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WA R 4R SciTab FidudE, A1 A Macro-F1
AT PRAL . TR S5 R INE 1 iR, [E5HEE
B2, HT AR S, FRATEERU 554
BAGERRZE A VS 100 MEAR Bt
GPT-40.

Model ‘ Claim Labeling Cell Selection

‘ Zero Few CoT ‘ Zero Few CoT
TAPAS-base 48.1 - -
TAPAS-large 51.6 - -
Llama3.18B | 532 595 624 | 23.6 223 226
Llama 3.1 70B | 75.2 75.0 739 | 31.8 288 36.8
Qwen 2.5 7B 66.3 681 679 | 20.7 16.6 17.0
Qwen2.572B | 835 847 815 | 328 46.7 50.8
GPT-4o | 884 87.0 88.0| 324 329 348

Table 1: #5574 £E FRATHCPE 4 L B9 Macro-F1 43 %4,
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Al Qwen 2.5 72B BUfS T 0] LB (44380 HED
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1M Qwen 2.5 72B M ZEFEAF] CoT 1 F1 {125
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MRS, 5AE—ZEIES (78.0 % F1)
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Model Table Exp. Table + Exp.
Llama 3.1 8B 532 569 63.0
Llama 3.1 70B  75.2 80.1 80.9
Qwen 2.5 7B 66.3 67.5 69.8
Qwen 2.5 72B 83.5 80.6 81.9
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W57 nT AR 2 AR SR AR 2 (S RFi R
) i SEIEMMEE. M2 T, 3
TCUEPRE RS T AR T, X AR
s S O P 3 X (N oy e
PR RERAVCHEL (EM) F1—Fulend g o, B
F1 78k 8|85 50.0 A E 1 .
LRGN E S e nER 3 . 3,
TR A 155 D02 T 45 BB A (C—C)o SR,
mFEH R, EA—RBAEX A LNk
50 % M4 ROMAESE R, H
t F1 184336 3 S0t 50.0 B0k BT AT
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Claim Cell L8B L70B Q7B Q72B GPT
Setting 1: Exact Match for Both Tasks
C C 0.0 0.0 0.0 46 0.0
C I 63.4 73.9 68.0 734 88.0
I C 0.0 0.0 0.0 00 0.0
I I 36.6 26.1 320 22.0 12.0
Setting 2: F1 >= 50 in Cell Selection
C C 10.5 26.1 4.3 44.1  30.0
C I 53.0 47.8  63.7 339 58.0
I C 5.6 10.5 2.7 89 70
I I 30.9 156 293 132 5.0

Table 3: 732411 (%) Eon T AR TNAT 55
5 RICIEE R 55 2 (B A et . C A1 T 43 3R
NIERFIES R, LA Q 40537 Llama Fl Qwen,
IXEELER H CoT #2718,

S5 IR . X B SN  RE RS 1T A T
FAHRRAS, (R E AT Z e SRR s 1
R/ NEIGHIC TR .

FERX I T AR, AT T LT AR
M Bk P B IR R GE R R BRE, FE ki
M1/ pving e i T e S T P PU R )
FAG-SCARSFF B AU AT 55 9T 5 AR
AN TR MGty s it dle , 310
VPRSI B SR (E T AR R BEoh, 3K
IR T > A v P B B Ik A AR 5
Bl 235, 3K AT PASCRe AR SR Bl e #y  T
i BATHIDFTLETRRN, A KGR
(LLMs) 2 HNIERR A Iees, HENHE
FICIRR Hh BR/ N SCRFUES , 28 T HERE
5B [ 220 . ISR T AR AR
IRAURAE LA, BT E 5 AT B
PR A — B A SR AT 55 1 E

7

BRI FATH TAEA LIRS B, R
W, AU 868 M H NI, AR
Pt b A 372 M, X AT RERC AT RISE
TSR ZE . R, Bk A %r
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U AT S G . =, BreE R
PIPE %% J7 VA il BEAN I8 A Ak PO J i) AR &5
H, X TR B N RS (R A T

8

E BRI 52 (9 5 ) FRAT AR 22 1 0]
1) SciTab Frfl Sty T AT B, %A
P d e R MIT ¥ UL A AT . AT E %
VFRALIE R 2R O M IR 113 45 T 38 4 )
h TP REGESE, AL NLP BF58 A A5

R TR FATRIEHEE T R IR
F, PABORAERR AR A — 2k . WM 22 1
Mo BRSO NSBURE B
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Claim Comparing POS and SEM tagging (Table 5), we note that higher layer repre-
sentations do not necessarily improve SEM tagging, while POS tagging does
not peak at layer 1. We noticed no improvements in both translation (+0.9
BLEU) and POS and SEM tagging (up to +0.6 % accuracy) when using fea-
tures extracted from an NMT model trained with residual connections (Table

5).
Label Refuted
Table Caption Table 5: POS and SEM tagging accuracy with features from different layers

of 4-layer Uni/Bidirectional/Residual NMT encoders, averaged over all non-
English target languages.
Table Uni | POS | @ 87.9 | 1 92.0 | 2 91.7 | 3 91.8 | 4 91.9

Uni | SEM | 81.8 | 87.8 | 87.4 | 87.6 | 88.2

Bi | POS | 87.9 | 93.3 | 92.9 | 93.2 | 92.8

Bi | SEM | 81.9 | 91.3 | 90.8 | 91.9 | 91.9

Res | POS | 87.9 | 92.5 | 91.9 | 92.0 | 92.4

Res | SEM | 81.9 | 88.2 | 87.5 | 87.6 | 88.5

Table 4: (i) FAXRFARBRII BT o SR SEHREEIF. BlW, “0 87.9 " HHRMEL G T 475K o FIfH
87.9 .,

Claim After removing the graph attention module, our model gives 24.9 BLEU
points.

Label Supported

Table Caption Table 9: Ablation study for modules used in the graph encoder and the LSTM
decoder

Table [BOLD] Model | B | C

DCGCN4 | 25.5 | 55.4

Encoder Modules | [EMPTY] | [EMPTY]

-Linear Combination | 23.7 | 53.2

-Global Node | 24.2 | 54.6

-Direction Aggregation | 24.6 | 54.6

-Graph Attention | 24.9 | 54.7

-Global Node & Linear Combination | 22.9 | 52.4
Decoder Modules | [EMPTY] | [EMPTY]

-Coverage Mechanism | 23.8 | 53.0

Table 5: (i) #igh L F SCESRAYR G, B I C 4353 BLEU Ml CHRF++, {HGEXTEIRAUM ] ARmilag
B PERT R . R RS R ARE SO IS B TR 3.
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Claim Table 4 lists the EM/F1 score of different models.

Label Supported

Table Caption Table 4: Exact match/F1-score on SQuad dataset. “# Params” : the parameter
number of Base. rnet*: results published by Wang et al. (2017).

Table Model | # Params | Base | +Elmo
rnetx | - | 71.1/79.5 | -/-

LSTM | 2.67M | [BOLD] 70.46/78.98 | 75.17/82.79

GRU | 2.31M | 70.41/ [BOLD] 79.15 | 75.81/83.12

ATR | 1.59M | 69.73/78.70 | 75.06/82.76

SRU | 2.44M | 69.27/78.41 | 74.56/82.50

LRN | 2.14M | 70.11/78.83 | [BOLD] 76.14/ [BOLD] 83.83

Table 6: (iii) FEAMIIEWIZEAAIRG. KIEWHUIGHR TFAS IR NE, ROITARE, AT
(EEBHEEC P S EE R

Claim [CONTINUE] RELIS significantly outperforms the other RL-based systems.

Label  Supported

Caption Table 3: Results of non-RL (top), cross-input (DeepTD) and input-specific (REAPER) RL ap-
proaches (middle) compared with RELIS.

Table  [EMPTY] | DUC’ @1 R1 | DUC’ @1 R2 | DUC’ @2 R1 | DUC’ @2 R2 | DUC’ @4 R1 | DUC’ 04 R2
ICSI | 33.31 | 7.33 | 35.04 | 8.51 | 37.31 | 9.36
PriorSum | 35.98 | 7.89 | 36.63 | 8.97 | 38.91 | 10.07
TCSum | <bold>36.45</bold> | 7.66 | 36.90 | 8.61 | 38.27 | 9.66
TCSum- | 33.45 | 6.07 | 34.02 | 7.39 | 35.66 | 8.66
SRSum | 36.04 | 8.44 | <bold>38.93</bold> | <bold>10.29</bold> | 39.29 | 10.70
DeepTD | 28.74 | 5.95 | 31.63 | 7.09 | 33.57 | 7.96
REAPER | 32.43 | 6.84 | 35.03 | 8.11 | 37.22 | 8.64
RELIS | 34.73 | <bold>8.66</bold> | 37.11 | 9.12 | <bold>39.34</bold> | <bold>10.73</bold>

Table 7:  (iv) FMIEZEFWGIF. FRAM N “BE” 5&, BeTizimme Oy, i, 2 A
NN B3 ARG RE S MG R . BT RG4S 2 [EMPTY] | DUC’ o1
<italic>R</italic>1 | DUC’ @1 <italic>R</italic>2 | DUC’ @2 <italic>R</italic>1 | DUC’ 02
<italic>R</italic>2 | DUC’ 04 <italic>R</italic>1 | DUC’ 04 <italic>R</italic>2,

Claim It closely matches the performance of ORACLE with only 0.40 % absolute difference.

Label Supported

Caption  Table 3: Accuracy of transferring between aspects. Models with use labeled data from source
aspects. Models with use human rationales on the target aspect.

Table Source | Target | Svm | Ra-Svm | Ra-Cnn | Trans | Ra-Trans | Ours | Oracle
Beer aromatpalate | Beer look | 74.41 | 74.83 | 74.94 | 72.75 | 76.41 | [BOLD] 79.53 | 80.29
Beer look+palate | Beer aroma | 68.57 | 69.23 | 67.55 | 69.92 | 76.45 | [BOLD] 77.94 | 78.11
Beer look+aroma | Beer palate | 63.88 | 67.82 | 65.72 | 74.66 | 73.4 | [BOLD] 75.24 | 75.5

Table 8: (v) AHHiYEHARHB. I “B” FERILARI.
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