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Analysis on Token Routing

« In this paper, we propose the Mixture of Diverse Size Experts (MoDSE), » The ratio between the largest and the smallest number of tokens routed to the ex- * Evaluations & Decoding Efficiency:
a new MoE architecture with layers designed to have experts of different perts in the baseline model ranges from 1.2 to 3.0. The statistics for the MoDSE Benchmark MoE MoDSE! MoE MoDSE
sizes. Our analysis of difficult token generation tasks shows that experts of setting show a non-uniform distribution, with ratios larger than 3.0 appearing, partic- AGIEval [Acc., 5 shots, 615] | 26.2 28.1 485 59s
various sizes achieve better predictions, and the routing path of the experts ularly in the first 2 layers of the model and for the experts with the second largest MMLU [Acc., 5 shots, 2341] | 26.5 29.9  3min 265 3min 27s
tends to be stable after a training period. probability. INTENT [Acc., 5 shots, 741]  13.6 16,5 | 1min31s 1min 34s
- To tackle the uneven workload distribution from diverse sizes experts, we in- - But in the last epoch, only one ratio remains larger than 3.0, with the others ranging GSMB8K [EM, 8 shots, 100] | 5.9 7.7 | 20min 26s 20min 43s
troduce an expert-pair allocation strategy to distribute the workload across from 1.5 to 3.0, indicating that the token distribution among experts becomes more LAMBADA [EM, 5 shots, 100] 36.8 38.9 | 40min44s 40min48
multiple GPUs evenly. balanced by the end of the training. MATH [EM, 5 shots, 100] 0.8 2.6 21min21s 21min 34s
TriviaQA [EM, 5 shots, 100] 5.2 8.3 |46min 53s 48min 55s
« Comprehensive evaluations across multiple benchmarks demonstrate the ef-  As shown in Figure 2(c, d), it is notable that the experts chosen by the most tokens PIQA [EM, 5 shots, 100] | 53.1 57.6 | 44min56s 43min34s
fectiveness of MoDSE, as it outperforms existing MoEs by allocating the are not always the ones with larger sizes. Conversely, experts with larger sizes can SIQA [EM, 5 shots, 100] | 42.9 60.9 2min35s 2min36s
parameter budget to experts adaptively while maintaining the same total sometimes be the least visited by the tokens.
parameter size and inference speed. The second and third columns compare the MoE baseline and MoDSE on a

size of 7T00M x 8. With the same amount of parameters, MoDSE achieves

le8 (a) 1e8 (b)
better performance than the baseline.
4001 400 The fourth and fifth columns show the inference duration of the baseline and

MoDSE models on downstream tasks.
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We denote the designed Diverse Size Experts as {Fi(-),- -, En(-)}, and
the dimension of the hidden layer for E;(-) is h;, h is the dimension of the 3751 751 Train Loss on 300M x 8 Val. Loss on 300M x 8
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hidden layer in conventional MoE structure. B e . e o T eber
To maintain the overall parameter size, the experts are grouped into pairs 1o 18 . 1o 18 = iy = Bespiine 2.58 i et e
(ir,47), where k € 1---n indicates the pair of the experts. The average g 6 g 2o —_
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value of h; within each pair equals A, with one expert being larger than the 3 205 % 5051 . © .40
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average size and the other smaller. Typically, the number of experts is even, 3 5 g -
ensuring the experts can be grouped into pairs, thus the total parameter size 2T TTTTRe— 2224
of the MoDSE model matches that of the vanilla MoE model. 0 130 300 430 600 730 900 15 30 45 60 75 90
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1=1 Fig. 2: The number of tokens routed to each expert. The bar is the sum of the number across the layers. 8 5 85 |
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1.6 0.36 337 Fig. 3: Training and validation loss curves, with cross-entropy loss values indicated on the curves.
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Table 3. Average CE loss reduction across different intervals. The higher the initial CE loss, the more
T significant the improvement demonstrated by the MoDSE model. The avg. loss red. stands for the EVEoM® 208 271 324 127 206 85 93 190
_ average CE loss decrease from baseline to MoDSE. 500
GPU node 2 layer2 sl 239 117 166 88 12 O
| .
Gating EWIERE 164 140 249 130 68 351 202 200
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& Network Difficult Tokens Routing Distribution

EYECE 211 161 150 378 87 331 144 42
E:] o | - o EWSEM 202 348 312 209 227 0 160 46 300
* To identify which experts handle the difficult tokens, further analysis is conducted on

the 180 tokens with a CE loss greater than 2.0 in the baseline setting. ayert Jeel 72 HE8 58 B

Fig. 1: Overview of a MoDSE layer with different sizes of experts. 200
_ _  For these difficult tokens, as shown in Figure 4, more tokens choose the larger ex- EeAakly 100 [ 206 |26 192 176 44 39
* Load Balance Consideration: perts, while fewer tokens select the smaller experts. This phenomenon is even more SYECE 216 229 331 246 100 264 48 70 100
In MoDSE, experts with hidden layer sizes larger than the average have a pronounced when only considering the top one expert. More than twice as many - B .- s 170 109 106
higher workload due to increased parameters, both during training and in- tokens (6215) chose the larger experts compared to the smaller ones (3085). 0
ference phrases. To address this load imbalance problem, we propose the _ o , o , n o o o o 9 o
 This result indicates that the larger experts, with capabilities to handle tokens with T ¥ om o oa ha ~N = ©

expert-pair allocation strategy, which places each pair of experts on the
same GPU and ensures that each GPU contains an equal number of param-
eters.

more difficult prediction tasks, are more frequently chosen by tokens facing more

. : Fig. 4: The top one expert choice of difficult tokens across eight layers. More tokens are routed to
challenging next-token generation tasks.

laraer experts. distributed on the left half of the heat manb.



