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Experts for Large Vision-Language Model
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Codes will be released in https://github.com/longrongyang/STGC
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“ ' Mixture-of-Experts (MoE)

* The MoE system replaces the FFN layer in LLM with multiple experts
* The router predicts the probability of each token dispatched to different experts.
Tokens are then dispatched to the experts with the Top-k predicted probability
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f The routing of tokens 5

* A critical goal of token routing is to reduce interference between diverse data
* How to define conflicting tokens?
» Related LoORA-MOoE studies: Sample-level instruction features or embeddings
* These techniques suffer from optimization interference risk and token-level interference within a sample
* This study models data interference through the lens of token-level gradients
* How to solve conflicting tokens?
*  We propose the STGC: A novel loss to move conflicting tokens to other experts to reduce conflicts
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of tokens within an expert before and after using STGC




& ' Eliminate conflicts
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» The goal is to reduce the interference between different data: Use token-level gradients to depict the

relationships (conflict or no conflict) between data within an expert.

(a) Conflicting Token Identification
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Encourage the decrease of scores

* Use the token-level gradients within each expert to identify "conflicting tokens"

* (Conflict elimination loss

* Add anovel loss to optimize token routing, and move the "conflicting tokens" from their current experts
to other experts for processing
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\ ' STGC as a plug-in

Method | LLM Act.|VQA" GQA VisWiz SQA' VQAT POPE MME MMB MM-Vet| Avg
MoE-LLaVA-4Topl [S-1.6B 1.6B| 74.5" 58.6 257 55.8 45.0 85.2 12453 56.2 27.2 |53.5
+STGC S-1.6B 1.6B| 749" 594* 274 575 465 858 12768 56.8 28.5 |54.6
MoE-LLaVA-4Top2 |S-1.6B 2.0B| 76.7* 60.3* 362 62.6 50.1 85.7 13182 60.2 269 |57.3
+STGC S-1.6B 2.0B| 76.9* 609" 377 62.6 50.7 859 13551 60.7 282 |58.0
MoE-LLaVA-4Top2 |P-2.7B 3.6B| 77.6" 61.4* 439 68.5 514 86.3 1423.0 652 343 |61.1
+STGC P-2.7B 3.6B| 78.0" 62.1* 472 68.1 523 86.9 14292 66.7 33.3 |61.8
MoE-LLaVA—4Top2'r P-2.7B 3.6B| 79.9" 62.6® 43,7 703 57.0 85.7 14313 68.0 359 |62.9
+STGC P-2.7B 3.6B| 80.3* 63.2* 451 703 574 86.1 14476 69.7 35.7 |63.5

Method | LLM Act.|VQA GQA VisWiz SQA' VQAT POPE MME MMB MM-Vet AI2D ChartQA DocVQA | Avg

Dense Model

LLaVA-1.5 | -13B 13B| 80.0* 63.3* 536 716 613 859 15313 67.7 354 496 181 240 |555

Sparse Model

MoE-LLaVA S-1.6B 2.0B| 76.7* 603* 362 62.6 50.1 857 13182 602 269 488 153 184 [49.2

MoE-LLaVA P-2.7B 3.6B| 77.6* 61.4* 439 685 514 863 14230 652 343 588 19.9 215 |[535

DYNMOE-LLaVA | P-2.7B 34B| 77.9* 61.6* 451 680 51.8 86.0 1429.6 66.6 33.6 - - - -
MoE-LLaVA ' P-27B 3.6B| 79.9* 62.6" 437 70.3 57.0 857 14313 68.0 359 595 15.4 256 |54.9

Our Method |P-2.7B 3.6B| 80.0* 63.0¥ 48.6 709 588 865 1481.7 71.0 407 645 447 42.1 |61.0

e As aplug-in, STGC consistently brings reliable model performance improvements
* During inference, activating 3.6B parameters performs better than a dense model activating 13B parameters




ICLR

“{ Scalability

Method |LLM Data [VQA" GQA VisWiz SQA' VQAT POPE MME MMB MM-Vet| Avg
MoE-LLaVA-4Top2T|P-2.7B 665K|79.9* 62.6* 437 70.3 57.0 85.7 1431.3 68.0 35.9 ‘62.9

+STGC P-27B 665K | 80.3* 63.2* 45.1 703 574 86.1 14476 69.7 35.7 |63.5  More Training

Data
MoE-LLaVA-4Top2T P-2.7B 1021K| 79.7* 63.0* 427 71.1 569 84.3 14399 704 42.2 |63.8
+STGC P-2.7B 1021K| 80.0" 63.0" 48.6 70.9 58.8 86.5 1481.7 71.0 40.7 |(64.9
| COLA MRPC QNLI MNLI RTE Avg
MoE-8Top2 (Guo et al., 2024) 64.5 90.2 92.4 86.7 749 81.7 Lanouase
DYNMOE (Guo et al., 2024) 65.2 90.6 92.6 86.4 734 81.6 Tagsl Sg
k

MOoE-8Top2* 64.5 90.0 93.4 869 729 815
+STGC 66.8 91.2 93.8 87.6 747 828

* The larger the training data size, the more significant the performance gain brought by STGC
* STGC can bring more obvious performance gains on large language models




