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Abstract
Advances in machine learning have enabled de
novo design of protein binders with high experi-
mental success rates. Antibodies represent a pop-
ular class of protein therapeutics due to their high
binding specificity, but machine learning meth-
ods struggle to design experimentally validated
antibodies due to the hypervariable nature of their
binding domains. Here, we introduce a protein
design pipeline that frames the nanobody design
problem as a joint optimization task between a
structure prediction model (AlphaFold-Multimer)
and an antibody-specific protein language model
(IgLM). In addition, we demonstrate that addi-
tional loss terms can effectively “program” the
structure of nanobodies to adopt more realistic
binding poses. Using hallucination-based design,
we generate single-domain antibodies (nanobod-
ies) that score highly across multiple in silico
metrics. We show that the pipeline can generate
nanobodies for a wide range of therapeutically
relevant target proteins. Preliminary experimental
results confirm that designed nanobodies can ex-
press in mammalian cells and further experiments
to confirm binding are ongoing.

1. Introduction
Antibodies are proteins produced by the immune system to
recognize and bind foreign substances, typically via specific
domains known as complementarity determining regions
(CDRs) (Bennett et al., 2024). Nanobodies are single do-
main antibodies – naturally found in camelids and sharks
– that retain the stability and binding capacity of conven-
tional antibodies. Traditional methods for developing these
molecules rely on techniques such as animal immunization,
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grafting, or display screening of large antibody libraries (Lu
et al., 2020). These processes are slow and often limit the
search space for new antibodies to a few mutations from
existing ones. Recently, deep learning methods such as
BindCraft and RFdiffusion have enabled the design of de
novo proteins that can successfully bind to specified tar-
gets with nanomolar affinity and success rates above 10%
(Pacesa et al., 2025; Watson et al., 2023). Furthermore,
methods have been developed to design experimentally val-
idated de novo nanobodies (Shanehsazzadeh et al., 2024b;
Nabla Bio & Biswas, 2025; Bennett et al., 2024). However,
these methods suffer from low experimental success rates
and typically still require screening thousands of designs.

We aim to develop a framework that generates de novo
nanobodies with state-of-the-art (SOTA) experimental suc-
cess rates across a wide range of targets. We summarize our
key contributions as follows:

• We modify an existing hallucination-based pipeline
to enable nanobody design by introducing a position-
specific residue bias and several structural loss terms.

• We implement a method to jointly optimize for multiple
models (AlphaFold-Multimer and IgLM).

• We construct a set of in silico filters and metrics to
efficiently parse thousands of nanobody designs.

• We show that this pipeline generates realistic nanobod-
ies that display strong in silico metrics and in vitro
expression.

2. Related Work
2.1. De Novo Protein Design

The de novo protein design task seeks to create functional
proteins with little to no homology to existing ones. Tradi-
tional methods for de novo protein design such as Rosetta
utilize physics-based energy functions to iteratively search
through the space of possible proteins, but these methods
are computationally expensive and are limited by inaccu-
racies in explicitly modeling protein physics (Winnifrith
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Figure 1. The nanobody design pipeline consists of two main steps. (a) The hallucination process begins by representing the nanobody
sequence as a position-specific score matrix (PSSM). The sequence is updated at each iteration via gradients from AlphaFold-Multimer
and IgLM while simultaneously being annealed towards a one-hot sequence representation (Evans et al., 2022; Shuai et al., 2023; Pacesa
et al., 2025). (b) Following sequence hallucination, the predicted structure is obtined from AlphaFold3 (AF3) and evaluated against
several filters to determine passing designs (Abramson et al., 2024).

et al., 2023). Recently, machine learning models trained
on massive sequence and structure datasets have demon-
strated the ability to learn effective representations of pro-
teins, translating to improved performance on tasks such as
protein structure prediction (Abramson et al., 2024). These
models have demonstrated the ability to design functional
sequences with low homology to known proteins and can
operate on sequences, structures, or both (Ruffolo et al.,
2024; Frank et al., 2024; Hayes et al., 2024). In particular,
structure-based models have shown promise in designing
proteins that can bind to a given input target protein (Pacesa
et al., 2025). The two main approaches in this paradigm are
diffusion-based and hallucination-based models.

Diffusion models are generative models that learn a data
distribution by progressively de-noising corrupted samples,
effectively learning to interpolate between a noisy distri-
bution (e.g., Gaussian) to a desired distribution (functional
proteins). For protein structures, these models are addition-
ally constrained by geometric invariance to translations and
rotations in atomic coordinates (Yim et al., 2024). Notable
diffusion models such as RFdiffusion and AlphaProteo have
been used to generate de novo binders for targets such as
IL-7R↵, PD-L1, and TrkA with success rates up to 25%
(Watson et al., 2023; Zambaldi et al., 2024).

Alternatively, another popular approach to binder design
leverages predictive models to “hallucinate” sequences that
optimize for certain properties. These hallucination-based
approaches typically use gradient descent to iteratively re-
fine sequences based on a loss function for binding. For
example, BindCraft uses the structure prediction model

AlphaFold-Multimer (AF-M) to hallucinate a binder, start-
ing from a uniform sequence representation and a desired
target (Pacesa et al., 2025; Evans et al., 2022). At each
iteration, AF-M predicts the structure of the input sequence
representation and calculates a loss that optimizes for the
probability of binding to the target. This loss updates the
input sequence representation via gradient descent. Over
several annealing stages, the input converges from a uniform
representation to a discrete protein sequence that encodes
the desired binder structure. Specifically, given a L ⇥ 20
PSSM of raw values representing a sequence slogits, Bind-
Craft uses the following annealing scheme to update the
designed sequence s at each stage:

1. At iteration i of n total iterations in the stage, � = i+1
n

and s = (1� �)slogits + � ⇤ softmax(slogits).

2. s = softmax( slogits
⌧ ), ⌧ = 0.01 + 0.99 ⇤ (1� �)2

3. s = ssoft + stop grad(shard � ssoft)
ssoft = softmax(slogits), shard = argmax(ssoft)

4. s 2 0, 1L⇥20,
20P
j=1

sij = 1 8i 2 {1, ..., L}

Using this pipeline, BindCraft has demonstrated experimen-
tal success rates up to 100% and is the current SOTA for
designing de novo protein binders.

2.2. Deep Learning-based Antibody Modeling

Antibody modeling represents a popular application for
deep learning models. Specifically, the loop-like struc-
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ture of CDRs has proven challenging for general structure
prediction models, while the massive volume of antibody
sequences has enabled the training of antibody-specific lan-
guage models (LMs) (Hitawala & Gray, 2024; Olsen et al.,
2022).

Figure 2. Nanobodies consist of three CDRs that comprise the
binding domain, while the remainder of the protein, known as the
framework region, is highly conserved. Shown PDB: 3EAK

To this end, antibody-specific machine learning models
have been developed for almost every common protein de-
sign subtask. IgFold is a structure prediction model built
on an antibody LM, while AbMPNN is an inverse fold-
ing model fine-tuned on antibody structures (Ruffolo et al.,
2023; Dreyer et al., 2023). Several antibody LMs have also
been developed from pretraining on the observable antibody
space (OAS) (Shuai et al., 2023; Olsen et al., 2022; Kenlay
et al., 2024). These models can effectively infill CDRs and
recover native antibody sequences more effectively than
general PLMs. Furthermore, the simple combination of a
general protein model - ProteinMPNN - and an antibody LM
can recover binding in antibodies with masked CDRs, al-
though each model cannot do so alone (Alamo et al., 2025).

De Novo antibody design generally refers to the construction
of novel CDR sequences. Recently, deep learning pipelines
for this task have demonstrated the successful generation
of experimentally validated nanobodies and scFvs (Nabla
Bio & Biswas, 2025). RFantibody uses a finetuned diffu-
sion model to generate novel antibodies, whereas IgDesign
utilizes an inverse folding based approach to generate novel
CDRs (Bennett et al., 2024; Shanehsazzadeh et al., 2024a).
However, a common drawback of all these workflows is
their low experimental success rate (< 2%). All existing
pipelines for de novo nanobody generation have required li-
brary construction and expensive display methods to screen
thousands of candidate designs.

2.3. Multi-Objective Optimization

A simple strategy for optimizing over multiple objectives
is to perform a weighted sum of loss terms and backprop-
agate the composite gradient. Although computationally
cheap, static weights force can bias solutions away from
the Pareto front (Boyd & Vandenberghe, 2023). To alle-
viate this, adaptive weighting methods such as GradNorm

rescale task losses so that their gradient magnitudes main-
tain a target ratio (Chen et al., 2018). Other methods also
operate directly on gradients from different objectives. The
Multi-Gradient Descent Algorithm (MGDA) frames multi-
objective optimization as finding a common descent direc-
tion that maximally decreases all tasks; an exact solution
is obtained by solving a small quadratic program at every
iteration (Sener & Koltun, 2019). Projection-based variants
such as PCGrad detect pairwise gradient conflicts via co-
sine similarity and subtract the offending component (Yu
et al., 2020). More recent approaches such as GradVac al-
ternate between a common descent direction and individual
objective gradients (Wang et al., 2020).

3. Motivation
Hallucination-based approaches have achieved high exper-
imental success rates for binder design, but they have not
yet been successfully applied for nanobody design. Be-
cause models typically used for binder hallucination display
poor benchmark results on antibody-antigen complex pre-
diction and existing methods for de novo nanobody design
suffer from low experimental success rates, we hypothe-
size that using only general models for protein modeling
or antibody-specific models is not sufficient for effective
de novo nanobody design. Instead, we reason that joint
optimization of a general binding objective and an antibody-
specific objective will improve experimental success rates.
Additionally, we observe that enforcing realistic nanobody
binding poses (i.e. CDR binding) is a necessary constraint
on the hallucination pipeline. These findings and hypotheses
motivate the design of our final pipeline as shown in Fig.1.

4. Methods
4.1. AlphaFold-based Hallucination

We adapt the hallucination pipeline described in BindCraft
for nanobody design (Pacesa et al., 2025). Running Bind-
Craft out of the box generates proteins that do not resemble
nanobodies. We make the following changes to the pipeline:

4.1.1. POSITION SPECIFIC RESIDUE BIAS

We initialize specific positions in the starting sequence
PSSM slogits to a desired value x. For nanobody design,
we introduce this bias to framework residues to prevent
large numbers of mutations in the framework region. No
bias is used for CDR positions, allowing free hallucination
and design. In practice, we use x 2 (4, 10).

4.1.2. FRAMEWORK CONTACT LOSS TERM

We construct a loss term that penalizes close contacts be-
tween the framework region of the nanobody and any re-
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gion of the target protein. This loss term encourages real-
istic nanobody binding via CDR regions. We derive proba-
ble contacts from the output distogram D 2 RN⇥N⇥dbins

where N is the length of the entire complex and dbins is the
number of bins in the distogram. For each residue in the
target protein, we calculate a loss by averaging the mean
predicted distance of the top k contacts. To calculate the
total framework loss Lfw, we average the losses of each
residue in the target protein.

4.1.3. CDR-SPECIFIC SECONDARY STRUCTURE LOSS
TERMS

These loss terms penalize secondary structure in the CDR
regions to promote realistic CDR loops. Namely, we define
two losses L↵ and L� that penalize detected helices and
beta strands in the CDR positions. To efficiently detect
secondary structure, we measure the distance between every
CDR residue i and i + 3. For helices, we define the helix
probability p↵ as the sum of the distogram bins between
2 and 6.2 angstroms. Then, we calculate L↵ = �log(p↵).
Similarly, we define the distance range for beta sheets as
(9.75, 11.5) angstroms and calculate the loss equivalently.

Other changes are detailed in A.x. For all experiments, we
pass in the structure of the target protein, a desired epitope
or hotspot to bind, and a starting nanobody template derived
from 3EAK (Vincke et al., 2009).

4.2. Multiple Gradient Optimization

We frame joint model optimization as a gradient combina-
tion task. Given two models AF-M and IgLM, we define
two losses to optimize. For AF-M, the loss comprises confi-
dence metrics such as pLDDT, pAE, and iPTM, in addition
to the structure specific loss terms described above. Specific
weighting of the losses were found through hyperparam-
eter sweeps. For IgLM, the loss is simply the negative
log-likelihood of the nanobody sequence. At every iteration,
these losses are calculated via a forward pass of the respec-
tive models. By freezing the weights of each model, we
calculate @L

@slogits
2 RL⇥20 for both models. Denote Gaf as

the gradient update from Af-M and Giglm as the gradient up-
date from IgLM. We experiment with different approaches
to calculate the final update for slogits based on Gaf and
Giglm.

4.2.1. NORMALIZED SCALING

The simplest method we implement normalizes Giglm to
Gaf before applying a pre-defined scale. Additionally, we
scale the final gradient norm by the number of non-zero
gradient positions in order to maintain roughly constant per-
position update magnitude throughout the design process.
The update calculation is shown in Alg. 1.

Algorithm 1 Normalized Scaling Update
1: Input:
2: Gaf 2 RL⇥A: Gradient from AF-M.
3: Giglm 2 RL⇥A: Gradient from IgLM.
4: � 2 R: IgLM scaling factor.
5: Output: Final gradient Gfinal 2 RL⇥20

6: Leff =
PL

l=1 1
⇣P20

a=1(Gaf )2la > ✏
⌘

7: G0
iglm = Giglm

8: snorm = kGafk
kGiglmk+✏

9: G0
iglm = Giglm · snorm

10: Gcombined = Gaf + � ·G0
iglm

11: Gfinal = Gcombined ·
p
Leff

kGcombinedkF+✏

12: return Gfinal =0

4.2.2. LOSS-SCALED DYNAMIC WEIGHTING

Normalized scaling offers a simple way to prioritize the
dual objectives, but it lacks the ability to change weighting
throughout the design process. For example, one may wish
to first prioritize the Af-M objective before focusing on
IgLM. We implement a simple method to scale the gradient
weights by the ratio of each objective’s loss. Given two loss
values Laf and Liglm, we further scale G0

iglm by Liglm
Laf

.

Additionally, we experiment with solely applying Giglm to
CDR positions in order to encourage updates in the CDR
region as opposed to the framework. In this case, we simply
apply a zero mask to all framework positions in Giglm.

4.2.3. MGDA

We implement the multi-gradient optimization algorithm
from (Sener & Koltun, 2019). Formally, we compute a
Pareto-stationary update via a regularized quadratic pro-
gram. Denote their vectorized forms by g1, g2 2 Rd with
d = 20L and set the Gram matrix Gij = g>i gj . Solving

min
w1+w2=1, w�0

1
2 w

>(G+ "I)w

yields convex weights w? = (w?
1 , w

?
2) that minimize the

combined squared norm. The MGDA search direction is
then gMGDA = w?

1gAF + w?
2gIgLM, which we rescale analo-

gously to Alg. 1.

Algorithm 2 MGDA
1: Input: gaf , giglm 2 R20d, " = 1e� 8

2: G 

g>AFgAF g>AFgIgLM
g>IgLMgAF g>IgLMgIgLM

�
{Gram matrix}

3: G G+ "I2
4: Solve min

w2R2

1
2w

>Gw s.t. 1>w = 1, w � 0

5: gcombined  w1gaf + w2giglm
6: complete as Alg. 1
7: return gfinal =0
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Figure 3. Overview of sampling runs for IL-2 and PD-L1. (a) Randomly selected nanobodies designed against IL-2 shown with the
desired epitope in red, actual predicted contacts in purple, and AF3 predicted confidence scores. Filter pass rates for IL-2 samples indicate
failures mainly occur due to a low confidence AF3 structure. (b) Analogous metrics for PD-L1 are shown. Designed nanobodies for
PD-L1 typically have a higher success rate again in silico filters compared to IL-2. (c) Effect of framework contact loss term on the
interface CDR percentage for IL-2 nanobody designs. (d) Effect of secondary structure loss terms on nanobody secondary structure
composition at the interface.

4.3. Filter Construction

To select nanobodies designed by our computational
pipeline for experimental characterization, we develop a
set of in silico metrics and filters to determine promising se-
quences (Fig. 1). Specifically, given n generated nanobody
designs, we construct a set of filters and a ranking method-
ology to select the top k designs for experimental validation.
Since the pipeline inherently hallucinates proteins with high
AF-M confidence, it is susceptible to adversarial attacks, or
optimization of specific features that yield high model confi-
dence but low or detrimental biological utility. We therefore
re-evaluate every design with an orthogonal structure pre-
dictor — AlphaFold3 (AF3) — and base all downstream
criteria on AF3 predicted structures. In the first stage, we
enforce strict filters that designs must pass to be considered
for selection. These filters are summarized in three main
classes:

• Confidence–based metrics. Designs must satisfy
pLDDT � 0.80, iPTM � 0.60, and pDockQ � 0.23
(Bryant et al., 2022).

• Structural realism. Self-consistency: the AF-M and
AF3 models must predict similar poses (RMSD < 5 Å).
Epitope engagement: at least 70% of the interface must
be CDRs, and� 50% of CDR residues must adopt loop
conformations.

• Expressibility and stability. Two hydrophobicity-
based tests are applied: (i) the fraction of hydrophobic
residues must be below 0.4, and (ii) structural patches
of hydrophobic residues are not permitted.

To avoid over-sampling redundant solutions, we cluster the
remaining designs with FOLDSEEK on backbone geometry
(van Kempen et al., 2024). If a cluster contains m designs,
we allocate the number of designs for in vitro characteriza-
tion propotional to d

p
m e, ensuring representation of both

large and small clusters. Within each cluster, candidates
are ranked by a weighted composite score that combines
ProteinMPNN and IgLM log-likelihoods with pDockQ and
auxiliary AF3 metrics. The top-ranked sequences across all
clusters constitute the final set of k designs selected for in
vitro characterization.

5. Results
5.1. In Silico Results from Large Scale Sampling

We performed large-scale sampling runs to generate candi-
date nanobodies against IL-2 and PD-L1, generating roughly
3,000 designs for each target. Success rates for PD-L1 were
generally much higher than IL-2, particularly for metrics
based on AF3 structure prediction. Nonetheless, the pipeline
was able to generate nanobody designs that passed all filters,
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including AF3 confidence and predicted docking (Fig.3a,
b). Designs were consistently predicted to bind at the speci-
fied epitope, and the general structure and binding pose of
designed nanobodies mirror those seen in the literature.

We also evaluate the effectiveness of our structural loss
terms in constraining designed proteins to resemble realistic
nanobodies. We show that the framework contact loss ef-
fectively increases both the percentage of the total interface
comprised of CDR residues and the percentage of the inter-
face comprised of CDR3 residues, which mainly facilitate
binding in natural nanobodies (Fig.3c). Furthermore, we
show that loss terms that bias against secondary structure
(alpha helices, beta strands) effectively increase the percent-
age of loops at the binding interface (Fig.3d). We observe a
strong negative correlation between beta strand percentage
and both loop and helix percentage. However, there is rela-
tively little correlation between loop and helix percentage.
Due to this, we prioritize biasing against beta strands in the
CDRs, which leads to improved loop percentage at the cost
of a slight increase in helix percentage.

Furthermore, we experimentally characterized 38 IL-2
nanobodies and 46 PD-L1 nanobodies with a HiBit assay to
measure expression and a split luciferase assay to measure
binding. A small fraction – 10 for IL-2 – of the designs ex-
pressed in vitro, and no designs showed any binding activity.
To re-evaluate our prioritization of in silico metrics, we plot
the correlation between nanobody expression and over 40
logged metrics.

Figure 4. Correlation between various logged metrics during de-
sign and in vitro expression levels. Only the most highly correlated
metrics are shown.

While no singular metric is strongly correlated with ex-
pression, we consistently find that external model like-
lihoods from ProteinMPNN (r = 0.21, 0.48) and anti-
body LMs such as IgLM (r = 0.26, 0.39) and IgBERT
(r = 0.33, 0.37) are among the most correlated metrics
(Fig.4).

5.2. Multi-Objective Optimization

In addition to sampling, we conduct experiments on how
well the hallucination process optimizes for the AF-M and
IgLM objectives by tracking the loss for both models for
each iteration across many individual runs (Fig.5).

Figure 5. Loss for (a) AF-M and (b) IgLM tracked at each iteration
across 50 sampling runs for each plotted configuration. Each line
represents the average value for runs using the specified � IgLM
weight under the normalized scaling method described in section
4.2.1

.

As expected, we observe that a higher scaling weight � in-
creases the IgLM log-likelihood. This improvement in the
IgLM likelihood is reflected in the AF-M objective, as in-
creasing � consistently increases the AF-M loss. Although
not shown, we observe a similar trend for the loss-scaled
dynamic weighting described in section 4.2.2. Additionally,
high � values logically decrease the hallucination success
rate, which is governed by AF-M confidence scores. Exper-
iments for MGDA are ongoing.

6. Discussion
We present an end-to-end pipeline for de novo nanobody
generation by adapting proven hallucination methods for
nanobody design. We introduce specific structural losses
that guide model hallucination towards realistic nanobody
conformations, while coupling the structural hallucination
update with updates from an antibody LM that shows one
of the strongest correlations to in vitro expression readouts.
Nanobodies designed by the pipeline to target IL-2 and
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PD-L1 displayed strong in silico metrics and realistic bind-
ing poses. However, experimentally characterized designs
failed to bind to their respective targets and many failed to
express in mammalian cells. We hypothesize that allowing
mutations in the highly conserved framework may be the
cause of low expression among many designs. In upcoming
experiments, we aim to test whether completely restricting
framework mutations improves expression or yields bind-
ing.

Systematic sweeps revealed that naively favoring the se-
quence prior (�&0.4) compromises structural confidence
and hallucination success, whereas under-weighting IgLM
yields sequences that score poorly on external language-
model metrics correlated with expression. In further ex-
periments, we aim to comprehensively test more complex
methods for gradient mixing.

Taken together, our results underscore both the promise and
the challenges of multi-objective protein design. While de-
signed nanobodies show promise in silico, they have failed
to yield experimental validation thus far. Future work will
focus on bridging the gap between computational and exper-
imental results by further examining which factors influence
experimental readouts and identifying the in silico metrics
that most strongly predict experimental success.

Software
Code for the project will be available after paper submission
at https://github.com/jwang307/IgHallucination.
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