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FunSearch published in Nature by Google DeepMind

Target 3 combinatorial problems : Cap sets, Admissible sets, and
Online Bin Packing

Paper take-away :
Through a combination of LLM+metaheuristic, possible to generate
interesting heuristics for optimization problems that human did not
think of before.
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Online Bin Packing

Priority
Best Fit : 9 5 -5 -5 9 2 -3 100 3 1

NEXT :

Priority heuristic :
In Object size + array of bins

Out Bins priority

Then object scheduled in bin with
maximum priority.

Nature paper :
LLM (Codey) generates priority
heuristic
A genetic meta-heuristic
(island-based) select the priority
heuristics
Specificity : job unknown (online) but
follow probability distribution
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Nature Results

Trained on 5 instances of
the OR-library
Evaluated on the 20 others

Uniform[20,100], Bins : 150
1 def p r i o r i t y _ c 1 2 ( item : f loa t ,

bins : np . ndarray ) −> np .
ndarray :

2 def s ( bin , item ) :
3 i f bin − item <= 2 :
4 return 4
5 e l i f ( bin − item ) <= 3 :
6 return 3
7 e l i f ( bin − item ) <= 5 :
8 return 2
9 e l i f ( bin − item ) <= 7 :

10 return 1
11 e l i f ( bin − item ) <= 9 :
12 return 0 . 9
13 e l i f ( bin − item ) <= 1 2 :
14 return 0 . 95
15 e l i f ( bin − item ) <= 1 5 :
16 return 0 . 97
17 e l i f ( bin − item ) <= 18 :
18 return 0 . 98
19 e l i f ( bin − item ) <= 20 :
20 return 0 . 98
21 e l i f ( bin − item ) <= 2 1 :
22 return 0 . 98
23 else :
24 return 0 . 99
25 return np . array ( [ s ( bin , item )

for bin in bins ] )

≈ 10.000 inferences to the LLM
BestFit as the baseline

Weibull(45,3), Bins : 100
1 def p r i o r i t y _ c 1 4 ( item : f loa t , bins : np . ndarray )

−> np . ndarray :
2 score = ( bins − max( bins ) ) ** 2 / item + bins

** 2 / item ** 2 + bins ** 2 / item ** 3
3 score [ bins > item ] *= −1
4 score [ 1 : ] −= score [ : − 1 ]
5 return score

Weibull(45,3), Bins : 100
1 def p r i o r i t y _ c 1 3 ( item : f loa t , bins : np . ndarray )

−> np . ndarray :
2 score = 1 . 56 * bins − item − 4 * np . log (

bins ) + 0 . 16
3 score [ score > item ] = item * 0 . 56
4 return −score
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Uniform Distribution : U([20,100]) ; capacity 150

1 def p r i o r i t y _ c 1 2 ( item : f loa t , bins : np . ndarray ) −> np .
ndarray :

2 def s ( bin , item ) :
3 i f bin − item <= 2 :
4 return 4
5 e l i f ( bin − item ) <= 3 :
6 return 3
7 e l i f ( bin − item ) <= 5 :
8 return 2
9 e l i f ( bin − item ) <= 7 :

10 return 1
11 e l i f ( bin − item ) <= 9 :
12 return 0 . 9
13 e l i f ( bin − item ) <= 1 2 :
14 return 0 . 95
15 e l i f ( bin − item ) <= 1 5 :
16 return 0 . 97
17 e l i f ( bin − item ) <= 18 :
18 return 0 . 98
19 e l i f ( bin − item ) <= 20 :
20 return 0 . 98
21 e l i f ( bin − item ) <= 2 1 :
22 return 0 . 98
23 else :
24 return 0 . 99
25 return np . array ( [ s ( bin , item ) for bin in bins ] )

Figure – c12 heuristic in Nature
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remaining
space

priority

7 22

"best fit" never first fit
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Uniform Distribution : U([20,100]) ; capacity 150

Figure – Performance of parameterized
c12 for various prio_a and prio_b on the
same uniform distribution c12 has been
evolved compared to Bestfit

On Uniform([x,y]) :
prio_a= x/3
prio_b= x+1

Figure – Performance of c12 and
parameterized c12 for various
uniform distribution
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Weibull Distribution : k= 45 ; λ= 3 ; capacity 100

1 def p r i o r i t y _ c 1 4 ( item : f loa t , bins : np . ndarray ) −> np .
ndarray :

2 score = ( bins − max( bins ) ) ** 2 / item + bins ** 2 / item ** 2
+ bins ** 2 / item ** 3

3 score [ bins > item ] *= −1
4 score [ 1 : ] −= score [ : − 1 ]
5 return score

Figure – c14 heuristic in Nature

s1 s2 c

f1(b)= (b−c)2
s1 + b2

s21
+ b2

s31

f2(b)= (b−c)2
s2 + b2

s22
+ b2

s32

Remaining bin capacity

Figure – b 7→ scoreline2(b) for c= 100,
s1 = 20, s2 = 50

Line 2 :

score(b)= (b−c)2
s + b2

s2
+ b2

s3

Figure – c14 and c14_shuffle performance
compared to Bestfit over 1000 instances
of the Weibull distribution
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Weibull Distribution : k= 45 ; λ= 3 ; capacity 100

Since f is non-increasing, the
emptiest the bin is and the fullest
the previous bin, the higher its
priority will be

Figure – Comparing the behavior of c14
and Worstfit on the Weibull distribution
(50k items)

Figure – Remaining size in the bin used by WF
after fitting the item in the red, green, and
purple cases

c_14 heuristic approximate behavior :
It puts the item in a perfect-fitting bin if
it exists
Otherwise, it puts the item in the worst
fitting open bin leaving more than 21
remaining space if it exists
Otherwise, it opens a new bin
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Weibull Distribution : k= 45 ; λ= 3 ; capacity 100

1 def priority_c14simplified(item: float , bins: np.ndarray) -> np.ndarray:
2 m = max(bins)
3 return [-1 if x == m else 1 if x == item else -2 if x-item < 20 else -1/(x-

item) for x in bins]

Figure – Simplified c14 heuristic

1 def priority_c14parameterized(item: float , bins: np.ndarray) -> np.ndarray:
2 m = max(bins)
3 return [-1 if x == m else 1 if x == item else -2 if x-item < prio_a else -1/(x

-item) for x in bins]

Figure – Parameterized c14 heuristic

On Weibull(3.0, 45.0), items of size < 20 correspond to 8.4% of the
dataset
On Weibull(a,b) :

prio_a=b∗weibull_min.ppf (0.084,a)
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Weibull Distribution : k= 45 ; λ= 3 ; capacity 100

Figure – Boxplots showing the heuristics performance compared to Bestfit
over 100 instances of 5000 items from various Weibull distributions and
capacity
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Bibliography

485 papers citing "Mathematical discoveries"
45 of them mentioning "bin packing"
≈ 10 proposing a novel LLM-evolved heuristic and comparing to
FunSearch
5 give the best heuristic they found for Bin Packing in their
appendix
1 has a critical perspective on the conclusion of "Mathematical
discoveries"
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Another example : Evolution of Heuristics

Using Chain-of-thoughts to represent the
heuristics
≈ 2.000 inferences to the LLM

1 def pr io r i t y_eoh ( item , bins ) :
2 d i f f = bins − item
3 exp = np . exp ( d i f f )
4 sqr t = np . sqr t ( d i f f )
5 u l t i = 1 − d i f f / bins
6 comb = u l t i * sqr t
7 adjust = np . where ( d i f f > ( item * 3 ) , comb + 0 . 8 , comb + 0 . 3 )
8 hybrid_exp = bins / ( ( exp + 0 . 7 ) *exp )
9 scores = hybrid_exp + adjust

10 return scores

score(b)= b
(eb−s +0.7)eb−s +(1− b−s

b )
√

b−s+(0.5 if b> 4s)
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Evolution of Heuristics

score(b)= b
(eb−s +0.7)eb−s +(1− b−s

b )
√

b−s+(0.5 if b> 4s)

3 main types of heuristics :

→ abbf -heuristic(s,B) :
if exists a bin i, s.t. B[i]−s<prio_a,

then best fit
else if exists a bin i, s.t. B[i]−s>prio_b,

then best fit in those bins
else new bin

→ abwf -heuristic(s,B) :
if exists a bin i, s.t. B[i]−s<prio_a,

then best fit
else if exists a bin i, s.t. B[i]−s>prio_b,

then worst fit in those bins
else new bin

→ abff -heuristic(s,B) :
if exists a bin i, s.t. B[i]−s<prio_a,

then best fit
else if exists a bin i, s.t. B[i]−s>prio_b,

then first fit in those bins
else new bin
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abX heuristics performance

Figure – abwf, abff, and abbf performance compared to Bestfit over 100
instances of 5000 items from various distributions and capacity
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Conclusion

LLM-evolved are indeed (not that easily ?) interpretable and
generalizable

Interpretation still need human expertise and understanding of the
problem

All the LLM-evolved heuristic ideas can be summarized with one line
heuristics in Python that the LLM did not find
The genetic meta-heuristic can be replaced with 2 for-loop ?

New ideas or obscure implementation of old ideas?
,→ Human expert needed to answer the question
Would we accept/submit the same paper with the same heuristics that
we can’t explain?
,→ How much AI is part of the acceptance?
,→ Need of methodology?
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