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Motivation and summary
• Deep generative models have emerged as a popular machine learning-

based approach for inverse design problems in the life sciences.
• Such problems often require sampling new designs that satisfy multiple

properties of interest in addition to learning the data distribution. Ad-
ditionally, these properties can be independent or orthogonal to each
other.

•We propose a new EBM for antibody design that simultaneously takes
into account multiple properties that an antibody has to satisfy.

Figure 1: Example output of the proposed Pareto-optimal energy-
based sampler (pcEBM) compared to a naive multi-objective sampling
(cEBM). The green marker denotes the starting sequence; each point in
the plot corresponds to a modified design of that starting point, aiming
at improving binding affinity and nonspecificity. pcEBM introduces sam-
ples along a Pareto front, with candidates minimizing both objectives
simultaneously, while candidates generated by the cEBM minimize only
one objective.

Background andmethod

Problem setup

We represent antibodies as sequences of characters x = (x1, . . . , xL), where
xl ∈ {1, . . . , 20} corresponds to the amino acid type at position l. For each
of those sequences, we measure m properties, such that fi ∶ RL → R for all
i ∈ 1, . . . ,m. Our goal is to generate new sequences x∗ with preferred values
for each of the m properties.

Multi-objective optimization with MGD

An approach for optimizing multi-objective, non-convex Pareto fronts is
multiple gradient descent (MGD) [2], which iteratively updates x to maximize
the slowest decreasing rate among all the objectives, that is:

g(x)∝ argmax
g∈Rd

{min
i∈[m]�g,∇xfi(x)� subject to �g�2 ≤ 1}

That the above objective has the optimal value g(x) ≈ ∑m
i=1�∗i∇xfi(x)

where {�i∇xfi(x)}i=1m is the solution of

min
�i

� m�
i=1�i∇xfi(x)�2 subject to

m�
i=1�i = 1 and �i ≥ 0 for all i ∈ [m].

(Compositional) energy-based-models

EBMs can approximate a data distribution and sample from it:

p✓(x)∝ e−E✓(x), x = xk−1 − ⌘
2
∇xE✓(xk−1) + !k, ! ∼ N (0,�2)

Compositional energy based models, [3] extend EBMs to multiple properties:

p(x�f1 ∧ f2 ∧�∧ fm) =�
i
p(x�fi)∝ e−∑i E(x�fi)

x = xk−1 − ⌘
2
∇x�

i
E✓(xk−1�fi) + !k, ! ∼ N (0,�2),

Pareto compositional sampling

We propose a method that samples from the Pareto front of m distributions.
Our approach entails utilizing multiple gradient descent as in [1], to select a
locally optimal direction that optimizes the slowest decreasing rate among
all the objectives of the compositional EBMs. The sampling from this multi
modal distribution is achieved by replacing the gradients with Multiple gradi-
ents which leads to the modified sampling:

xk ← xk−1 − ⌘ argmax
g∈Rd

{min
i∈[m]�g,∇xfi(xk−1)� subject to �g�2 ≤ 1} +√2↵!

Empirical evaluation

Our experiments provide answers to the following research questions:
• Q.1 Can EBMs to generate valid, multi-property compliant Ab sequences?
• Q.2 Does Langevin Dynamics sampling propose more optimal sequences?
• Q.3 Does pcEBM have an advantage over cEBM?
• Q.4 Can we improve a property of a seed sequence using (p)cEBM?

Table 1: Hyper-Volume (HV) across multiple combinations of proper-
ties (as measured by energy score) across different step sizes ⌘

HV(Ab-Like, Aff, BV) HV(Aff, BV) HV(Ab-Like, BV) HV(Ab-Like, Aff)

⌘ = 0.01
MGD 0.04 0.22 0.23 0.29
ls-cEBM 0.00 0.24 0.24 0.23
cEBM 0.00 0.25 0.24 0.25
pcEBM 0.049 0.3 0.29 0.30

⌘ = 1
MGD 0.04 0.25 0.25 0.27
ls-cEBM 0.00 0.25 0.24 0.25
cEBM 0.046 0.29 0.29 0.3
pcEBM 0.041 0.27 0.27 0.29

⌘ = 40
MGD 0.033 0.25 0.25 0.26
ls-cEBM 0.043 0.27 0.26 0.26
cEBM 0.046 0.29 0.29 0.29
pcEBM 0.037 0.27 0.27 0.28

Figure 2: (A) pcEBM convergance rates (B) Pareto fronts for all baselines (C)
Distributions of predicted BV scores for the initial set of sequences to be improved
(seeds) and proposed designs.
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