOAP* 301ms/step
—— Muon 142ms/step

3.8 A

3.7 A

3.6 A

3.5 A

3.4 A

3.3 A

0 5 10 1'5 20 25
Wallclock time on 8xH100

*SOAP is under active development. Future versions will significantly improve the wallclock overhead.

ECE/115 Multimodal VLM (Spring 2026)



M UOHCHp Kimi Team 2025]

. Muon Is good at small-scale, but has problem at large-scale models
. Attention logits rapidly grow (exploding attention logits)
. Th IS 1S occyrs |less \Nlth Ada MV 10| [ Vet run with buon) SO | — .

. Logit soft-cap clips the attention logits
out, QK dot products still grow

. QK-norm is not applicable when using MLA o =
. Since Kis not materialized

X Wy Cg
0 = Softmax( or AV + M) %

Vi |
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MUOHCHp Kimi Team 2025]
. Taming Muon with QOK-clip

Algorithm 1 MuonClip Optimizer

1: for each training step ¢ do
2: // 1. Muon optimizer step

3: for each weight W € R"*™ do
4: M; = uM;_ 1+ G; > Mgy =0, G; is the grad of W;, U is momentum
5 O; = Newton-Schulz(M;) - 1/max(n,m) - 0.2 > Match Adam RMS
6: W; =W,_1—n(0; +AW;_1) > learning rate 7, weight decay A
7: end for
8: /2. QK-Clip | | 1 o
9: for each attention head 4 in every attention layer of the model do h

10: Obtain " . already comput?d during forv}:lard Smax = Vd 1;1;12 1’;‘ H}S’XQi Kj

11: if S .. > 7 then

12: Y T/Sh .

13: Wi« Wh . sy rescale QK matrices

14: Wh «we ..y when QK explode

15: Wi «— Wi .y

16: end if

17: end for

18: end for
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MUOHCHp Kimi Team 2025]
. Taming Muon with QOK-clip

1200 |-{_

1000

800

Max Logits

400

200

» Vanilla run with Muon l

7500
Training Steps

Generative Computing Lab

Max Logits

100

80

[*)]
o

NS
o

20

Kimi K2 uses r = 100

Kimi K2 with MuonClip H

...............................................................................................................................................................................................

100000
Training Steps

150000 200000

INnha University
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M UOHCHp Kimi Team 2025]

. Other technigues to tame Muon [Liu+ 2025}
.+ Weight decay

Weight Decay While Muon performs significantly better than AdamW on a small scale as shown by K. Jordan
et al. 2024, we found the performance gains diminish when we scale up to train a larger model with more tokens. We
observed that both the weight and the layer output’s RMS keep growing to a large scale, exceeding the high-precision
range of bf16, which might hurt the model’s performance. To resolve this 1ssue, we introduced the standard AdamW

(Loshchilov et al. 2019) weight decay mechanism into Muon?|

Hybrid update with Muon + AdamW
. Muon cannot be used for 1D params (orthogonality is not defined)
-mpirically, Adam\WW is better for embedding layers
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M UOHCHp Kimi Team 2025]

. Other technigues to tame Muon [Liu+ 2025}
. Consistent update RMS
AdamW maintains update RMS as 1 (0.2-0.4 in practice)

SuUt update

RMS of Muon is y/1/max(A, B) for [A, B]-shaped matrix

* When max(A, B) is too large, e.g. the dense MLP matrix, the updates become too small, thus limiting the model’s
representational capacity and leading to suboptimal performances;

« When max(A, B) is too small, e.g. treating each KV head in GQA (Shazeer 2019) or MLA (DeepSeek-Al et al.
2024) as a separate parameter, the updates become too large, thus causing training instabilities and leading to
suboptimal performances as well.

So, match RMS of Muon and Adam\W as:
Wt — Wt—l — ’I’]t(OZ y Ot y \/III&X(A, B) /\Wt—l)
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Sparsity Scaling Law [Moonshot Al 2025]

. With fixed activated params, does adding more (smaller) experts help?

. Yes! s 3 i
‘0 ® sparsity 32
’0{ ® sparsity 48
. S \% : ® ® sparsity 64
. . ' ‘%}3,’? ./
. Kimi K2 uses 384 routed experts AaNUY SN I
' 216 2\% ;0’ X .
(48 sparsity) ; LSR5 N I
— °9 S % s
3 - AR :
< 1.5 g: i;:%i* Y
s :
(’s.) \\:\fi */.
1.4 %9 S0
(& *
1.3 ?t,
1020 10%!

Training FLOPs

Figure 5: Sparsity Scaling Law. Increasing sparsity leads
to improved model performance. We fixed the number of
activated experts to 8 and the number of shared experts
to 1, and varied the total number of experts, resulting in
models with different sparsity levels.
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SMolLM3 [HuggingFace 2025]

. ~3B parameters, GOA, SwiGLU, ==
RMSNorm (Pre-norm) o) . w

. Positional Encoding: Crsons T
o ROPE - NOPE LRMSI\AloerJ \_ D

NoPE every
4th layer

H— ... 16 heads

Hidden layer
dimension of

( NoPE ) + ( RoPE

Supported
context length
of tokens

-.. Embedding

OoKe
k ) dimension of

Sample input text
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NOPE: No Positional Encoding [kazemnejad+ 2023

. Actually, the model learns token position implicitly
. Why? with casual generation, it still Imposes an ordering structure
Causal mask encodes relative ordering (token attends only to past)
. And ROPE Is bad at context generalization

Copy Addition
1 & @ O ——0——0—=9 v
0.8 - A %
0.6 - B |
04 4+ |
0.2 - A
R &g\m 2000 | | — o
§ 15 20 25 30 35 40 8 10 12 14 16 20 30 40
<):8 PCFG
1 4
0.8 | N\
0.6 -
04
0.2 — 9-%
01 | | | | | | | | © | ©
15 20 25 30 35 40 8 10 12 14 16 10 20 30

Problem Length

Positional Encoding
-@—=NoPE A T5's Relative PE ~@- ALiBi <>~ Rotary ¥ Absolute Position Embedding
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ROPE + NOPE [Hugging

—ace 2025, Yang+ 2025, Meta Al 2025]

. A practical version Is mixing RoPE and NoPE
ROPE: cover local context
NOPE: cover global context No,,E+Fu,,,Tne,,m,,spa,,
. Recent hybrid attention models often .
Keep RoOPE In local SWA layers o
and use NoPE In global attention layers R —
nopetsw;\
aopetsw;x
[Yang+2025] .t
, Pl i
t

Generative Computing Lab
Inha University
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DeepSeek-V3.2 [Deepseek-Al 2029

. DeepSeek sparse attention (DSA) + MLA
Output Hidden u, [OOOO ------ OOQO]

N L
{0t} [[[[O O - O Q]—[[[[Q Q} {0¢,i}

{ Multi-Query Attention (Core Attention) ]
i

{[af; ag:l} [[[[Q e Q] @]p-k Selectlcﬂ il

concatenateI

| 3 Lightning
N Telee) (kD00 ~ OO0 | indesar

T . O {qgl} concatenate‘

¢ \ I I I
@@ »wl w5 wpo-og w0 @R

apply RoPE partially partially

ctQ [O O ’ O O} apply RoPE apply RoPE
Input Hidden h, [QOOO ------ QQQO]
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Oleer = e
D e e p S e e K—VZ) ) 2 [ Dee p See k_ AN 202 5] [ - = Multi-Query Attention (Core Attention) ]
9zs: ac ']}[[[[oo 00 /Top-k Selector \ i
Lightning indexer (5500 W &=
. Compute index score between the Q and K OOOZO”’” 1 9 «0000 %D B0k

) Input Hidden h, (OO QO -~ OOOO)]
J

Z wl;-ReLU (g ;- Kt

This s hghtmng compared to the standard attention because
. (1) No softmax (2) fewer heads (3) implemented in FP8

. Top-k selector
't retrieves top-k selected KV entries
. Attention output is computed between the Q and selected KVs

U = Attn(ht, {Cs |It,s c Top-l((It,;)}).
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w50 QS (o)
Dee pSee K-\/3.2 [DeepSeek-Al 2025] e Adenton (oA |
{[q”"q"']}[[[[oo 00 /Top-k Selector \ ]
How to train DSA models? (5500 O{qgf}[cfv:kﬁgg,@gg;OOJ it
. From the DS-V3.1 checkpoint, {qOOOZO”M MO +0000 R Rk

Input Hidden h, [ OO OO ~ -~ OOOO]

. (1) Dense warm-up stage £'=) Dxi(p., ||Softmax(r;)).
. t . .
Use dense attention, freeze params except lightning indexer
. Train iIndexer to follow attention scores of main attention heads

(2) Sparse training stage 1 _ ZDKL (Pr,s, || Softmax(l.,s,)).
. Train the main models

. » Full attention: O(L?) / DSA attention O(Lk) (k=2048)
Indexer is still O(L?%), but much cheaper than full MLA attention
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Key Takeaway: 2025

. What hasn't changed since 20235 - 20257
Decoder-only architecture + autoregressive left-to-right generation

ROPE(though hybrid RoPE + NoPE Is used)

. SwWIGLU for FFEN activation

BPE-pbased tokenization

Pre-norm placement
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Key Takeaway: 2025

. The winning formula in 2025
. Norm: RMSNorm + QK-Norm (mostly pre-norm except OLMo 2)

. Attention: GQA with QK-Norm or MLA (+DSA for DeepSeek)
. Hybrid linear attentions

-FN: SwIGLU - unchanged since LLaMA
PE: ROPE Is dominant, but NoOPE I1s emerging as alternatives
. MoE: Fine-grainec

raining: WSD or cosine decay, MTP, FP8
. Optimizer: Still AdamW but Muon family emerging
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Model Scaling Trends: 2025

Metric 2023 2024 2025
Max Total Params 70B (LLaMA 2) o/1B (DSv3) 1.04T (Kimi K2)
Max Training Data 2T (LLaMA 2) 18T (Qwen?2.5) 36T (Qwens)
Max Context 52K (Mixtral) M (MiniMax-01) 10M (LLaMA 4 Scout)
Max Experts 8 (Mixtral) 256 (DSv3) 384 (Kimi K2)

Generative Computing Lab
Inha University
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Korean Models: K-EXAONE [LG Al Research 2026]

. Muon optimizer + WSD scheduler
. MTP for self-drafting (~1.5x decoding speedup)
Nnterleaved SWA + (GQA) QK norm attention (RoPE in SWA only)

. Sparse MoE (with 1 shared)

Block Configuration Value
Layers (Total/SWA/GA) 48 /36/ 12
Sliding Window Size 128 256K C.O ntext

Main Block  Attention Heads (Q/KV) 64 /8 5 training stages:
Head Dimensions 128 -‘) QK th trai
Experts (Total/Shared/Activated) 128/1/8 €Ny ralh
Parameters (Total/Activated) 236B / 23B 2) > 32K
Attention Heads (Q/KV) 64 /8 3) » 256K

MTP Block Head Dimensions 128
Parameters 0.52B
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Korean Models: Solar Open [Upstage Solar Team 2026]
. Similar to GPT-0OSS, Qwens, GLM-45, DSV (with careful HP search)

. : Hyperparameter Value
Dataset: 4.5T_§ynth etic data (Korean e ——— -
ola ‘y 08% Qf — N e\/\/e b) Active Parameters per Token 12B
o . . . Context Length 131,072
. Training: low-to-Nnigh quality curriculum vocabulary Size 196,608
. Phase 1: Diverse data, 10% synthetic = 5. 096
: g . . Intermediate Size 10,240
= h dse 2 DrOg GSSIVG ‘y ﬂ ‘te red MoE Intermediate Size 1,280
(32% 5 64% Sy Nt h et C) Num Attention Heads 64 480 3200
. . Num Key-Value Heads 8
. Phase 3: 1.5T high-quality Korean Head Dimension 128
um Dense Layers
Cu H:U re? M ath? COd c Num Experts (Total) 129
. ~ P A Num Experts (Routed) 128
- Total: ~19.7T pre-training + 1L15T Mid- o e ;
tra | N | N g Num Experts per Token (Top-k) | 8
Activation Function SiLU (Elfwing et al., 2018)
Positional Embedding RoPE (0: 10°) (Su et al., 2024)
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Korean Models: HCX 32B [Naver Cloud 2026]

. Base recipes
RMSNorm, SwiGLU, RoPE (with 500,000 base), GQA-8

. Pre-training curriculum

Pre-training: general welb data

Mid-training: high-quality data + context length extension
ROPE base 500,000 to 5M

Domain Stage 1 Stage2 Stage3 Staged
General 794%  61.6%  59.1% 17.0%
Code 120%  20.1%  20.0%  25.2%
Math 8.6% 182%  20.0%  25.3%

Instruction tuning  0.0% 0.1% 1.0% 32.5%
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Summary

Component 2025 2024 2025
Attention | MHA > GQA |+ MLA, Linear Attn. GQA(SE?QS?%&%? D=4
Pos Encoding ROPE RoOPE RoPE or ROPE + NoPE
MoOE Experts 8 (Mixtral) 04 » 256 128 » 384
MoE Routing AUX 0SS + Aux-loss-free Both used
Stabilization - Logit Soft-Cap > QK-Norm
Optimizer AdamW AdamW + WSD Still AdamW but Muon?
Data Scale 1-2T up to 18T up to 36T

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)

Inha University



