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Fig. 2. Graph Router MoE (left) and DSD (right). We store the model final output image features in the image feature memory, and the routing features
(note they are different from the routing scores) in the routing feature memory. We then assign pseudo-labels to target domain samples in both spaces, and
those with inconsistent pseudo-labels are clustered to obtain unknown class centers. Finally, we conduct contrastive learning on all samples and update both
memory banks.

» Routing Feature: utilize the routing feature in MoE, which has not been explored previously to the best of our
knowledge.

> Dual-Space Strategy: a novel thresholdfree OSDA approach, to identify unknown class samples in the target
domain, by exploiting the inconsistencies between the image feature space and the routing feature space in MoE.

» Graph Router for MoE: Graph Router, which uses a graph neural network as the MoE router to make better use
of the spatial information in images.
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1, Graph Router MoE
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The router maps samples into a routing feature space, which provides important information for identifying the unknown samples.
use a graph neural network as the router to enhance the model’s ability to utilizing spatial information.
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which 1s normalized by Norm(-) to
obtain per patch routing features.
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1, Graph Router MoE
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Fig. 3. Overview of the Graph Router. (Left) The conversion from the
embeddings to the graph. Each patch embedding serves as a node. The edges
are formed by connecting adjacent patches of the original image and linking
every patch to the class token. (Right) The graph is input into the Graph
Router. The routing features are extracted from the GAT layer, and the routing
scores are obtained from the FC layer. ‘Norm’ denotes the normalization
operation.
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N

GRMoE(z Z TOPk {Softmax(GR(x))} - EXP;(x),

GR(z) = FC(Norm(GAT(G(x)))),

The graph is then input into the
Graph Attention Layer GAT("),
which is normalized by Norm(-) to
obtain per patch routing features.

G(x) = (Vz, &)

The node set Vx is the collection of the embeddings and the class token. The
edge set Ex is formed by connecting adjacent patches of the original image and

linking every patch to the class token.
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2. Known Class Prototypes
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For source domain samples Ds from known classes Cs, since their labels are available, the class prototypes are
obtained by feeding the source samples into the model and aggregating the final image features as well as the
routing features from the router.

where Ry and F, denote class k’s routing features and image features, respectively.
3. Momentum Memory

We introduce a momentum memory for both the image feature space and the routing feature space to stabilize the
learning. In each iteration, the encoded feature vectors in each mini-batch are used to update the momentum memory.

cZ(—mcE—l—(l—m)-l ; ; ;
Kl rieBy r; +— mr; + (1 — m)r;,
f

1
Ck <—mC£+(1—m)'|B—£| 2. fi fi < mfi+(1—-m)f;.
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4, Unknown Class Prototypes

, we first obtain its image features and routing features  from the memory banks, and

For an unlabeled target sample
then compute the corresponding cosine distance d(-, -) to each known class prototype.
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5. Loss

where Lcon is the contrastive loss which drives each sample closer to the prototype of its most similar class and
further away from the prototypes of the others, L;,. a regularization term to encourage balanced use of experts in

MoE , and y a hyper-parameter.

L= E'con v 'Yﬁblca
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I Experiments

> Datasets
1. Office31: which contains 4,652 images from 31 classes in three different domains: Amazon, Webcam, and DSLR

2. OfficeHome: which contains 15,500 images from 65 classes in four different domains: Art, Clipart, Product, and

Real-World.
3. VisDA: which contains over 200,000 images from 12 classes in different domains.
1C,|/|yun| class split was 10/11 on Office31, 25/40 on OfficeHome, and 6/6 on VisDA, following previous studies

> Evaluation metric

HOS: which calculates the harmonic mean (YAFIMY:II{E) of the average accuracies of known classes (OS*) and the
accuracy of unknown class (UNK):

2058* x UNK

HOS =
OS* 4+ UNK




I Experiments

TABLE 1

RESULTS (%) ON OFFICE31. BEST AVERAGE HOS IN BOLD AND SECOND BEST WITH AN UNDERLINE.

Approach Amazon—DSLR Amazon— Webcam DSLR—Amazon DSLR— Webcam ‘Webcam—Amazon Webcam—DSLR Avg
08* UNK HOS | O8¥ UNK HOS | O8f UNK HOS O5* UNK HOS | O8¥ UNK HOS OSs* UNK HOS | O5¥ UNK HOS
OSBP 89.7 66.3 76.2 80.1 66.2 759 | 621 8.8 69.4 79.8 86.2 829 769 669 1.6 93.6 TI1 846 | Bl9 Tie T6.8
S5TA 97.3 75.4 85.0 99.0 717 832 | 915 70.7 79.7 99.7 61.0 757 | 934 654 T1.0 100.0 554 71.3 | 96.8 666 8.7
ROS 60.5 86.3 75.1 384 717 500 | 663 79.8 724 87.9 82.2 90.0 | 665 87.0 154 95.1 .7 855 | 70.1 80.8 4.7
PGL 80.1 65.1 71.8 90.1 68.3 71.7 62.0 58.0 60.0 87.1 65.3 74.6 69.6 59.2 64.0 713 61.8 68.7 71.7 63.0 69.5
DCC 98.7 80.8 94.0 03.9 02.8 933 | 945 75.2 83.8 1000 928 963 | 95.2 812 87.6 100.0 89.2 94.3 | 97.1 86.8 91.6
DANCE 84.1 331 47.5 o91.5 55.4 69.0 | 67.5 63.6 65.5 97.9 55.0 704 | 920 474 62.5 100.0  48.0 649 | 88.8 504 63.3
OVANet 92.3 89.7 91.0 91.6 91.8 91.7 51.7 99.3 68.0 96.9 100.0 984 86.1 96.3 90.9 100.0 852 92.0 | 864 937 88.7
GATET - - 88.4 - - 86.5 - - 842 - - 95.0 - - 86.1 - - 96.7 - - 89.5
UADAL 81.2 88.6 84.7 84.3 96.7 90.1 72.6 90.0 80.4 1000 925 96.1 72.8 924 81.4 100.0  98.0 99.0 | 852 930 88.6
ANNA 940 734 82.4 94.6 1.5 81.5 137 82.1 111 99.5 97.0 98.2 737 826 119 1000 89.9 947 | 89.3 82,8 85.4
GLC 85.3 90.6 87.9 86.8 93.1 89.8 | 92.3 98.0 95.1 94.0 96.4 95.2 | 91.9 979 94.8 98.7 96.9 97.8 | 91.5 95.5 93.4
DSD (Ours) | 96.9 913 94.0 91.2 94.4 92.8 91.5 97.0 94.1 97.9 91.9 94.8 93.4 95.3 94.4 99.1 91.3 95.0 | 95.0 93.5 94.2

1 Cited from [42].
TABLE I

RESULTS (%) ON OFFICEHOME. ‘THRESHOLD-FREE” MEANS NO THRESHOLD IS REQUIRED. BEST AVERAGE HOS IN BOLD AND SECOND BEST WITH

AN UNDERLINE.

Approach Threshold-Free Art—Clipart Art—Product Art—Real-World Clipart—Art Clipart—Product Clipart—Real-World
0OS* UNK HOS | OS* UNK HOS | O8* UNK HOS | 08+ UNK HOS | 0OS* UNK HOS | 05+ UNK HOS
OSBP X 46.8 772 583 | 553 720 62.6 | 75.8 556 642 | 526 618 56.8 | 392 471 525 | 67.7 635 63.5
STA 4 60.0 56.2 58.0 | 831 471 60.1 90.6 49.2 63.8 | 689 63.0 658 | T45 494 594 | 7.7 514 61.9
ROS X 48.7 73.0 584 | 641  66.0 65.0 | 73.8  62.6 67.7 | 526 644 579 | 598 539 56.7 | 582  T6.0 66.0
PGL X 63.8 51.3 56.9 80.2 58.4 67.6 88.7 63.4 739 T1.0 59.0 64.4 741 56.4 64.1 81.4 59.5 68.8
DCC v 56.7 69.3 62.3 789 672 72.6 82.2 66.8 73.7 54.1 56.1 55.1 67.8 73.9 T0.7 82.7 76.6 79.5
DANCE X 44.7 651 53.0 | 60.3 60.0 60.1 80.7 689 743 | 456 747 56.6 | 645 687 66.5 | 39.7  86.7 54.4
OVANet v 42.6 814 559 | 723 635.6 68.8 | 86.1 64.1 735 | 487 834 61.5 | 63.1 73.9 68.1 70.1 78.1 73.9
GATET v - - 63.8 - - 70.5 - - T5.8 - - 66.4 - - 679 - - 7.7
UADAL X 42.6 71.3 534 | 68.6 74.6 115 85.7 73.2 78.9 52.1 82.5 63.9 599 748 66.5 65.4 83.7 734
ANNA X 585 723 647 | 67.6 708 69.2 | 727 U153 740 | 489 825 614 | 61.7 699 656 | 684 To4 72.2
GLC X 62.6 693 658 | 75.6 736 746 | 814  80.2 80.8 | 714 344 464 | TT9 T62 77.0 | 82.1 82.2 82.1
DSD (Ours) v 49.5 78.1 60.6 63.6 8.7 703 823 75.6 T8.8 654 694 67.3 62.5 82.6 71.2 T1.8 79.9 75.6
Approach Product—Art Product—Clipart Product—Real-World Real-World—Art Real-World—Clipart Real-World—Product Avg
OS* UNK HOS | 0s* UNK HOS | Os* UNK HOS | O8* UNK HOS | 08* UNK HOS | 0S* UNK HOS | Os* UNK HOS
OSBP 532 645 58.3 49.6 45.2 473 63.3 70.1 666 | 65.8 43.1 52.1 59.2 34.1 432 803 51.8 63.0 60.7 572 57.5
STA 702 623 66.0 513 54.8 56.0 86.2 5.7 69.2 T1.9 534 63.4 595 434 50.2 86.3 41.1 55.7 744 524 60.8
ROS 48.5 639 55.1 443 735 553 | 663 833 73.8 | 68.1 59.9 63.7 | 485 719 579 | 713 46.2 56.1 58.7  66.2 61.1
PGL 72.0  60.6 658 | 63.2 523 57.2 | 825 603 69.7 | 7T3.7 592 65.7 | 63.0 510 564 | 836 601 699 | 748 576 65.0
DCC 55.1  78.6 64.8 | 51.7 731 606 | 76.6 739 752 | 755 559 642 | 574 650 609 | 792 740 76.5 | 682 69.2 68.0
DANCE 59.7 54.0 56.7 513 63.4 56.7 748  66.1 70.1 124 30.0 415 64.8 30.9 41.8 81.1 43.7 56.8 61.6 59.4 575
OVANet 50.1 84.8 63.0 | 373 835 51,6 | 774 748 76.1 723 69.0 706 | 465  T70.7 56.1 825  56.1 66.8 | 624 738 65.5
GATET - - 67.3 - - 61.5 - - 76.0 - - 70.4 - - 61.8 - - 75.1 - - 69.0
UADAL 59.6 81.3 68.8 325 75.1 453 79.4 78.8 79.1 73.6 70.7 722 38.3 73.9 50.5 80.8 70.8 755 61.5 75.9 66.6
ANNA 32,0 80.9 033 Sl 19.6 622 61,8 19.6 732 8.8 83.5 69.0 6.1 157 044 73.0 85.6 J8.8 614 117 68.2
GLC 61.5  84.5 71.2 | 485 91.6 63.4 | 75.1 78.2 76.6 | 75.9 354 48.2 | 36.1  90.2 51.6 | 834 81.2 823 | 693 73.1 68.3
DSD (Ours) 61.5  82.1 703 | 425 838 564 | 18.8 76.0 777 | 130 T1.2 725 | 47.0  80.1 59.3 | 76.1 79.8 779 | 646  T78.2 69.8
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Fig. 4. Hyper-parameters analysis on Office3]1 and Art—Product,

Clipart— Real-World, Product—-Clipart and Real-World— Art on OfficeHome.
(a) N, the total number of experts; (b) K, the number of experts selected

during each routing step; (c) m in Eq. (8); and, (d) ~.

N:

the total number of experts.

K: the number of experts selected during

each routing step.

m: momentum update.

v: loss function.
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TABLE IV
COMPARISON OF DIFFERENT ROUTERS’ HOS (%) ON THE THREE
DATASETS.
Router Office31 OfficeHome VisDA
Cosine Router 93.2 673 724
Graph Router (MHSA) 76.9 60.7 67.5
Graph Router (GCN) 92.1 67.6 74.4
Graph Router (Ours) 94.2 69.8 5.5

replace the GAT in Graph Router with MHSA and graph convolution layer (GCN)

TABLE V
HOS (%) ON OFFICE3 1, OFFICEHOME, AND VISDA WITH DIFFERENT
MOE SETTINGS.

Setting Office31 OfficeHome VisDA
Last Layer 92.7 68.6 69.3
9-th Routing 84.3 61.8 62.6
Our Setting 94.2 69.8 75.5

the 9-th and 11-th layers of the original 12 layers Deit-S were replaced by
GRMOoE layers, and the routing feature space was obtained from the 11-th layer’s
router output. including Last Layer (only replacing the 12-th layer of Deit-S by
GRMOoE) and 9-th Routing (the output of the 9-th GRMOoE layer as the routing
feature space).
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Fig. 6. Visualization of the experts choice by Cosine Router and Graph Router on OfficeHome. Left: samples from the source domain (Real-World); Right: B ) * Unknown Centers .
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(bottom) on Office31.
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[1]JRen Y, Ruan Y, Tan X, et al. Fastspeech: Fast, robust and controllable text to speech[J]. Advances in neural information processing systems, 2019, 32.




BanEEIREI (Automatic Speech Recognition, ASR) AUZOEiILHEE “IFE" AXKEZHEKANS, HL

I REAN R RELR R

Multitask training data (680k hours)
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No speech
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[1]https://openai.com/zh-Hans-CN/index/whisper/
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