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Abstract: In domains from game-play to language, the most powerful AI systems combine a generative model
that learns a latent representation of the solution space, with adaptive search at inference time. This principle
has not yet been realized in de novo protein design: generative methods produce structures in a single shot
without optimizing them, while hallucination methods search over sequences without a learned generative prior
to guide them. Finally, both approaches rely on separate models for sequence design. Here, we show that joint
sequence and structure generation in a continuous latent space, combined with reward-guided inference-time
search, fundamentally changes what protein design can achieve. In a massive-scale screening of over one million
protein designs against 127 diverse and challenging targets, our approach, Proteina-Complexa, produced
hits for 86 of them, demonstrating unmatched breadth. As part of this experimental campaign, we also
carried out the largest experimental head-to-head benchmark of computational binder design methods to date.
Proteina-Complexa produced more validated hits than any baseline method, with model generated sequences
outperforming all baselines, including post hoc redesign, demonstrating that our underlying co-design of
sequence, backbone, and side chains exceeds the quality of commonly used inverse folding models. Across five
additional campaigns against challenging therapeutic targets, we achieve a 63.5% hit rate against PDGFR
(top 𝐾D = 93.6 pM), nanomolar Nipah virus binders, nanomolar binders to a muscle-wasting receptor that
block myostatin signaling in cells, 40–50% hit rates for kinase mini-protein and peptide binders, and the first
de novo carbohydrate binders—a target class thought to be inaccessible to current design methods. These
results establish latent generative search as a new paradigm for protein design, opening target classes and
scales previously out of reach.

Project page: https://research.nvidia.com/labs/genair/proteina-complexa/

1. Introduction

Proteins mediate nearly all molecular interactions in biology. The ability to design proteins that bind
specified targets with high affinity and selectivity could transform therapeutics, diagnostics, and synthetic
biology [Huang et al., 2016]. Deep learning has made this goal increasingly realistic [Ferruz et al., 2023, Koh
et al., 2025, Kortemme, 2024, Listov et al., 2024]. Structure-prediction models like AlphaFold2 [Jumper et al.,
2021] and AlphaFold3 [Abramson et al., 2024] provide accurate predictions of target structures. Generative
methods such as RFdiffusion [Watson et al., 2023] can produce candidate binder backbones, and hallucination
approaches such as BindCraft [Pacesa et al., 2025] optimize sequences using structure-predictor gradients.
Together with improved filtering [Bennett et al., 2023], these advances have increased design success rates by
orders of magnitude [Cao et al., 2022, Chevalier et al., 2017].

Despite these advances, current protein design methods do not operate in a learned latent space of
a pretrained generative model, where reward-guided search can efficiently steer generation toward user-
defined objectives, introducing a fundamental limitation. In other AI domains, the combination of learned
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Figure 1 | Latent Generative Search with Proteina-Complexa. a) Our latent generative search frame-
work combines several key ingredients: (i) A base generative model co-generates candidate protein structures
and sequences—we utilize the flow-based Proteina-Complexa model. (ii) Generated candidates are evaluated
by auxiliary models, for instance via structure prediction models or physical force fields. (iii) A reward function
assigns the evaluated candidates scores, for example based on folding models’ interface confidence predictions or
counting the number of interface hydrogen bonds. (iv) A search algorithm, such as Beam or Tree Search, selects
promising proteins for diversification or prunes others, based on the reward scoring. For Proteina-Complexa,
generation is iterative and operates in a fully continuous, partially latent space; see Sec. A. In that case, latent
generative search rolls out stochastic generation trajectories, evaluates and scores them, and prunes poorly
performing trajectories early on, while diversifying promising ones. b) The latent generative search framework
is general and allows for various protein design tasks given appropriate input specifications, reward definitions
and models. It can be applied, for instance, during monomer generation (Sec. 4), to design minibinders
(Sections 5, 6 and 8) and peptide binders (Sec. 7), to address carbohydrate targets (Sec. 9), or when scaffolding
catalytic residues in the context of enzyme design [Didi et al., 2026]. Latent generative search combines data-
driven learning with compute-driven optimization via inference-time search guided by the pretrained generative
prior. This stands in contrast to prior pure generation or pure optimization—i.e. hallucination—methods.

representation and search has been transformative. AlphaGo [Silver et al., 2016] first combined learned priors
with search for game-play. For image and video generation, continuous latent embeddings and diffusion models
enable high-resolution generation, and can be coupled to search strategies for improved performance [Ma
et al., 2025, Rombach et al., 2022]. In natural language processing, large language models have been shown
to benefit from inference-time scaling to solve harder problems [Snell et al., 2025, Wei et al., 2022]. In
contrast, protein structure generative models typically produce structures in a single shot. The quality
of these generations frequently falls short without extensive downstream filtering and iterative structural
refinement [Frank et al., 2024, Hong and Kortemme, 2024]. Hallucination-based protein methods instead rely
on unconstrained optimisation, rendering the search slower, more brittle, and susceptible to non-physical or
adversarial sequence–structure solutions [Lisanza et al., 2025]. Both paradigms additionally depend on post
hoc sequence redesign – commonly via inverse-folding networks – to achieve competitive experimental success
rates [Pacesa et al., 2025]; however, due to limitations in these redesign methods, this procedure often degrades
performance for electrostatic and functionally critical interactions [Albanese et al., 2025, Pacesa et al., 2025].

These limitations are most pronounced for therapeutically relevant and difficult targets, such as polar protein
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interfaces, carbohydrates, and �exible peptides, where sequence and backbone geometry must be co-optimized
to place hydrogen-bonding interactions precisely. We hypothesized that learning a latent space that jointly
encodes sequence and structure, and searching that space at inference time, would overcome these limitations.

Here, we introduce a latent generative search framework based on Proteina-Complexa [Didi et al. , 2026],
realizing this vision, and we experimentally validate it extensively (Fig. 1). Building on La-Proteina's latent rep-
resentation [Ge�ner et al. , 2026], Proteina-Complexa jointly encodes amino-acid identity and all-atom structure
in a latent space, trains an expressive base generative model on large-scale protein structure data, and supports
reward-guided inference-time search, combining the strengths of generative and hallucination approaches
(Sec.2). Proteina-Complexa's overarching latent generative search framework is universal � di�erent scoring
models, reward objectives, conditioning inputs and search algorithms enable diverse protein design applications.

We validate Proteina-Complexa across comprehensive experiments. In the largest head-to-head benchmark
of models to date, with over one million proteins screened against 127 targets by multiplexed phage display,
Proteina-Complexa outperforms all competing methods, and co-generated sequences surpass all baselines
(Sec.3). The model co-generates well-folded, hyperstable proteins from 100 to 800 amino acids with sequence
quality matching ProteinMPNN, establishing a generative framework that does not require post hoc sequence
redesign (Sec.4). Across �ve challenging campaigns, we achieve (i) a 63.5% hit rate against PDGFR with
picomolar a�nity (Sec. 5), (ii) nanomolar binders to a receptor implicated in muscle wasting that block
signaling in cells without a�nity maturation (Sec. 6), (iii) 40�50% hit rates for kinase mini-protein and peptide
binders (Sec.7), (iv) nanomolar Nipah-virus binders via de novodesign and sca�old re-engineering (Sec.8),
and (v) the �rst fully de novocarbohydrate binders, a target class previously thought inaccessible (Sec.9).

2. Latent Generative Search with Proteina-Complexa

We brie�y describe the Proteina-Complexa framework [Didi et al. , 2026, Ge�ner et al. , 2026]; full technical
details are provided in Appendix A.

A core challenge in atomistic protein generation is that the number of atoms varies by amino acid type,
complicating joint modeling of sequence and structure. La-Proteina [Ge�ner et al. , 2026] addresses this with a
partially latent representation: backbone C� coordinates are modeled explicitly, while each residue's amino
acid identity and remaining atomic coordinates are compressed into a �xed-length continuous latent variable
by a variational autoencoder. A �ow-based generative model then learns the joint distribution over backbone
coordinates and latent variables, so that every generated sample is a complete protein�backbone, side chains,
and sequence�with no post hoc sequence redesign required.

Proteina-Complexa [Didi et al. , 2026] extends this to binder�target complexes by conditioning on a target
structure and optional interface hotspot residues. Training proceeds in stages�pretraining on monomeric
proteins, training on Teddymer (a large-scale synthetic dataset of binder�target pairs derived from domain�
domain interactions in AlphaFold Database [Varadi et al., 2021] predicted structures), and �ne-tuning on
experimental multimer structures from the PDB�overcoming the scarcity of experimental complex data that
has limited prior approaches.

The computational e�ciency of our framework enables reward-guided search at inference time: rather than
generating a single sample and accepting or rejecting it, Proteina-Complexa can explore multiple trajectories
through the generative process and steer them toward high-quality binders, while operating 30�60� faster than
RFdi�usion [ Watson et al., 2023], a widely adopted core method forde novoprotein design. The framework
supports beam search [Fernandes et al., 2025], sequential Monte Carlo [Ramesh and Mardani, 2025], and
Monte Carlo Tree Search [Singhal et al., 2025, Yoon et al., 2025] (details in Appendix A.4). By the same
token, it also supports partial redesign of existing proteins: by noising a known binder and jointly regenerating
backbone and sequence, Proteina-Complexa performs codesign-based sca�old re-engineering rather than
�xed-backbone sequence optimization, a capability that we apply to the Nipah virus target (Section 8). [�le:2]

In practice, we do not optimize against a single proxy for binder quality, but instead search and subsequently
�lter over combinations of complementary reward terms that capture distinct aspects of the design landscape.
These rewards include structure-prediction con�dence metrics from tools such as AlphaFold-Multimer [Evans
et al., 2022] for protein targets and RosettaFold3 [Corley et al., 2025] for small-molecule targets, protein
language model likelihoods that favor sequence plausibility, force-�eld interaction terms including hydrogen-
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bond and energy-based evaluations [Leaver-Fay et al., 2025], and geometric constraints that encourage physically
plausible interfaces, such as pocket burial, clash avoidance, and hotspot engagement. Using mixtures of these
objectives allows the search procedure to explore a broader and more biologically relevant design space, as
di�erent rewards emphasize complementary properties including foldability, interface con�dence, sequence
naturalness, interaction chemistry, and target-speci�c shape complementarity. This multi-objective formulation
is particularly important for enabling diverse screening libraries, where no single score is su�cient to capture
all of the features associated with experimentally successful binders.

3. Massive-Scale Benchmark: Testing 1 Million Binders for 127 Targets

To validate the performance of the Proteina-Complexa framework, a multiplexedin vitro campaign was
conducted at unprecedented scale, with more than one million designed proteins screened against 127 targets
across more than 1,000 design tasks. A campaign of this magnitude demands not only a powerful generative
model but also a computationally e�cient one: Proteina-Complexa's latent generative framework enables
rapid sampling of diverse, high-quality binder candidates, making it uniquely suited to large-scale design
exploration where slower structure-based methods would be prohibitively expensive. To our knowledge, this
provided the �rst large-scale experimental framework in which contemporary open binder-design methods,
including Proteina-Complexa, RFdi�usion, BindCraft and BoltzGen, could be compared head-to-head in a
uni�ed wet-lab setting across both design methodology and sequence re-design strategy. The breadth of the
multiplexed readout allowed on-target activity and o�-target engagement to be resolved across a broad target
panel, yielding a richer view of binding speci�city than is accessible in conventional small-scale validation
studies. Within this framework, self-generated sequences from Proteina-Complexa gave the strongest overall
performance, providing, to our knowledge, the �rst in vitro evidence that end-to-end co-generated sequences
can be evaluated at scale and can outperform both leading open design methods and sequence re-design
pipelines. Overall, the design campaign required more than 140,000 GPU hours, and the complete details of
the sampling procedure, search con�guration, and in silico success criteria are provided in AppendixB.

3.1. Co-generated binders cover two-thirds of a 127-target panel

High-throughput screening of 467,176 Proteina-Complexa-generated sequences across the full 127-target panel
reveals broad coverage of the target landscape (Fig. 2a). The hit distribution heatmap shows on-design hits
concentrated along the diagonal, con�rming that designed sequences preferentially bind their intended targets.
Proteina-Complexa produced at least one on-design hit for 86 of 127 targets (68%), with 74 of those yielding
target-speci�c binders and 57 yielding poly-speci�c binders engaging 2�4 targets (Fig. 2b). O�-design binding
was also pervasive: 126 of 127 targets had at least one speci�c o�-design hit, indicating that the designed
library contains latent binding activity beyond the intended targets. This dual on- and o�-design coverage
demonstrates that Proteina-Complexa explores a su�ciently diverse structural space to generate functional
binders across a large and varied target panel from a single design campaign.

The choice of interface hotspot residues used to condition generation has a substantial e�ect on experimental
success. Across targets with multiple tested hotspot combinations, hit fractions vary widely, and the
computationally top-ranked hotspot does not always yield the highest experimental hit rate (Fig. 11). Some
targets are robustly solved regardless of hotspot selection, while others are highly sensitive to the conditioning
residues, underscoring the value of evaluating multiple hotspot combinations per target rather than relying on
a single in silico prediction.

3.2. End-to-end codesign outperforms all baselines and post hoc re-design

To compare Proteina-Complexa against contemporary open methods, we analyzed on-design speci�c hit rates
for the top-ranked in silico hotspot across the 75 targets where at least one method achieved at least one
on-design hit (Fig. 3a,b). Proteina-Complexa with self-generated sequences achieved an on-design speci�c hit
rate of 2.45%�more than three times higher than the next-best self-generated baseline (BoltzGen self, 0.76%)
and nearly double the best fully redesigned baseline (BoltzGen with ProteinMPNN, 1.81%). In absolute
numbers, Proteina-Complexa self-generated sequences produced 691 on-design hits (630 speci�c) from 25,707
tested sequences, compared to 514 (414 speci�c) for BoltzGen with ProteinMPNN, 311 (257 speci�c) for
BindCraft, 86 (83 speci�c) for RFdi�usion3 (RFD3), and 63 (56 speci�c) for RFdi�usion (RFD).
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