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VIP-Token Centric Compression (VCC)

VIP-Tokens
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VIP-Token Centric Compression (VCC)

Instantiation of VCC

exp(PC'SHS. ~ exp(PC")
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Evaluation

Encoder-Only Models
Table 2: Dev set results for encoder-only models. 77
- - RoBERTa
Method Size Length  HotpotQA QUALITY WikiHop ) 7 % x Big Bird
Time EM F1 Time Accuracy Time Accuracy S 73 I(_)ounrgformer
&)

RoBERTa base 512 199 35.1449 212 390 196 67.6 <7n Ours*
RoBERTa base 4K 422.3 62.2 76.1 403.2 395 414.1 75.2 50
Big Bird base 4K 297.9 59.573.2307.0 385 2933 745 102 o x10? 6 x 107
Longformer  base 4K 371.0 59.9 73.6 368.0 279 369.7 743 Runtime (ms)
MRA Attention base 4K 203.5 63.4 77.0 200.5 38.7 199.2 76.1
Ours base 4K 114.6 60.9 74.6 1264 396 108.0 75.9 Figure 5: Model runtime VS Wlkl-
Ours* base 4K 114.6 61.4 75.0 1257 395 108.0 76.1 . :

Hop dev accuracy when using different
Ours* large 4K 285.8 66.7 80.0 390.8 41.8 3943 79.6

model specific hyperparameters



Evaluation

Encoder-Decoder Models

Table 3: Dev set results for encoder-decoder models. The left / right values of runtime columns are
the runtime for the entire model / the encoder.

Method Size # Param Length WikiHop HotpotQA CNN/Dailymail MediaSum

Runtime EM Fl Runtime EM Fl Runtime R-1 R-2 R-L Runtime R-1 R-2 R-L
TS base 223M 512 25.7/20.5 66.7 69.1 263/20.5 34.1 444 40.0/20.5 433 205 404 399/20.5 30.7 145 28.1
TS base 223M 4K 594.3 /55377 76.2 78.1 594.3/550.6 64.2 T77.5 6144/549.4 438 209 41.0 613.5/5529 349 172 319
LongTS5 base 248M 4K 270.7/233.9 7277 74.8 271.3/233.77 623 757 291.6/2349 433 20.6 40.5 287.3/229.5 349 17.3 32.0
LED base 162M 4K 236.6/2229 70.0 72.4 237.4/2229 55.1 679 2494/221.8 43.3 20.0 40.5 -/ - - - -
Ours base 223M 4K 181.7/148.1 76.7 78.4 155.4/1274 64.5 77.77 195.8/139.9 43.6 20.7 40.7 196.7/140.2 34.8 17.3 31.9
TS large 738M @ 512 83.5/67.0 69.1 714 84.1/67.0 369 478 124.6/67.0 43.8 20.7 409 1245/67.0 319 155 29.1
TS large 738M 4K  1738.7/1601.0 79.1 80.7 1598.1/1598.1 68.0 81.3 1824.8/1600.4 44.3 21.0 41.4 -/ -

Ours large 738M 4K 561.4/460.6 79.0 80.6 485.3/382.8 67.8 81.0 608.1/433.8 444 214 415 609.7/4344 35.8 18.2 32.8

Ours 3b 3B 4K 1821.5/1441.2 80.8 82.3 1547.7/1197.1 70.2 83.2 1930.7/1364.8 44.8 21.5 41.9 1930.7/1364.8 36.3 18.5 33.3




Evaluation

Encoder-Decoder Models

Table 3: Dev set results for encoder-decoder models. The left / right values of runtime columns are
the runtime for the entire model / the encoder.

Method Size # Param Length Qasper QuALITY Arxiv SummScreenFD
Runtime EM Fl Runtime EM Fl Runtime R-1 R-2 R-L Runtime R-1 R-2 R-L

TS5 base 223M 512 31.8/20.5 10.8 16.4 29.3/20.5 336 47.3 59.0/205 289 86 256 59.1/205 270 4.8 23.5

TS5 base 223M 4K 608.2/551.7 13.2 29.1 596.3/551.2 347 474 6454/549.1 444 184 399 6479/551.1 31.6 6.8 27.6

LongT5 base 248M 16K 1628.5/1421.3 16.2 33.4 1633.1/1439.7 35.8 48.5 1699.7/1370.4 48.5 21.7 43.7 1763.4/1427.8 33.1 7.3 285
LED base 162M 16K -/ - - - -/ - - - 1055.8/923.6 47.8 20.6 43.2 -/ - - - -
Ours base 223M 16K  538.3/391.6 16.0 30.8 557.1/419.2 36.5 48.7 672.8/392.1 48.5 214 439 670.5/3909 33.1 7.3 28.6

TS large 738M = 512 1019/664 113 17.0 958/67.1 353 49.0 182.2/67.1 30.5 9.1 27.1 180.9/66.5 283 49 249
TS large 738M 4K -/ - - - 1760.5/1596.4 37.8 50.5 1901.5/1598.8 46.0 194 414 -/ - - -
Ours large 738M 16K 1679.6/1120.2 16.3 33.7 1753.6/1210.7 40.3 52.5 1959.1/1111.0 49.5 22.2 447 1957.1/1109.2 343 7.6 29.6

Ours 3b 3B 16K 6165.4/4637.3 19.0 38.2 6398.8/4962.7 45.2 56.0 7676.3/4642.2 49.8 224 45.0 7641.5/4631.3 34.7 7.8 30.1




Evaluation

Encoder-Decoder Models

Table 3: Dev set results for encoder-decoder models. The left / right values of runtime columns are
the runtime for the entire model / the encoder.

Method Size # Param Length ContractNLI NarrativeQA GovReport QMSum

Runtime EM Fl Runtime EM Fl Runtime R-1 R-2 R-L Runtime R-1 R-2 R-L
TS5 base 223M 512 24.0/20.5 735 735 26.8/20.5 20 11.3 59.1/20.5 405 148 38.2 435/205 30.2 8.0 26.5
TS5 base 223M 4K 579.0/551.6 86.8 86.8 593.4/547.6 3.8 13.3 648.3/551.5 540 252 514 620.2/551.5 31.1 82 274

LongT5 base 248M 16K 1564.2/1462.5 85.1 85.1 1541.7/1370.2 5.2 15.6 1726.4/1387.7 55.8 279 53.2 1721.4/1450.7 35.7 11.7 31.4
Ours base 223M 16K  484.2/393.1 87.0 87.0 518.2/3944 5.0 158 674.0/391.6 55.2 27.1 52.6 623.1/396.5 31.8 8.8 279

TS large 738M 512 78.1/67.1 743 74.3 -/ - - - 180.9/67.0 433 162 41.1 136.4/67.1 31.7 81 27.6
TS large 738M 4K 1702.4/1601.2 87.2 87.2 -/ - - - -/ - - - - -/ - - - -
Ours large 738M 16K 1440.6/1122.6 87.8 87.8 1551.7/1133.9 6.6 18.7 1955.5/1113.8 56.3 28.0 53.8 1816.4/1134.6 34.8 10.4 30.7

Ours 3b 3B 16K 5850.2/4665.9 838.5 88.5 6055.4/4659.4 8.2 21.2 7668.2/4642.7 56.9 28.5 54.3 7146.7/4655.6 35.7 10.9 31.1




Evaluation
Scaling Length to 128K

Table 4: Dev results of NarrativeQA
on base model when scaling sequence
length from 16K to 128K.

Length Runtime (ms) k h EM Fl

16K 518.2/394.4/162.4 16 90 59 16.6
32K 946.8/671.6/2126 32 55 6.6 17.5
32K 1027.9/751.0/2980 16 90 64 17.5
64K 1848.7/1177.2/2548 64 30 7.2 184
64K  22448/1574.2/6594 16 90 7.5 19.3
128K 6267.8/5125.9/1902.2 16 90 8.0 19.6



Takeaway

VCC reduces the overall complexity dependency on the sequence length
without sacrificing the model accuracy.

VCC uses the standard Transformer blocks (with standard feed-forward
network and self-attention) while achieving efficiency gain.

VCC can be directly incorporated into existing pertained models with
some additional training.

O mipen/VCGC ' zzeng38@wisc.edu
GitHub
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