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On 28 June 2000, the Commission adopted

the decision on State aid granted by the &
Federal Republic of Germany to the
applicant, Preussag Stahl and the group’s - )= N

steel-industry subsidiaries, now known as
Salzgitter AG — Stahl und Technologie
(SAG) (0J 2000 L 323, p. 5, ‘the contested
decision’). Under that decision, the special
depreciation allowances and tax-free
reserves pursuant to Paragraph 3 of the
ZRFG, of which SAG had been the recipient
in respect of eligible bases of DEM 484
million and DEM 367 million respectively,
were found to be State aid incompatible with
the common market. By Articles 2 and 3 of
the contested decision, the Commission
ordered the Federal Republic of Germany to
recover that aid from the recipient and
requested it to state the specific conditions
for its recovery.

The special depreciation allowances and tax-free sETR
reserves pursuant to Paragraph 3 of the ZRFG are -
incompatible with the common market
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% 1: Few-shot )2 If Fine-tuning TOHKETNVDRA AT %/RT. G, G-N, XU G-N-E l&, ZHNZ 1 Graph,
Graphé&Node, M Uf GraphsNode&sEdge ZEBET 5. Topl & Topl0 1%, ERKEERD BN 12 AL 10 T

DEMIR TS 7 EBERTH 5.

7' 7 Gk r 57 BB
EFN G G-N G-N-E Topl Topl0 ¥ HELOBRME B 9% - FRoOEW
Few-shot f& 5%
CodeLlama 7B 12.88  9.10 3.70 16.78  85.22 48.94 5.17 10.11 1.24
CodeLlama 7Bit. 15.67 11.78 6.07 37.65 89.39 55.10 8.01 11.00 1.29
CodelLlama 13B 15.33  10.90 5.23 17.30  85.04 51.46 7.34 11.89 2.38
CodeLlama 13Bit. 16.37 12.35 6.47 33.39 88.70 55.00 8.54 10.76 2.21
Llama3.1 8B 26.10 20.32 11.18  30.00 83.22 64.06 14.21 16.85 2.84
Llama3.1 8B it. 2447 1791 10.32  24.00 84.00 62.96 13.95 16.22 2.21
Llama3.2 3B 2220 17.06 8.65 27.13  80.52 57.35 11.18 12.24 2.28
Llama3.2 3B it. 25.64 19.80 11.38  56.26  92.09 54.11 14.51 10.93 2.78
Gemma?2 9B 1535 11.28 5.28 35.30  93.30 54.88 7.03 9.18 2.56
Gemma?2 9B it. 2722 2244 12.64  70.70 94.17 73.27 15.16 17.21 1.82
GPT-3.5-Turbo 26.66 22.28 13.51 9426  100.0 73.02 16.18 13.81 3.88
GPT-4 3346 28.70 1996 99.13 100.0 75.31 23.24 21.52 3.30
GPT-40 23.58 20.10 1342 9522 100.0 75.15 15.82 19.93 2.97
Fine-tuning &5
CodeLlama 7B 30.56 23.04 16.34 9443  99.57 76.73 21.54 39.81 8.59
CodeLlama 7B it. 33.47 25.85 18.68  96.61  99.65 76.90 24.00 34.61 9.03
CodeLlama 13B 3444 2594 17.70  97.13  99.83 76.73 23.23 42.23 7.43
CodeLlama 13Bit. 35.61 27.75 19.65 96.17  99.65 77.68 24.87 46.32 9.85
Llama3.1 8B 30.09 19.86 1325 9470  100.0 68.22 19.75 29.01 9.39
Llama3.1 8B it. 29.59 20.32 1342 8791 99.83 70.57 18.98 31.51 9.28
Llama3.2 3B 3338 24.29 17.56  92.78 99.83 73.29 23.83 47.47 9.89
Llama3.2 3B it. 30.37 21.51 1470  87.22 99.83 71.93 20.38 43.24 10.08
Gemma?2 9B 4338 36.47 27.52 98.00 100.0 81.85 32.53 50.97 12.75
Gemma?2 9B it. 4230 3426 2595 96.17  100.0 81.02 31.80 42.05 11.92
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TFRIZE 7,010 fFD LegalViz ¥ — Xt v + 2%, &
E, TA My MEHHIL RO AR T

Split # Instances # Nodes # Relations
Train 4,710 12,624 16,367
Validation 1,150 3,404 2,717
Test 1,150 3,128 3,589
Total 7,010 19,156 22,673

%7 EUR-LEX ICCfliH &N 3 23 53
F2I1TRT.

B HE:EBOE

KIWFEUALK 23 FiED E%%kammZHw
tuning % LL#E U, FRMiFEEZ O TRDERENED - /2
Gemma2-9B EFT/NDRXAT7%ERT. /2, GPTRET L
ZRHRWZ 10 EF LD R a7 2EBHTBE 218D,
HETNDOEER/IMEL, LegalViz IZ & % %8 DHi#E
DAATZEERT 5. ;Enﬂi@ttr‘fai RILVREE, T
FETEE, UV NT=TEE, NUH Y —FEFEOFHEEER
SR ERMSLINAD RWEEE [23] TR 2 7 MR WEMIC
HhH, WK SEBRNIZVWHELY 75V AETRaT
PEWERICH S, SEIL— 7®ﬁmfm,ﬁaw%
BEDANYHY =GB 7 4 v 5y FETHIZZ a2 75K,
@WK%D,DV/Xm%®w—7—7%,75&X%,
ANA VEh, A XY TEE, RS IVEERY TR
TN—TRZDMOEEE - 75 AFE LD SEERMD

|DfiaE & %

BROWSEBIO D RaAT7PEWVEAICH 3720, SBENR
EERBZaATIHELTCVWBAEEELED S, EHRD 4O

3BT, RE EoBIRE, B,

H92 - FIEOBEH O 4 oD FHfiE D 2 2 7.

OFHEEID 5 5, FR#Eie HE - FIROEW TR, 757
ERDIZDICATT T F A SN DENPRBRBELRDTEHBDSF
FBC Few-shot D2 a7 M0 &7 - TW3%. Few-shot DFfE
BB LT, LegalViz I L 2 BICE D 2TOEED
il - 2 COEFETRATHLERLTWS.

£ 2: SEEA DGR, Lyo ($EHFEME DI HGE
B, Lo SEFFEMEOFEIFHERT. Leoae &
Graphviz 2 — RO XFHERT.

Lang. ISO #Ins. Lyod Lehar  Leode
All - 7,010 109.0 6442 759.8
Bulgarian BG 290 113.4 6255 759.8
Spanish ES 307 133.7 6934 708.4
Czech CS 307 102.8 582.9 8325
Danish DA 307 110.9 640.7 766.8
German DE 312 1089 683.0 759.1
Estonian ET 307 839 588.8 809.4
Greek EL 307 121.4  698.6 779.2
English EN 312 122.6  629.2 623.0
French FR 312 128.6  674.8 766.9
Croatian HR 263 103.2 5777 718.7
Italian IT 312 123.3 705.1 788.7
Latvian LV 307 944 5988 725.7
Lithuanian LT 307 946 6094 749.8
Hungarian HU 307 974 670.2 809.7
Maltese MT 305 1004 706.3 777.7
Dutch NL 312 122.0 687.0 784.7
Polish PL 307 106.7 655.0 759.2
Portuguese  PT 307 1252 653.1 778.0
Romanian RO 290 1183 672.0 791.8
Slovak SK 308 101.0 585.7 7279
Slovenian SL 308 106.6 580.0 730.5
Finnish FI 308 78.5 649.6 808.7
Swedish NY% 308 108.9 639.1 7482

“fs.” IX Few-shot, “ft.”

!X Fine-tuning Z BT 5. Ave. fs. X GPT RET L% RV Few-shot E7 VDR a7 %2 KT .

Model BG ES CS DA DE ET EL EN FR HR

IT Lv LT HU MT NL PL PT RO SK SL FI SV

XK

Gemma 2 9B fs.
Gemma 2 9B ft.
Avg. fs. models
Avg. ft. models

59.22
80.62
60.78
73.19

59.20
84.33
63.32
77.05

5253
80.06
S7A
73.59

54.47
82.53
59.67
74.14

56.24
83.31
61.30
74.28

53.51
78.57
57.67
72.62

S8.22
80.44
53131
72.31

59.95
86.98
65.77
78.78

53.77
82.90
60.61
755

55.32
81.14
60.48
74.87

55.42
80.94
59.06
75.82

51.33
81.11
56.85
71.87

55.04
77.16
BSHE
72.08

42.26
81.66
55.73
72.16

47.55
82.59
56.64
73.36

60.06
82.70
61.37
75.2

51.17
82.58
60.18
74.25

61.68
85.64
61.36
76.72

59.21
83.97
60.89
76.22

52.85
81.27
59.50
74.08

50.72
79.16
57.20
72.77

55.69
79.23
59.68
72.47

57.21
83.22
61.04
75.17

A o BRI
Gemma 2 9B fs.
Gemma 2 9B ft.
Avg. fs. models
Avg. ft. models

10.64
32.00
11.22
23.66

7.24
33.88
11.80
23.18

8.97
3119
10.28
22.96

10.44
37.13
13.90
25.47

2.28
32.34
11.26
22.98

7.31
26.13
8.74
23.0

7.31
30.42
12.56
23.01

13.39
36.53
10.76
27.72

523
23.06
11.67
22.09

7.11
36.43
10.47
25.56

4.42
27.14
10.12
20.87

3.54
30.74
12.78

24.4

6.79
28.06
12.19
25.79

2.81
38.13
11.24
21.45

3.71
31.88

9.22
23.09

9.27
29.68
13.66
20.95

8.01
40.27
12.18
24.13

11.18
34.39
11.88
24.08

6.90
37.17
10.62

232

6.81
35.15
10.42
23.36

5.94
29.50
11.27

233

2.40
34.40
10.02
21.94

6.73
33.02
11.68
24.86

R

Gemma 2 9B fs.
Gemma 2 9B ft.
Avg. fs. models 12.19
Avg. ft. models  36.8

0.00
58.98

0.00
49.07
11.78

373

1515
41.06
14.39
36.52

10.37
52.69
13.89
37.38

13.85
56.19
13.58
45.55

17.95
54.21
12.11
38.04

1591
47.31
12.38
33.58

17.96
61.32
14.07
36.04

0.00
61.87
15.02
36.92

9.92
51.14
15.15
40.67

0.00
49.90
13.04

36.5

4.97
64.56
14.51
40.69

0.00
38.86
14.84
45.54

6.89
42.34
13.35
39.53

0.00
48.10
11.65
37.58

6.20
44.85
16.77
35.53

19.31
53.68
14.65
42.92

12.47
42.08
13.66
34.26

6.05
54.92
12.89
35.04

14.77
48.00
15.30
44.14

0.00
47.03
9.52
36.46

751
54.46
11.08
34.54

2325
54.68
15.20
38.53

HE - FIROEW

Gemma 2 9B fs.  0.00
Gemma 2 9B ft. 16.78
Avg. fs. models = 2.10
Avg. ft. models 10.52

3.25
17.10
2.66
12.05

3.27
9.17
1.57
6.94

3.74
12.76
2.55
9.62

4.42
6.78
2.50
8.64

2.30
9.86
1.62
7.33

153
20.95
213
13.1

1.54
5.90 11.09
375 298
11.23 89

159 385
11.13
1.99

9.07

0.00
16.32
1.38
10.92

0.00
11.21
2.50
9.05

1.95
15.90
3.04
10.68

2.41

15.22
1.75
8.47

4.40
11.10
1.71
10.1

3.94
8.92
2.31
8.32

3.03
12.03
3.63
10.77

4.86
11.90
2.24
9.28

1.40
16.09 17.65
249 1.82
8.89 9.22

132 443
13.17
234

8.67

4.54
7.46
1.25
6.45

1.45
14.89
1.86
9.04
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