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how many b's in blueberry?

How many R's are in the word

strawberry
The word "blueberry" has three b's — one at the start, one in the
®  There are two 'R's in the word "strawberry." middle, and one toward the end.
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'Sarker, M.K., Zhou, L., Eberhart, A. and Hitzler, P, 2022. Neuro-symbolic artificial intelligence: Current trends. Ai Communications, 34 (3), pp.197-209.
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. Neu ro[Symbolic]#¥ £ U Symbolic[Neuro] & $HFXKIBTZ % (Kautz 2020)
- FEFEFETHBI O ETFUHET (Neuro[Symbolic])

» LINC (Olausson et al. 2023)

» AlphaGeometry (Trinh et al. 2024)

» YV —ILHAD LLM (FEY U —XINTW5B LLM DT & A EDNEEFH)
« VR Y IFEDIOFEFEETIILERUET (Symbolic[Neuro])

» DeepProbLog (Manhaeve et al. 2018)

» Scallop (Li et al. 2023)
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* Neurosymo1ic (Kautz 2020)
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» NN-LFIT (Enguerrand et al. 2016)
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» Computation of Logic Program using Linear Algebra
(Nguyen et al. 2022)
» T-PRISM (Kojima et al. 2019)
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CNN 07—V v 7B EICE Y ADIEFROAREELRI-NS
sum, max, min, average R D 7 — U v FIRES
Alphafold @ 3d [G1Z Transformer’

Set Transformer®

Positional Encoding @ 7Ly Transformer

ANNER IARTF LIEWAELGBRF 2 ERT 5 2 & TREMZEBIRT S

2Edwards, H. and Storkey, A., 2017, April. Towards a Neural Statistician. In 5th International Conference on Learning Representations (pp. 1-13).

$Zaheer, M., Kottur, S., Ravanbakhsh, S., Poczos, B., Salakhutdinov, R.R. and Smola, A.J., 2017. Deep sets. Advances in neural information processing
systems, 30.

*Jumper, J., Evans, R., Pritzel, A., Green, T., Figurnov, M., Ronneberger, O., Tunyasuvunakool, K., Bates, R., Zl’dek, A., Potapenko, A. and Bridgland, A.,
2021. Highly accurate protein structure prediction with AlphaFold. nature, 596(7873), pp.583-589.

°Lee, J., Lee, Y., Kim, J., Kosiorek, A., Choi, S. and Teh, Y.W., 2019, May. Set transformer: A framework for attention-based permutation-invariant
neural networks. In International conference on machine learning (pp. 3744-3753). PMLR.
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®Inoue, K., Ribeiro, T. and Sakama, C., 2014. Learning from interpretation transition. Machine Learning, 94(1), pp.51-79.

"Phua, Y.J. and Inoue, K., 2019, September. Learning logic programs from noisy state transition data. In International Conference on Inductive Logic
Programming (pp. 72-80). Cham: Springer International Publishing.
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1<1 =2 =3
0: {} 7: {a,b} 19: {a, b, ¢}
1: {a} 8: {a,c} 20: {—a,b,c}
2: {b} 9: {b,c} 21: {a,—b,c}
3: {c} 10: {—a, b} 22: {—a,—b, c}
4: {—-a} 11: {—a,c} 23: {a,b,—c}
5: {-b} 12: {=b, c} 24: {—a,b,—c}
6: {—c} 13: {a, b} 25: {a,—b, —c}
14: {a, —c} 26: {—a,—b, —c}
15: {b, —~c}
16: {—a, b}
17: {—a,—c}
18: {—=b, —c}
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8Lee, J., Lee, Y., Kim, J., Kosiorek, A., Choi, S. and Teh, Y.W., 2019, May. Set transformer: A framework for attention-based permutation-
invariant neural networks. In International conference on machine learning (pp. 3744-3753). PMLR.
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pqr — {p,q,7,...,pqr}
pq — {p,q,7,...,pqr}
pr = {p,q,7,...,pqr}
qgr — {p,q,7, ..., pqr}
p—{p,q,r,....pqr}
g —{p;q,7,...,pqr}
r—{p,q,r,....,pqr}
e —={p,q,r,....,pqr}

VoU1v5 — {0,1}
vov; — {0,1}
VoUy — {0,1}
vv, — {0,1}

vy — {0,1}
v; — {0,1}
vy — {0,1}
e — {0,1}

(2m)*
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°Phua, Y.J. and Inoue, K., 2024, September. Variable Assignment Invariant Neural Networks for Learning Logic Programs. In International Conference
on Neural-Symbolic Learning and Reasoning (pp. 47-61). Cham: Springer Nature Switzerland.
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Boolean Network NN-LFIT OLFIT O LFIT+ 0 LFIT23 o LFIT2*
3-node a (3/2) 0.000 0.095 0.271 0.000 0.054
3-node b (3/2) 0.042 0.188 0.083 0.000 0.000
Raf (3/2) 0.333 0.253 0.188 0.000 0.025
5-node (5/4) 0.514 0.142 0.278 0.238 0.214
7-node (7/3) 0.299 - 0.223 0.035 0.152
WNT5A (7/2) 0.063 - 0.194 0.009 0.073
Circadian (10/4) 0.260 - - 0.033 0.136
Gene Network (12/3) 0.029 - - 0.005 0.159
Budding Yeast (18/4) - - - 0.121 0.307

(n/D): n TN A TLRICEINTVWATH, | IZHEBL—ILOREAKDEX
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3-node a 3-node b Raf
Given NN- NN- NN-
LFIT O LFIT+ OLFIT2 LFIT O LFIT+ OLFIT2 LFIT O LFIT+ OLFIT2
3/8  0.542 0.319 0.308 0.292 0.472 0.362 0.458 0.319 0.358
4/8 0500 0.264 0.296 0.403 0.403 0.321 0.417 0.264  0.287
5/8  0.333 0.389  0.188 0.292 0.389  0.267 0.458 0.306  0.242
6/8 0.375 0.236  0.183 0.167 0.222  0.154 0.333 0.278  0.150
7/8  0.083 0.292  0.071 0.083 0.195  0.079 0.250 0.236  0.063
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https://arxiv.org/abs/2408.10709  https://github.com/phuayj/delta-Ifit-2
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