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Formulate regression as a conditional sequence modelling problem

Sequence property prediction

<QED>[0 0][.1[5 -11[6_-2]

<QED>[MASK] [MASK] [MASK] [MASK] |CnlnccclBr |CnlnccclBr

Regression
Transformer
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Formulate regression as a conditional sequence modelling problem

Sequence property prediction

<QED>[0 0][.1[5 -11[6_-2]

<QED>[MASK] [MASK] [MASK] [MASK] |CnlnccclBr |CnlnccclBr

Regression

Conditional sequence generation Transformer

<QED>0.56 |

<QED>0.56 | C[MASK] [MASK] cc[MASK] [MASK] ChlncoelBr CnlnccclBr

This yields a dichotomous model that can seamlessly transition between
property prediction and property-driven conditional text generation
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2012: AlexNet — CNNSs for object recognition izhevsky et at, Neurtrs)
2015: Self-attention generalizes fully-connected layers wongetat, eme)
2017: Transformers supersede RNNS in NLP waswanietal, neurps)

2019: Vision Transformers can match CNNS Ramachandran et al, NeuriPs)

2021: Transformers are universal computation engines wueta, asan
20271: Abstract offline RL to sequence modelling «chenetal, neurps)
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Motivation II: Generative Chemistry

Labeled Data Canonlcal approach Unlabelled Data
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Motivation II: Generative Chemistry
Labeled Data Canonical approac:h Unlabelled Data

i I Provide feedback to improve generation ‘ I
r-----------l

t Provide data for in-silico screening '
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Motivation II: Entangle prediction & generation
Regression Transformer approach

\
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Tokenization

Numbers are tokenized into sequences of “numerical tokens”

<QED>0.51 <Tox>1.4 N#[N+][N-]clccc(C)ccl

<QED>00 . 5-1 1-2<Tox>10 . 4 -1N...
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« XLNet —A bidirectional, autoregressive Transformer (vangetal, 2019, Neurtps)
* Train with Permutation Language Modeling (PLM)
« PLM: Sample factorization order at runtime

1. Overcomes BERT’s independence assumption in multiple token generation
Example:

2. Unlike GPT-2, XLNet fully attends contextual information from both sides
Example:
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Vanilla PLM objective

<QED>0.51 | N#[N+][N-]clccc(C)ccl

T
oge Beee |3 onme 50| " Randomlymask20%of tokens
t=1
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Dataset: Synthetic data of QED scores of molecules
Evaluation queries: <M ASK><M ASK><M ASK><M ASK> |N#[N+]IN -lcdcec(C)ecd

Regression task

Configuration '
RMSE PCC (1)
0.0549 0.972

Data NE | Perpl.

SMILES - 1 1.55
0.0591  0.968

SELFIES - ! 1.61
SELFIES v ' 1.59 '0.0547 0.971

Comparison to conventional regression models
Model MAE ({)

k-NN (baseline) 0.054
0.020

SMILES-BERT (Kim et al., 2021)
RT - PLM objective 0.035

No regression loss! This is achieved despite casting regression as a

conditional sequence modelling problem & training with cross entropy loss.
IBM Research Europe
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Conditional molecular generation

- Task: Substructure-constrained, property-driven molecular generation
- Evaluation queries: <Qen>0.26 | C1<MASK><MASK><MASK>CC10CC (=0) NC<MASK><MASK>=C (NC. .

Configuration

| Regression task | Generation task

Data NE | Perpl. | RMSE PCC (1) |(0-Var({) p (1)
SMILES - 1 1.551 0.0549 0.972 | 1.6% 0.096

SELFIES - ' 1.61 ' 0.0591 0.968 | 0.9% 0.427
SELFIES v ' 1.59 '0.0547 0971 | 0.3% 0.467

- pisthe Spearman correlation between the QED score of 10 property
primers/prompts (0.1 — 0.9) and the QED of the obtained molecules

= { | /:
BT Sl 2ot B

, Seed QED: 0.701 :
Primer: 0.05, QED: 0.113 Primer: 0.25, QED: 0.245 Primer: 0.45, QED: 0.471 Primer: 0.85, QED: 0.818

?D{ﬂ?\\ oy :)QUKO%

Low QED e pimer: 065, aep:0701  High QED

Primer: 0.35, QED: 0.387




Vanll.l.a PI_M ObJeCtlve (Yangetal, NeurIPS) <QED>0.51IN1#[N+] [N']C:I.CCC(C)CC:I.

JpLMm = mglezNzT log po(Xz>c|Xz..)]

Property prediction objective <QED> 0.51 |N#[N+][N-Jclcce(C)ccl

Self-consistency objective for conditional generation

Ip = max Eznz? [log pa(xP|x")]

TIsc = Ja(x) + a- Tp(R) with Jo = max B,z [logpo(xs, [xE_, %t , )]
<QED>0.51| N#[N+][N-]Jclccc(C)ccl <QED> 0.51 |N#[N+][N-Jclccc(C)ccl

| 4
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Same dataset: Synthetic data of QED scores of molecules

Regression
Model RMSE PCC

RT — PLM objective 0.0547 0.971

RT — Refined objective 0.0367 0.987

Comparison to conventional regression models

Mode
k-NN (baseline) :
SMILES-BERT (Kim et al., 2021) 0.020

RT - PLM objective 0.035
RT - Alternating objective (o = 0)  0.017
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Same dataset: Synthetic data of QED scores of mole

Generation
0-Var Spearman

Regression
Model RMSE PCC

RT — PLM objective 0.0547
RT — Refined objective 0.0367

Comparison to conventional regression models

Mode
k-NN (baseline) :
SMILES-BERT (Kim et al., 2021) 0.020

RT - PLM objective 0.035
RT - Alternating objective (a« = 0)  0.017
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Rea[ datasets SO[U b|l|ty & leOphIlICIty (MoleculeNet benchmark)

Configuration Dataset

|
RF = =l 1.16:t0_15 2-12:t0.68 0.78i0_02
XGBoost — 11.05%0.10 1.76F0.21 0.84%0.03

SMILES-BERT
Mol-BERT ;
RT (ours) 01 0.76%0.05
RT (ours) 1 10.75%0.04
RT (ours) 040.71E0:01
RT (ours) 1'0.73%0.04

- RT outperforms baseline methods in molecular property prediction
- RT cannot beat Transformers with finetuned regression heads
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But: The RT can concurrently generate molecules with desired property

~ ESOL
NE o ,0-Var p
X 0,44% 0.44
X 1159% 0.46
RT v 0'61% 0.46
RT v 1'61% 047
X-BERT '

Model

RT
RT

FreeSolv
0-Var p
7.9% 0.53
7.5% 0.56
8.9% 0.57
6.5% 0.57

Task unfeasible

Lipophilicity
0-Var  p

E.g., solubility: Rank correlation between the 10 property primers and the
(predicted) solubility of generated molecules is ~0.45

\

Primer: -8.61,
ESOL (by RT): -6.58; ESOL (by Grover):-7.44

Primer: -5.84,
ESOL (by RT): -5.19, ESOL (by Grover):-4.67

Seed ESOL: -3.904

Primer: -4.46,
ESOL (by RT): -5.19, ESOL (by Grover): -4.39

Primer: -7.23,
ESOL (by RT):-5.21, ESOL (by Grover):-5.17

Unsoluble

L0~

YC\
Primer: 1.08,
-1.30 ESOL (by Grover): -1.78

Primer: -3.07,

ESOL (by RT): -4.78, ESOL (by Grover): -3.73  ESOL (by RT):

-

Primer: -1.69,
ESOL (by RT): -3.79, ESOL (by Grover): -2.29

Soluble



Task: Given a seed molecule, generate molecules with a higher logP score,

while adhering to a similarity constraint (8)

Table 6. Constrained property optimization benchmark. JT-
VAE is from J in et al. (2018) and GCPN from You et al. (2018).

Result: ; Generation task ' " Regression
ﬁ ; f Model | Improvem. Similarity 6 Success, PCC
€ outpertorms JT-VAE 1 0.844+,5  0.51101  83.6% 1 Unfeasible

competitive approaches in GCPN | 249413  047:01  100% ! Unfeasible
conditional molecular design RT (Ours) ' 3.1641 5 0.54.0.1 97.1% ' 092100

(a) Similarity threshold 6 = 0.4
i Generation task | Regression
Model | Improvem. Similarity § Success, PCC
JT-VAE | 0.2140.7 0.69+0.0 46.4% 1 Unfeasible
GCPN ! 0.79+056 0.68+0.1 100% ' Unfeasible
RT (Ours) ' 2.214; 3 0.69-0.1 81.8% ' 0.9210.0

(b) Similarity threshold 6 = 0.6
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Datasets : TAPE b enc h mar k Table 7. Protein regression tasks. All values in Spearman’s p (1).
TAPE datasets/performances taken from Rao et al. (2019).

Model Source Boman Fluorescence Stability
RT can match state-of-the art kNN  Baselne 093 050 021
: . : One-Hot TAPE = 0.14 0.19
protein language models in protein Prer LSTM  TAPE  — 067 069
. : f = : 0.73
p ro pe rty p I’ed ICtIO N (TAPE: Rao et al., NeurIPS 2019; l;rﬁtery ::Z?_S(gg?g; L']I‘Iﬁflzfp s 82? 0.73

UniRep : Alley et al., Nature Methods 2019) RT Ours 0.99 0.7241004 0.7140.02

Boman dataset | Stability dataset

SEE qugl can, to some extent, Model ! o oo Soegem. 5 0:-Var(l) Speaemt. o
adapt existi hg proteins to fulfil a A;ljl n"il“RA;E: Tibogeanble |  Takigasibie
proper’[y Of Interest RT '0.2%+0.0 0.8410.00 ' 19%+45 0.4410.01
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: Ju pyter regression-transformer—demo Last Checkpoint: 28 minutes ago (unsaved changes) ? Logout

File Edit View Insert Cell Kernel Widgets Help Trusted [ Python 3 (ipykernel) @

B+ x @& B 4+ ¥ PRin B C W Code v &

GsT
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Demo: Regression Transformer in the Generative Toolkit for Scientific Discovery

In [*]: !pip install gtdsd

In [1]: import logging, sys
logging.disable(sys.maxsize)

. o
P re d I C‘t S O [ u b I [ I ‘I: Of from gtdsd.algorithms.conditional generation.regression_transformer import (
RegressionTransformer, RegressionTransformerMolecules
)
from rdkit import Chem

a common herbicide | i e e

Let us have a look at Buturon, a common herbicide

In [ ]: smi = 'CC(C#C)N(C)C(=0)NCl=CC=C(Cl)C=Cl'
Chem.MolFromSmiles (smi)

Generate similar
m O [e C U [e S W | -t h Buturon has a water solubility score of -3.90

We can predict its ESOL (estimated solubility) value with the RegressionTransformer

improved solubility

In [ ]: config = RegressionTransformerMolecules(search='greedy')
target = f"<esol>[MASK][MASK][MASK][MASK][MASK]|{encoder(smi)}"
esol_predictor = RegressionTransformer(configuration=config, target=target)
score = list(esol_predictor.sample(1l))[0]
print(f'\nFor Buturuon, the predicted ESOL is {score}')

Ok, we can see that the prediction was decently close but not perfect
Now let us try to improve Buturuon to a molecule with higher solubility
Note, that we will use the same model to do so!

We simply set the hyperparameters for the search and mask undesired parts of the molecule
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RegressionTransformerMolecules (search='sample', temperature=2, tolerance=5)
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The RT casts regression as conditional sequence modelling problem

In some cases, this can match SOTA performance in property prediction
tasks despite using a cross-entropy loss

The same model can outperform specialized generative models in
conditional molecular design benchmarks

This opens the door toward extending self-supervised pretraining to
labelled datasets
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Read the full paper on arXiv:

_ . / Joint work w/
Further experiments on protein language modelling Matteo Manica

Ablation studies on numerical encodings & more
Code public:

Integrated into GT4SD: Generative Toolkit for Scientific Discovery:
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https://github.com/IBM/regression-transformer
https://github.com/gt4sd/gt4sd-core

User-model interaction

N#[N+][N-]Jclccc(C)cc]l =  <QED><MASK>..<MASK> .. Ni#F[N+][N-

<QED> .. <Tox> lclccc(C) cc1<MASK>..<MASK> X
Primer and “
properties |
of interest Language modeling ‘|

<QED>0.51 .. N#[N+][N- :
Jclccc(C)cciC..C :
<QED>0.55 .. N#[N+][N- Predictive and I
Jelece(C)cclC..N generative model "
Pick, mask & repeat ,I
U
U
,/
<QED>0.55 .. N#[N+][N- 7
1<MASK>...<MASK>C..N Rl
’f

~
[
-_----———---————’
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Float encodings

Pairwise distances

-

4 6 8 10 0O 50 100 150 200
Embedding dimension Number

- Summing with learned embeddings
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l...|<ESOL> IN#[N+][N-]Jcdlccc(C)ccl

Tokenization

Lo Jloo il i e JOJe ...

Numerical embeddings

__ LI IESE e E[-][E = EE00UC T

Regular word embeddings ( + relative positional encodings)

' '

XLNet (LMHeadModel)

e

\_

Trained with PLM objective or with combined property prediction and self-consistency objective
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Sequence decoding in Transformers

Example 1: The largest city in the US is [MASK] [MASK]
Autoregressive model (e.g., GPT-2): P(yolxg ... xg) - P(y1] x¢ -.- Xg, V1)
BERT: P(yolxg ... xg) - P(y1] xg .- Xg)

- BERT: Independence assumption is prohibitive

Example 2: The city [MASK] [MASK] has the largest population in US

Autoregressive model (e.g., GPT-2): P(yglxo, x1) - P(y1]%0, X1, Vo)
BERT: P(yylxg, ... x7) - P(y1] X0, .- X7)

- Autoregressive model is blind to the future
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Solution: XLNet —A bidirectional, autoregressive Transformer (angetat 2019, Neurtrs)
Train with Permutation Language Modeling (PLM)
PLM: Sample factorization order at runtime

1. Overcomes BERT's independence assumption in multiple token generation

2. Unlike GPT-2, XLNet fully attends contextual information from both sides
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Dataset: Fluorescence & stability dataset are from TAPE benchmark

Same model can, to a decent extent, adapt existing proteins to fulfil a
property of interest
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Dataset: Fluorescence & stability dataset are from TAPE benchmark

Table 7. Protein regression tasks. All values in Spearman’s p (7).
TAPE datasets/performances taken from Rao et al. (2019).

Model Source Boman Fluorescence Stability
k-NN Baseline 0.93 0.59 0.21
One-Hot TAPE - 0.14 0.19

Pretr. LSTM TAPE - 0.67 0.69
Pretr. Transformer TAPE - 0.68 0.73
Alley et al. (2019) UniRep - 0.67 0.73

RT Ours 0.99 0-72:};0.04 0.71 +0.02

RT can match state-of-the art protein language models in protein property

p I‘ed |Ct |ON (TAPE: Rao et al., NeurIPS 2019; UniRep : Alley et al., Nature Methods 2019)
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Dataset: Fluorescence & stability dataset are from TAPE benchmark

Mode] |  Bomandataset | Stability dataset
| O-Var (J) Spearm. p | 0-Var () Spearm. p

All TAPE | : .
UniRep | Task unfeasible Task unfeasible

|
|
_ RT | 02%s00 0.84:+000,19%+45 0.4440.01

Same model can, to a decent extent, adapt existing proteins to fulfil a
property of interest
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Motivation III: Self-supervised pretraining

Processing text Self-supervised
(word2vec) pretraining

Encode continuous
properties

How to extend self-supervised pretraining (BERT-style) to
numerically labelled data?
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Sequence property prediction

<QED>[0 01[.]1[5 -11[6_-2]

<QED>[MASK] [MASK] [MASK] [MASK] |CnlnccclBr |CnlnccclBr

Regression

Conditional sequence generation Transformer

<QED>0.56 |

<QED>0 .56 | C [MASK] [MASK] cc [MASK] [MASK] PR s Slineraelizs

Idea: Relax the inductive bias of discriminative modelling
Let’s learn joint distributions over input and target variables

—> Blur lines between predictive and conditional generative modeling
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Conditional generation - Protein interaction

More freedom (i.e., masked tokens) in
the protein design task leads to better
results

c
©
=
—
©
0]
Q

n

But this comes at the cost of lower - _ e PLMloss
diversity Text loss (o)

Self-consistency (Jsc)

0.2 0.4 0.6
Fraction of masked tokens
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Configuration Dataset

Saisec fil - hasasidad |
RF — — | 1.16:t0_15 2-12:*:0.68 0.78:t0_02
XGBoost — 11.05+0.10 1.76F+021 0.84+¢03

SMILES-BERT
Mol-BERT
0 10.76+%0.05
RT (ours) 1 10.75%+0.04
RT (ours) 0 "0.71%0.04
RT (ours) 1 '0.73%0.04

The RT cannot match Transformers finetuned with a regression head, but....
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Motivations for the Regression Transformer (RT)
How does the RT work?
Experiments on chemical languages

Experiments on protein languages

Accelerated Discovery Team / March 2022 / © 2022 IBM Corporation I B M Resea rCh E u rO p e 35



Motivation for Regression Transformer

1. Entangle molecular design & property prediction in generative chemistry
2. Decline of inductive biases in ML

3.  Extend self-supervised pretraining to continuous properties
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