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The Bitter Lesson (March 13, 2019)

Richard Sutton

2024FERE

ZITR =
The biggest lesson that can be read from 70 years of Al
research is that general methods that leverage

computation are ultimately the most effective, and by a
large margin
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One thing that should be learned from the bitter lesson is the
great power of general purpose methods, of methods that
continue to scale with increased computation even as the
available computation becomes very great. The two

methods that seem to scale arbitrarily in this way are search
and learning !
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Algorithm 1 Discrete Adjoint Method for Sensitivity Components

1: Input: Forward trajectory {xz }1_,, parameters 6, J(x v ), time step h, initial time ¢.
Output: Sy = VJ(zy) " (0xx/00) and S, = VJ(zn) " (0xn/Ox0).
A+ VJ(zn). > Initialize adjoint vector
Sp < 0 (vector of same size as 0). > Initialize sensitivity component for 6
for k = N — 1 downto 0 do

tr < 1o+ kh.

.
So = Sg — h (2ACs)

N kN

> Accumulate contribution to Sy

-
I (I - thﬁtw) A
9: end for

10: Sy, ¢ A.

11: return Sy, S, .

> Propagate adjoint vector backward

> After the loop, A represents V.J(xx) T (02 /0x0)
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Table 1: Experimental results on TPC-H datasets with standard deviation among random seed.

TPC-H-30, 3 pools

TPC-H-50, 3 pools

TPC-H-100, 3 pools

MakeSpan Time MakeSpan Time MakeSpan  Time
SFT 27404 0.23 49172 0.78 84986 3.08
MOPNR 25052 0.30 43545 0.99 77362 3.34
CP 23869 0.29 41597 0.90 74364 3.35
HEFT 23177 0.18 39315 0.54 70137 1.86
Tetris 23170 0.21 38654 0.62 71296 2.13
PPO-BiHyb 21941 20.48 36333 55.74 67695 179.19
One-Shot-S(256) 20399 + 181 2.26 35561 £ 108 4.16 66173 + 180 9.85
WeCAN-Greedy 19578 0.15 33428 0.50 62587 1.72
WeCAN-S(64) 19053 £28 1.54 329124+40 286 61662+ 118 5.26
WeCAN-S(256) 18964 + 10 2.43 32814 +£47 439 61373 +28 1043
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Table 2: Experimental results on Computation Graphs datasets with 500 tasks.

Erd6s-Rényi Layer Graphs Stochastic Block

MakeSpan  Time  MakeSpan Time MakeSpan Time
SFT 13316.8 0.81 16158.4 0.34 14407.9 0.53
MOPNR 12771 1.07 14714 0.38 13148 0.68
Tetris 13084 0.52 14271 0.44 13666 0.64
CpP 12457 1.08 14797 0.40 13388 0.74
HEFT 11098 0.55 12428 0.75 11260 0.57
PPO-BiHyb 10795 65.51 11883 73.7 10885 73.7
One-Shot-S(256) 11144 +29 445 12277 +£49 383 1145764 4.00
WeCAN-Greedy 10270 0.57 11173 0.26 10539 041
WeCAN-S(64) 10115 £10  3.21 10862 +£29 3.07 10074+ 18 3.06
WeCAN-S(256) 10083 +13 494 10752 4+27 430 10019 £12 458
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Table 1: Performance comparison on synthetic datasets (256 instances). Table 4: Grouped results on Taixxeyy instances

QAP20 QAP50 QAP100 TS - A
o-
Algorithm Cost Gap Time Cost Gap Time Cost Gap Time
Geometrically Structured Datasets Class mean [min, max] Time (s) mean [min, max] Time (s) mean [min, max]  Time (s)
tai27e  41.50% [0.11%,221.08%] 057 1947% [6.14%,34.11%] 038 0.00% [0.00%,0.00%] 0.08
Ro-TS (1k) 5438 0.01% 17.04s 37599 0.14% 4m35s 1593.27 0.13% 38m56s !
Ro-TS (5k) 5437 0.00% 1m25s 37548 0.00% 22mS3s 159125 0.00%  3h1Sm ti4Se  101.89% [1.00%,400.60%] 383 22.01% [8.26%,3698%] 103  0.03% [0.00%,0.35%]  0.28
tai75¢  111.28% [6.20%, 280.01%] 18.49 27.64% [17.56%,36.78%] 2.52 0.09% [0.00%,0.45%] 1.48
}gg o ;51;1‘ (‘)-g?gﬂ 2(2)2‘7‘* g;igg ggggﬂ ;12'(7)* iggg% 8;;‘;” l;mgis tail25e 82.53% [7.65%,265.54%] 72.52 26.93% [20.64%,32.67%] 8.52 2.67% [-0.08%,5.62%] 8.18
ao : Al 7S : U7  ~mobs : cs7  1/moSs tail75¢  67.86% [9.11%,260.98%] 158.18 23.32% [17.70%,28.11%] 16.86 9.11% [5.61%, 12.04%] 14.63
NGM 6293 15.87% 24.78s 429.69 14.46% 1ml6s 177371 11.47% 2m29s
SAWT (10K) 5472 0.64% 3mdls 38092 145% Sm36s 161730 1.64% 10m43s Average 81.01% [4.82%,285.64%] 50.72 23.87% [14.06%,33.73%] 5.86 2.38% [1.11%,3.69%] 4.93
PLMA ('=1) 5463 048% 0.06s 37979 1.15%  0.41s 1607.84 1.04%  4.27s
PLMA (I' =50) 5437 0.00% 257s 37555 020% 19.88s 1591.73 0.03% 3m30s ®
PLMA (T = 200) 54.37 0.00% 936s 37548 0.00% 1ml19s 1591.23 0.00% 13m58s 350
(-4
Uniformly Random Datasets 2(5)8_ ® 8
Ro-TS(1k) 76.61 0.07% 17.56s 523.08 0.22% 4m36s 219598 0.13% 38m59s T .
Ro-TS(5k) 76.56 0.00% 1m27s 52191 0.00% 22m59s 2193.16 0.00% 3hl15m 60
IPFP 79.13 339% 2.12s 53074 1.69%  7.45s 221138 083% 41.95s .
IPFP(25) 77.60 137% 54.70s 52696 097% 4m20s 2203.29 0.46% 19m20s =
NGM 88.34 15.49% 25.08s 59499 14.01% 1ml7s 2438.52 11.19% 2m29s ‘5_40
PLMA (I'=1) 7823 220% 0.06s 53842 3.17%  0.40s 224343 229%  4.32s 8
PLMA (' =50) 7659 0.05% 247s 52395 0.40% 19.51s 220040 0.34% 3m30s 20 é
PLMA (T — 200) 76.56 0.00% 9.60s 521.83 -0.01% 1mi8s 2193.13 0.00% 14mls é E =
0 —_— —_ —_ e
37.82% 16 tai27e01 tai45e01 tai75e01 tail25e01 tail75e01
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