Graph Diffusion Transformers are In-Context Molecular Designers
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v Results (More Analysis <) &

We compute the oracle and diversity scores from the Top-10 generations and report the

Y DemoDiftf: Learning Diffusion Models from Demonstrations

Score: 0.3 Score: 0.8 | 1 onio Graph DiT Tokenizer harmonic mean o.f these two values. We group 33 task.s Into six categories and report
S e " — ' the mean = std within each category. The best results in each column are bolded.
S SO encode T - t > t1 »...=> ( decode
Demosiastenniitions \ — Generation Task Drug Drug Structure Drug Target Material ~ Avg  Total
Random Noise, Rediscovery MPO Constrained  Design Based Design Rank  Sum
paired with score 1 # Tasks 7 74 5 4 5 5 33 33
Molecular Optimization Methods with 100 Oracle Calls
O g GraphGA 0.36+£0.07 0.52+0.19 0.43+x0.21 0.41+£032 0.7620.04 0.58+0.11 6.56 16.65
(s Singee, 0) (O» Singte, 12) REINVENT 0.37+0.08  0.52+0.17 0.43%£0.21 0.42+0.32 0.7620.03 0.00£0.00 8.44 13.84
(O Singte, 6) <O Singe, 6) GPBO 0.37+0.07 0.51+0.18 0.42+0.22 0.39+0.33 0.7620.03 0.60+0.21 6.89 16.65
T S STONED 0.36+£0.07 0.52+0.19 0.39+0.24 0.37+0.36 0.7620.04 NopsmiLEs 8.18  13.42
T n Genetic GFN 0.36+0.10 0.51+0.22  0.38+0.29 0.33+0.37 0.76+0.03 NopsMiLES 9.28 13.04
rans- GenMol 0.42+0.08 0.51+0.17 0.42+0.25 0.55+021 0.69+0.03 0.62+0.08 7.98 17.36
Demo fO ers Molecular Optimization Methods with 10000 Predictor Calls
Tokens m GraphGA 0.37+0.09  0.50+0.18 0.45+0.29  0.49+0.26 0.64+0.06 0.55+0.14 930 16.30
REINVENT 0.30+0.13  0.23+0.23  0.25+0.24 0.38+0.26 0.17+0.13 0.51+0.16 13.60 9.82
GPBO 0.33+£0.10  0.45+0.22  0.43%0.29  0.49+0.15 0.74+0.03 0.42+024 9.87 15.35
[Sige, 71 STONED 0.33+£0.10  0.40+0.20 0.50+0.28 0.27+0.10 0.20+0.27 NopsmiLEs 12.01 9.66
enetic 1440, Uax0. Va0, U230, 030, No pSMILES . .
Genetic GFN 0.14+0.08  0.08+0.16 0.08+0.11  0.12+0.11 0.15+0.15 17.95 3.14
~  Algorithm 1 Node Pair Encoding (NPE) with Constraints GenMol 0.34+0.07 0.28+0.23 0.21+0.29 0.39+0.19 0.52+0.05 0.21+0.23 12.63 10.37
gﬁg::-ze nrlr(l)(:ilf?(\:/l(l)l:agi{a?}; %otif vocabulary M = (), max size K, ring count threshold Nring i i Ty pe—— COH ditiOl‘l al Generation Mo dClS
e e e s eecimets R | | =~ Atom Modian: 30, LSTM 039+025 0.1620.07 0554032 0332035 0.72¢0.04 016011 11.77 12.30
3 Al perlodiosablrclements;pclymestation’*®, ot lop=Mifioquent ingsfo | === Motif Median: 5.0 Graph-DiT 0.43+0.21 0.50+0.18  0.58+0.34 0.48+0.37 0.7120.04 0.55+0.17 853 17.64
. gi gﬁ;g%g:'c%lff: %:Q%Eiize gtk = %0'15 i Learning from In-Context Demonstrations
b lor cach adincent mofif ' in X such that m and ' are mergeable under structural 2 | DeepSeek-V3 0.45+0.18  0.5120.20 0.49+0.24 0.65+0.18 0.64+0.06 0.39+0.24 8.08 16.90
N constrants (=g, Xings reated as units) do & 0.10 | GPT-40 0.47+0.21 0.53+0.20 0.52+0.30 0.48+0.40 0.73+0.05 0.43+0.16 7.89 17.25
10: B e LT ‘ i Qwen-Max 0.1540.21  0.17+#0.15 0.32+0.32  0.29+0.29 0.19+026 0.10+0.18 15.39 6.46
R end for ' Llama3.1-8B-FT  0.21+0.13  0.24+023  0.24+0.34 0.31+0.31 0.02+0.05 0.29+0.40 1491 6.04
12 end for 0.05 |
13 end for | Qwen3-8B-FT 0.37+0.19  0.27+0.16 0.26+0.34 0.46+0.22 0.67+0.07 0.44+0.39 10.96 12.23
l4: @) Frequency Selection: Find most requent motif m” € 5 DemoDiff (Ours)  0.44+0.21  0.54+0.23  0.56+0.33  0.79+0.11 0.78+0.05 0.67+0.11 4.10 20.10
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25: return M

for each molecule X € D do
for each pair of adjacent motifs (m,m’) in X do
if their merged form equals m™ then
replace m and m’ with m* in X
end if
end for
end for
Add m* to M if not already in it
end while

NPE for motif
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