EE-608: Deep Learning For
Natural Language Processing:

Mixture of Experts

James Henderson

sssssssssssssss

Idiap Research Institute

DLNLP, Lecture 10



Outline

Mixture of Experts

Other Methods for Faster Inference



Outline

Mixture of Experts



The Linear Layer in LLMs

Dense LMs (OLMo, Liama...) It is common for more than half of the

Output
y parameters in a Transformer LLM to reside
% within the feed-forward neural network layers
e GPr3
(FFN) vocab 50,257
d_model 12288
n_heads 96
Norm n_layers 96
d_ff 49152
~ LayerNorm (B) 0.00
Multi-head Attention Embedding (B) 0.62
Attention (B) 57-99
Norm Nox Feed-forward (B) 115.97|
input : Total (B) 174.57,
Figure from http://arxiv.org/abs/2409.02060

Slide from Aran Nayebi & Matt Gormley



The Linear Layer in LLMs

How do you calculate the number It is common for more than half of the

of parameters for each layer? parameters in a Transformer LLM to reside

LayerNorm: within the feed-forward neural network layers

(((dmoder) X 2) X 2)Nayers

. GPT-3

Embedding: vocab 50,257

vocab X dmodel d_model 12288
n_heads 96

Attention: _LEREs 96

) dif = 4 X dmodel |d_ff 49152

4 ((dmode1)® + dinodel) Mayers LayerNorm (B) 0.00
Embedding (B) 0.62

Feed-forward: Attention (B) 57.99

(2 X dimoder X dit + dmodel + dit) Nayers Fesdtifemnand () 5L
Total (B) 174.57
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Sparsely-Gated Mixture of Experts

Dense LMs (OLMo, Llama...)

Output

+

Feedforward
Network
(FFN)

Norm

+

Multi-head Attention

Norm

Input

Figure from http://arxiv.org/abs/2409.02060

N, x
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Breaking a Linear Layer into Experts

Linear Layer: 3 Experts: (with same # of total parameters)
X b w z X b, W, z,
TERE VB E

b, W, z,
EIN
by W, 2z
EIN

z=Wx+b zi=Wix + by

"Note: In MoE models, each expert is not a linear layer, but rather a
feed-forward layer (e.g., neural network with one hidden layer). "
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Breaking a Feed-forward Layer into Experts

Feed-forward Layer:

w z

b - C

ur

y=Uod(Wx+b)+c

[TT<

3 Experts: (with same # of total parameters)

E3

b, W, s & ¢ U7 Y1
S E|EEE

b, W, [, 2z o Ut Y2
b, W, G Us Y3

=

o B
_’E_’

¥i= Ui o(Wix + b)) + ¢

r 1
The two computations above are equivalent if W = stack(W,, W,, W5) and b = stack(b,, b,, bs)

and UT = stack(U,T, U,T, UsT) and y = Y1 + Yo + Y.
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Dense Mixture of Experts

A dense mixture of experts gives every expert a (non-zero) voice in the output

Ne
Y= Gx)iEi(x) G(x); €R, Ei(x)eRM
i=1
Dense MoE

* Dense Softmax
G(x) = softmax(x - W)

* Each expert is just a feed-forward network
El(X) = FFNReLu (X) = ReLU(le + bl)WQ + by

Figure from http://arxiv.org/abs/2401.04088
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Sparsely-Gated Mixture of Experts

Sparsely-Gated MoEs were originally introduced for RNNs, but
are generally applicable and now popular for Transformers

Ne
y= Z G(x)lE’t (X) MOoE layer
i=1

Sparse MoE

6(x),

* Softmax over Top-K Gating
G(x) = softmax(topk(x - W, + by, k))

Expertn

* Each expert is just a feed-forward network
El(X) = FFNReLU(X> = ReLU(XW1 + bl)WQ + by

Figure from http://arxiv.org/abs/2401.04088
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Sparsely-Gated Mixture of Experts

Definition of top-k: Example: Computing the gate
g =topk(d, k), geRM TecRM kezZ, ¥=23W,+b, =[-T7, 3, 8, 1],
{v,, if ¢ is among the top-k largest values in 7, g = topk(%,2) = [~o0, 3, 8, —00],
gi =
—o00, otherwise.
63 68

G = softmax(g) = |0, G B e

Example: Computing the MoE

g = GlEl(f) + GzEz(f) + G;;E;;(:E) + G4E4(§5)

]
. e . e . .
el R et .
el +e8 2(%) + 5 + €8 3(2)-
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Sparsely-Gated Mixture of Experts

Sparsely-Gated MoEs were originally introduced for RNNs, but
are generally applicable and now popular for Transformers

Ne
y= Z G(x)lE’t (X) MOoE layer
i=1

Sparse MoE

6(x),

* Softmax over Top-K Gating
G(x) = softmax(topk(x - W, + by, k))

* Each expert is just a feed-forward network ﬁj
El(X) = FFNReLU(X> = ReLU(XW1 + bl)WQ + by

Figure from http://arxiv.org/abs/2401.04088
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Sparsely-Gated Mixture of Experts

Sparsely-Gated MoEs were originally introduced for RNNs, but
are generally applicable and now popular for Transformers

Ne
y= Z G(x)lE’t (X) MOoE layer
i=1

Sparse MoE

Gx),)
* Softmax over Top-K Gating
G(x) = softmax (topk(x - Wy + by + Inise(%), k)

Tnoise (x) = N(01 I) . o—(anoise + bnoise)

Expertn

* Each expert is just a feed-forward network
El(X) = FFNReLU(X> = ReLU(XW1 + bl)WQ + by

Figure from http://arxiv.org/abs/2401.04088
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Sparsely-Gated Mixture of Experts

Sparsely-Gated MoEs were originally introduced for RNNs, but
are generally applicable and now popular for Transformers

Ne
y= Z G(x)lE’t (X) MOoE layer
i=1

Mixtral

* Softmax over Top-K Gating
G(x) = softmax (topk(x - Wy + by + Inise(%), k)

6(x),

Tnoise (x) = N(01 I) . o—(anoise + bnoise)

Expertn

» Each expert is still just a feed-forward network
E;(x) = SWiGLU(x) = Swish(xW +b) ® (xV +¢)

Figure from http://arxiv.org/abs/2401.04088
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Expert Parallelism

+ Each expert can be allocated to a different device (GPU)

* Each tokenis routed to K experts

* Load balancing issues if too many tokens are routed to the same expert

* Example: 3 devices, capacity of 3 tokens/device, 6 tokens, K=1 experts per token
Expert 1: By (x) By (x) wasted capacity E3(x)

Device-1

Device-2 f ! Device-3 f !

Slide from Aran Nayebi & Matt Gormley



Expert Parallelism

+ Each expert can be allocated to a different device (GPU)

* Each tokenis routed to K experts

* Load balancing issues if too many tokens are routed to the same expert

» Example: 3 devices, capacity of 3 tokens/device, 4 tokens, K=2 experts per token
Expert 1: Ei(x) Ex(x) E3(x)

Device-1 Device-2 Device-3

g

token 3 was also assigned to
Device-1, but it’s already full!

Slide from Aran Nayebi & Matt Gormley



Balancing Expert Utilization in an MoE

* Problem: left unchecked, the
expert gate tends to concentrate
on a small number of experts that
are popular early in training

* Solution:

— Add two regularizers to the loss

— Load Balance Term: encourages
distributed load over the experts
within each batch

— Router Z-loss: penalizes large logits
to the router to stabilize training

(this is the approach used by OIMoE,
but lots of variants exist)

Slide from Aran Nayebi & Matt Gormley

L=Lce+alrp+ BLRz

Ne
Lrp =N, Zfipi
i=1
fi = fraction of tokens routed to expert ¢
P; = probability to E; in current batch

1N D
Lpy = A Z <logZexp($g’>)>
7 b=1 d=1



Active Parameters

* In a Transformer with MoE layers, we typically choose the
number k for the top-k to be rather small
— Mixtral: k=2, N.=8
— OIMoE: k=8, N, = 64

* The number of active parameters is the count of parameters
that are selected for computation by the router

* For an MoE (roughly)

— GPU memory requirement o # of total parameters

— FLOPS computation requirement « # of active parameters

Slide from Aran Nayebi & Matt Gormley



Mixtral vs. Llama-2

- )
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Active Params

Figure from http://arxiv.org/abs/2401.04088
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OIMoE Hyperparameters

Adafactor
0.0

09
Inv Sq Root
global 1.0

2

?

001
0.0001
1,100B

2,000B
S0B.
linear
0

Table 10: Pretraining hyperparameters of OLMOE-1B-7B and comparable models trained
from scratch. We highlight rows where OLMOE-1B-7B differs from OLMo-1B. Active params
i ed-forward network, Attn = Attention,

— — — Sequence length 4,096 4,09
| OLMOE-1B-7B _JetMoE OpenMoE_| OLMo-1B (0724) Batch size (saumples)” |/ 1,024 1,024
Dimension 2,048 2,048 2,048 2,048 Batch size (tokens) ~4aM ~4aM
Activation SWIGLU SWiGLU  SwiGLU | SwiGLU warmup steps { 2,500
FEN dimension 1024 5,632 8,192 8,192 peak LR 4.0E-04 5.0E-04
Vocab size 50,304 32,000 256,384 50,304 minimum LR 5.0E-04 5.0E-05
Aun heads 16 16 24 16 optimizer AdamW AdamW
Num layers 16 24 32 16 weight decay o] 0.1
Layer norm type RMSNorm RMSNorm  RMSNorm | non-parametric betal 0.9 ?
Layer norm eps 1.0E-05 1.0E-05 1.0E-06 1.OE-05 beta2 N 0.95 ?
m yes 5 6 - AdamW epsilon LOE-08 ?
RoPE RoPE RoPE RoPE LR schedule cosine WsD
10,000 10,000 10,000 10,000 gradient clipping global 1.0 global 1.0
full MoA full full gradient reduce dtype | FP32 ?
_ MLP&Atn - _ optimizer state dtype | FP32 ?
yes o LBL weight 001 0.01
* Router z-loss weight | 0.001 0.001
b) )
G . normal Pretraining tokens | 5,033B 10008
Thite e 8 aries aries Annealing tokens 1008 2508
Mok layers Every Every Every6th |- Annealing schedule | linear -
Mok layer type aMoE AMoE STMoE | - Amealingmin LR _| 0 -
# Experts 64 3 32 1
# Activated 8 2 2 1
# Vocab params 103M 525M include vocab params. ndisclosed settings, FFN
# Active params 138 2,68 LR = learning rate, WSD = Weight-Stable-Decay [73;
# Total params 698 878 Inverse Square Root decay [153], trunc = truncation, std = standard deviation, “vari

are layer or weight-dependent.
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Performance vs. Cost

. @Mixture-of-Experts Dense LMs
MoEs provide a
Liama3.1-88
H *Quen1.5-38-148 DCLM-78 Hitrer78
nice tradeo -
g 55, OLMOE*-lB-7B ML\:;?HZ;I;%B
between §50 Gemma2-38 OLHG-78(0724)
% DCLM-18 * jetMoE-28-98
perfo rmance 245 * DeepSeekMoE-36-168 Llama2-78
an d FLO PS cost §~0 StableLM2-28 [ i
g Pythia-78
935
& OLMo-1B (0724)
30 Llama-78
5| Tvuama1s * OpenMoE-26.98 BLOOM.-78
1

2 4
Cost (Billion active parameters)

How open are open MoEs?

Name

Grok-868-3148
Mixtral-398-1418|
DBRX-368-1328)|
Skywork-228-146B|
DeepSeekV2-218-2368|
Arctic-178-4808|
Qwen2-14B-578
Mixtral-138-478
Jamba-128-528
DeepSeekMoE-3B-16B|
Qwen1.5-38-148
OpenMoE-38-9B

d JetMoE-2B-98B,

OLMOE-"

B

=

5
X

XKW

P 2 I

368 XU RCINANIN KWW

x

W RERIGER AR KINKEX

=
S 2

25 P R N S e

244

Figure 1: Performance, cost, and degree of openness of open MoE and dense LMs. Model
names contain rounded parameter counts: model-active-total for MoEs and model-total for
dense LMs. #ckpts is the number of intermediate checkpoints available. We highlight MMLU as a
summary of overall performance; see §3 for more results. OLMOE-1B-7B performs best among
models with similar active parameter counts and is the most open MoE.

Figure from http://arxiv.org/abs/2409.02060
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Performance vs. Cost

1 Comparing tWO HellaSwag MMLU ARC-Challenge
models with the 45
same active 40
parameters: MoE g 3
wins on accuracy g 30| |
. H 25!
2. Comparmg two ] coPA 20 WinoGrande
models with the H
same total ﬁw 65
parameters: MoE H ol | 60
i ~—— OLMoE-1B-78
wins on 60 55 OLMo-18 (0724)
convergence & 60) o —— OLMo-78 (0724)
sometimes Ix107 4x10% 7x10%2 1x107° Ix107 4x1072 7x1077 1x10 Tx1072 4x1077 7x10%7 1x1073

Training FLOPs

accuracy too! ) .

(measured in Figure 3: Evaluation of 0LM()E-1]§_—7B zfnd the current best OLMp models d\nj—
ing pretraining. OLMOE-1B-7B differs from the OLMo models in its MoE archi-

Training FLOPS) tecture, several training hyperparameters, and its training dataset, see §2. A version
of this plot with tokens as the x-axis and markers where annealing starts is in Ap-
pendix E. More results, logs, and configurations: https://wandb.ai/ai2-11m/olmoe/
reports/Plot-0LMoE- 1B-7B-vs-0LMo-7B-vs-0LMo-1B--Vm11dzo40TcyMjEz

Figure from http://arxiv.org/abs/2409.02060
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How many experts to choose?

< After Training on 10B words
@@ After Training on 100B words

Early work with 55
MoEs in LSTM-LMs 50
favored a very large 45 \

number of experts ng \
Eos e
.
30 e e
10 10° 10° 10" 10"

Model Parameters Excluding Embedding and Softmax

32, 256, 1024, 4096, 16384, 65536, and 131072 experts.

up to 137 billion parameters in the MoE layer.

Slide from Aran Nayebi & Matt Gormley



How many experts to choose?

3.0 Training loss Validation loss (C4) HellaSwag MMLU Var
35 —_ W=

32 8 60 35
'r‘:, : 3.2 # experts
E — 64

2.
g 6 3.0 40 3, 30
D24 e 2.8 — — 8

10 40 70 100130 10 40 70 100130 10 40 70 100130 10 40 70 100130

Tokens (B)
Figure 5: Expert granularity. We vary the number of experts in tandem with the FFN dimension
to ensure that active and total parameters and thus compute cost remain the same. For example, for
64 experts, the FFN dimension is 1,024 and 8 experts are activated, while for 32 experts it is 2,048
with 4 activated experts. More results, logs, and configurations: https://wandb.ai/ai2-11m/
olmoe/reports/Plot-Granularity--Vmlldzo40TIx0TE4

More recent work on Transformer LMs has favored a
comparatively small number of experts

Figure from http://arxiv.org/abs/2401.04088
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Scaling Laws for Routed (MoE) LMs

® S-BASE ® RLR ® Hash ® Dense LM

a) Predicting Loss for Varying Expert Count b) Curves of Constant Loss Value c) Unified Model Scaling
32 [ ey 32
p30| PMe=iltre e 030
a ss N o @
S28 T S S 128 528
6| M emen > 8reo, | 3 -
5 Ve e Tes3z2| O 526
=1 70M @~ —g. e Te- P o 32 2
T 24 Tesel LT~ 3T G 16 ©24
k-] 138 ~ LIt g il
T LY Te-e_o| W ©
> Tt o 4 >
20 e 2
1 2.0
12 4 81632 128 512 25M55M130M 370M  1.3B 100M 1B 108
Expert Count Dense Model Size Effective Parameter Count

Figure 1. (a) The performance achieved by Routing Networks when varying the number of experts for a fixed dense model size is
described by a bilinear function (Eq. 1), (b) whose level curves indicate how to trade model size with expert count to maintain a fixed
performance, (c¢) and which can be manipulated to align dense and routed model performance under a shared power law.

Figure from https://proceedings.mir.press/v162/clark22a.html
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Summary of Mixture of Experts

MoE is a simple and effective way to improve speed with large
models

» Replace each FF layer's MLP with many smaller MLP
experts, and learn a router to assign sparse weights to the
different experts

» Only need to compute and update the experts with
nonzero weights

» Fewer active parameters with larger trained parameters
gives a better tradeoff of speed versus accuracy



Outline

Other Methods for Faster Inference



KV Caching

Autoregressive LLMs predict one token at a time, but the prefix
is mostly shared across predictions.

» Causal attention makes the computation for token t
independent of all tokens t’ after t, so there is no need to
compute it more than once.

> A token’s computation is only dependent on the key and
value vectors (“KV”) of past tokens, so we only need to
store these (“KV-cache”)

» When the KV-cache becomes large, further optimisations
are useful

» Maybe denoising attention is relevant?



Taxonomy of KV Cache Management

Static KV Cache Selection (Sec]

Dynamic Selection with Permanent Eviction (Sec]

KV Cache
Selection (Sec.

I

J Dynamic Selection without Per-
‘manent Eviction (Sec|

o Layer-wise Budget Allocation (S

Head-wise Budget Allocation (5eq

[ KV Cache Budget
Allocation (Sec.|

e o Intra-layer Merging (Se
Token-level || ache | CrossTayer M S
o Optimization Merging (Sec. { ross-layer Merging (Sec|
M (Sec o Fixed-precision Quanti (Se]
]
. | KV Cache [ Mixed-precision Quantization (5et
2 Q Sec[Id) ] —
= el Outlier Redistribution (Sec]
i | Singular Value Decomposition (Seq
g | KV Cache Low-rank_ Tensor Decomposition (Sec|
&) D (Sec. ] =
5 { Tearned Low-rank Approximation (Se
£ Intra-Layer Grouping (Sec.
5 “Attention Grouping T[ = L
= " and Sharing (Sec. Cross-Layer Sharing (Sec/
= o Enhanced Attention (Sec,
z ModelT ]
E|M  Optimizati "l Alteration (Sec. ( Augmented Architecture (Sec,
g (L ~(Adaptive Sequence Processing Architecture (Sec.
g N |
% " Architecture (Sec.[53) Hybrid Architecture (Sec.
K]
g Design (Gec)
§ Ny I it
9 i (Sec, ( Prefix-aware Design (Sec/
Prefix-aware Scheduling (Se
uJ ive and Faimess-
Schedulin; . EROER
Sysemov ) i -S H oriented Scheduling (Se

" OP(*"Sr:cizaﬁﬂn {(Cayer-specific and Hierarchical Scheduling (Sec.
Single/Multi-GPU Design (Sec.
[ 1/O-based Design (Sec.

[ Hardware-aware Design
(Sec, Design (Sec.

SSD-based Design (Sec.

)
)
)
J
]

Fig. 2. Taxonomy of KV Cache Management for Large Language Models.
“A Survey on Large Language Model Acceleration based on KV Cache Management”.
Haoyang Li, Yiming Li, Anxin Tian, Tianhao Tang, Zhanchao Xu, Xuejia Chen, Nicole Hu, Wei Dong, Qing Li, Lei Chen
Accepted to TMLR, 2025.



Quantization

Inference in LLMs does not require high precision weights.
1. Pretrain with floating-point weights
2. Approximate weights with a discete set of integer values
(many alternative mappings)

3. Optionally, finetune resulting model using quantise weights
for inference and real-valued weights for backprop



Distillation

Large numbers of parameters are needed for learning, but not
for inference.

1. Pretrain with large number of parameters

2. Train a smaller model to approximate the hidden
representations of the large model

3. Use the small model at inference time
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