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* Introducing auxiliary learning tasks has been shown to be an effective way to address the problem of
limited training labels in many applications.

* For example, incorporating chemical, physical, and toxicological profiles as auxiliary tasks helps ML
models capture underlying data structures more effectively and improve generalization.



Motivation

AUTOMATIC AUTOMATIC ADAPTIVE
MoODEL TASK RETRIEVAL TASK SELECTION WEIGHTING SELF-CONTAINED NECESSARY INPUTS
UNWEIGHTED AVERAGES X X b 4 (74 AUXILIARY TASKS
TAG [8] } 4 } 4 v v AUXILIARY TASKS
TASK2VEC [1] } 4 } 4 v v AUXILIARY TASKS & DESCRIPTIONS
MTDNN [25] b 4 b 4 b 4 X RELEVANT AUXILIARY DATASETS & DESCRIPTIONS
GRADNORM [3] b 4 b 4 (74 (74 AUXILIARY TASKS
GS-META [68] b 4 (74 b 4 X AUXILIARY TASKS & RELATION GRAPH
MoLGRroUuP [17] b 4 b 4 (74 X RELEVANT AUXILIARY DATASETS & DESCRIPTIONS
INSTRUCTMOL [51] b 4 b 4 (74 X RELEVANT AUXILIARY DATASETS & DESCRIPTIONS
AUTAUT (OURS) (74 (74 7 (74 NONE

* However, constructing high-quality auxiliary tasks is often complex and resource-intensive.

* In fields such as biology and chemistry, these challenges are further amplified by the scarcity, high cost, and
time demands of obtaining domain-specific knowledge.

RQ: Can we automate the process of auxiliary task—enhanced ML model training?



Method - AutAuT

TL;DR: A fully automated framework that uses LLMs to retrieve Auxiliary Tasks and employs Adaptive Weighting to integrate them for molecular property

prediction.

Request

>

Hi,  am working on a project focused on
molecular property prediction, specifically

predicting the toxicity of molecules. The

data is included as an attachment.

Data & Primary Task (D, UYy)

Output

—>

And a trained model.

B

Molecule 1 is toxic.
Molecule 2 is NOT toxic.

Predictions

{yslrySZw }
Available I
o
= S5 LLM . auxiliary tasks o v -
= v—
-— -— P LLM — |22
-— — v =
Obtainable Processed Selected auxiliary
labels auxiliary task labels task labels

Physical property: Dipole Moment: Measure of
- Molecular Weight charge separation in a molecule, Aromatic Ring Count
- Dipole Moment cale \.Iliﬂlt:.'d flf_!.[‘r.l ato rlff.' 'JEI[}.("H Explanation...
- Atomization Enthalpy and their 3D positions. Molecular Weight
Chemical property: s polarity and is measurec Explanation...
- Estate s Dipole Moment
. TPSA van der Waals Explanation...
Structural property: ... fatoms with Benzene Ring Presence
Fingerprints: state values in Explanation...
_Q_L' 5 e slectronic state
Toxicity: ... to molecular surface.

(1) Auxiliary task label retrieval

(2) Auxiliary task Llabel selection

= = :correlation between primary task label and
auxiliary task labels

ol
an}@ : where frozen LLMs can participate in

(3) Joint training

1)

Auxiliary Task Retrieval

1)

2)

Instruction: Provides general guidance to the
LLM, specifying its role in the retrieval process.

Message: A direct and clear request for the LLM
to identify potential auxiliary task labels based
on the given context

Auxiliary Task Selection

1)
2)

3)

Search available information about these
properties and write a brief summary...

Assess the relevance between retrieved
properties and the primary task...

For the primary task, recommend K
properties as auxiliary tasks...



Method - AutAuT

Name | Category | Brief Description
Molecular Weight Constitutional Total mass of a molecule calculated as the sum of atomic weights of all atoms,

& providing fundamental information about molecular size and mass distribution.
Heavy Atom N Sum of atomic weights of all non-hydrogen atoms in the molecule, useful for

. Constitutional ;
Molecular Weight comparing core molecular frameworks.
Number of Valence _ Total number of electrons in the outer shells of all atoms, crucial for understanding

Constitutional . . .
Electrons chemical bonding and reactivity patterns.
Total Formal Charge Constitutional Sum of all forma_l c}}arges on atoms in the molecule, indicating overall molecular
charge state and ionic character.
Topological Polar Topological Sum of surfaces of all polar atoms (mainly oxygen and nitrogen), correlating with
Surface Area opologica drug absorption, including intestinal absorption and blood-brain barrier penetration.
Labute Approximate Topological Approximate molecular surface area calculated using Labute’s method, useful
Surface Area polog for predicting physical properties and molecular interactions.
. Topological index based on molecular connectivity, indicating molecular
Balaban J Index Topological branching and cyclicity. Higher values suggest more branched structures.
. . Measure of molecular complexity considering both size and branching patterns.
Bertz Complexity Topological Higher values indicate more complex molecular structures.
. Logarithm of octanol-water partition coefficient, predicting molecular

LogP Electronic lipophilicity and membrane permeability. Key for drug absorption.

. . Measure of total polarizability of a molecule, related to molecular volume and
Molar Refractivity Electronic electronic properties. Important for predicting optical behavior.
EState VSAI Electronic Sum of van der Waals surface areas of atoms with electrotopological state values

in first range. Relates electronic state to molecular surface.

1)

2)

Auxiliary Task Retrieval

1)

2)

Instruction: Provides general guidance to the
LLM, specifying its role in the retrieval process.

Message: A direct and clear request for the LLM
to identify potential auxiliary task labels based
on the given context

Auxiliary Task Selection

1)
2)

3)

Search available information about these
properties and write a brief summary...

Assess the relevance between retrieved
properties and the primary task...

For the primary task, recommend K
properties as auxiliary tasks...



Method - AutAuT

TL;DR: A fully automated framework that uses LLMs to retrieve Auxiliary Tasks and employs Adaptive Weighting to integrate them for molecular property prediction.

Request

>

Hi,  am working on a project focused on
molecular property prediction, specifically

predicting the toxicity of molecules. The

data is included as an attachment.

Data & Primary Task (D, UYy)

—>

Output

Molecule 1 is toxic.
Molecule 2 is NOT toxic.

And a trained model.

B

@5 LLM — |2z

Available
- 3 ili
-— % LLM "= auxiliary tasks o
= =
Obtainable Processed
labels auxiliary task labels

Physical property:
- Molecular Weight

- Dipole Moment

- Atomization Enthalpy
Chemical property:

- Estate

- TPSA

Structural property: ...
Fingerprints: ...
Toxicity: ...

Dipole Moment: Measure of
charge separation in a molecule,
calculated from atomic partial
and their 3D positions.

s polarity and is measured

van der Waals

f atoms with

state values in
slectronic state
to molecular surface.

{yslrySZw }

Predictions 1 )

H 2

i 3) Learningto Learn from Selected Auxiliary
Tasks

1)  Weigh initialization: the auxiliary task weights
are initialized based on affinity scores.

Auxiliary Task Retrieval

Auxiliary Task Selection

Selected auxiliary
task labels

Aromatic Ring Count
Explanation...
Molecular Weight
Explanation...
Dipole Moment
Explanation...

Benzene Ring Presence
Explanation...

(1) Auxiliary task label retrieval

(2) Auxiliary task Llabel selection

= = :correlation between primary task label and

: where frozen LLMs can participate in

2)  Dynamic weight adaptation: the auxiliary task
weights are iteratively updated using gradient
alignment and validation performance.

3) Dynamic weight adaptation: the ML model
parameters are optimized with fixed auxiliary
task weights.

K
IVLW(8) = axVLE®)] = 0.

k=1

(Subspace Alignment for Optimization)
£(0) <E(0) +c- Ru(Ha),

auxiliary task labels Theorem 1

(3) Joint training
Theorem 2

(Generalization Bounds with Auxiliary Tasks)



Experiments

CLASSIFICATION (ROC-AUC % 1)

REGRESSION (RMSE )

CLASSIFICATION (ROC-AUC % 1)

| REGRESSION (RMSE |)

DATASETS BBBP BACE CLINTOX Tox21 ToxCAST SIDER ESOL FREESOLY Liro

# MOLUCULES 2,039 1,513 1,478 7,831 8,575 1,427 1,128 642 4,200

# TASKS 1 1 2 12 617 27 1 1 1
GCN 63.45:005 74.831018 56.28+00s 74.631006 65381030 62244027 | 3.16510.007  3.752:0.013  1.67240.008
+BEAM SEARCH | 66.08+002 68.421003 58.321008 75301001 66451022 62.871025 | 3.205:0.020 3.415:008 1.685+0.012
+TAG 64.65+0.02  72.1040.02 57.12+006 71.78+001 65.084021 62.63+023 | 3.340+0.035 3.885+0.055 1.72240.014
+TASK2VEC 68.25:0.00  75.3840.03 49.55+007 70.201001 63.624p20 62.25i023 | 3.278+0.042 343710030 1.74240.016
+MTDNN 66.63:002  70.124003  53.25:008 71.95i001 64.534025 61951026 | 3.17240055 342040040 1.715+0.015
+UA 60.38+0.01  62.4810.03 51.95:008 70.951001 62.754024 60.181022 | 3.428100m2 4.210+0060 1.810+0.017
+GRADNORM 61.5510.00  65.124004 53.45:007 59.88100s 62.054023 59201022 | 3.55810.082 4.410+0.065 1.85510.018
+PF 57124008 65.2240.05 56.45:004 51124002 60.884021 58.624020 | 3.65810.075 4.508i0072  1.9024i0.021
+MOLGROUP 68.421002 77.684002 60.18+003 76.124001 66.9541023 63.124025 | 3.12540.025 3.245:0020 1.70240.012
+GS-META 66.721002  75.713041  63.23:006 75231008 65943021 63221060 | 3.035:0.013 344410061 1.83910.027
+INSTRUCTMOL | 68.50+0.04 80.214018 64.02:1005 76.69+004 66941048 64304072 | 2.61210034 2.108+0.046 1.25210.018
+AUTAUT 69.72. 001  83.104002 8L.00:003 77.551001 68.054010 64621024 | 1.8B5.0028  1.975:0022 1.285. 0010
GIN 66-82111,09 77-45:!:[1,21 56-48:{:11 18 75-3210 17 62-3510.05 60-25111,20 2-895:{:().[112 3365:{:[1,013 1-69210,011
+BEAM SEARCH | 67.7840.02 81.9240.04 76.95:012 77.051002 65.2840220 62.571022 | 2.943 10028  3.375:10022 1.68810.014
+TA.G 61.251[],0? 72.15i[],03 5825*[] 06 ?2081() 01 64.38*0.?[ 61.751[],21 3.275i".[]ﬁ“ 4.002i[],048 1.75210,0[5
+TASK2VEC 68.481001 75101003 48.621004 69.12:1001 63.624024 60381026 | 3.23210045 345210032 177510017
+MTDNN 66.921003 70.35t0.03 53.281007 72324001 64.584025 61921026 | 3.18210.052 346810042 1.72240.014
+UA 60.751001  62.1840.03 52181008 71.224001 62.584023 59824022 | 3.442.0065 4.315:0053 182240010
+GRADNORM 61.6840.02 65.384004 53.58:008 60.251005 62.0840235 58.55:0.23 | 3.602:10.080 4.50810.062 1.87810.020
+PF 57381[1,03 65-581[1,05 56381[1‘[14 51 -381()112 60-92j:u.22 58381[1,21 3-69510.[17& 4-6081u,um 1-93210,021
+MOLGROUP 69.88+0.00  83.124002 81.25:004 77.724001 67.554022 64284024 | 1.88210.030 195240025 1.28810.011
+GS-META 66.46+0.00  79.464000 73.541012 76.27100s 66.144031  62.964025 | 2.060+0.012  3.84810.02¢ 1.43410.04
+INSTRUCTMOL | 69.871002 81994004 76.161006 7791002 68441014  64.254062 | 1.87810.019  1.960t0.022  1.289:0.026
+AUTAUT 70.581001 83.62:002 82.52:1004 78.32:i001 69.381022 65.08:025 | 1.87010025 1.900:0.020 1.27010.010
GRAPHORMER 67.0510.04  79.184013  78.42:012 75.551018 67.124005 70.08:021 | 2.102:10.02  1.795:0.010 1.28210.010
+BEAM SEARCH | 67.7840.03 81.1240.03 78.22:000 77.0810.01 67.823021 70.55:0.24 | 2.225:0.04a0 1.825:0005 1.32210.014
+TAG 61.524002  72.25+00s4  59.35:007 72.551t001 66.25+023 69.25102s5 | 2.285:0.060 1.865+0020 1.37510.018
+TASK2VEC 68.52+0.00  75.18+0.0s 48.851003 69.25+001 65.124022 67.551027 | 2.275+0.0a0 1.8524+0.020 1.36210.015
+MTDNN 67.0840.02  70.5240.03 53.52:007 72451001 65.55i025 68.12:1026 | 2.202:0042 18751008 1.335i0.012
+UA 60.821001 62.223003 52.52008 71.52:i001 63.52p022  66.72:0.24 | 245510050  2.055:0020 1.43240.016
+GRADNORM 62.021002 65.524000 53.82:007 60.52100s 62.824023 65521025 | 2.605:0070 2.205:0.040 1.52510.020
+PF 57.5240.03  65.821005 56.524004 51.52:002 61224022 64.824023 | 2655410080 2.30510.050 1.62510.018
+MOLGROUP 69.7210.00  83.15t0.02 81.52:004 77.751001 68.854022 70.55:i027 | 1.902:10.030 1.805:10.010 1.29210.010
+GS-META 68.1210.00 81.064010 80.00:011 77.29:1000 67.904020 70.141025 | 2.06410035 1.88li006 1.33010.010
+INSTRUCTMOL | 68.99 1002 83.524002 8l.4lio02 78.0540.04 69.034007 70494025 | 1.90140.014 1.81lio002  1.230+0.000
+AUTAUT 70.321[1,01 83.72;{:[1,07 82.5537[1 04 78.521() 01 69.38;{:0.?1 71.55;{:[],26 1.872;{:(1.[125 1.772;{:[1,015 l.zﬁziu,mm

DATASETS | BBBP BACE CLINTOX Tox21 TOXCAST SIDER | ESOL FREESOLV Liro

GIN 66.8210.00 77.454021 56.48i0.18 75.3240.17 62.3510.05 60.251020 | 2.895+0.002 3.865+0.018 1.69210.011
GRAPHORMER 67.0510.04 79.1840.13 78.4210.12 75.5510.18 67.1210.05 70.084+0.21 2.10210.012 1.79510.010 1.28219.010
D-MPNN 70.8310.42 81.19:i051 90.9541063 76.241047 64971024 57.31104s5 | 1.04510070 2.080+0.000 0.68510.015
ATTENTIONFP 64.1541.48  78.241031 80.51t026 77.0010.35 63.5210314 60.1246.03 | 0.88010.025 2.07510.50 0.720+0.002
MGCN 65.27+0.43 73.01+0.61 89.5111922 77.151050 ©66.031045 58.024103 1.100+0.060 2.800+0.100 0.73040.012
N-GRAM 70.15+052  78.09:137 75.9542097 77214045 62.041060 58944550 | 1.15040.045 2.85010.110 0.73510.013
PRETRAINGNN 68.911098 83.971064 72.9510.61 77.4510.38 63.011087 62.03415094 1.10040.050 2.75010.010 0.740+0.004
GPT-GNN 63.96+123 71.981067 65.041100 77.12+060 62.00+0.45 58.474400 | 1.20040.070 3.000+0.150 0.800+0.020
GROVERg,s¢ 65.0240.10 81.014020 74924060 77314041 62.974070 61.014550 | 1.08540.075 2.27040.050 0.82040.012
GROVER arce | 60.041031 80.994036 74.011055 77.104045 63991050 60.0246.00 | 0.98040.0s0 2.18040.045 0.815+0.000
3D-INFOMAX 67.024103 84.014131 78.034143 77.254032 65.964080 62.044500 | 0.95040.030 2.60040.080 0.80040.016
GRAPHMVP 71.9841.48 83.024079 85.031090 77.401025 65941060 63.014530 | 0.89010.030 2.33010250 0.83010.006
MoLCLR 71.51+1.06 83.48+052 88.97+110 77.35t03s4 66981070 64.054570 | 0.94010120 2.580+0.220 0.650+0.007
UNI-MoL 72.8310.48 86.523:0‘39 89.9711.00 77.5010.22 67.03:&0,50 65.943:5.50 0.78510.100 1.620i0.05g 0.60510.011
GEM 72214034 85494097 91.981145 77.55+0.15 66981041 669710458 | 0.80040.025 1.8704+0.000 0.660+0.010
PIN-TUNING 70.87 +0.61 81.21+0.20 89.8141.44 77.2040.27 66.92_19.9s8 66.3610.51 0.84510.204 1.935.0.104 0.673 10112
LAC 72444005 83.471011 92114100 T77.661061 67.011034 67.024065 | 0.79440.1000 1.82740121  0.657+0.108
AUTAUT ‘ 73.04.058 86.031,44 92314723 78200012 67541076 67.531032 | 0.76010035 1.60010040 0.58010012

e AutAuT surpasses 10 auxiliary task selection methods across 9 molecular property prediction tasks.

* AutAuT demonstrates superior molecular property prediction performance against 10 state-of-the-art molecular
property prediction methods.
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A: Auxiliart task influence is correctly inferred.
B: Auxiliary task selection and adaptive weighting complement each other.
C: The number of selected auxiliary tasks (K) balance informativeness and noise.

D: All major LLMs produce useful task suggestions and improve over baseline.
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