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to generalize the stance features to the unseen targets

context-aware: Stance Contrastive Learning strategy, which effectively improves the
quality of stance features by leveraging the similarity of training instances in a stance class
while pushing away instances from other stance classes.

target-aware: Target-Aware Prototypical Graph Contrastive Learning.Specifically, a
novel edge-oriented graph contrastive loss is deployed to make the graph structures
similar for similar target-based representations, and different for dissimilar ones.
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Figure 1: The architecture of our Joint CL framework.
&> 1s vector concatenation. In the graphs, the gray el-
lipses denote prototypes, others denote hidden vectors.
Vectors with the same color hold the same stance.
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Figure 1: The architecture of our Joint CL framework.

& is vector concatenation. In the graphs, the gray el-

lipses denote prototypes, others denote hidden vectors.
Vectors with the same color hold the same stance.
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Dataset | Target | Favor Against Neutral Unrelated
DT 148 299 260 -
HC 163 565 25 -
Train  Dev  Test 5

FM 268 511 170 -

# Examples 13477 2062 3006 SEMIOG | [ | 167 544 222 ]

. % Unique Comments | 1845 682 = 786 A | 124 464 145 -

# Zero-shot Topics 4003 383 600 CC' | 335 26 203 -
# Few-shot Topics 638 114 159 CA | 2469 518 5520 3115
CE 773 253 947 554
Table 1: Statistics of VAST dataset. Wr-wr| AC | 970 1969 3098 5007
AH | 1038 1106 2804 2949

Table 2: Statistics of SEM16 and WT-WT datasets.
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Experiments

Model VAST (%) SEM16 (%) WT-WT (%)

Pro Con Neu All | DT HC FM LA A CC | CA CE AC AH
BiCond 44.6% 4747 3497 42871305 32.7F 40.6"0 3447 31.07 15.07 [ 56.5F 52.5F 64.9% 63.0°F
CrossNet 46.2° 434% 404" 434% | 356 383 417 385 397 228 [59.1% 545% 65.1° 62.3°
SiamNet 475 433 39.6 435|369 375 443 416 412 256 | 583" 544% 687 617
SEKT 5047 442" 308" 418" | - - - - - - - - - -
TPDG 537 49.6 523 519 | 473 509 53.6 465 487 323 |66.8° 656 742" 73.1°
TOAD 426 367 43.8 41.0 |49.5% 51.2% 54.1% 46.2% 46.1F 309 | 553 577 58.6 61.7
"BERT | 54.67 58.4% 8537 66.1% | 40.17 49.6% 419" 448} 552% 3737 ]56.0° 60.5° 67.1" 67.3°
TGA Net 55.4% 585° 858" 66.6° | 40.7 493 46.6 452 527 366 | 657 635 699 687
BERT-GCN 5837 60.6" 869" 6867 | 423 500 443 442 536 355|678 64.1 707 692
CKE-Net 61.27 61.27 88.01 7027 | - : 2 : 5 & % & 2 A
JointCL (ours) | 64.9* 63.2* 88.9* 72.3* | 50.5* 54.8° 53.8 49.5% 545 39.7° | 724" 702" 76.0* 75.2*

Table 3: Experimental results on three ZSSD datasets. The results with f are retrieved from (Allaway and McKeown,
2020), t from (Liu et al., 2021), I from (Allaway et al., 2021), § from (Conforti et al., 2020), and b from (Liang et al.,
2021a). Best scores are in bold. Results with * denote the significance tests of our JointCL over the baseline
models at p—value < 0.05.
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Mcdal VAST (%) SEM16 (%) WT-WT (%)
Pro Con Neu All | DL HC FM LA A CC|CA CE AC AH
JointCL (ours) | 64.9 63.2 889 723 505 548 538 495 545 39.7 | 724 70.2 76.0 752
W0 Lstance | 61.6 607 872 698 | 462 514 512 453 525 363|694 678 721 714
w/o Lyrapn 625 62.1 878 70.7| 488 527 51.5 482 532 38.1| 70.5 683 747 73.6
“wlo graph™ 60.8° 623 8777 703|465 503 497 456 523 374698 687 732 TIT
w/o cluster 59.6 622 868 69.5| 474 531 523 48.6 537 388|709 692 749 726
w/o edge 633 625 884 714|492 534 531 489 535 392|712 695 752 742

Table 4: Experimental results of ablation study.
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Model Pro Con Neu All

725 51.0 74.0 BiCond 454 463 259 39.2

128 505 . 735 Cross—Net 508 505 410 474
ol /-”“”"‘\ osekr | 510 479 215 474

s 495 725 BERT 544 597 79.6 646

= 700 49.0 / 2.0 TGA Net 589 595 805 663

69.5 48.5 715 BERT-GCN 628 634 83.0 69.7

69.09 15 700 206300 300500 480 T 5 10 15 20 35 36 /10T 5 10 15 20 5 0 CKE-Net 644 622 B35 70.1

@f_’s k k JointCL (ours) | 632 667 84.6 715

(a) VAST (b) SEM16 (c) WI-WT

’ _ ‘ Table 5: Experimental results of few-shot condition.
Figure 2: Experimental results of different values of £. Results of baselines are retrieved from (Liu et al., 2021).
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Model HC—DT DT—HC FM—LA LA—FM

I i % '-t';‘ 20 l &tl\ :?;!;“E?‘-‘. .
BiCond 29,7 35.8 45.0 41.6 0 S e " :

CrossNet 43.1 362 454 433 : ‘ #@& g{%
BERT 436 365 479 339 ,%aﬂ'? BT - .

SEKT 477 420 536 513 - 0 m
TPDG 50.4 IR 58.3 54.1 i T ISR\ | R ... S
JointCL (ours)| 528 543 588 545 ) (a) BERT-GCN (b) JointCL
. 'f
Table 6: Experimental results of cross-target condition. Figure 3: Visualization of intermediate embeddings.
“HC—DT” denotes training on HC and testing on DT, Red dots denote Pro examples, green dots denote C'on
etc. Results of baselines are retrieved from (Liang et al., examples, and blue dots denote Neutral examples.

2021a).
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