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What is Mixture-of-Experts?

Figure 1: 'A two-level hierarchical mixture of ex-

perts.
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Figure 1: A Mixture of Experts (MoE) layer embedded within a recurrent language model. In this
case, the sparse gating function selects two experts to perform computations. Their outputs are

modulated by the outputs of the gating network.
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Overview and Key Challenges in MoEs
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Routing Algorithms
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Compression!

MODEL COMPRESSION

v E@\O\l

N

MoODEL
<&

Tl

QUANTIZ ATIOV

Oy

on

MoDEL
4

25

P

L sl |

Overtitting the Number of Activated Experts
— Poor Scalability[Riquelme et al. 2022]

—~——

0

2500 5000 7500 10000 12500 15000
Step

Training Instability
[Barretet. al, 2022]



Merge, Then Compress in SMoE
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Layer 0

Interpretability and Specialization

Layer 15

Layer 31

class Moelayer(nn.Module):
~ def __init_ (self,, experts: List(nn.Modulel,
super() init__
_ assert len(experts) >0
self.experts = nn.ModuleList (experts)
_ self.gate = gate
self.args = moe_args

def forward(self, inputs: torch.Tensor):
inputs_squashed = inputs.view(-1, inputs.
gate_logits = self.gate(inputs_squashed)
weights, selected_experts = torch.topk(
gate_llogits, self.args.num_experts_pe

)

weights = nn. functional.softmax(
weights,
dim=1,
dtype=torch. float,

). type_as (inputs)

results = torch.zeros_Llike (inputs_squashe|

for i, expert in enumerate(self.experts):
batch mx, nth, _expert = torch.where(s|
results [batch_idx] += weights [batch_i

inputs_squashed [batch_idx]

)
__return results.view_as (inputs)|

class Moelayer(nn.Module):
def __init__(self, experts}f List[nn.Modulel], | |
suner() init]
| assert len(experts) > @
self.experts = nn.ModuleList(experts)
_ self.gate = gate
self. args = moe_args

def forward(self, inputs: torch.Tensor):
| inputs_squashed = inputs.iview(-1, lnputs |
gate_logits = self.gate(inputs_squashed))
weights, selected_experts = torch. top!
gate_logits, self.args.num_experts_pe|

)
| weights = nn. functionalisoftmaxi(i
uelqh(s,
dim=1,
dtype=torch. float,
| ).type_as (inputs)
results = torch.zeros likehnputs_wuashej
for i, expert in enuenta(self.experﬂ):
- batch_idx, nth_expert = torch. vhere(s
resnl!s[bntch Hdx] += weights [batch_ M
inpuls_pquashedlbnch idx]

__return resultsiiview_as (inputs)]

class| Moelayer(nn.Module):
def __init_ ('self, experts:
super().__init__|
assert len(experts) >

List[hn.Modulel,

self.experts = nn. Hoduleust(‘unrts)
self.gate = gate
self.args = moe_args

def forward(self, inputsi torch.Tensor):
inputs_squashed = inputs.view(-1, inputsl. ]
gate_logits = self.gate(inputs_squashed)
weights, selected_experts = torch. topk(
gate_logits, self.args.num_experts_pe

weights = nn. functional. softmax(
weights,
dim=1,
dtype=torch. float,
). type_as (inputs))
results = torch.zeros_like(inputs_squashe|
for i, expert in enumerate(self.experts):
batch_idx, nth_e: = torch.where(s|
results [batch_ mxr« weights [batch_i(
inputs_: squashedlbnch idx])

i return results.view_as ({inputs)i

Question: Solve -42%r + 27#c = =1167 and 130%r Question: Solve -42r + 27#C = -1167 and 130+r| | Question: Solve -42+r & 27#c = -1167 and A30xr|
{Answer : Answer: nswer: 4
Question: Calculate -B41880142.544 ¥ 411127 Question: Calculate -841880142.544 + 411127. Question: Calculate -841880142.544 + 411127,
Answer: -841469015.544 Answer: -841469015.544 "Ans-er: 1469015, 544
> el
Question: Let x(g) = 9#g + 1. Let q(c)I& 2+c + Question: Let x(g) = 9#g + 1. Let q(c) = 2wci#® | lQuestion: Let x(g) = 9%gl # 1. Let q(c) = 2%c # |
|Answer: - 30 Answer: S54xa - 30 Answer: a - 30

A model airplane flies slower when flying into t
wind and faster with wind at its' back. When launc
right angles to the wind, a cross wind,| its groun
compared with flying in still air is

(A) the same (8) greater, (C) less (D) either gre:

Figure 8: Text samples where each token is colored with the first expert choice. The selection of experts

A mode U aiFplane T1ies slower when flying into th
and faster with wind at its back. When launc

right angles to the wind, a cross wind, its ¢roun3

compared with flying in still air

(A) the same (B) greater (€) less (D) either gred

or less depending on wind speed

A model airplane flies slower when flying into th
wind and faster with wind at its back. When launch
right angles to the wind, a cross wind, its ground
compared with flying in still air is

(A) the same (B) greater (C) less (D) either grea
or. less depending on wind_ speed

appears to be more aligned with the syntax rather than the domain, especially at the initial and final layers.

First Expert Choice of Text Samples
Mixtral [Arxiv, 2024]
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Patch Choices of Each Expert
LIMOE [NeurlPS, 2022]

Expert 7 (Eyes)

ert 2 (Plants)

Expert 19 (Wheels) Expert 9 (Striped Textures)
. s -

Figure 2: Token routing examples for Coco. Image examples of how patches are routed at the MoE
layer placed in the 18-th encoder block —i.e. middle of the network— for the LIMoE-H/14 model.
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Hardware Support

Q: How to efficiently place different

experts across multiple accelerators?

Total GPUs = 16, Total Experts = 8
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Shared MoE Layers Between Devices
GShard [ICLR'21]
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« MOE LLMs areImpressively Efficient!
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Efficiently Training and Deployment of MoE LLMs
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v Expert construction and v’ Instruction tuning [Shen et. al, 2023]
continuous pre-training v" Parameter-efficient fine-tuning:
[LLaMA-MoE Team, 2023] MoLoRA & MoV [Zadouri et. al, 2023]



Mix diverse L1.Ms like MoE!
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Mix diverse L1.Ms like MoE!
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Mix diverse L1.Ms like MoE!
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Empirical Investigations

RQ1: At which level does the model mixture manifest its utmost effectiveness?
Al: Model level mixture is consistently better.

Table 1: Model mixture methods and their abbreviations Table 2: Comparison of different mixture levels. For each task in each model

used 1n our Study. Methods app]icable for models with zoo, we highlight the performance best in each model zoo in bold.

distinct architectures are highlighted in gray . Model | ARC WinoGrande MMLU GSMS8K MBPP HumanEval Average
Which?2

Best Single Model | 54.27%  71.51%  47.24% 21.30% 18.00%  13.06%  37.68%

Abbreviation | Mix. Level Router Router Input

F-L-T FFN Linear Token F-L-S 52.82%  70.80%  50.04% 23.12% 19.00% 17.68%  38.91%
T . . B-L-S 52.73%  70.01%  49.90% 19.94% 18.84% 15.85%  37.88%
F-L-S FEN Linear Sample M-L-S 54.44% 72.38% 50.51% 22.21% 20.00% 20.73% 40.04%

F-M-S FFN MLP Sample
B-L-S| Block Linear  Sample
B-M-S| Block MLP Sample

Which4
Best Single Model ‘ 55.03% 73.72%  48.33% 24.26% 17.80% 13.41% 38.70%

. FLS 53.75%  73.88%  47.97% 34.87% 21.80% 2317% 42.57%
M-L-S| Model Linear  Sample B-L-S 52.65%  74.66%  47.05% 21.15% 20.40%  14.63%  38.42%
M-L-S 49.06%  72.14%  41.81% 60.05% 17.60%  15.24%  42.65%

v' Which2: Liama-2-7b-chat-hf, vicuna-7b-v1.5
19 v' Which4: Synthia-7B-v1.2, Llama-2-7b-evolcodealpaca, pygmalion-2-7b, MetaMath-7B-V1.0
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Empirical Investigations

RQ2: Does more complex router design brings better results?
A2: Not necessary, as the linear router outperforms the MLP router.

Table 3: Comparison between linear and MLP routers on Which?2
setting. We highlight better performance within each pair in bold.

Model | ARC WinoGrande MMLU GSM8K MBPP HumanEval Average

F-L-T | 53.41% 70.48%  50.74% 23.28% 20.80% 16.46% 39.20%
F-M-T|53.58% 72.06% 50.01% 21.92% 17.40% 17.68% 38.78%
B-L-S |52.73%  70.01%  49.90% 19.94% 18.84% 15.85% 37.88%
B-M-S| 51.53%  70.56%  49.41% 19.94% 16.60%  14.02%  37.01%

v" Linear Router: initialized from the prompt vector following Beyonder, training-free.
v' MLP Router: randomly initialized, and fine-tuned on GPT4All by only updating the router.


https://huggingface.co/mlabonne/Beyonder-4x7B-v2
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Empirical Investigations

RQ3: Which router input is better, token-level or sample-level?
A3: Not quite different. Token input suits a mixture of the same domain models.

Table 5: Comparison of different router input designs. Which4 includes one
group with chatting models (Chat) and another with different domain models
(Domain) . For each task in each model zoo, we highlight the performance
best among all model mixture methods in bold.

v" Which4 Chat: Synthia-7B-v1.2,

Model \ ARC WinoGrande MMLU GSM8K MBPP HumanEval Average OpenHermes—7B, Llama-2-7b-chat-h]f
Which2 vicuna-7b-v1.5
Best Single Model\54.27% 71.51%  47.24% 21.30% 18.00%  13.06% 37.68% v Which4 Domain: Synthia—7B-v1.2,
F-L-T 53.41%  70.48%  50.74% 23.28% 20.80% 16.46% 39.20% Llama-2-7b-evolcodealpaca,
Which4
Best Single Model | 55.03%  73.72%  48.33% 24.26% 17.80% 13.41%  38.70%
Chat F-L-T 55.63% 72.77% 50.28% 23.88% 20.00% 22.56% 40.85%
Chat F-L-S 53.75% 70.96% 49.78% 20.32% 20.40% 20.12%  39.22%
Domain F-L-T |55.72% 74.11% 48.32% 30.17% 22.00% 20.12%  41.74%
Domain F-L-S | 53.75% 73.88% 47.97% 34.87% 21.80% 23.17% 42.57%




Empirical Investigations

RQ4: Is it feasible for hybrid mixtures to provide enhancements?
Ad: Yes, hybrid mixture significantly improves on math and code tasks.

Table 6: Comparison between F-L-T methods with and without hybrid
mixture technique. For each task in each model zoo, we highlight the
performance best among all model mixture methods in bold.

Model | ARC WinoGrande MMLU GSM8K MBPP HumanEval Average
Which2
Best Single Model | 54.27%  71.51%  47.24% 21.30% 18.00%  13.06%  37.68%

F-L-T 53.41%  70.48%  50.74% 23.28% 20.80%  16.46%  39.20%
Hybrid F-L-T |54.44% 71.19%  50.45% 23.96% 21.80% 18.29% 40.02%

Which4
Best Single Model | 55.03%  73.72%  48.33% 24.26% 17.80% 13.41%  38.70%

F-L-T 55.72% 74.11%  48.32% 30.17% 22.00%  20.12%  41.74%
Hybrid F-L-T | 54.86%  73.80%  48.23% 37.53% 24.30% 23.17% 43.65%

v Hybrid Mixture: the bottom 16 layers of all single LLMs are merged, and then the rest
layers follow any of the mixture level designs.




Efficient LLM Scaling with Model Merging and Mixture

Model Zoo in the Wild Clustering Searching and Merging
Our Best LLM scaling Recipe:
0.3 P
@ A A o A A o A A D) MoC{el Clustering ba‘sed ,on mf)del
O ® A @ ® A architecture and weight's cosine
O O O = O o =P O similarity;
A ® <> O <> ® Model Filtering and Searching;
- Heuristic Strategy to search models to
m merged and merging coefficients
- Evolutionary Strategy for fine-tune the
Model Mixture Models after Merging ol e
1 @ Model Merging within each cluster;
[Output Token | e ii - Merging Method: Linear merging
A <> e Q @ Model Level Mixture of merged
clusters

<

23 Model-GLUE: Democratized LLM Scaling for A Large Model Zoo in the Wild (Under Review)



Empirical Investigations

Table 8: Comparison between the best single model, Full Merging, Full
Mixture and our Model-GLUE.

24

Model Zoo in the Wild Clustering Searching and Merging
Model | ARC  WinoGrande MMLU GSM8K MBPP HumanEval Average
© A A @ AA Q@ AA
~ o o 0® A d o® A Best Single Model | 46.76%  64.33%  46.33% 62.40% 42.00%  31.10%  48.82%
A < o PN @) o Full Merging |55.12% 73.64% 50.13% 39.35% 21.80%  21.34%  43.56%
o F-L-T Mixture |54.69%  73.32%  48.74% 35.18% 22.60% 21.34%  42.65%
10 Model-GLUE |51.62%  70.56% 51.85% 53.53% 47.20% 51.83% 54.43%
Model Mixture Models after Merging
Models: 12 Llama-2-based LLMs fine-tuned towards different domains
R A (Chatting, Mathematic reasoning, Coding ... )
A < |l o O .
Baselines
< v" Full Merging: progressive model merging without mixture (1)2/3))

v F-L-T Mixture: FFN-level mixture of models selected by Full merging
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Tianlong Chen, Assistant Professor
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| Outline

1. MoE Design
* Architecture, Auxiliary Loss, Routing

. Building MoE from Dense LLMs
* Upcycling
* Sparse Splitting

2. MoE Beyond Efficiency
* Scaling Law, Fine-tuning MoE

e QOther derivatives in this era



| Outline

1. MoE Design

* Architecture, Auxiliary Loss, Routing




| Recap: Mixture-of-Experts

m Model Architectures

Prompt: Who are you? Prompt: Who are you? Plotted by

Token Embedding =
OpenCompass

.................. =4

Token Embedding

Key points:

e Activate different experts
parameters for each input token.

32X— 3K —

l 8 Experts
E1]E2|€3|E4|E5 |E6|E7 |E8|

e Sparse activation. Not all
parameters are activated.

Top-2

|

Response: | am Llama Response: | am Mixtral




Recap: Mixture-of-Experts
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741 Jamba %S Arctic (' DeepSeek-V2
DBRX B WizardLM-2-8x22B
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£7 Qwenl5-MoE-A27B |} Mixtral-8x22B

e Open-source (above the arrow).
P ( ) @ MoE-LLaVA \ e e Jun. —_—
@ Chinese-Mixtral-8x7B Apr. \ DS-MoE
NG Mar. / v

e Private models (under the arrow). 1 \
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I MoE Design

What should we care when designing a MoE?

Network types FFN, Attention

Fine-grained experts 64 experts/128 experts/...
Shared experts Isolated experts

Activation Function ReLU/GEGLU/SwiGLU
MoE frequency Every two layer/Each layer/...

Training auxiliary loss Auxiliary loss/Z-loss/...




| Fine-grained and Shared Experts

Output Hidden

Input Hidden

(a) Conventional Top-2 Routing wsssp (b) + Fine-grained Expert Segmentation msssp (c) + Shared Expert Isolation
(DeepSeekMoE)

Figure 2 | [llustration of DeepSeekMoE. Subfigure (a) showcases an MoE layer with the con-
ventional top-2 routing strategy. Subfigure (b) illustrates the fine-grained expert segmentation
strategy. Subsequently, subfigure (c) demonstrates the integration of the shared expert isolation
strategy, constituting the complete DeepSeekMoE architecture. It is noteworthy that across these
three architectures, the number of expert parameters and computational costs remain constant.




MoE Experts Design

—
600B 2/2048 1024 8192 dgp, 36 16 128 1/2 ReLU 0
GShard [86] 200B 2/2048 1024 8192 dp, 12 16 128 1/2 ReLU 0
(2020) 150B /512 1024 8192  dpsn 36 16 128 /2 ReLU 0
37B 2/128 1024 8192 drps 36 16 128 1/2 ReLU 0
7B 1/128 768 2048  dppm 12 12 64 1/2 GEGLU 0
Switch [49] 26B 1/128 1024 2816  dffn 24 16 64 1/2 GEGLU 0
(2021) 395B 1/64 4096 10240  dppa 24 64 64 1/2 GEGLU 0
1571B 1/2048 2080 6144 dpp, 15 32 64 1 ReLU 0
0.1B/1.9B 2/64 768 3072 dpgm 12 12 64 1/2 GEGLU 0
GLaM [44] 1.7B/27B 2/64 2048 8192  dpsm 24 16 128 1/2 GEGLU 0
(2021) 8B/143B 2/64 4096 16384  dpr, 32 32 128 1/2 GEGLU 0 R
64B/1.2T 2/64 8192 32768  dpp, 64 128 128 1/2 GEGLU 0 Key pOlntS:
350M/13B 2/128 1024 4ddmoget  dffa 24 16 64 1/2 GeLU 0
DeepSpeed-MoE [121]  1.3B/52B 2/128 2048  4dpoger  dpfn 24 16 128 /2 GeLU 0
(2022) PR-350M/4B 2/32-2/64 1024 4dpoger  dpn 24 16 64 1/2,10L-32E, 2L-64E GeLU 1
PR-13B/31B  2/64-2/128 2048 ddmoder dffn 24 16 128  1/2,10L-64E,2L-128E  GeLU 1 M d 1 1 M E h
ST-MoE [197] 0.8B/4.1B 2/32 1024 2816  dpp, 27 16 64  1/4,add extra FFN GEGLU 0 ® OSt recent modacis p ace O cac
(2022) 32B/269B 2/64 5120 20480 dpy, 27 64 128 1/4, add extra FFN GEGLU 0 1 aver
Mixtral [74] 13B/47B 2/8 4096 14336  dppn 32 32 128 1 SwiGLU 0 y .
(2023) 39B/141B 2/8 6144 16384  drp, 56 48 128 1 SwiGLU 0
3.0B/6.7B 2/16 4096 11008 688 32 32 128 1 SwiGLU 0
LLAMA-MoE [149] ;
(2023) 3.5B/6.7B 4/16 4096 11008 688 32 32 128 1 SwiGLU 0 ° Some 0 f I'ecent mo dels a 1 Shal’e d
3.5B/6.7B 2/8 4096 11008 1376 32 32 128 1 SwiGLU 0 pp y
DeepSeekMoE: [30] 0.24B/1.89B 8/64 1280 . idrgn 9 10 128 1 S\V%GLU 1 expe rts
(2024) 2.8B/16.4B 8/66 2048 10944 1408 28 16 128 1, except Ist layer SwiGLU 2 p .
22B/145B 16/132 4096 = %dff,, 62 32 128 1, except 1st layer SwiGLU 4
OpenMaE [172] 339M/650M 2/16 768 3072 dfgm 12 12 64 1/4 SwiGLU 1
(2024) 2.6B/8.7B 2/32 2048 8192 dppm 24 24 128 1/6 SwiGLU 1
6.8B/34B 2/32 3072 12288  drp, 32 24 128 1/4 SwiGLU 1
chmé;gzo)]i (511 5 781438 8/64 2048 5632 1408 24 16 128 1 SWiGLU 4
DE:;))(ZS” 36B/132B 4/16 6144 10752 dgp, 40 48 128 1 SwiGLU 0
Ja‘:‘zl;‘;g;“] 12B/52B 2/16 409 14336 dpp, 32 32 128 VB SwiGLU 0
Sky“")r(;)‘;g;l:‘ (154] )8/1468 2/16 4608 12288  drp, 52 36 128 1 SwiGLU 0
b 2&261;;3)2 (1661 378408 2/32 2048 8192 dp, 24 16 256 1 SwiGLU 0

A Survey on Mixture of Experts



| Pyramid Design of Experts
Standard MoE PR-MoE
— T ] T
wo EEEEE0E -3 | ©oonanna - o
— T R R
o a

Utilizes more experts in the last few layers
as compared to previous layers

Expert Layer 2 -~ | @ HEE = e Positive results compared with the baseline

.
E:lp‘:rt Laver : n- - m - i
L) . .

Model (num. params) LAMBADA PIQA BoolQ RACE-h TriviaQA WebQs

350M+MoE-128 (13B) 62.70 74.59 60.46  35.60 16.58 5.17
350M+PR-MoE-32/64 (4B) 63.65 73.99  59.88  35.69 16.30 4.73
1.3B+MoE-128 (52B) 69.84 76.71  64.92  38.09 31.29 7.19
1.3B+PR-MoE-64/128 (31B) 70.60 77.75 67.16  38.09 28.86 775

DeepSpeed-MoE: Advancing Mixture-of-Experts Inference and Training to Power Next-Generation Al Scale



| Auxiliary Loss

Training with different auxiliary loss:

Reference Auxiliary Loss Coefficient
Shazeer et al.[135], V-MoE[128] Limportance + Lioad Wimportance = 0.1, Wigad = 0.1
GShard[86], Switch-T[49], GLaM[44], Mixtral-8x7B[74], DBRX[34], I _ i
Jamba[94], DeepSeekMoE[30], DeepSeek-V2[36], Skywork-MoE[154] x Waux = -
ST-MoE[197], OpenMoE[172], MoA[182], JetMoE [139] [ S Waux = 0.01, w, = 0.001
Mod-Squad[21], Moduleformer[140], DS-MoE[117] Lamr wumr = 0.001

Importance loss: encourages all experts to have equal importance
Load loss: ensure balanced loads

Auxiliary loss: mitigating load balance losses

Z-loss: improving training stability by penalizing large logits

MI-loss: mutual information (MI) between experts and tasks to build task-expert alignment

A Survey on Mixture of Experts



I Routing Algorithms

Top-1 Routing

Top-2 Routing
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A A
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e
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y1[(ITTTTT] yo[TTTTT]
A A
- > Add + Normalize P
> h
/ A
SRR
p= O%% -------- L
" Router |
\ Sl
.
x [T TTTT]

" The "

IlThe n




I Routing Algorithms

Hash Routing Expert Chooses Tokens
»[CLITT] v [TTITT] w[TTITT] v [T TT]
- >[ Add + Normalize }< N\ e ( Add + Normalize L ~
A AN
(FeNt | [Fen2 | [ PN | [ PN | (FeNt | [ PPNz | [FENs | ((Fena 1 (rent )i(Fenz | (Fens JFena :
ED ES
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I Routing Algorithms

BASE Routing

Reinforcement Learning

Y1 D:l;[l:l:l V2|:EE;|:E| Y1 EEI;EI:D V2E|];;ED
>[ Add + Normalize }4 \ s ;[ Add + Normalize }4 \
AN e d A A
S — N — 2
': [FFN1][FFN2] FFN3 | | FFN4 ! [FFN1][FFN2][FFN3J[FFN4] [FFN1][FFN2][FFN3J[FFN4]

_________

Solve Linear
Assignment

A

-

’
’ Loss += -IodT )*R |

N
VARRN -

llThe n

x[TTTTT]
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| Training MoE - Deepseek

Example 1: Deepseek-MoE

Deepseck-MoE 16B, total 16.4B parameters, 2.8B activate parameters.
Each MoE layer consists of 2 shared experts and 64 routed experts (select 6 experts).

Output Hidden

Key points:

e Fine-grained experts

e Shared experts

Input Hidden

(a) Conventional Top-2 Routing mmss (b) + Fine-grained Expert Segmentation msssp (c) + Shared Expert Isolation
(DeepSeekMoOE)

DeepSeekMoE: Towards Ultimate Expert Specialization in Mixture-of-Experts Language Models




| Training MoE - Deepseek

Example 1: Deepseek-MoE

Metric # Shot | DeepSeek 7B (Dense) DeepSeekMoE 16B

# Total Params N/A 6.9B 16.4B

# Activated Params N/A 6.9B 2.8B

FLOPs per 4K Tokens N/A 183.5T 744T
52 DeepSeekMoE 16B # Training Tokens N/A 2T 2T

* ° Pile (BPB) N/A | 0.75 0.74

501 LLaMA2 7B HellaSwag (Acc.) 0-shot 75.4 771

¥ PIQA (Acc.) 0-shot 79.2 80.2
C 481 ARC-easy (Acc.) 0-shot 67.9 68.1
g ARC-challenge (Acc.)  0-shot 48.1 49.8
= 461 LLaMA 7B RACE-middle (Acc.)  5-shot 63.2 61.9
£ Falcon7B RACE-high (Acc.) 5-shot 46.5 46.4
o 441 - DROP (EM) 1-shot 34.9 329
o Open-tlLaMA 7B GSMSK (EM) 8-shot 17.4 18.8
3,421 & MATH (EM) 4-shot 33 43
E 40 - Red PaJ a r.na'l NCITE 7B HumanEval (Pass@1)  0-shot 26.2 26.8
g Red Paj ama-INCITE 3B G PT-J 6B MBPP (Pass@1) 3-shot 39.0 39.2
< 33. «Open LLaMA 3B TriviaQA (EM) 5-shot 59.7 64.8
OPT 2.7B ,Pythia 2.8B NaturalQuestions (EM) 5-shot 2 25.5

oY

361 coro b 7&5 LOOM 3B MMLU (Acc.) 5-shot | 482 450

é :'3 4 é 6 ? WinoGrande (Acc.) 0-shot | 70.5 70.2

: T1r CLUEWSC (EM) 5-shot 73.1 721

Number of Activated Parameters (Billions) ) s e Y

CMMLU (Acc.) 5-shot 472 425

CHID (Acc.) 0-shot 89.3 89.4

DeepSeekMoE: Towards Ultimate Expert Specialization in Mixture-of-Experts Language Models



| Training MoE - Deepseek

Deepseek-V2 Deepseek-Coder-V2
2368 total parameters, 21B are activated. Continue pretraining from an intermediate checkpoint of
2 shared experts and 160 routed experts (6 select). Deepseek-V2 (4.2T) and further train 6T. Total 10.2T tokens.
801 DeepSeek-V2 ®
* Mixtral 8x22B LLaMA 3 70B w##. DeepSeek-Coder-V2 GPT-4-Turbo-0409 Gemini-1.5-Pro Claude-3-Opus Llama-3-70B Codestral
S 75 | 2BRX Qwenl.5 728Command P6+ v o o N
E ° o " % : gsm 68. -70
s . Qwenl.5 32B DeepSec;k 678 Crora % Z g g .
o 'O mixtral 8x78 ° ® g g g .
Y LLaMA 2 70B S % % %
% ©) Command R = é ; . o é g ;
65 1{ LLaMA 3 8B s 7 2k % 7 2 2 4
§ ® Ollama23ag O CALOSE g Z g Z o Z % % oL 30
© istral 78 LLaMA 1 Family % o % 7 7 7
) 60 LLaMA 2 Family % % % % % % 18318 -20
o LLaMA 3 Family 60 / % / % % %
e ixtral Fami / / / / / / 127
LLaMA 1 33B thorT:mlal:]d RI}II:amin g é g é g g ? 1o
55 :LaM|A > 138 | | IQwenl.S Famil'y . é é z ! é é A é Z g
O 2 O 40 60 8 O 1 OO HumanEval MBPP+ MATH GSM8K Aider LiveCodeBench SWE-Bench

Activated Parameters (Billions)

DeepSeekMoE: Towards Ultimate Expert Specialization in Mixture-of-Experts Language Models



I Training MoE - Arctic

Example 2: Arctic (Dense and Sparse)

Dense - Mok Hybrid Tramsfonmer Arctic uses a unique Dense-MoE Hybrid transformer architecture.
" e It combines a 10B dense transformer model with a residual
128%3.66B MoE MLP.

e 480B total and 17B active parameters chosen using a top-2 gating.

Snowflake Arctic DBRX Llama 3 8B Llama 2 70B Llama 3 70B Mixtral 8x7B Mixtral 8x22B
- -

N O T N N

61.0 48.1

Feed Forward
Network

Gating

Instruction Following (IFEval, i i 427 43.6

ACADEMIC

Multihead
Attention

754

Common Sense (Avg of 11 metrics

https://www.snowflake.com/blog/arctic-open-efficient-foundation-language-models-snowflake/



| Training MoE - Jamba

Example 3: Jamba (Hybrid architecture)

Jamba 1s a hybrid decoder architecture that mixes

A A Transformer layers with Mamba layers, in addition to
—% ) (%) a mixture-of-experts (MoE) module.
- RMSNorm RMSNorm Available params  Active params
e i ¢ LLAMA-2 6.7B 6.7B
N Attenton Mistral 7.2B 7.2B
Mamba MoE layer Mixtral 46.7B 12.9B
N Jamba 52B 12B

Transformer layer

:I: A A Architectures Comparison

= Mamba = Jamba
D ( D \
Mamba MoE layer n
3.4 4
MLP MoE 9
3.2
RMSNorm RMSNorm
Mamba layer
3
D nY
AY % AYZ
2.8
Mamba MoE layer
2.6
RMSNorm RMSNorm
4 A 2.4
Mamba layer
Step
T Mamba layer Mamba MoE layer 2.2
2k 4k 6k 8k 10k
(a) Jamba block (b) Different types of layers

Jamba: A Hybrid Transformer-Mamba Language Model




I Training MoE - JetMoE

Example 4: JetMoE

e

A

A

\J

L/

MLP] [MLP] [M P MLP
1 2

Layer Norm

| Layer Norm

Both attention and feedforward layers are sparsely activated, allowing
JetMoE-8B to have 8B parameters while only activating 2B for each

input token.

LLaMA2 DeepseekMoE Gemma JetMoE
# Total Params 7B 16B 2B 8B
# Activate Params 7B 2.8B 2B 228
# Training tokens 2T s § 40 1.25T
ARC-challenge 951 53.2 48.4 48.7
Hellaswag 78.6 79.8 71.8 80.5
MMLU 46.9 46.3 41.8 49.2
Truthful QA 38.8 36.1 33.1 41.7
WinoGrande 74.0 70.7 66.3 70.2
GSM8k 14.5 175 16.9 27.8
OpenLLM Leaderboard Avg. 51.0 511 46.4 53.0
MBPP (Pass@1) 20.8 34.0 28.0 34.2
HumanEval (Pass@1) 12.8 25.0 244 14.6
All Avg. 45.5 47.3 43.2 47.6

JetMoE: Reaching Llama2 Performance with 0.1M Dollars



| Outline

. Building MoE from Dense LLMs

* Upcycling

* Sparse Splitting




| Building MoE LLMs

train dense mode transfer
Training data Sl Base dense model gl Convert Sparse model

lconﬂnue
pretraining

train sparse

model .
Train sparse .
Train sparse model
- é* model
Addition
1 — ulti-Layer Perceptron
[Multi—layer Perceptron ] =
7y Splittingﬂ
— o N P
Normalization : ' .
;: ) | ;L] (sswen]: -~ copy FFNs to form ——— parameters increased
M Ce——| |  et]  (Bwer] experts
e ||| G @)i|  Sparse
[ Mum.Hea:FAuennon - . transformation \
(Normalzation |  (Boen)  (Bper) split FFNs to form —— parameters unchanged
D | experts

-

Transformer Layer Modulization




| Building MoE from Dense LLMs

Two routes to build MoE from Dense models:

e Sparse Upcycling e Sparse Splitting (MoEfication)

Original Dense Block Tokeq S Norm M| Attention ,é l, Norm =gl FFNs _.é_» LLaMA output
Embedding
T T T T
| L »-| Attention f-» > el »| MLP > > i i i ' E t
Norm 3 Norm ) 'Reuse 1 Reuse | Reuse L ope
" i i ] ! Construct
.................................... | v v v y
E ];)l:;?. » Norm [—% Attention —’é—l-b Norm —> EMOEt —bé&-)—»LLaMA-MoE output
icopy weights copy weights copy weights [TDECAINe XpeLs
] ] ; (a) From LLaMA to LLaMA-MoE
MoE
i Expertl
v ' v Expertl Expert2 (mmmmmmm-
. Expert Route
Layer ] Layer Router Weighted i Expero Y| EExnetty ’

3
“

{o—
1 S j
y FFNs %’> :
. Expert5 Expert6 |
I—, |—| : J
[ooms [ [moms ||| S

(b) Expert construction (c) Processing of MoE Experts

Upcycled MoE Block

Copying the FFNs to form experts Splitting the FFNs to form experts




I Sparse Upcycling

Sparse upcycling solution

Original Dense Block
Layer : Layer
e Attention - P—» T e MLP +»@1+—>
T T Make E
: : e MLP copies
Ecopy weights %copy weights Ecopy weights Ft
........................................... ...... ' ......................................................
| | | = —>| iMLP 1
? % . Y
y Y Y : ! :
— MLP2 i (e |
Layer : Layer |: | Router i Weighted| :
Norm [ S i Norm “’ from scratch || : Y ™ sum »@ :
T ' —>| MLPE |— T
Upcycled MoE Block

copying the MLP layers:

Upcycled T5-Large and T5-Base models outperform their dense counterparts by 1.5-2 absolute points on
SuperGLUE using 46% and 55% extra training, respectively.

Sparse Upcycling: Training Mixture-of-Experts from Dense Checkpoints. In ICLR 2023.



I Sparse Upcycling - Mixtral MoE

Upcycling from Dense to MoE?
Example 1: Mixtral 8x22B(7B) (April, 2024)

Total 141B parameters, 39B activate parameters, (8 experts and 2 experts are selected)

Common sense and reasoning Knowledge
Active

Model parameters MMLU HellaS WinoG Arc C (5) Arc C (25) TriQA NaturalQS
LLaMA 2 70B 70B 69.9% 87.1% 83.2% 86.0% 85.1% 77.57% 35.5%

2 ,|Command R 35B 68.2% 87.0% 81.5% - 66.5% - -

§ £|Command R+ 104B 75.7% 88.6% 85.4% - 71.0% - -
Mistral 7B 7B 62.47% 83.1% 78.0% 77.2% 78.1% 68.8% 28.1%
Mixtral 8x7B 12.9B 70.63% 86.6% 81.2% 85.8% 85.9% 78.4% 36.5%
Mixtral 8x22B 398 77.75% 88.5% 84.7% 91.3% 91.3% 82.2% 40.1%

https.//mistral.ai/news/mixtral-8x22b/



I Sparse Upcycling - Mixtral MoE

Upcycling from Dense to MoE?

“  Hugging Face

Mixtral-8x7B-v0.1'
Text Generation ® Transformers 8 Saletensors
@ text-generation-inference @ apache-2

%, Train 7 Deploy

Model card Files

¥ main

Mixtral-8x78-v0.1 = config.json

«» Use in Transformers

Community @

@ pstock Update config
braw @ history © blame contribute
i
axch 1 i
ixtralf 1sallh
1,
attent pout
t (
08 _tok (
1dder
1dd 109¢
ex_rang
termediate _siz 336
) ion_e 11
00 t
att n_heac 3
) per_te
um_hidden_layers": 3
key_value_heac
ert

mixtral @ Inference Endpoints

720 Bytes

https.//mistral.ai/news/mixtral-8x22b/

~ Hugging Face

" Mistral-7B-v0.1"

Text Generation ~ # Transformers PyTorch & Safetensors
@ Inference Endpoints @ text-generation-inference 2310.06825
1 %, Train ¢ Deploy & Use In Transformers
Model card Files Community €
P main Mistral-78-v0.1 ' config.json
® Bamd4d Upload foldex ing huggingface_hub  e836d8f
< raw O history ) blame contribute [ delete
i
archite (
tralfor alLK
1.
L n_i
¢ ken_1i
hidd r
hidde 12¢ 196
initialize
intermedia 1433¢
) itic yeddin
| ype t
r attention_hea
r den_layer 32,
num_key_value_hea 8

® English

o

mistral

spache-2.0

pretrained

571 Bytes

© A4
© n O
& oo (9

w

0.25
0.2
0.15
0.1
0.05

Ig

6

7

8

e ixtral

Expert Similarity

91011121314151617181920212223242526272829

e m0zi_upcycled-736.58




| Mixtral 8x7B

801 Mistral 78 W LLaMA 2 78 LLaMA 1 34B Mistral 78 = LLaMA 2 78 LLaMA 1 348
Mixtral 8x78 LLaMA 2138  wem LLaMA 2 70B 601 Mixtral 8x78 (LaMA2 138 mmm LLaMA 2 70B
70| 501
£ £40
z 60| g
m dd
5 S
g 301
501
201
401 10!
MMLU Knowledge Reasoning Comprehension ' AGI Eval Math BBH Code
Active
Model Pa MMLU HellaS WinoG PIQA Arc-e Arc-c NQ TriQA HumanE MBPP Math GSMSK

LLaMA 27B 7B 444% T1.1% 695% T19% 68.7% 432% 175% 56.6% 11.6% 26.1% 39% 16.0%
LLaMA213B 13B  55.6% 80.7% 729% 808% 752% 488% 16.7% 64.0% 189% 354% 6.0% 343%
LLaMA133B 33B 568% 83.7% 762% 822% 79.6% 544% 24.1% 685% 250% 409% 84% 44.1%
LLaMA270B 70B 699% 854% 804% 82.6% 799% 565% 254% 73.0% 29.3% 49.8% 13.8% 69.6%
Mistral 7B 7B 62.5% 81.0% 742% 822% 805% 549% 232% 625% 262% 502% 1279% 50.0%
Mixtral 8x7B 13B 70.6% 844% 77.2% 83.6% 83.1% 59.7% 30.6% 715% 402% 60.7% 284% 74.4%

Table 2: Comparison of Mixtral with Llama. Mixtral outperforms or matches Llama 2 70B performance on
almost all popular benchmarks while using 5x fewer active parameters during inference.




| Mixtral 8x7B

Model Arena Elo rating ~ MT-bench (score) License
GPT-4-Tuxbo 1243 9.32 Proprietary
GPT-4-0314 1192 8.96 Proprietary
GPT-4-0613 1158 9.18 Proprietary
Claude-1 1149 7.9 Proprietary
Claude-2.0 1131 8.06 Proprietary
Mixtral-8x7b-Instruct-vO.1 1121 8.3 Apache 2.0
Claude-2.1 1117 8.18 Proprietary
GPT-3.5-Turbo-0613 1117 8.39 Proprietary
Gemini Pro 1111 Proprietary
Claude-Instant-1 1110 7.85 Proprietary
Tulyu-2-DPO-70B 1110 7.89 AI2 ImpACT Low-risk
Yi-34B-Chat 1110 Yi License
GPT-3.5-Turbo-0314 1105 7.94 Proprietary
Llama-2-70b-chat 1077 6.86 Llama 2 Community

Figure 6: LMSys Leaderboard. (Screenshot from Dec 22, 2023) Mixtral 8x7B Instruct v0.1 achieves an Arena
Elo rating of 1121 outperforming Claude-2.1 (1117), all versions of GPT-3.5-Turbo (1117 best), Gemini Pro
(1111), and Llama-2-70b-chat (1077). Mixtral is currently the best open-weights model by a large margin.



I Sparse Upcycling - Skywork-MoE

Example 2: Skywork-MoE (June, 2024)
Total 146B parameters, 22B activate parameters, (16 experts and 2 experts are selected)

Initialize from Skywork-13B

| #AP #TP | CEVAL CMMLU MMLU GSM8K MATH HumanEval

Deepseek-67B 67 67 66.1 70.8 719 63.4 18.7 42.7
Qwenl.5-72B 72 72 84.1 83.5 71.5 79.5 34.1 41.5
Llama2-70B 70 70 - - 68.9 56.8 13.6 29.9
Llama3-70B 70 70 - - 78.8 82.7 36.7 39.0
Mixtral 8*7B 13 47 - - 70.6 58.4 28.4 40.2
Mixtral 8*%22B 39 141 - - 77.8 78.6 41.8 45.1
Grok-1 86 314 - - 73.0 62.9 23.9 63.2
DBRX-Instruct 36 132 - - s 9 g 66.9 - 70.1
Deepseek-V2 21 236 81.7 84.0 78.5 79.2 43.6 48.8
Skywork-13B 13 13 62.1 62.4 62.7 60.2 8.4 18.9
Skywork-MoE 22 146 82.2 79.5 77.4 76.1 31.9 43.9

Skywork-MoE: A Deep Dive into Training Techniques for Mixture-of-Experts Language Models



I Sparse Upcycling - Qwen-MoE
Example 3: Qwenl.5-MoE-A2.7B (Mar, 2024)
Upcycled from Qwen-1.8B, 14.3B parameters in total and 2.7B activated parameters.
e Fine-grained experts (total 64 experts)

e use shared (4 experts) and routing experts (60 experts, choose 4)

Model MMLU GSM8K HumanEval Multilingual MT-Bench

Mistral-7B 64.1 47.5 27.4 40.0 7.60

G -7B 64.6 50.9 32.3 .

emma A remarkable reduction of 75%
in training

Qwen1.5-7B 61.0 62.5 36.0 452 7.60

DeepSeekMoE 16B 45.0 18.8 26.8 - 6.93

Qwen1.5-MoE-A2.7B 62.5 61.5 34.2 40.8 7.17

https://qwenlm.github.io/blog/qwen-moe/
S



| Sparse Splitting

Original FFN

%

O
O

LLaMA-MoE: Building Mixture-of-Experts from LLaMA with Continual Pre-training




I Sparse Splitting - MoEfication

One solution for sparse splitting - MoEfication

O Positive Neuron O Negative Neuron @ Unactivated Neuron O Input or Qutput [0 Matrix Element X Unused Element or Neuron

r——--"--""""-""""-""—""—""—"—"—" - I ke e e e e e e e e Eiel e = AN e e a
| | 00 1 0 . , ‘
| F(x) (0O] | p_lt 000 S F(z)(00] |
' o |00 | 510 L (B © GO,
| | 0O 1 0 0 . ! 1 > |
O | : - » o(h) . Wy
o(h)(©000)|gg|W> ! T g 8ol
mTTTT 1
| O 0o | W,P = ] h }
! Li |
: h 0000 | i ) o |
| iy | G wl W2 |
| l _ : |
i x (00|([oooo|Wh | PTW, = --{: |
| 0000 | ‘
| | , |
(a) FFN Computation Process (b) Unused elements and neurons (c) Expert Construction (d) FFN with MoE

Splitting the FFN layers based on the activation diversity of different neurons.

MoéEfication. Transformer Feed-forward Layers are Mixtures of Experts. In ACL 2022




I Sparse Splitting - LLama-MoE
Sparsitying from Dense to MoE Example 1: LLaMA-MoE (Dec, 2023)

9o (a) Expert Construction (b) Continual Pre-training on MoE

[ FFN ]
| | token .

vector
[ Expert 1 I Expert 2 1 Expert 3 ]

Average Score of ARC-c (25) and HellaSwag (10)

Explore different FFN splitting strategies:

e Neuro-Independent
1. Random splitting the FFNs
2. Clustering with n centroids

& &
» (o)}
L Il

Averaged Accuracy
=Y
N

e Neuro-Sharing

=
o
Il

. . —&— Independent (Random)
1. Obtain n importance vectors 38 1 ¢ Sharing (Inter)
2. Set aside the neuros shared by most experts 5. e ey

—4— Sharing (Inner)

and then obtain n importance vectors - = = B -
Tokens (B)

w4

Random splitting obtains the best.

LLaMA-MoE: Building Mixture-of-Experts from LLaMA with Continual Pre-training




I Sparse Splitting - LLama-MoE

Sparsifying from Dense to MoE

Commonsense & Reading Comprehension

Model SciQ  PIQA  WinoGrande ARC-E ARC-C (25) HellaSwag (10)
OPT-2.7B 78.9 74.8 60.8 54.4 34.0 61.4
Pythia-2.8B 83.2 73.6 59.6 58.8 36.7 60.7
INCITE-Base-3B 85.6 73.9 63.5 61.7 40.3 64.7
Open-LLaMA-3B-v2 88.0 77.9 63.1 63.3 40.1 71.4 . .
Sheared-LLaMA-27B  87.5 769 650 633 416 710 With 200B tokens continual
LLaMA-MoE-3.0B 842 77.5 63.6 60.2 409 70.8 pretraining,
LLaMA-MoE-3.5B (4/16) 87.6 77.9 65.5 65.6 44.2 73.3
LLaMA-MoE-3.5B (2/8)  88.4 77.6 66.7 65.3 43.1 73.3
Continued LM World Knowledge LLaMA-MOoE surpasses dense
Model LogiQA BoolQ (32) LAMBADA NQ (32) MMLU (5)  ‘verase models with similar activation
OPT-2.7B 25.8 63.3 63.6 10.7 25.8 50.3 parameters.
Pythia-2.8B 28.1 65.9 64.6 8.7 26.8 51.5
INCITE-Base-3B 27.5 65.8 65.4 15.2 27.2 53.7
Open-LLaMA-3B-v2 28.1 69.2 67.4 16.0 26.8 55.6
Sheared-LLaMA-2.7B 28.3 73.6 68.3 17.6 27.3 56.4
‘'LLaMA-MoE-3.0B 306 719 666 170 268 555
LLaMA-MoE-3.5B (4/16)  29.7 75.0 69.5 20.3 26.8 57.7
LLaMA-MoE-3.5B (2/8)  29.6 73.9 69.4 19.8 27.0 57.6

LLaMA-MoE: Building Mixture-of-Experts from LLaMA with Continual Pre-training



I Sparse Dropout

1. Gradually increasing the number of experts
when training the model;

1. Gradually increasing FFN dimension, follwing

Summation
(_' é‘ﬁ bert2BERT

‘ Expert --+ | Expert . u

U d;
w plens u 1n
Along with w din U din 0 0
_2 Point-wise Training Gin 9] Yout E p E
- Mulupllcanon eeccee 0 p {11.22.31} p ? {1:1,2:2,3:2} - 7|
w — = . 4 u
out q => > 9 out
A 17 21712 a1, 4a
Rapdom Routgr k=3 2 2

k—2 J

1. Gradually increasing the layer, following

stackBERT — =
Token EmbeddingT ( Classifier ]=> [ cassifier | S [ classifier |
[\\ QY \\\\] Encoder )5
H \E \m H \m \__Layer xL Encoder
A - » Layer x 2L
[ Encoder ]@[ Encoder J » Y
SMOE-Dropout Gradually Increased k Layer xL Layer xL »

1
Sparse MoE as the New Dropout: Scaling Dense and Self-Slimmable Transformers [ Embedding ] [ SO ] [ sl ]




| Outline

2. MoE Beyond Efficiency
* Scaling Law, Fine-tuning MoE

e QOther derivatives in this era



| Scaling Law

4.2
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I Upstream Scaling (Pre-training)

2.25x 10°

1.8 x 10° .
e --e-- Switch s - Hash
A A N e RL-R
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Figure 3: Sparse scaling plots with expert count. The cross-entropy scaling plots as a function
of the number of experts are shown from Fedus et al. (2021) (left) and the three sparse variants
from Clark et al. (2022), S-Base, RL-R, Hash (right). The top left-most point in both plots is an
approximately compute-matched dense model. As the expert count increases, the models become
increasingly sparse and yield lower validation losses.



| Downstream Scaling (Fine-tuning)

wn —+— BIG-G (0-shot) 235
64B/64E U 1014 —+ BIG-G (1-shot)
--e-- Dense d® 1378 b _'_ ::gg (52'5:‘0”(0)
70 ) ) A -G Sparse iy
--®-- Sparse 8/854'5 e s 8 BIG-G Sparse (1) §
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= 1.7B/64E g~~~ '-oq—) 6
L ) g ol hat
~ 50 £ 5 o o
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.
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- RIS [ -
200.1B/64E e °
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10002
@ -2
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Figure 4: Sparse scaling for few-shot inference. Left: Du et al. (2021) measures the few-shot

inference performance on TriviaQA, demonstrating consistent gains of sparse MoE models over  “The size N of a dense model
dense models up to 137B parameters. Each label, such as 8B/64E, says how many parameters diving the same performance as
per input are used (8B) and how many experts (64E). Right: BigBench (Srivastava et al., 2022) @ Routing Network."

studied the few-shot scaling properties on a larger set of 161 contributed JSON tasks to confirm

improvements of sparse expert models over their FLOP-matched dense counterparts.



I Scaling (Fine-grained Experts)

Loss - const

1071 1

6x 107

% 1077

3x1077?

Granularity denotes the size as the feed-forward layer divides the inner dimension of

each expert network;

Increasing granularity results in a lower loss, in different numbers of training tokens;

Considering GPU-hours, the conclusion is slightly different.

4
.
.
.-

-9

1 2 4 8 16
Granularity
(a)

Training tokens
e 16B
338
e 66B

10°
Number of parameters

(b)

Loss

3.9

3.7 1
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3.31

Granularity
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| Flan-MoE

* Instruction-tuning is better than fine-tuning: training with mixed prompt

settings (zero-shot, few-shot, and chain-of-thought;

 Sparse models have performed remarkably well in the regime of large datasets,

but have sometimes performed poorly when fine tuning data is limited;

*In general, MoE model performance scales better with respect to the number

of tasks rather than the number of experts.




| Flan-MoE

Held-Out Eval Held-Out Eval
90 90
e 80 e 80
¢ g
= o 14 .4 +15.0 +15.6 5 +13.3 +13.6 -
= 70 132 g 3 +o.7 [ +10:2 3 70 +102— 1130 -
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0 9 89 282 682 1,836 0 16 32 64 128
# Tasks for Instruction-Finetuning # Experts for Flan-MoE
T5=FT Flan-T5 = FT MoE—-FT Flan-MoE = FT

Figure 1: The effect of instruction tuning on MOE models versus dense counterparts for base-size
models (same flops across all models in this figure). We perform single-task finetuning for each
model on held-out benchmarks. Compared to dense models, MoE models benefit more from
instruction-tuning, and are more sensitive to the number of instruction-tuning tasks. Overall,
the performance of MoE models scales better with respect to the number of tasks, than the number of

experts.



| Expert Specialization

Expert | Top-5 preceding tokens

5 year, years, billion, millions, tonnes

9 electronic, local, public, national, outdoor
34 to, will, should it, may

42 two, 50, 1, 80, 000

62 work, started, involved, working, launched
2 1S, was, be, been, were

74 going, go, come, back, return

101 B, T, W, H, k

Table 2: Expert specialization based on preceding context in BASE Layers. We reproduce a
portion of table of Lewis et al. (2021), presenting the most frequent preceding top-five tokens for the
selected experts. This example shows experts specializing in punctuation, conjunctions & articles,
verbs, visual descriptions, proper names, counting & numbers.



Expert Specialization
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| MoE-RBench

Adv. RA Adv. SA
hdodel Std.RA Std-SA| p; Ry R3 Avg | RI R2 R3 Avg
t5-base 80.20 90.95 | 50.60 46.50 47.67 48.26 | 89.62 89.60 90.99 90.07
switch-base 82.40 9201 | 5240 486 50.08 50.36 | 90.14 91.39 9170 91.08 MoE del t | d with
)
pythia-410M 77.44 89.17 | 47.40 4370 4533 4548 | 87.62 88.03 87.79 87.81 OE models not only respond with a
pythia-1.4B 7828  90.11 |49.00 4570 4742 47.37 | 88.58 88.92 90.69 89.40 Comparab|e degree of Safety and correctness,
MoLM-350M-K2 81.15 90.43 | 4930 47.00 48.00 48.10 | 87.91 89.05 90.24 89.07 L
MoLM-700M-K4 8127 9158 | 5420 4790 49.17 50.42 | 8929 9020 90.66 90.05 but also exhibit markedly enhanced
OpenLlama-3B 83.33 93.14 | 60.70 5090 54.17 5526 | 91.69 9195 92.84 92.16
LlamaMoE-3B-K2 83.73 9244 | 62.10 5320 5633 5721 | 91.93 9238 9273 92.35 robustness Compared to the dense
LlamaMoE-3.5B-K4 | 84.68 9326 | 67.90 5570 56.83 60.14 | 9233 9247 9294 92.58 counterparts.
LlamaMoE-3.5B-K2 | 84.74 9330 | 67.90 5450 59.58 60.66 | 92.22 92.88 93.15 92.75
: Harmlessness
. :
)
)
)
| | Word OOD | Sentence OOD '
)
& Tweet Shake Bible Poetry | Tweet Shake Bible Poetry - £
- ; 1
t5-base 938 | 918 89.1 | 912 904 884 8.9 | 905 8.1 849 884 - i
switch-base 945 | 940 91.1 | 925 919 894 880 | 924 891 858  88.0 '
)
pythia-410m 924 | 893 876 | 888 890 8.0 8.2 | 896 82 819 865 \
pythia-1.4b 95.1 89.9 90.0 91.1 90.9 87.7 87.8 91.6 87.2 86.2 88.0 1
MoLM-350M-K2 944 | 922 900 | 903 916 838 881 | 917 865 86.6  88.1 : 00
MoLM-700M-K4 955 [ 923 90.1 | 915 906 89.1 882 | 922 877 866 884 Overview of Measurements ! e e
OpenLlama-3b 968 | 958 937 | 928 919 895 8.0 | 921 893 867 885 4
LlamaMoE-3.5B-K4 | 969 | 953 918 | 945 930 904 901 | 943 896 88.6 893
LlamaMoE-3.5B-K2 | 96.9 | 961 922 | 938 931 906 893 | 938 906 868 914
LlamaMoE-3B-K2 | 96.6 | 952 937 | 930 922 898 881 | 927 899 875 887
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Outline

* Motivation and Challenges

* Training Large-Scale MoEs
* Expert Parallelism and its Combination with 3D Parallelism

* Highly-Scalable MoE Training System
* DeepSpeed-MoE
* DeepSpeed-TED
* Tutle



Al Scale is Limited By Compute

* Compute is the primary challenge of training massive models
* Ambitious model at scale and time to train

Model Size Hardware Days to Train
BLOOM 176B 384 A100 GPUs 115 days
OPT 175B 992 A100 GPU 56 days
MT-NLG | 530B 2200 A100 GPU 60 days
PaLM 540B 6144 TPU v4 57 days

Next jump in scale:
* Next-generation hardware
* Significantinvestment in GPUs



Next Al Scale?

 Can we achieve next generation model quality on current
generation of hardware?

* From a computation perspective sparse Mixture-of-Experts
provides a promising path
* Scale at sub-linear cost



MoE Models are Sparse and Need Less

Compute

Dense Models:

e All parameters are used in forward and backward
paths

¢ |ncreasing model capacity needs more computation

e Larger model size 2 Higher compute requirements
(FLOPs)

mm Sparse MoE models

e Sparse utilization of subset of parameters based on
input

e Same computation is needed regardless of the model
size

e Larger model size - Similar/Same Compute
requirements

Transfomer 2, MOE Transfomer .-, MoE Transfomer Encoder
Encoder - Encoder - with device placement

w2)x W% w2

Nolti-Hesa
Aetention

Figure 3: Illustration of scaling of Transformer Encoder with MoE Layers. The MoE layer replaces
the every other Transformer feed-forward layer. Decoder modification is similar. (a) The encoder of
a standard Transformer model is a stack of self-attention and feed forward layers interleaved with
residual connections and layer normalization. (b) By replacing every other feed forward layer with

se“?"""" — Add + Normaiize J———
x S Self-Attention
Sy Postional Posional
~ embadcing embecdng
x1 x mmn
More Parameters.

Figure 2: Illustration of a Switch Transformer encoder block. We replace the dense feed forward
network (FFN) layer present in the Transformer with a sparse Switch FEN layer (light blue). The
layer operates independently on the tokens in the sequence. We diagram two tokens (x; = “More”
and xo = “Parameters” below) being routed (solid lines) across four FEN experts, where the router
independently routes each token. The switch FEN layer returns the output of the selected FEN
multiplied by the router gate value (dotted-line).



Mixture of Experts (MoE): Overview

MoE models have been around for a while..

Qutrageously Large Neural Networks: The Sparsely-Gated Mixture-of-Experts Layer
* Harder to scale, instability during training, and inefficient training

GShard: Scaling Giant Models with Conditional Computation and Automatic Sharding

* 600B models beating 96-layer dense models, 10x training speedup, generic
sharding framework (Tensorflow XLA)

* Less stability with larger models, full precision training
Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity

* More efficient training

* Top-1 gating instead of top-2/top-k, Better initialization conditions, Mixed precision
training: FP32 gating (instead of FP16), Stable training with larger models

 SOTA results on language understanding task


https://arxiv.org/pdf/2006.16668v1.pdf
https://arxiv.org/abs/2101.03961

MoE Training Challenges on Modern Hardware
with Massive Parallelism
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MoE Training Challenges on Modern Hardware
with Massive Parallelism

How to break the memory wall to enable massive MoEs!?
How to efficiently route tokens to different experts across GPUs!?

How to minimize communication overhead while achieving high per-GPU compute
throughput!?
output LT T T 1]
T

Add + Normalize

| i Expert = FFN t,
Sparse FFN J (Expert] { Expert ] [Expert] [ ]\ i
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Expert Parallelism

) MoE Transfomer Encoder
v with device placement

‘ Encoder | Encoder
| output (shard 1) | output (shard E)

* Expert parameters — partitioned (sharded)
* Like model parallelism (MP)
* Each expert process a subset of tokens

* Two All-to-All(s) in Forward and
Backward

Input embedding Input embeddings +
Positional embeddings Positional embeddings
(shard 1) (shard E)




Expert Parallelism

1. Gating function: decide target experts for each token
Dispatch phase:
a. 1stlayout transformation: tokens to the same target experts are grouped in a continuous

memory buffer
b. 15t All2All: dispatch tokens to their corresponding experts

3. Expert compute: each expert process its tokens
4. Combine phase:
a. 2"4 AllI2All: combine processed tokens back to their GPUs
b. 2"9layout transform: restore tokens to their original positions

Kk iz

10 § 11

E
I I | T

Data Layout Transform Data Layout Transform Data Layout Transform Data Layout Transform

GPU O GPU 1 GPU 2 GPU 3



How to Design Highly-Scalable Training
Systems for Trillion-Parameter MokEs!?

* DeepSpeed-MoE [I]

- Multi-dimensional parallelism for scaling both the base model and expert layers

* DeepSpeed-TED [2]
- Further push the limit of MoE scalability by eliminating unnecessary
communication in hybrid parallelism

¢« Tutle [3]
- System and algorithm co-design achieving excellent scalability at 2048
A100 GPUs



DeepSpeed-MoE: Multidimensional Parallelism

Short Name

Flexible Parallelism Combinations

Benefit

Scales the model size by increasing the number of

E Expert experts
Accelerates training throughput by scaling to multiple
E+D Expert | +| Data data parallel groups
Partitions the nonexpert parameters to support larger
E+Z Expert |+ ZeRO Bsse mindls
E+D+M Expert | +| Data |+ | Model
Supports massive hidden sizes and even larger base
models than E+Z
E+D+Z Expert | + [ Data ] + ZeRO
Leverages both GPU and CPU memory for large MoE
E+Z-Off+M Expert |+ [ ZeRO-Offload ] FLMoedel | e e Nt § b neree

Optimal parallelism strategy depends on model and hardware specifics

12



DeepSpeed-MoE: Cheaper GPT Model

Training with MoE

* 1.3B+MoE with 128 experts, compared to 1.3B and 6.7B
dense (GPT-3 like)
* 8x more parameters to same accuracy using MoE
* 5x lower training cost to same accuracy using Mok
Model size = LAMBADA: PIQA: BoolQ: RACE-h: TriviaQA: WebQs:
completion commonsense reading reading question question
prediction reasoning comprehension comprehension answering answering
Dense GPT:
(1) 350M 350M 52.03 69.31 53.64 31.77 3.21 1.57
(2) 1.3B 1.3B 63.65 73.39 63.39 35.60 10.05 3.25
(3) 6.7B |6.7B 71.94 76.71 67.03 37.42 2347 5.12
Standard MoE GPT:
(4) 350M+MoE-128 13B 62.70 74.59 60.46 35.60 16.58 5.17
(5) 1.3B+MoE-128 52B 69.84 76.71 64.92 38.09 31.29 7.19

1.3B dense
- 1.3B+MoE 128 experts
6.7B dense

‘V‘\"‘,\u .
ViV

0 60B

120B 180B 240B 300B

Tokens

Throughput gain/
Cost Reduction

Training

samples per

6.7B dense

sec
70 Tx

1.3B+MoE-128

372 5x
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DeepSpeed-TED

* Further push the limit of MoE scalability by eliminating
unnecessary communication

Duplicate token dropping (DTD): Eliminating
unnecessary tokens, e.g., in all2all and all-
gather from EP + TP.

e . [Expert1]___
(a1 at) o a1| | Feedforward 1 ;
— [Rout — :
All-
............... e =il :
. al| : |Feedforward 1| :
GPU1 % Router a3 = : L1 .

a2| | Feedforward 2|

a4 . a
ad| | TP 1 :
All- : g
athe '

a2| | Feedforward 2 i

a4

Expert 2

A Hybrid Tensor-Expert-Data Parallelism Approach to Optimize Mixture-of-Experts Training



DeepSpeed-TED

* Further push the limit of MoE scalability by eliminating

unnecessary communication

Duplicate token dropping (DTD): Eliminating
unnecessary tokens, e.g., in all2all and all-
gather from EP + TP.

. [Expert1]___

R3]

TP 1

1057

TP 1

TP 2

Expert 2

| | Feedforward 1|

| Feedforward 1|

Feedforward 2| | _ , .

Feedforward 2| |

Communication-aware Activation Checkpointing
(CAC): selective activation checkpointing by
avoiding all2all during recomputation

Performance Profile of a 6.7B Base Model with |6 Experts on Summit

70+
60 -

(M All-gather
B All-to-all
B All-reduce

B¥ Other
128 GPUs

Baseline DTD DTD+CAC

A Hybrid Tensor-Expert-Data Parallelism Approach to Optimize Mixture-of-Experts Training



DeepSpeed-TED

* Further push the limit of MoE scalability by eliminating
unnecessary communication

Communication-aware Activation Checkpointing

Duplicate token dropping (DTD): Eliminating . o Y
(CAC): selective activation checkpointing by

unnecessary tokens, e.g., in all2all and all-

sather from EP + TP avoiding all2all during recomputation
) ',rfiE-"Pe"~’ Performance Profile of a 6.7B Base Model with |6 Experts on Summit
| B
% : Feed;(::n:ard 1 ji e 70
o g 60 M All-gather
= _871‘ Feedforward 1“ - All-to-all
~B 20 BEEE All-reduce
i — _ P, BRR Other
- oam Nearly 50% time in 128 GPUs
4) . .
& ) communication!!
- :i Feed;c:)mzrard 2 sy 10
R 1D _:' 0
Sxpert 2 Baseline DTD  DTD+CAC

A Hybrid Tensor-Expert-Data Parallelism Approach to Optimize Mixture-of-Experts Training



DeepSpeed-TED

* Further push the limit of MoE scalability by eliminating
unnecessary communication

Communication-aware Activation Checkpointing
(CAC): selective activation checkpointing by
avoiding all2all during recomputation

Duplicate token dropping (DTD): Eliminating
unnecessary tokens, e.g., in all2all and all-
gather from EP + TP.

.lEXPerH Performance Profile of a 6.7B Base Model with |6 Experts on Summit
, Feed{_&::r\h;ard 1% o 70 -
, i [Im All-gather
) Feedforward 1| Allto-al
: - - - 50 - B All-reduce
............... Z 40 B Other
pr— P \ 128 GPUs
| Feedforward 2| ! _ , . £ 30-
~ : -
TP 1 f
| . - Overall 21%
gFeed;c:szrardz 10 - Speedup
l“ --------------- .:’ 0
Expert 2 Baseline DTD DTD+CAC

A Hybrid Tensor-Expert-Data Parallelism Approach to Optimize Mixture-of-Experts Training



Tutle: Adaptive MoE at Scale

* Keyidea: system-algorithm co-design
* Dynamically adapt parallelism

e 2D hierarchical all2all

* Adaptive pipeline

Tutel: Adaptive mixture-of-experts at scale



Tutle: Adaptive MoE at Scale

%‘2 4 b ——Layer 1
S 55 || *Layer4
* QObservation: Workload per expert S .2

——Layer 10

changes during training 518
a0 ¢
| | 216
* Solution: Dynamically adapt =14
parallelism =
S 1.2
Z 1

0 100 200 300 400
Training Iteration (K)

Tutel: Adaptive mixture-of-experts at scale



Tutle: Adaptive MoE at Scale

* Observation: All2all is expensive

across nodes and with many small 23 MIB AlLto-All 116
—— Linear Algo

messages JDH Algo s
—— Speedup

 Solution 1: Take into account of
network hierarchy with 2D
hierarchical all2all: Intra-node

Microseconds (us)
—_
o
T~

all2all + Inter-node all2all - 0.5
e 0.25
* Solution 2: Leverage higle' 10364 128 256 512 1,024 2,048 4,096
GPU Number

optimized communication
collectives from MSCCL

Tutel: Adaptive mixture-of-experts at scale

Up to 10x all2all speedup

Speedup (timeinear/timeapm)



Tutle: Adaptive MoE at Scale

16 GPUs 32 GPUs 64 GPUs 128 GPUs 256 GPUs
80% 1 I il 1

Observation: TOken Pipe Degree —o—1 2—6—4-—--8 Adaptive
partitioning + concurrent 60% /
CUDA kernels => pipeline § 40% / o
parallelism that overlap S oonl & /o‘ ,
all2all with FFN layer E 0(7’ S A
compute
—20%

1 2 4 81 2 4 81 2 é‘l 81 2 4 81 2 4 8
Solution: Adaptive Capacity Factor
pipeline degree based Up to 57% improvement in comparison to
on workloads pipeline degree 1

Tutel: Adaptive mixture-of-experts at scale



Tutle: Adaptive MoE at Scale

2500

300
-6~ Baseline ‘

2000 || T+ Fast Encode & Decode 250/

* Dynamically adaptive parallelism b

)

s
o
o

% 1500 + Flexible All-to-All %
k= -¢+ Ada. Pipelining (TUTEL) £ 150 { / '
. . _ E_ 1000 |[==- Pure Computation of TUTEL r’%: /
* Dynamic pipelining 2 2100 z

2D hierarchical all2all \O A e\ 50 o\ i e WO 0B gz b b
Number of GPUs Number of GPUs

5.7x end-to-end speed at 2048 A100 GPUs!

Tutel: Adaptive mixture-of-experts at scale



Thank youl!
Q&A

Minjia Zhang
minjiza@illinois.edu



Moving Forward

Expect more optimizations against the training efficiency of MoE
models, e.g., parameter-efficient MoE, multi-modal MoE

System optimizations that leverage heterogeneous hardware
resource to lower the cost of training and fine-tuning MoE

Efficient MoE inference systems to achieve low latency and high-
throughput



Key Extension: Multi-Modal MoE, Multi-
Agent Communications

MOHIT BANSAL, TIANLONG CHEN

Computer Science
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Multi-Modal Multi-Task Capability — Challenges?

(1) Modality /Task Forgetting Issues

Diverse modailities and tasks may prefer conflicting optimization directions, resulting
in ineffective learning or knowledge forgetting.

(2) Modality /Task Fitting Issues

Current LLMs or SMoE-based LLMs use a fixed amount of parameter counts for all

modalities or tasks, which can end up over-fitting to simpler modalities or tasks or
under-fitting complex ones.

(3) Heterogeneous Learning Pace

The varied modality attributes, task resources (i.e., the number of input samples), and
task objectives usually lead to distinct optimization difficulties and convergence.

2



Adaptive Multi-Modal Multi-Task Sparse Mixture-of-Experts

Multltask training . (b) SMoE & SMoA Layer
SMoE

Task 1 Task 2 | [ Task 3
Head Head Head Feedforward Network
...... Copy @ ;

)

N

Task 1

1
A

Irnage Point-wise [Expert ] [Expert ]
\‘ ~ Addition > '
= :
Audio m -~ S ' [Expert ] [Expert ]

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

% = [Sparse Mixture-of-Experts]
[ Normalization ]
A
Point-wise
i E# 1
[ Sparse Mixture-of-
Attention

Time-

series
. /P
series
Multi-Head Attention ]

Y =ik
[ Normalization | Value Key
(a) Unimodal Encoder §> A 4

nimodal Encod

g
"N

(Under Review)



Multi-Modal Multi-Task MoE

0,

Modality Gradient Conflict

100

80 -

60 -

40 1

20

0_
=0.5 =04 =0.3=0.2 =0.

[ Baseline
'_:I Ours

——

.0 0.1 0.2

®

Training loss

251

2.0 1

154

104

0.5 1

0.0 4

- Baseline: Modality 1

- Baseline: Modality 2
Ours: Modality 1

=== Qurs: Modality 2

@ Training Loss - Validation Loss

-1.8 1

-2.0 1

-2.24

-2.6 1

-2.8

-1.6 1

- Baseline: Modality 1

-~ Baseline: Modality 2
Ours: Modality 1

== Qurs: Modality 2

500 1000 1500 2000 2500 3000

Training Step

500 1000 1500 2000 2500 3000

Training Step

(Under Review)



Multi-Modal Multi-Task Capability — More

ImageNet Samples
(Routing Decisions of CLS)

“" .

T ot
e m

iccv23 Google NeurlPS'23 B Microsoft

COCO Samples
(Routing Decisions of OD & IS)




I SELMA: Skill-Specific T2l Experts with Auto-Generated Data

generated, "multi-skil

text-similarity based filtering. We generate training images with a T2l model.

I common objects |

“A playful puppy chases its
toy in a backyard.”

I long text prompts I

“An elegant room with floor-
to-ceiling bookshelves, filled
with an impressive collection
of books of all genres. The
cozy reading nook by the
window invites anyone to curl
up with a good book.”

I commonsense-defying I

“A cat with wings flying over
a field of donuts.”

skill 1 ) [ Skill 2 ] --- { Skill N

1 1 1

Large Language Model

] 1 i

Text-to-Image Model

y ¥ ¥
—] - —]
= = see =

Auto-Generated Image-Text Pairs

Li, et al., “SELMA: Learning and Merging Skill-Specific Text-to-Image Experts with Auto-Generated Data"

A novel paradigm to improve the faithfulness of T2l models by fine-tuning models on automatically
image-text datasets, with skill-specific expert learning and merging.

We first generate prompts to teach the skill with an LLM, while maintaining prompt diversity via

Skill Description

Generated Prompts

+ Examples
o Text-to-lmage
| Model

Text Diversity Filter

\ 4

A\ 4

Generated Prompts

Generated Images

(a) Prompt Generation

(b) Image Generation




I Skill-specific Expert Learning and Merging

* We learn skill-specific expert T2| models based on LoRA fine-tuning, and finally merge the experts.

- ~
skill 1 skill 2 skill N Szt \
Prompts Prompts Prompts LoRA 2
=>| Merge |=>| LoRA “
Images Images Images
LoRA N /
1 l aee l k )
.
T21 Model 3| | T2I Model 2% T21 Model 3% Final T21 Model 3%
Multi-skill
LoRA 1 &% LoRA 2 &} LoRA N @} Model LoRA
(c) Skill-Specific Expert Learning (d) Merging Expert Models

* Model merging can help mitigate the knowledge conflicts between datasets, and we only need to
adjust the merging ratios without re-training the task-specific models.

Li, et al., “SELMA: Learning and Merging Skill-Specific Text-to-Image Experts with Auto-Generated Data"



Quantitative Analysis

 We evaluate models on two evaluation benchmarks that measure the alignment between text prompts
and generated images: DSG and TIFA. We measure text faithfulness with DSG and TIFA score, and human
preference with PickScore, ImageReward and HPS.

Base Model Methods Text Faithfulness Human Preference on DSG prompts
DSG™PLUG 4 TIFABMP2 4 PickScore © ImageReward +  HPS 1
Base model 67.3 76.6 20.3 -0.22 23.0
(Training-free)
SynGen [55] 66.2 76.8 20.4 -0.24 24.5
StructureDiffusion [20] 67.1 76.5 20.3 -0.14 23.5
SD v1.4 [56] (RL)
DPOK [19] - 76.4 - -0.26 -
DDPO [5] - 76.7 - -0.08 -
(Automatic data generation)
ﬁernQyn(‘ [60] 77 6 -005

- »

SELMA (Ours) 71.3 79.5 20.5 0.36 25.5

Li, et al., “SELMA: Learning and Merging Skill-Specific Text-to-Image Experts with Auto-Generated Data"



I Quantitative Analysis

 We evaluate models on two evaluation benchmarks that measure the alignment between text prompts
and generated images: DSG and TIFA. We measure text faithfulness with DSG and TIFA score, and human
preference with PickScore, ImageReward and HPS.

Human Evaluation

All

Localized
Narratives

DiffusionDB

CountBench

COCO

B SDXL+SELMA (Ours)
Whoops§ mmm SDXL

0 20 40 ' 60 80 100
Preference [%]

Human Evaluation: Win v.s. Lose Percentage

Li, et al., “SELMA: Learning and Merging Skill-Specific Text-to-Image Experts with Auto-Generated Data"



I Qualitative Analysis

 We find that T2l model struggles with accommodating distinct skills and writing styles from different
datasets, and merging LORA experts can help mitigate the knowledge conflict between multiple skills.

* We find that a strong T2l model benefits from learning from images generated with a weaker T2l model,
suggesting potential weak-to-strong generalization.

SDXL SDXL+SELMA SDXL SDXL+SELMA
Attribute

Hudson river school ice cream landscape chocolate A man in a black suit surfing a large wave.
river ice cream mountains cotton candy trees.

Li, et al., “SELMA: Learning and Merging Skill-Specific Text-to-Image Experts with Auto-Generated Data"



I CTRL-Adapter: Efficient+Versatile Adaptation of Any Control to Any Diffusion

Video Control TR L.Adaptel'

An Efficient and Versatile Framework
for Adapting Diverse Controls to
Any Diffusion Model

‘
Multi-Condition Video Control | |
[ Depth ] [ Canny Edge [ Depth ] [ Canny Edge ]

( Input Condition + Prompt \

N\

CT1rL-Adapter A

J

= =) : .

Sparse Frame Video Control

Large

Image or Video

Diffusion Model
No

Condition

Condition-Controlled

W |
" J\ G J"L>

: Frozen

Image Control

@s : Trained

Lin et al., “Ctrl-Adapter: An Efficient and Versatile Framework for Adapting Diverse Controls to Any Diffusion Model"



I CTRL-Adapter: Efficient+Versatile Adaptation of Any Control to Any Diffusion

Ctrl-Adapter (colored orange)
enables to reuse pretrained
image ControlNets (colored
blue) for new image/video
diffusion models (colored

green)

The temporal convolution
and attention modules

effectively fuse the

ControlNet features to the
video backbone models for
better temporal consistency

Pretrained §

0
FXCXHXW

. ]
Pretrained Image ControlNet _mulacn 16
. Ctext Ci
Image/Video P T a P Ct XN
Diffusion Model Timestep Text Imagea v XN,
Encoder | || Encoder || Encoder zero convolution
2 Up/Down Sample
FXCXHXW 'Gf Sz 2DConv |
© o b T
Input Block A 3 ‘ Input Block A ’ s Z (agoiimeicibolml«+-¢
H1 X W1 (7] Hixwi @ 2D Conv
| [ :
Input Block B ‘ Input Block B > XN
H2 X W2 X3 H2 X W2 6 : = ( 3D Conv N
| I 5 = e ‘
c .
Input Block C ‘ Input Block C a5 Add Time & Norm t
H3xws @) Hexws @) g9 1 3D Conv |
Input Block D Input Block D » %N
He X wa @) <3 CTRL-Adapter Ha x wa @ 3 = 2
. l . f)w . ~j_§ e Ctext
Middle Block _ | _ Middle Middle Bloc% © = Cross Attention
Hs X Ws @ = ———— > Adapter | H5 X W5 a< : Cimg
[A 2 zero convolution Spatial Self-Attn
Output Block D Output “7%N, . -
-— < X
H4 X W4 RKE S ——— > Adapter D zero convolution X3 XN,
I A - FFN
Block IXN , 5 Ctext
Oult_lp>3ut>< \(/)VC3 c X3 e ——— Aé)a“;fe“rt o [ zero convolution | X3 é% Cross Attention _
img
[ Axn s Temporal Self-Attn
Ou,:%ug(Bl\j)V%k 8 L p———— Ac%u;t;:;tB <«—>———— zeroconvolution X3
[ " Output latents
Output Block A Output A : EXCXHXW
H1 X WA1 6 BEe—— Adapter A ] zero convolution X3
I
T e U EEE L RIS RRES
. { =——> Forward =—— —> Backward Timestep/Text/

¢y Trainable @  Frozen Image Conditions |

Lin et al., “Ctrl-Adapter: An Efficient and Versatile Framework for Adapting Diverse Controls to Any Diffusion Model" Arxiv 24.04



I Ctrl-Adapter: Matching SoTA Video/Image Control Methods in < 10 GPU hours

e Ctrl-Adapter matches the performance of pretrained ControlNets on COCO and achieves the state-of-
the-art on DAVIS 2017 with significantly low computation (< 10 GPU hours)

Video Control w/ Depth Map Image Control w/ Depth Map
E 4.5 1 I2VGen-XL + Ctrl-Adapter (Ours) 0.84 -
§ — Video Composer (| | e® * .
AT L [TEETEEET f Core Text2Video Zero i <
= 07 — - ControlVideo ‘Z’ 0.82 7
= — == Control-A-Video =
P o e ks it i i A n SDXL + Ctrl-Adapter (Ours)
S 3.5 7 0.80 A —ofe SDXL ControlNet
8— _________ - == SDXL + X-Adapter i
0 10 20 30 40 50 0 5 10 15 700
Training GPU hours Training GPU hours

Lin et al., “Ctrl-Adapter: An Efficient and Versatile Framework for Adapting Diverse Controls to Any Diffusion Model" Arxiv 24.04



I Ctrl-Adapter: Video / Image Control Examples

e Video and image control examples of Ctrl-Adapter with different types of conditions, such as depth,
canny edge, and user scribbles

“Cute fluffy corgi dog in
the city in anime style”

"A fish swimming"

“Darth Vader in a beautiful field of
flowers, colorful flowers everywhere,

"A car flies over a hill" e
perfect lighting

Lin et al., “Ctrl-Adapter: An Efficient and Versatile Framework for Adapting Diverse Controls to Any Diffusion Model"



I Ctrl-Adapter: Diverse control capabilities — Video Editing

Input Prompt (2) Generated (3) Generated
Frame Video
(Generated by SDXL + (Generated by I2VGen-

e Video editing can be achieved by Ctrl-Adapter) XL + Ctrl-Adapter)
combining image/video Ctrl-Adapters A camel with e

with user edited prompts rainbow fur
walking.

(1) Control Condition Extraction

A zebra
stripped
camel

walking.

A camel
walking, ink
sketch style.

A camel
walking, van
gogh-style.

F | AP | aF | Ar

Lin et al., “Ctrl-Adapter: An Efficient and Versatile Framework for Adapting Diverse Controls to Any Diffusion Model"



I Ctrl-Adapter: Diverse control capabilities — Text-Guided Motion Control

e Video style transfer can be achieved by combining Ctrl-Adapters with inpainting ControlNet

Initial Frame Object Input Prompt Generated Video
Masking (Generated by I2VGen-XL + Ctrl-
Adapter)

N i " A white and orange tabby alley cat is seen g ¥ I.
f : darting across a back street alley in a heavy rain, MY
looking for shelter. |i>

A white and orange tabby cat is darting through
a dense garden, as if chasing something

An elk with impressive antlers grazing on the

D snow-covered ground

Lin et al., “Ctrl-Adapter: An Efficient and Versatile Framework for Adapting Diverse Controls to Any Diffusion Model"



I Ctrl-Adapter: Diverse control capabilities — Video Style Transfer

e Video editing can be achieved by combining Ctrl-Adapters with shuffle ControlNet

Initial Frame Shuffled Input Prompt Generated Video

(Generated by 12VGen-XL + Ctrl-
Adapter)

A miniature Christmas village with snow-covered

houses, glowing windows, decorated trees,

festive snowmen, and tiny figurines in a quaint, I::>
holiday-themed diorama evoking a cozy,

celebratory winter atmosphere

Stop motion of a colorful paper flower blooming

Beautiful, snowy Tokyo city is bustling

Lin et al., “Ctrl-Adapter: An Efficient and Versatile Framework for Adapting Diverse Controls to Any Diffusion Model"



I Ctrl-Adapter: Combining Multiple ControlNets with MoE Router

e To achieve more accurate spatial control, we can easily combine
the control features of multiple ControlNets via Ctrl-Adapter

* We learn MoE router to learn weights to combine multiple

ControlNet outputs
ControlNets

%' Video UNet

CTRL-Adapter

Han* and Cho* et al., “Ctrl-Adapter: An Efficient and Versatile Framework for Adapting Diverse Controls to Any Diffusion Model" Arxiv 24.04



I Ctrl-Adapter: Combining Multiple ControlNets with MoE Router

|| ControlNet Patch Feature(s)

Learnable Query Feature

i w i ij . .
Wy Wos o Wy gy i e N ® We propose a light-weight Patch-level MoE
Linear & SM router to learn the WEIght? to combine the
S — output features from multiple ControlNets
Learnable Emb. N
(a) Unconditional Global Weights . )
R - FFN ® Patch-level MoE router is better than using
w1"J,w2"J, ,WN"J | ioh | . diti |
e equal weights / learning unconditiona
1% 1 1 X 1 Cross Attn weights
MLP 1 MLP N 7"}3 ﬁﬁﬁﬁﬁ
1xc () [J1xc Nxc(][(]J1xc
(b) Patch-Level MLP Weights  (c) Patch-Level Q-Former Weights
D+C D+P D+C+N+S D+C+N+S+Seg+L+P
FID () Flow Error () FID () FlowError(|) FID () Flow Error(]) | FID () Flow Error ({)
Baseline: Equal Weights 8.50 2.84 11.32 3.48 8.75 2.40 9.48 2.93
(a) Unconditional Global Weights ~ 9.14 2.89 10.98 3.32 8.39 2.36 8.18 2.48
Patch-level { (b) Patch-Level MLP Weights 8.40 2.34 9.37 3.17 7.87 2.11 8.26 2.00
MoE routers (c) Patch-Level Q-Former Weights 7.54 2.39 9.22 3.22 7.72 2.31 8.00 2.08

Han* and Cho* et al., “Ctrl-Adapter: An Efficient and Versatile Framework for Adapting Diverse Controls to Any Diffusion Model" Arxiv 24.04




Discussion and Collaboration based Mixture of Agents

» LLMs struggle with complex reasoning!
« Mixing multiple expert LLMs ‘interactively’ = improve reasoning of each!
» ReConcile: A discussion-based multi-agent mixture framework

ReConcile
(Group-Discuss-and-Convince)
« Key components: ' - Convincing Samples
- Multi-LLM discussion via explanati il ~ /Q(t @ )\\
) planations confidence (&) ls an ammonia fighting cleaner

good for pet owners?

« Multiple discussion rounds
 Correctively-convincing other agents
« Confidence-weighted voting

Human Explanation (Exp):
Ammonia is a component in pet
O urine. It has an unpleasant odor.

(o)
\Gold Answer: Yes }

Confidence Estimation
Yes, with 95% No, with 50% (40% no, 50% no, 95% yes)

confidence confidence

ChatGPT
@% Bard
Claude

ReConcile: Round-Table Conference Improves Reasoning via Consensus among Diverse LLMs, Justin Chih-Yao
Chen, Swarnadeep Saha, Mohit Bansal (ACL 2024)



ReConcile

expensive model
considered

» Discussion across 3 phases:
1. Inltlal reSpOnSG/eXplanathn Zero-shot CoT [& GPT-4 75.6+4.7 73.34+04  90.7+17  65.74+46  89.0+22

Method Category Method Agent StrategyQA  CSQA  GSM8S8K  AQuA Date

\{anilla Zero-shot CoT ChatGPT 67.3+36 66.0+18  73.7+31 447105  67.7+12
. . . Single-agent Zero-shot CoT 4, Bard 69.3+44  56.8+27 58.7+26 33.7+12 50.2+22
2 ] M u |t|- rou nd d ISCUSSION Zero-shot CoT @& Claude2 737431 66.7+21 793136 60.3+12  78.7+21
. . Advanced Self-Refine (SR) ChatGPT 66.7+27 68.1+18 743+25 453+22  66.3+21
3. Final answer generation Single-agent Self-Consistency (SC) @ ChatGPT 733121 709+13 80.7+12 54.0i20  69.0:os
SR +SC ChatGPT 72.2£19 71.9+21  81.3+17 583+37 68.7+12
e R ncile w/ PT4 out rforms it! Debate x3 66.7+31  627+12 83.0+22 653131 68.0+16
eCO € 0 G 0 pe O St Single-model Debate 4, %3 65.3+2s 663121 56312  29.3:42  46.0+22
Multi-agent Debate @ x3 71322 683+17 70.7+4s 627426 753133
° ReconC”e W/ G PT4 Outpe rfo rms |t by 1 Oo/o! Debate+Judge ® x3 69.7421 637425 743129 573421  67.7+05
Multi-model Multi-agent RECONCILE e, 0‘, A 79.0+1.6 74.7+04 853+22 66.0+0s 86.7+12
,”""—": ---------------- ; Son: : 9 Phase3:
i Pr?;?ff) 'Iz??gl)\se I Question: Is August a winter month for part of the world? J ( Final Answo: Generation] Re Concile - /0 G PT 4
N + -~ /—( Phase1: Initial Response Generation ) Round 0 I outperform S It[
( Confidence Estimation p(,-_l) [ Initial Iirompt ] [ Initial lz'ompt ]
/R A B N 2 W 2 S 2N .
L 95% — 08 Yes, parts of the world in | ,’Yes, in countries like ¥ f*’No, August is a summer | || WO 0= RS
V| 80% — 05 i Southern Hemisphere... J ! Australia... i | month... J l B —— Ans:Yes
X 70 — 03 1 lam 60% confident ... i lam 70% confident ~ § I\ I'am 70% confident ... \ yes no o
) \

/ 100

+

L\
m (—( Phase2: Multi-Round Discussi ) ¥ Round 1 l

;
:
i
1
1
1
i
:
:
'
:
:
i
] ( \
:
: o) o
. Weighted Vote
i ] D(l) D(l) D(1)
wes LU A I P , _ L P — + v Yesx0.5 Yesx0.5 Nox0.1
V| @ Yl @) el Y
+ ! I Yes, August in Southern i Yes, after reviewing, | 1 I'* No, in Northern > I —— Ans: Yes 50
e i i Hemisphere is actually... |  still think the answer... { |  Hemisphere... yes-no
Convincing Samples C;..; ! i lam 80% confident... 1 |am 80% confident ... { i |am 50% confident ... ~ J
! \
AN
;
:
.
i
'
1
|
|
i
|

Question: Can a prime
number be represented by the
number of days in a week?

2 [Round 2
. 7 o @ Round 2 Weighted Vote 0
Bl Tioeerders | | | g , _ A e » g S . _____________ Yesx08 Yesx1.0 Yesx0.3 \_StrategyQA CSQA GSM8K AQuA Date
i Yes, P;]u?ust isa vzir;]ter i Yes, | agree that August i ! "Yes, I think in Southern —— Ans: Yes
= 1+ month for part of the... | is a winter month... | Hemisphere... ’ H
e i lam 95% confident..  { !1am 100% confident ... J ! I'am 60% confident .. = m 0-shot CoT (ChatGPT) mReConcile  m 0-shot CoT (GPT4)
: \ \




Distill Multi-Agent Mixture+Interaction into Single Model

Strong performance boost but multiple LLMs across multiple rounds is

expensive!
Structured distillation from graph
4 levels

Improvements across StrategyQA,

CSQA, ARC, GSM8K, MATH

No Teacher
40 I I I

(o))
o

Best Single-Teacher (GPT-4)

u
(92}

MAGDi (Level 1)

Accuracy
Ul
o

m MAGDi (Level 2)

N
o

m MAGDi (Level 3)

m MAGDi (Level 4)

A football team
played 22 games.
They won 8 more

than they lost.

How many did

in?
(GOI:]eAyn;Vvlvr:e.r' 15) Mu|t| Round Multi-Agent
’ Teacher Discussion Interaction Graph (MAG)

* 0,00 I
Let L be the number MAGDI : ; . L+(L+8)=2
588 Hence they won L+8

of losses... so the
Q team won 14 games. @ >>> @ = 7+8 = 15 games.

Base Model +10.71% MAGDI-Augmented Model

Best tradeoff between performance and efficiency!

5e-3 H

Efficiency
&
w

-
¢
w

~
~
~
~
~
~
~
~
~
~
~

® ReConcile @ SiT-GPT4
MAGDi # Mistral-7b

~
~
~
~
~
~So
~

T
45

1 1 1 1 1
50 55 60 65 70 75
Accuracy

MAGDi: Structured Distillation of Multi-Agent Interaction Graphs Improves Reasoning in Smaller Language
Models, Justin Chih-Yao Chen*, Swarnadeep Saha*, Elias Stengel-Eskin Mohit Bansal (ICML 2024)



