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Abstract

A popular approach to protein design is to combine a generative model with a
discriminative model for conditional sampling. The generative model samples
plausible sequences while the discriminative model guides a search for sequences
with high fitness. Given its broad success in conditional sampling, classifier-guided
diffusion modeling is a promising foundation for protein design, leading many
to develop guided diffusion models for structure with inverse folding to recover
sequences. In this work, we propose diffusioN Optimized Sampling (NOS), a
guidance method for discrete diffusion models that follows gradients in the hidden
states of the denoising network. NOS makes it possible to perform design directly
in sequence space, circumventing significant limitations of structure-based methods,
including scarce data and challenging inverse design. Moreover, we use NOS to
generalize LaMBO, a Bayesian optimization procedure for sequence design that
facilitates multiple objectives and edit-based constraints. The resulting method,
LaMBO-2, enables discrete diffusions and stronger performance with limited edits
through a novel application of saliency maps. We apply LaMBO-2 to a real-
world protein design task, optimizing antibodies for higher expression yield and
binding affinity to several therapeutic targets under locality and developability
constraints, attaining a 99% expression rate and 40% binding rate in exploratory in
vitro experiments.

1 Introduction

Optimizing protein sequences for improved function has the potential for widespread impact [63].
Among many potential applications in engineering and medicine, engineered antibodies can be used to
create cancer therapeutics that are much less harmful to the patient than radiotherapy or chemotherapy.
Because the space of possible proteins is vast and discrete, and experimental validation is slow and
expensive, all practical methods for protein design must restrict themselves to a small enriched library
of candidates to find a viable option in as few measurements as possible [44]. In practice these
enriched libraries are usually obtained through massive high-throughput in vitro screening [67], or in
the case of antibodies by injecting a live animal with the target antigen and sequencing the animal’s
immune response [52]. Generative protein models offer the tantalizing prospect of enriched libraries
produced nearly instantly at a fraction of the cost. Success in real-world applications, however, has
proven elusive, in part because naive generative models produce outputs that are similar to their
training data and are therefore unlikely to improve target qualities [53].

There are many approaches to guided generation of proteins, but one broad and important distinction
is between methods that search in sequence space and those that search in structure space. A basic
tenet of molecular biology is “sequence determines structure, structure determines function” [9].
Hence when optimizing a protein for a desired function, it may seem more direct to design the protein
in structure space, where gradient-based sampling methods can be used in tandem with carefully
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Figure 1: We propose diffusioN OptimizedSampling (NOS), a method for gradient-guided sampling
from discrete diffusion models. NOS usesT sampling steps of denoising diffusion, where each
step consists of applying a corruption, gradient steps to optimize a value function,f , and sampling
of the next discrete sequence, or corresponding latent state. NOS generates samples that optimize
an arbitrary objective while maintaining high likelihood with respect to a reference distribution of
sequences. We combine NOS with LaMBO, a strong Bayesian optimization method for sequence
design [73], to make LaMBO-2, our improved method for protein design.

engineered potentials [1, 45, 77]. One of the drawbacks of this approach is the optimized structure
must still be converted back to an amino acid sequence in order to be synthesized, a task known
as “inverse-folding” [19]. There is no guarantee that the optimized structure can be realized by an
actual sequence, and the inverse-folding procedure may not �nd the sequence if it exists. Structural
models are also computationally intensive and limited by the scarcity of high-quality structural data.
Searching directly in sequence space eliminates the need to recover sequence from structure. Protein
sequence models are also comparatively fast, especially during inference, and can leverage sequence
datasets that are often several orders of magnitude larger than their structural equivalents.

Although sequence models are arguably the most practical foundation for protein design, they have
historically suffered from the challenges of optimizing discrete sequences, where gradient-based
sampling is not directly applicable. As a result, many sequence search methods resort to gradient-free
sampling methods like Metropolis-Hastings MCMC [78, 37], which are �exible but computationally
expensive, eroding a key advantage over structure search. Several methods have been proposed that
maintain gradient-based search by performing guidance in a continuous latent space, with a learned
decoder to sample discrete sequences [33, 32]. Notably, Stanton et al.[73] proposed LaMBO (Latent
Multi-ObjectiveBayesianOptimization), an optimization method that uses masked language model
(MLM) style denoising guided with Bayesian acquisition values to address the online, multi-objective
nature of real-world protein design. While LaMBO can quickly sample sequences with improved
acquisition value, it has two key limitations. First, LaMBO is built on top of MLMs which, while
strong representation learners are not strong generative models. In particular, MLMs lag behind other
methods in producing high likelihood samples or in�lls. Second, despite being designed to improve
known sequences instead of designing them completely from scratch, LaMBO and related methods
have no principled framework for simultaneously enforcing an edit budget and choosing optimal edit
locations based on that budget.

To address the �rst issue we proposeNOS (diffusioN OptimizedSampling), a new method for
controllable categorical diffusion (Figure 1). Diffusion models capture complex distributional
dependencies by making iterative denoising steps, but there is relatively little previous work on how
to control these processes. NOS generates sequences with both high likelihood and desirable qualities
by taking many alternating steps between corruption, guidance, and denoising in the continuous
latent space of the model. Ourin silico validation shows that NOS outperforms many state-of-the-art
structure and sequence-based baselines on both unguided and guided in�lling tasks.2 To address
the second problem (choosing optimal edit locations) we propose using embedding-gradient feature
attributions (i.e. saliency maps) to determine which positions on the sequence are most important
to edit to improve the guidance objective value. We combine NOS with saliency-selected edits
to create LaMBO-2, a more powerful variant of the original LaMBO algorithm. Exploratoryin
vitro experimental validation of our designs provides evidence that LaMBO-2 can be used to create
enriched antibody libraries without the aid of additionalin vitro high-throughput screening.

2https://github.com/ngruver/NOS
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2 Related Work

Discrete diffusions Austin et al.[4] and Hoogeboom et al.[40] constructed diffusion models for
discrete categorical data using a categorical noise process. Recently, categorical diffusion has shown
promise as a competitor to autoregressive models in text generation for machine translation and
summarization. The approaches can be roughly grouped into methods that apply categorical noise
distributions directly to sequences (CMLM [31], SUNDAE [65]), and those that apply Gaussian
corruptions to token-vector embeddings (SED [74], CDCD [21]). In this work we show that NOS
can guide both types of categorical diffusions. Within the space of protein design, our method is
also closely related to joint diffusion models over both sequence and structure [2, 51], which also
circumvent inverse folding. Because these models still rely on structure information at training time,
they can be limited by data availability in the same manner as pure structure models.

Discrete generative guidance Gradient guidance typically augments sampling from a generative
model with gradient steps to increase the occurrence of a desired attribute [54]. Gradient guidance
is natural within the framework of continuous diffusion models [20], and Li et al.[47] use this
connection to perform gradient-guided sampling from a diffusion language model. To obtain a
continuous space, they perform Gaussian diffusion [39] on word embeddings, decoding out to tokens
using a linear head. The original method required many careful engineering interventions, e.g.
clamping latent representations to the nearest word embedding, that have been improved by recent
methods, such as CDCD [21], but gradient guidance has not been discussed for these more recent
formulations.

To achieve a similar form of gradient guidance without carefully engineering a latent space, Dathathri
et al. [17] and Yang and Klein[83] propose gradient-guided autoregressive models by using the
decoder's activations as a gradient-friendly latent space. These methods alternate between sampling
from logits and ascending the likelihood of a separately trained classi�er model. Surprisingly, despite
work on gradient guidance for continuous noise diffusions and autoregressive language models, there
has been little work on gradient guidance for general categorical diffusions that predict denoised
categorical distributions (e.g. CMLM, SUNDAE, CDCD), which is a topic we explore in detail.
One closely related method proposed in the context of generative models of small molecules is
DiGress [79], which performs gradient guidance on one-hot token embeddings to bias the categorical
sampling distribution of a denoising model. In our setting we show that categorical and Gaussian
discrete diffusions guided with NOS outperform PPLM and DiGress (Subsec. 5.2).

Genetic algorithms Evolutionary algorithms are a popular solution for black-box optimization
in discrete spaces [3, 22]. These methods are often evaluated on their ability to optimizein silico
proxy estimates of actualin vitro �tness, e.g. deep learning models trained on experimental datasets.
In Subsec. 5.3 we baseline NOS against two genetic optimizers from protein design literature,
AdaLead [70] and Proximal Exploration (PEX) [61]. We show these baselines rapidly degrade
sequence likelihood as the proxy �tness is improved, limiting the effective number of edits that can
be made before checking the actual �tness of the samples, ultimately limiting their sample ef�ciency
and rate of convergence to optimal solutions. By contrast, NOS consistently improves proxy �tness
while maintaining sequence likelihood.

3 Background

We pose protein design as the problem of �nding sequences,w P A L with alphabetA and �xed
lengthL ,3 which maximize a single objectivef pwq(e.g., binding af�nity) or multiple objectives
f 1pwq; : : : ; f k pwq (e.g., expression yield, binding af�nity, and aggregation tendency). Designs
can be generated from random noise (ab initio design) or by making a �xed number of edits
B P t1; : : : ; L � 1u to a seed sequences PA L . A protein is only useful if it can be synthesized (i.e.
expressed), and the objective value of non-expressing proteins is unde�ned since their properties
cannot be measured. Therefore we must introduce the constraintw PE € A L , whereE is the set of
all expressible proteins. Since naturally occurring sequences must express in order to be observed,
ppwq, the likelihood of a protein with respect to an empirical distribution of natural protein sequences,
is often taken as a proxy for the tendency of a protein to express. In protein design, these proxies are

3Length change is enabled by the use of protein sequence alignments, which introduce a gap token “-”.
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Figure 2: Two approaches to diffusion generative modeling for categorical variables. (Left ) Cate-
gorical data is embedded into continuous variables with an accompanying continuous noise process.
(Right) Categorical noise is applied directly to sequences, and corrupted sequences are denoised
using standard language modeling methods.

typically called metrics ofnaturalness. Since we are looking for sequences that by de�nition have
not yet been identi�ed in nature, naturalness and our other objectives are often in tension.

We can trade off naturalness and objective value by drawing samples from the unnormalized density

~ppwq � expp� ~Epwqq{Z; ~Epwq � Epwq � vpwq; ; (1)

whereEpwq � � logppwqis a scalar energy function, and the value functionv : A L Ñ R expresses
the utility of a sequence with respect to our objectives. When designing proteins from primary
sequence, sampling ef�ciently from the resulting energy function can be challenging. Simple
approaches, such as the MCMC sampler used by Verkuil et al.[78] can require hundreds of thousands
of steps to converge (Appendix C.2). Guided diffusion models are an appealing alternative because
they construct a �xed-length Markov chain that quickly generates low-energy samples.

Diffusion models Denoising diffusion models construct samples by reversing a diffusion process
that maps clean data points,x0, to samples from a prior� pxq (Figure 2). The forward process
(x0 Ñ xT ) is composed of conditional distributionsppx t |x t � 1q(i.e., the noise process) that admit
closed forms for the conditional distributionsppx t |x0qandppx t � 1|x t ; x0q(e.g., independent Gaussian
corruption). The reverse process (xT Ñ x0) converts samples from the prior into samples from the
learned data distributionp� px0qby repeatedly predicting the denoised variablex̂0 from noisy valuesx t
and using the conditional distributionppx t � 1|x t ; x̂0qto derive a transition distribution,p� px t � 1|x t q.
The speci�c choice of noise process has been shown to signi�cantly affect the likelihood and quality of
image samples [71]. For categorical data there are two common approaches to constructing a diffusion
generative model, depending on the nature of the noise process. We include brief descriptions below
and a more detailed account in Appendix A.

Continuous noise To learn a distributionppwq, one strategy is to �rst embedw to a continuous
variablex0 with embedding matrixU� and apply Gaussian noise [21]. The prior is taken to be
� pxq � N p0; I qwhile the forward process isppx t |x0q � N px t ;

?
�� t x0; p1 � �� t qI qfor �� t P r0; 1s.

The values of�� t are determined by a user-speci�ed corruption schedule. For the reverse process,
we learn a function,p� pŵ|x t ; tq, to predict the sequence from noised pointsx t by minimizing the
following loss with respect to� :

Lp� q � Ew0 ;t r� logp� pw0|x t qs; x t � ppx t |x0 � U� w0q:

Usingp� pŵ|x t ; tqwe can construct a distribution for the reverse process

p� px t � 1|x t q �
¸

ŵ

ppx t � 1|x t ; x̂0 � U� ŵqppŵ|x t ; tq; (2)

whereppx t � 1|x t ; x0q is also a Gaussian distribution. At inference time, we can use the learned
reverse process to convert samples from� pxqinto samples from the learned distributionp� px0qby
repeatedly samplingp� px t � 1|x t q, followed by samplingw � p� pŵ|x0; 0q.

Categorical noise Alternatively, Austin et al.[4] proposed a forward process which operates
directly onw, by introducing an absorbing state for each tokenwpi q � [MASK] . The forward process
pw0 Ñ wT qis de�ned by a discrete transition matrix, describing the probability of mutating a token
into a [MASK], and the corresponding prior is simply a point mass on the sequence of all [MASK]
tokens. To learn the parameters of the denoiserp� pŵ0|wt ; tq we maximize the likelihood of the
denoising process on ground truth sequences

Lp� q � Ew0 ;t r� logp� pw0|wt qs; wt � ppwt |w0q
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Then, as above, we can use the denoiser to construct the reverse process

p� pwt � 1|wt q �
¸

ŵ0

ppwt � 1|wt ; ŵ0qp� pŵ0|wt ; tq (3)

whereppwt � 1|wt ; w0qis also a categorical distribution derived using Bayes' rule. To sample, the
transition distribution is applied fort � r T; :::; 0s.

4 Methods

Now we present practical methods for ef�ciently sampling from~ppwq 9 ppwqexppvpwqq(Eq. 1) by
modifying the learned transition distribution with a learned value functionv� pwq. We then show how
this sampling method can be used to perform protein design through guided in�lling in sequence
space. As before, we provide the most salient information below and the full details in Appendix B.

4.1 NOS: diffusioN Optimized Sampling

We introduce a general form of gradient guidance (NOS) for discrete diffusions with categorical
denoising models, i.e. diffusion models that predict logits over the ground truth tokens (e.g. [21, 4]).
The key challenge in applying gradient guidance to categorical data is simply the lack of a continuous
representation. Fortunately, in any denoising network, e.g.p� pŵ|x t ; tq, the discrete sequencewt has
many corresponding continuous representations in the form of hidden states of the modelht � gdpwt q
for d P t0; : : : ; Du, whereD is the depth of the encoder network andg0pwt q � U� wt . Notably,
for the Gaussian diffusion models in Sec. 3, we can equivalently havex t � g0pwt q, as corruption
and sampling are performed on the learned token embeddings. In the case of the categorical noise
diffusionp� pŵ0|wt q � p� pŵ0|ht q, and thus for the purpose of guidance, we can consider a general
p� pŵ|ht qfor both forms of corruption.

To sample from~p� pwt q 9 p� pwt qexppv� pwt qq, we construct a modi�ed denoising model,
~p� pŵ|ht q 9 p� pŵ|ht qexppv� pht qq:

This formulation requires that the denoising model and the value function share hidden states up to
depthd, and that the value function also be trained on corrupted inputswt . In Appendix D.4 we
propose a simple procedure for corrupted discriminative training inspired by label smoothing [76].
Using this modi�ed denoising model we can construct modi�ed transition distributions using Eq. 2
or Eq. 3. There is one key difference between these transition distributions: in the continuous case
(Eq. 2), smooth steps are taken in the token embedding space, while in the discrete case (Eq. 3) the
transition leads to large jumps from one token embedding to another. In either case, it is possible
to sample a discrete sequencew at any point in the chain using the logits of the denoiserp� pŵ|ht q.
When using Eq. 2 to derive a continuous transition distribution, we call the methodNOS-C, and
when using Eq. 3 for discrete transitions, we call the methodNOS-D.

To sample from the modi�ed transition distribution at each diffusion step, we use Langevin dynamics
with temperature� ¡ 0, with the update step,

h1
t Ð h1

t � � r h1
t
r� KLpp� pŵ|h1

t q||p� pŵ|ht qq � v� ph1
t qs �

a
2�� "; " � N p0; I q; (4)

where� is the step size and� is the regularization strength, followed by samplingp� pwt � 1|h1
t qor

p� pht � 1|h1
t q. While the gradientr h v� guides towards high values of the objective, the KL term

ensures the resulting transition distribution still maximizes the likelihood of the original prediction.

NOS is related to the popular method plug-and-play language model (PPLM), which can be used
for gradient-guidance of autoregressive language models [17]. PPLM guides sampling by taking
gradient steps similar to Eq. 4 for each autoregressive decoding step (details in Appendix B). Unlike
PPLM, NOS is a form of iterative re�nement, meaning that tokens across the entire sequence can
be modi�ed at each optimization step. This distinction is particularly important for protein design,
because function can be determined by complex interactions between distant parts of the sequence.
As we see in Sec. 5, NOS leads to better trade-offs between likelihood and objective value.

4.2 LaMBO-2: function-guided protein design

Many unique challenges arise when applying guided diffusion to real-world protein design tasks.
Our approach builds on the LaMBO-1 algorithm proposed by Stanton et al.[73], which explicitly
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Figure 3: An example of a binding af�nity saliency map produced by LaMBO-2 with NOS-D.
For simplicity, only the variable heavy (VH) region of the hu4D5 antibody is shown. Positions
corresponding to complementarity de�ning regions (CDRs) are enclosed in green boxes. Converting
this saliency map to an edit position distribution will concentrate computational resources on editing
CDRH3, which is often manually selected by experts. Some resources are also allocated to the
framework and other CDRs since these positions may also affect binding.

accounts for the online, multi-objective nature of protein design by optimizing a multi-objective
Bayesian acquisition function. LaMBO-2 replaces the guided MLM sampler with NOS, selects edit
positions based on acquisition value saliency, and replaces the discriminative deep kernel Gaussian
process (GP) with ensemble-based uncertainty quanti�cation.

Architecture and value function In order to apply the methods discussed in Subsec. 4.1 we require
a generative diffusion modelp� pwqand a discriminator̂f � pwqwhich share hidden layers up to depth
d. The discriminator is trained to predict the objective functionf . Like LaMBO-1 our architecture
consists of many task-speci�c feature extraction layers that share a bidirectional encoder. Bayesian
optimization is an iterative cycle of inference and data acquisition. During the data acquisition phase
of any iterationi we need to �nd sequences with maximalacquisition valuevi pwq � Erupw; f; D i qs,
whereD i is the data already available and the expectation is taken with respect to a posteriorp� pf |D i q
andu is some utility function. For multi-objective tasksu is the hypervolume improvement utility
function [18], however we note that single-objective tasks are easily accommodated by a different
choice of utility function [82]. To estimate the expectation we draw samples fromp� pf |Dqwith an
approach we callpartial deep ensembles, where the discriminative layers of the model above the
shared encoder are replicatedk times and randomly initialized [81]. We provide further details about
partial deep ensembles and our learned discriminators in Appendix D.2 and D.3.

Choosing edit positions WhenB ! L encoder-only architectures allow very precise control of edit
positions since we will only change positions we corrupt. However, this feature introduces the need for
some procedure to choose those positions, ideally where edits will most improve our objective value.
We automatically select edit positions by computing the gradient of the value function with respect to
h0 to determine which positions affect the value estimate the most (see Figure 3 for an illustration).
This method is related to the use of saliency maps to explain the decisions of classi�ers [5, 69].
We use input saliency to induce a distribution over edit positions. Speci�cally, given an embedded
sequenceh0 we de�nesi ph0q, the saliency with respect tov of positioni P t1; : : : ; Luas

si ph0q:� max
"� ¸

j � 1

�
�
�pr h vph0qqij

�
�
�


 1{ �

; "
*

; Predit wpi q
0 s �

si ph0q
°

j sj ph0q
; (5)

where� ¡ 0 is a temperature hyperparameter and0   " ! 1. As � Ñ �8 , Predit wpi q
0 s � 1{L

for all i . For each sequence we drawB edit positions without replacement according to Eq. 5. We
conserve parts of the input we cannot change (e.g. the antigen sequence) by setting the the saliency
to 0 before computing the edit position distribution. Importantly, the diffusion sampling process
can also preserve the original values of selected positions when appropriate. If we select a highly
conserved position, then the predicted logits will be low entropy and the guidance will incur a large
KL penalty for changes (Eq. 4).

5 Experiments

We evaluate our methods on three increasingly complex antibody design tasks. First we compare
our trained diffusion models on unguided in�lling tasks, showing that sequence diffusion methods
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Figure 4: We in�ll antibody CDRs with discrete diffusion models (ours) and compare against
structure-based diffusion models (DiffAb [51] and and RFDiffusion [80]) and an autoregressive
antibody language model (IgLM [68]). We see diffusion on sequences alone–without structural
priors–reliable leads to high sequence recovery. For structure based methods, we �rst fold seed
sequences with IgFold [64] and then run joint sampling of sequence and structure for the CDR. We
sample 10 in�lls for each of the 10 antibody seed sequences selected randomly from paired OAS [56].

consistently outperform structure-based methods when only predicted structures are available4. We
then evaluate NOS by optimizing two objectives that can be simulated effectivelyin silico. Lastly, we
evaluate LaMBO-2 on antibody lead optimization, with bothin silico andin vitro experiments.

5.1 Unguided antibody CDR in�lling

We focus on immunoglobulin G (IgG) format antibodies, which are comprised of a heavy (H) chain
and a light (L) chain. Each chain has three complimentarity determining regions (CDRs), which tend
to have strong effects on binding af�nity to a target antigen but limited effects on other structural
properties of the protein. Antibody design methods traditionally focus on proposing mutations to
CDRs while leaving the rest of the protein �xed, which can be viewed as an in�lling task. We
select 10 seeds at random from paired OAS [56] and in�ll each CDR individually as well as in
combination. To evaluate the performance of each model, we measure the sequence recovery rate,
which is simply the accuracy of the in�lling predictions given the ground truth sequence. As baselines,
we include IgLM [68], a GPT2 language model trained on OAS, and two structure-based methods:
DiffAb [ 51], a joint sequence-structure diffusion model trained on SAbDab, and RFDiffusion [80],
a structural diffusion model trained on the PDB [10] that uses inverse folding to derive sequences.
Although IgLM is trained with �ll-in-the-middle augmentations [7], it does not natively support
in�lling multiple non-contiguous regions, and we do so by replacing regions that are not yet sampled
with [UNK] tokens. For the structure-based methods, we provide starting structures generated with
IgFold [64].

In Figure 4, we �nd that diffusion models often generate in�lls that are on-par or better than that
those returned by IgLM by default, especially when multiple regions must be �lled simultaneously.
We also see that DiffAb, while being capable of sequence-structure co-design out of the box, often
underperforms sequence-only diffusion, most likely because our sequence-based approaches have
access to a larger training dataset, while paired datasets with sequences and structures are much more
limited. Lastly RFDiffusion tends to generate relatively low likelihood CDR in�lls. The gap between
DiffAb and RFDiffusion may be explained by the relative scarcity of antibody structures in the PDB
compared to SAbDab, which has an antibody in every structure. The poor performance of structural
methods on CDR in�lling could also be a result of poor sequence recovery from structure during
inverse folding, a problem that could be ampli�ed for relatively unstructured loop regions like CDRs.

5.2 Optimizing antibodies for in silico objectives

To test guided sampling from our model, we run experiments on two simple single-objective tasks:

• The percentage of beta sheets, measured on primary sequence [15]

• The solvent accessible surface area (SASA) of the protein's predicted structure [64]

4In practical protein design campaigns it is infeasible to get ground truth structural measurements for
proposed designs, and predicted structures are the only alternative available.
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Figure 5: Comparing samples from NOS (ours) with alternative guided generation methods and
structure-based models. NOS exhibits higher likelihood for similar or dramatically improved values
of the objective. (left) Sequence diversi�cation (resampling and selecting improved points) with
DiffAb [ 51] or RFDiffusion [80]. DiffAb generates sequences and structures simultaneously, while
sequences for RFDiffusion are obtained using ProteinMPNN [19]. Compared with NOS, these
methods do not effectively optimize the objective and yield low-likelihood sequences. (right ) Guided
generation using PPLM [17], a guidance method for autoregressive language models (in this case
IgLM [ 68]) and DiGress, a competing guidance method for discrete diffusion models [79]. NOS,
PPLM, and DiGress are sampled for many settings of guidance strength (e.g.� and� (Eq. 4)) to
demonstrate the full range of trade-offs between the objective and likelihood. We provide details
about hyperparameter settings in Appendix C.5 and additional density plots in Appendix C.6.

Since we want plausibly natural antibodies with high objective value we examine the Pareto front
for samples optimized for each objective, with log-likelihood assigned by ProtGPT [29] (trained on
Uniref50 [75]) plotted against the value of the objective. As an autoregressive guided baseline, we run
PPLM, using IgLM as the base generative model (details in Appendix C.3). We use DiGress [79] as a
guided diffusion baseline. DiGress uses gradients on one-hot representations to performing guidance
in the embedding layer and is thus closely related to our approach. We discuss differences between the
methods and the details of our DiGress experiments in Appendix C.5. For PPLM, DiGress, and NOS,
we generate samples for many different setting of the control hyperparameters (Section 4.1), which
yields samples across the spectrum from aggressively optimizing the objective to conservatively
maintaining high likelihood. We also include DiffAb and RFDiffusion without guidance as baselines,
as examples of popular “diversi�cation” procedures, in which new samples are generated for later
ranking and �ltering. In Figure 5, we see that for both continuous and discrete corruptions NOS
offers better trade-offs between optimizing the objective and maintaining high likelihood, while also
generating high values of the objective at the extreme.

5.3 Antibody lead optimization: in silico evaluation

Having established the performance of NOS on simpler benchmarks, we now turn to real-world
antibody design with LaMBO-2. From this point forward in all experiments we jointly condition
on the heavy chain, light chain, and antigen sequence, and we jointly optimize the heavy and light
chains only for improved expression yield and binding af�nity to the antigen. As we discussed in
Subsec. 4.2, one of the critical subproblems in Bayesian optimization is the identi�cation of high
value additions to the existing dataset. In this section we show that LaMBO-2 effectively applies
NOS to this subproblem in the antibody design setting by �nding high acquisition value sequences
while preserving naturalness (which we quantify with the metric proposed by Shanehsazzadeh et al.
[67]). We focus on optimizing hu4D5, a therapeutic antibody targeting the HER2 antigen5

Comparison with genetic algorithms We �rst compare LaMBO-2 to two discrete optimization
baselines, AdaLead and PEX. We generated 32 designs from the hu4D5 seed with each method,
optimizing the same acquisition function derived from the same model. To ensure a fair comparison
we limited all methods to a total of 512 model evaluations and a maximum of 2 edits per sampling
iteration. We evaluated both the sample acquisition value and naturalness after each iteration. We
identi�ed an empirical naturalness threshold below which expression became unreliable and treated
this threshold as a simple inequality constraint. Note that this experiment evaluates how each method
balances the tradeoff between acquisition value and naturalness as sampling progresses, and does not
involve evaluations of the actual black-box objective.

5HER2 is an important target for certain types of breast and stomach cancer [36].
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Figure 6: (left) Naturalness constraints present a challenge for genetic methods, which rapidly decline
in naturalness even as their objective value improves. The grey dashed line is an empirical lower
bound on naturalness above whichin vitro expression is reliable. Although AdaLead and PEX both
improve the acquisition value, they quickly leave well-supported areas of the search space (drop
below the dashed line), shown by the faded section of each curve. By contrast, the naturalness of
LaMBO-2 samples degrades much more slowly while consistently improving the acquisition value.
(right ) Ablating the effects of guidance and edit position selection. We start with the hu4D5 HER2
antibody and vary the edit budgetB P t8; 32u, optimizing for expression yield and binding af�nity.
For all choices of edit budget, we �nd that the effect size of edit position selection is much larger
than that of guidance, making salient unguided edits a surprisingly strong baseline.

LaMBO-2 strictly dominates PEX in terms of naturalness and acquisition value at every sampling
iteration, with PEX producing infeasible samples beyond 4 iterations. AdaLead improved sample
value the most rapidly of all methods in this experiment, but also degrades naturalness the fastest,
violating the constraint after only 2 sampling iterations. In contrast LaMBO-2 samples satisfy the
naturalness constraint out to 16 sampling steps, producing the highest value feasible solutions. This
result highlights the importance of accounting for distributional constraints when optimizing empirical
proxies of �tness, since the quality of the proxy signal degrades rapidly outside the support of the
training data. Genetic algorithms easily hack empirical models by leaving the support of natural
sequences, where training data is necessarily absent, leading to poor quality solutions that nevertheless
attain high acquisition value. In Appendix D.5 we show that both sequence and structure-based
unguided in�lling (i.e. random hit diversi�cation) has the opposite behavior, producing samples with
reasonable naturalness but low acquisition value.

Effect of salient edits To separate and independently study the effects of guidance (NOS) and
salient position selection, we present an ablation in Figure 6 for optimization with a relatively small
edit budgetB (B  � 10%of mutable positions). To isolate the effects of salient edits we baseline
against edit positions chosen uniformly at random, and to isolate the effects of guidance we set the
step size� (Eq. 4) to 0. Small edit distance constraints are common in antibody engineering because
the goal is typically to increase binding af�nity without altering the binding location on the antigen
(i.e. the engineered antibody should bind to the same epitope) [43]. One heuristic way to constrain
the design to the same epitope is to setB � 8, (about 2.7% of the antibody sequence length) [43],
precisely the range we consider in Figure 6.

In the few edit regime we �nd that while both interventions improve sample objective value, selecting
positions using saliency has a much larger effect than guidance. Although gradient guidance is a
reliable and generally applicable tool for improved sampling, the scale of the edit position search
dominates the scale of the search over token replacements that guidance affects. With a vocabulary of
21 tokens the number of possible token combinations (218) is dwarfed by the combinations of possible
edit positions (C300

8 ). Salient selection of edit positions is, therefore, key to any practical application
of NOS in budget-constrained design. Interestingly, this facet of protein design differs signi�cantly
from guided sampling of images, where generation is typically limited to �xed locations [50, 14], not
a �xed edit budget spread over any location that will optimize the objective. These additional degrees
of freedom pose an extra challenge.

5.4 Antibody lead optimization: in vitro evaluation

As our �nal evaluation in Figure 7 we present results using LaMBO-2 (speci�cally with NOS-D)
to optimize 20 seed antibodies distributed across 4 different therapeutic target antigens, including
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Figure 7: We use LaMBO-2 to optimize 20 seed antibodies for 4 different target antigens over three
experimental rounds, retraining the model after each round. Some design choices and hyperparameters
varied from round to round, with substantial impact on the results. In the last round we tested 56
antibodies and attained a 99% expression rate and 40% binding rate on average across targets. On
average 43% of the expressing designs had higher yield and 21% of binding designs had higher
binding af�nity than the corresponding seed. These results are very encouraging when placed in
context with a related experiment designing HER2 antibody libraries [67]. Our results provide
evidence that enriched antibody libraries can be createdin silico without the assistance of high-
throughputin vitro screening.

hu4D5/HER26. We tested 374 designs in total over three rounds, retraining the model after each
round and varying a range of design choices and hyperparameters. While expression and binding
performance varied from round to round across seeds and targets, by the �nal round we were able to
generate multiple submicromolar binders for all 4 targets with a median of 5 edits to the seed. See
Appendix D.7 for individual yield and af�nity measurements and experimental details.

The improvements to yield and af�nity over time can be attributed both to the data added to the
training corpus and methodological insights gleaned after each round. For example, the sharp drop in
expression in Round 2 can mainly be attributed to framework residue deletions that arose when�
(the KL penalty coef�cient) was set too small. In the following round we tried a range of larger�
values and �xed the sequence lengths and expression immediately recovered.

Figure 7 also reports binding af�nity results of a related experiment from Shanehsazzadeh et al.[67]
for context, though we emphasize that there are substantial differences between our wetlab validation
and that of Shanehsazzadeh et al.[67] which prevent a true apples-to-apples comparison. In the latter
experiment 1M designs were generated for the HER2 target and screened with a high-throughput
assay. After screening 421 designs were validated with a high-�delity surface plasmon resonance
(SPR) assay. In addition to wetlab screening, their experiment also restricted edits to speci�c antibody
CDRs. We optimized antibodies for a range of targets including HER2 and relied exclusively onin
silico screening before validating with SPR, while placing no explicit restrictions on the edit locations.
Despite these differences, our results provide initial evidence that it is possible to generate enriched
libraries of antibody designs exclusively within silico methods operating only on primary sequence.
While the experimental validation provided is preliminary, we are actively pursuing more rigorous
experimental testing in the form of up-scaled and repeated expression and binding experiments and
speci�city assessment.

6 Discussion

There are many exciting directions for future work. The original LaMBO algorithm was used to
optimize small molecules in addition to proteins, and applying LaMBO-2 to small molecule design is
a fruitful direction, as LaMBO-2's improvements are not protein-speci�c. While sequence alignments
are a convenient solution to the length change problem in protein design, padding methods [47]
or diffusion with a variable-length corruption process (e.g. [60]) will be needed for applications
like small molecules which do not admit alignments. We are also eager to consider optimizing
much longer sequences, such as gene perturbations [42], which can exceed 20K tokens in length and
may necessitate the use of recent advancements such as implicit convolutions [35, 57, 59] or clever
modi�cations of self-attention [16, 13, 48]. More general notions of guidance such as classi�er-free
guidance [38] for text or class-conditional generation [62, 12] are another intriguing direction, since
some goals are dif�cult to express as black-box functions or constraints [49, 58].

6Due to the sensitive nature of the data, we do not disclose the other seeds or drug targets.
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A Extended Background

In this section we provide full descriptions of the diffusion processes introduced in Sec. 3.

A.1 Continuous noise diffusion

The forward process is de�ned by noise variances� . We use the cosine variance schedule from Nichol
and Dhariwal [55]. For convenience we further de�ne

� t � 1 � � t ; �� t �
t¹

i

� i

The forward process is de�ned by the conditional distributions

ppx t |x t � 1q � N px t ;
a

1 � � t x t � 1; � t I q

ppx t |x0q � N px t ;
?

�� t x0; p1 � �� t qI q

ppx t |wq � N px t ;
?

�� t U� w; p1 � �� t qI q
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Figure 8: Illustration of a string gradually corrupted by [MASK] tokens.

whereU� is an embedding matrix. The reverse process is de�ned by

� pxq � N p0; I q

ppx t � 1|x t ; x0q � N
�
x t � 1; � t ; � 2

t I
�
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� 2
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p� pw|x t q � Softmaxp� � px0qq

p� px t � 1|x t q �
¸

ŵ

ppx t � 1|x t ; x0 � U� ŵqp� pŵ|x t q

A.2 Categorical noise diffusion

Following Austin et al. [4] we de�ne the MLM style categorical diffusion using transition matrices

rQt sij �

$
&

%

1 if i � j � m
� t if j � m; i � m
1 � � t if i � j � m

and �Qt � Q1Q2:::Qt for noise schedule� t P r0; 1s(see Figure 8 for an illustration). These transition
matrices correspond to categorical conditional distributions

ppwt |wt � 1q � Catpwt ; p � wt � 1Qt q

ppwt |w0q � Catpwt ; p � w0 �Qt q

The reverse process is de�ned by

� pwq � 1rw � [MASK] L s

ppwt � 1|wt ; w0q � Cat
�

wt � 1; p �
wt QJ

t d w0 �QJ
t � 1

w0 �Qt wJ
t




p� pw0|wt q � Softmaxp� � pwt qq

p� pwt � 1|wt q �
¸

ŵ0

ppwt � 1|wt ; ŵ0qp� pŵ0|wt q

B Methodological Details

B.1 In�lling algorithm

We sample in�lls using the procedure in Algorithm 1. The in�ll maskP is constructed by setting
the index of conserved residue equal to 1, in this case at every residue that is not included in set of
CDR regions being in�lled. We use the same algorithm to perform the guided in�lling in Subsec. 5.2,
where it is extended with a guidance Langevin sampling step.
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Algorithm 1 In�lling with categorical denoising diffusion model
Inputs: Denoiserp� pŵ|x t ; tq, corruption processppx t |x0q, in�lling mask P, and seed sequences
Returns: Sample from~ppwq � p� pw|P; sqexppf pwqq
xT � ppxT q
sT � ppsT |sq
xT Ð pI � P J PqxT � P J sT
for t � T; : : : ; 1 do

ppx t � 1|x t q Ð
°

ŵ ppx t � 1|x t ; ŵqp� pŵ|x t ; tq
x t � ppx t � 1|x t q
st � ppst |sq
x t Ð pI � P J Pqx t � P J st

end
w � p� pw|x0q
return w

B.2 Hidden State Langevin Sampling

Design of molecules or images with generative models is often posed as the problem of sampling
from a posterior distributionppx|aqgiven the unconditional distributionppxqand attribute model
ppa|xq. Indeed, reinforcement learning, the design of good actions in an environment, can also be
framed as posterior sampling whereppa|xqis the probability that a given state or state-action pair
is optimal [46]. Methods that employ posterior sampling of this form are often call “plug-and-play”
becauseppa|xqandppxqneed not share parameters and therefore users can mix and match different
instantiations [54, 17, 34, 26]

The most common way to sample from the posteriorppx|aq 9 ppa|xqppxq is through Langevin
sampling on the unnormalized joint density~ppa; xq � ppa|xqppxq, with sampling steps

x i � 1 � x i � � r log ~ppa; xq �
a

2�z i ; zi � N p0; I q

� x i � � pr logppa|xq � r logppxqq �
a

2�z i ; zi � N p0; I q

When we work with generative models over continuous random variables that permit a likelihood
(e.g. normalizing �ows), score function (e.g. diffusions), or energy (e.g. EBMs)r logppxqhas a
natural interpretation and sampling can be performed with essentially vanilla Langevin sampling.
In other cases where only a denoising function over continuous variables is available, authors have
proposed approximate samplers using an approximation of the score function [54].

When we instead hope to sample from a posterior over discrete random variables constructing an
analogy to the score functionr logppxqis challenging, and prior work adopts a different approach of
regularizing the conditional sampling distributionppw|aqwith unconditional samplingppwqin order
to maintain high likelihood [17]. In autoregressive models,ppwqis broken down using the chain rule,
ppwt |w  t qand thus the appropriate regularization is

KLpppwt |w  t q || ppwt |w  t ; aqq (6)

In our case, the distributionppwqis factorized by the transition distributionsppwt |wt � 1q(or their
continuous analogies in token embedding space), and we hope to sample from the perturbed transition

~ppwt � 1|wt q � p� pwt � 1|wt qexppv� pwt qq

The correct regularization term in our case is thus

KLpppwt � 1|wt q || ppwt � 1|wt ; aqq

To put the pieces together, we �rst recognize that the denoising modelp� pw0|wt qcan be broken down
into an language model head,H � , and trunk,T� , with

ht � T� pwt q
p� pw0|wt q � H � pw0|ht q

We can then perform Langevin sampling on the hidden representations, initializing withht , as shown
in Algorithm 2. In the experiments above we set� 3 � 0, as we saw no noticable bene�t from adding
additional stochasticity. Importantly, sampling fromppwt � 1|wt qalready introduces randomness into
the reverse process.
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Algorithm 2 Guided diffusion sampler
Inputs: Denoiserp� pŵ|x t ; tq � r T� ; H � s, value functionv� , and weights� 1; � 2, � 3
Returns: Sample from~ppwq � ppwqexppf pwqq
wT � [MASK] L

for t � T; : : : ; 1 do
ppwt � 1|wt q Ð

°
ŵ ppwt � 1|wt ; ŵqp� pŵ|wt q

h0 Ð T� pwt q
for i � 0; : : : ; K � 1 do

zi � N p0; I q
ph Ð

°
ŵ ppwt � 1|wt ; ŵqH � pŵ|hi q

hi � 1 Ð hi � � 1r h v� phi q � � 2r h KLpppwt � 1|wt q||ph q � � 3zi

end
wt � 1 � H � phK q

end
return w0

C In�lling / NOS Guidance

All of our diffusion models are train on all paired heavy and light chain sequences from OAS [56]
(pOAS) combined with all sequences from SAbDab [25], aligned with ANARCI [24].

C.1 In�lling experiment

For our trained diffusion models, we use Algorithm 1 without guidance, generatingP based on
the indicated CDRs, using chothia numbering for consistency with DiffAb. For the baselines, we
constructed wrapper scripts to convert the chosen CDR ids into each method's native format.

C.2 MCMC comparison

Following Verkuil et al.[78], we construct a Markov chain using uniform random mutations to map a

Figure 9: (left) Comparing
convergence in sampling us-
ing a Metropolis Hastings-
adjusted MCMC [78] against
NOS models. Diffusion mod-
els (ours) accelerate sampling
by two orders of magnitude
while converging to similar en-
ergy values.

sequencew to a mutated sequencew1, using the following
Metropolis-Hastings correction:

ppacceptw1|wq � min
�

1;
expp� Epw1q{Tq
expp� Epwq{Tq



;

whereT ¡ 0 is a temperature hyperparameter. While this method
has appealing theoretical properties, obtaining good samples from
this Markov chain in practice requires hundreds of thousands of
steps of burn-in.

In our experiment (Figure 9), we de�ne the energy,E , by combining
sequence level probabilities assigned by IgLM with a beta sheets
objective function trained on IgLM's representations. We construct
the energy as

Epwq � pIGLM pwq � �v � pwq;

We tune� to generate sequences with approximately 40% beta sheets.
We also tune the NOS� parameter (Eq. 4) to produce approximately
40% beta sheets.

C.3 PPLM details

In order to generate full (heavy and light chain) optimized antibodies with PPLM and IgLM, we
train two separate value function models on IgLM's aggregated hidden representations, one for heavy
chain sequences and one for light chain sequences. IgLM uses special tokens for both the chain
identity and the species identity of each sequences, and we pass in appropriate corresponding tokens
when calculating the hidden representations for each model. To determine the correct species token
for each sequence, we use the predicted species returned by ANARCI [24]. Our value function is a
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simple one-layer feed-forward neural network trained on top of the mean-aggregated representations
for the corresponding chain identity.

To sample using PPLM, we overwrite the forward pass of the huggingface decoder used by IgLM to
include a Langevin sampling step over the current hidden representations. We performK gradient
steps to update the current hidden representationh1 by descending on the objective

� KL rppŵ|h1q || ppŵ|hqs � vph1q

whereh is the original hidden representation output by the model's encoder, and� and� are the step
size and regularization strength respectively. We ran optimization with both vanilla gradient descent
and AdaGrad [23] and found AdaGrad to be more robust to poor speci�cations of the step size. For
the results in Sec. 5, we draw samples and present results for all of the hyperparameter settings in
Table 1

� 0, 0.001, 0.01, 0.1, 1.0
� 0.5, 0.8, 1.1, 1.4, 1.7, 2.
K 5, 10

optimizer SGD, AdaGrad

Table 1: Hyperparameter settings used for PPLM.� controls the strength of the regularization. Large
values prevent sampling values that differ signi�cantly from the unguided model.� controls the size
of steps taken in the latent space. Larger step sizes, when not too large, can increase the distance
traveled in the latent space and the extent to which sampling can yield samples with high values of
the objective.

One critical difference between controllable autoregressive models and controllable diffusions is the
ability to resample previously sampled values. Procedures that allow for resampling are often called
“iterative re�nement” procedures because they can produce increasingly plausible generations by
re�ning the model's previous output at each step in an iterative procedure. Because there are many
potential differences between our NOS models and PPLM, including but not limited to the nature
of iterative re�nement, we performed an additional experiment to assess the impact of adapting a
discrete diffusion to perform autoregressive sampling. Autoregressive models can themselves be
thought of as diffusions with an idiosyncratic corruption process that masks out all tokens to the right
of the last sampled token. As in our discrete corruption process, the prior is also a sequence of all
mask tokens. Using this insight, we can run our trained discrete diffusions in autoregressive mode
by contriving the sampling noise schedule to be autoregressive and recover an approximation of the
timestep post-hoc from the percentage of masks at each step in autoregressive sampling.

Figure 10 shows the difference in objective values and likelihood for samples obtained by running
the model in typical diffusion mode (iterative re�nement) or in contrived autoregressive mode. We
can see that on the beta sheets objective, iterative re�nement has a noticeable positive impact on the
objective values of the sample. This effect is also present in the SASA objective, but to a much more
limited extent. We speculate that the iterative re�nement facet of NOS is helpful for outperforming
other methods but not completely suf�cient.

C.4 Model Architecture and Training

The gaussian and categorical diffusions are trained with the bert-small transformer backbone intro-
duced by Bhargava et al.[8]. We use a cosine noise schedule for both diffusions and train for 100
epochs with a batch size of 64, optimizing with AdamW using an initial learning rate of 5e-3 with
a linear warmup. The value function is a feed-forward neural network with one hidden layer. The
value function is trained jointly with the denoiser by alternating optimization steps, with 5 steps on
the generative objective for each step on the discriminative objective. We train the models for 100
epochs in total.

C.5 Hyperparameter settings

For each guided sampling experiment with NOS, we sample using many different hyperparameter
combinations in order to generate both conservative and aggressive optimization of the value function.
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Figure 10: We compare samples from running our guided discrete diffusion (NOS-D) with diffusion
style sampling versus autoregressive style sampling. We �nd that using an iterative re�nement
procedure does lead to consistent improvements in the objective value, though not to an extent that
would suggest iterative re�nement is suf�cient for strong sampling performance.

The full hyperparameter settings for both objectives (beta sheets and SASA) and both corruption
types (NOS-D and NOS-C) are shown in Table 2. In Table 2, there is an additional hyperparameter,
“guidance layer”, which we did not discuss at length in the main text of the paper. This parameter
dictates whether we perform guidance in the �rst layer of the neural network (the token embeddings),
as is standard in continuous diffusion models for discrete sequences, or the �nal layer of the neural
network (the layer before the �nal linear head). In either case, we can use the same gradient descent
objective and corruption process in each case and need only change the variable we propagate gradient
updates to. Table 2 shows the hyperparameters used in the just Figure 5.

To aid intuition for the effects of each hyperparameter, we show the sample densities that result from
each combination of� and� in Table 2 when guiding in the �rst (Figure 11) and last (Figure 12) layer
of the NOS-D and NOS-C models. We see that the most important parameter is� , which controls
how far samples tend to move from the seeds. We can also observe that guiding in the �rst hidden
state tends to perform better when sampling with NOS-C, while guiding in the �nal hidden state
tends to perform better with NOS-D.

DiGress comparison DiGress [79] is built on top of a model with one-hot encodings and discrete
corruptions. The guided sampling procedure can be described as follows (using the notation from our
submission): At each denoising stept, we use the one-hot encodings as a continuous variable and
construct a perturbation distribution from a learned discriminative modelv̂ � v� pwt q,

p� p̂v|wt � 1q 9 expp� � xr w t v� pwt q; wt � 1yq

We then sample the next value from the base diffusion transitionp� pwt � 1|wt q perturbed with
p� p̂v|wt � 1q,

wt � 1 � p� pwt � 1|wt qp� p̂v|wt � 1q

The key details for guided sampling can be found in the DiGress code repo, where we see that the
guided distribution is the normalized product of the original denoising distribution and the softmax of
the gradients scaled with� .

On a theoretical level, this guidance has noticeably different properties from NOS. For large� , the
perturbationppwt |v̂qcollapses to a one-hot on the token index with the largest gradient value. For
small values of� , ppwt |v̂qbecomes a uniform distribution. Therefore� interpolatesppwt � 1|wt q
between the original unguided distribution and a one-hot in the max gradient direction. NOS also
reduces to unguided in�lling when� � 0, but � ¡ 0 only modulates the direction of the gradient
update. The distance between the guided and unguided distribution is controlled by the number of
langevin steps and the step size hyperparameter� . Digress amounts to a single update step applied
directly to the output token probabilities using a continuous relaxation of the one-hot encoded input,
whereas NOS performs a sequence of local updates to hidden states that are actually continuous.

In our comparison, the embeddings and corruptions of each model are chosen to be:

1. NOS-C [Gaussian corruptions + learned embeddings]
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Figure 11: Density plots for every combination of the regularization (� ) and step-size (� ) parameter,
when performing guidance in the �rst layer (token embeddings) of the neural network denoiser. We
observe that lambda has the strongest effect on trading off �tness under the objective with likelihood
or closeness to the seed sequences.

2. NOS-D [Discrete (mask) corruptions + learned embeddings]

3. DiGress [Discrete (mask) corruptions + �xed one-hot encodings]

All models use the same backbone transformer and regression heads, facilitating an apples-to-
apples comparison. For DiGress, we perform sampling for large range of scaling values� P
t 1e5; 3e4; 1e4; 3e3; 1e3; 3e2; 1e2; 3e1; 1e1; 1e0; 1e� 1; 1e� 2; 1e� 3u. For each model,� modulates
the degree to which the model prefers greedy sampling from the value function gradient.

� 0.001, 0.01, 0.1, 1.0, 10.0
� 0.1, 0.5, 1.0
K 5, 10

guidance layer �rst, last
optimizer SGD, AdaGrad

Table 2: NOS guided sampling hyperparameter settings.� controls the regularization strength, con-
straining the plausibility of samples,� , when chosen effectively, can effect the degree of optimization
that takes place on the hidden states. The guidance layer is the layer in the neural network over which
guidance is applied, the �rst being the token embeddings and the last being the �nal representations
before the linear head. The same values are used for both NOS-D and NOS-C.

� 0, 0.001, 0.01, 0.1, 1.0, 10.0
� 1.0
K 10

optimizer AdaGrad

Table 3: Hyperparameter settings used in Sec. 5. The guidance layer for NOS-D is �nal, and the
guidance layer for NOS-C is last.

C.6 Density plots

Because pareto fronts present only a partial view of sampling outcomes (focusing on the best
case outcomes along each axis), we also include sample density plots to con�rm that our methods
consistently yield samples with better trade-off between likelihood and �tness. Figure 13 shows
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Figure 12: Density plots for every combination of the regularization (� ) and step-size (� ) parameter,
when performing guidance in the last layer (pre-logits layer) of the neural network denoiser. NOS-C
and NOS-D exhibit quite different performance as a function of guiding the �rst or �nal hidden
representation.

Figure 13: We compare sample densities for the methods presenting in Sec. 5, in order to augment the
limitations of simply showing pareto fronts. We see that NOS-C and NOS-D can both consistently
generate samples with favorable trade-offs while other methods tend to radically decrease likelihood
with little bene�t to the value function or be relatively limited to the neighborhood around the seed
sequences.

density plots for NOS and baselines when optimizing each of the two objectives (percentage of beta
sheets and SASA). We �nd that DiffAb and IgLM samples tend to cluster around the starting seeds,
while RFDiffusion samples tend to generate more diverse samples under the objective, but often with
much lower likelihood than the seed sequences. By contrast, both NOS methods consistently improve
values of the objective without sacri�cing likelihoods.

D LaMBO-2

D.1 Intro to Multi-Objective Bayesian Optimization

When there are multiple objectives of interest, a single best (i.e. strictly dominant) sequencex � may
not exist. Suppose there arek objectives,f : X Ñ Rk . The goal of multi-objective optimization
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