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Abstract

We present forge-v0, a sequence-based flow matching model for protein binder
design. Drawing parallels from text-to-image generation, we treat binder design
as a target-to-binder generation task. Rather than the text encoder and variational
autoencoder typically used for text and images respectively, we leverage Raygun,
a pre-trained autoencoder for protein sequence to represent both the target and
binder. Using a state-of-the-art flow matching architecture, we trained forge-v0
on ∼10M protein-protein interactions from the STRING database, rather than
complex structures from the Protein Data Bank, learning a broader distribution
of natural interactions. In our proof-of-concept evaluation, we performed an
in silico binder design benchmark, in which forge-v0 generated binders with
higher structure-based metrics (ipTM and ipSAE) than RFDiffusion on 10/11
targets. These results motivate further development of forge towards designing
and validating binders against therapeutically relevant targets out of reach for
structure-based approaches.

1 Introduction

Binder design is central to numerous protein engineering tasks [1]. With advances in deep learning
(DL), structure-based binder design methods such as RFDiffusion/ProteinMPNN [2] and BindCraft
[3] have demonstrated the ability to de novo design binders. Underlying their success is the Protein
Data Bank (PDB), a database of protein structures from which models learn how proteins interact in
3D. While structure provides a strong inductive bias, it can also be a limiting factor as not all proteins
form stable tertiary conformations.

As emphasized by Alamdari et al. [4] in EvoDiff, proteins deposited in the PDB represent a small
subset of the natural protein space. They are heavily biased toward proteins of high interest to
structural biologists, given the low-throughput nature of structural determination, and those that are
stable and crystallizable [5] (Figure 1A). Inheriting the biases present in the training data, structure-
based methods capably design binders for PDB-like proteins but struggle for those out-of-distribution.
Critically, many therapeutically relevant targets, such as transcription factors and fusion oncoproteins,
are proteins that lie outside the PDB-like protein distribution [6].

The sequence-structure-function paradigm states that the sequence of a protein determines its structure,
which determines its function. Given the aforementioned limitations of structure, a promising avenue
is to exploit the indirect sequence-to-function relationship. Indeed, sequence-based methods like
PepMLM [7] have successfully designed functional proteins (peptide binders) from sequence alone.
Here, we look to extend the success of sequence-based peptide design to general protein binder
design, which remains relatively underexplored.
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Figure 1: (A) The foundation for deep-learning based binder design, the training data, differs between
structure-based and sequence-based methods. The PDB complex structures used to train structure-
based methods represent the intersection of proteins of interest to structural biologists, that are
crystallizable, and have a solved complex. As a result, structure-based methods can struggle for
targets that are out-of-distribution, such as heavily disordered proteins. On the other hand, sequence-
based methods can leverage protein-interaction databases such as STRING, which represent the
known interactions but are not limited by structure. (B) By replacing the variational autoencoder
and text encoder of text-to-image (T2I) architectures with Raygun, adapting T2I models for target-
to-binder generation is straightforward. (C) Training. Interacting protein pairs are embedded into
Raygun latent space. Noise is added to the binder embedding at a sampled timepoint t ∼ U [0, 1),
and the Flag-DiT backbone predicts the velocity toward the clean binder embedding, conditioned on
the target embedding. (D) Inference. We encode the target sequence with Raygun and draw noise
X0 ∼ N (0, Id) in latent space. With the trained forge model, we simulate the learned ordinary
differential equation to transform noise into a binder latent, which is decoded by Raygun back to
sequence.

In addition to bypassing structure, a key motivator for a sequence-based binder design is the ability to
learn from a wider subset of natural interactions. While structure-based methods learn from protein
complex structures, sequence-based methods can leverage much larger protein-protein interaction
(PPI) databases like STRING [8], which contain nearly 100M interactions, even after sequence-
based clustering [9]. Importantly, many of these PPIs are detected in a high-throughput manner
with methods like co-immunoprecipitation and yeast two-hybrid [10] that do not require structural
determination. As a result, sequence-based PPI databases not only have more data but also interactions
between proteins unable to be captured structurally. By learning directly from these diverse natural
interactions, a sequence-based model may be able to more effectively generate binders for a wider
range of targets.

To train such a model, rather than starting from scratch, we draw inspiration from the well-established
text-to-image (T2I) generation task. In T2I, flow matching models such as Lumina-T2I [11] are state-
of-the-art (SoTA), using classifier-free guidance (CFG) [12] to condition on text-encoder embeddings
of captions to generate corresponding images. Thus, a cost-effective and practical strategy is to
adapt Lumina-T2I for target-to-binder generation. To do so, we need the protein equivalents of
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the variational autoencoder (VAE) used to represent images and the text encoder used to represent
conditioning text. Raygun, a recent method for protein design, can conveniently serve as both.

Raygun is a pre-trained autoencoder that maps proteins of arbitrary length into a fixed 50×1280 latent
representation [13]. Similar to how VAEs provide a smooth latent space that captures the high-level
semantic information of images, Raygun provides a similar purpose, for example, producing latents
that better capture the CATH hierarchies than standard ESM2 latents [13]. Because target-to-binder
generation uses protein sequences as the conditioning input, Raygun naturally serves as the analogue
for both the VAE and text-encoder of T2I. With Raygun, adapting Lumina-T2I for protein binder
design becomes straightforward (Figure 1B).

Distilling the principles outlined above, we present our prototype forge-v0 (flow-matching on
Raygun embeddings), a sequence-based latent flow matching model trained on ∼10M PPIs for
smithing protein binders. By learning from a broader and more diverse set of natural interactions,
forge-v0 seeks to fill the gap for designing binders for targets that lie outside the PDB-like regime.
Initial in silico results are encouraging, motivating further refinement, benchmarking, and ultimately,
experimental validation.

2 Methods

2.1 Flow Matching

Flow matching [14] (FM) learns a time-dependent vector field, uθ
t , that transports samples from

a simple prior distribution (e.g., Gaussian noise) to the data distribution. We use conditional flow
matching (CFM), which provides a tractable training objective [15]. Specifically, given a data sample
X1 ∼ q and a noise sample X0 ∼ N (0, Id), we define the path from noise to data as the linear
interpolation Xt = (1 − t)X0 + tX1. The model uθ

t is trained by predicting the target velocity
along this path, which simplifies to X1 − X0: LCFM(θ) = Et,X0,X1

∥uθ
t (Xt, t) − (X1 − X0)∥2.

After training, new samples are generated by drawing X0 ∼ N (0, Id) and simulating the ordinary
differential equation (ODE) dXt

dt = uθ
t (Xt, t) from t = 0 to t = 1. See Appendix A.1 for additional

details.

2.1.1 Classifier-Free Guidance

To enable conditional generation–generating a binder conditioned on a target protein–we use classifier-
free guidance (CFG) [12]. A single network uθ

t (x | y) is trained on paired samples (X1, y), where y
is the corresponding conditioning information, here, the interacting protein partner. During training,
y is dropped to a null token ∅ with probability η such that the model is exposed to both conditional
and unconditional modes. At inference, the vector fields are interpolated as ũt(x | y) = uθ

t (x |
∅) + ω

(
uθ
t (x | y)− uθ

t (x | ∅)
)
, where ω is the guidance scale. By increasing ω, greater weight is

put onto removing the signal from the unconditional model. However, much like how T2I models
use text encoder embeddings rather than a discrete class token to generalize to unseen prompts,
forge-v0 uses Raygun embeddings to represent conditioning proteins [16, 11]. See Appendix A.2
for additional details.

2.2 forge-v0

forge-v0 is a 531M parameter flow-matching model for binder design, operating in the latent
space of Raygun. It is trained on ∼5M interaction pairs (or ∼10M interactions) from ∼3M unique
sequences. forge-v0 adapts the Flow-based Large Diffusion Transformer (Flag-DiT) backbone
introduced by Lumina-T2X [11]. An overview of the training and sampling procedures is shown in
Figure 1C,D. Additional details regarding dataset pre-processing and model architecture are moved
to Appendix B.3.

2.3 Benchmarking

2.3.1 In silico Evaluation

Generative models of proteins can be evaluated on a number of dimensions [17]. However, for
binder design, the most important criterion is the ability to generate binders. While future work will
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TrkA LTK IL2Ra IL10Ra SARS-CoV-2 RBD PD-L1 VirB8 FGFR2 MDM2 InsulinR IL-7Ra

BindCraft 0.855 ± 0.111 0.837 ± 0.142 0.877 ± 0.095 0.644 ± 0.223 0.643 ± 0.211 0.923 ± 0.049 0.847 ± 0.141 0.840 ± 0.106 0.916 ± 0.067 0.890 ± 0.107 0.657 ± 0.195
DSM 0.831 ± 0.158 0.853 ± 0.145 0.820 ± 0.153 0.596 ± 0.233 0.644 ± 0.196 0.904 ± 0.094 0.888 ± 0.093 0.839 ± 0.104 0.890 ± 0.077 0.784 ± 0.144 0.524 ± 0.196
RFDiffusion 0.832 ± 0.132 0.842 ± 0.149 0.806 ± 0.139 0.509 ± 0.180 0.521 ± 0.234 0.891 ± 0.064 0.849 ± 0.109 0.791 ± 0.125 0.896 ± 0.081 0.679 ± 0.210 0.581 ± 0.185
forge-v0 0.866 ± 0.097 0.865 ± 0.140 0.859 ± 0.113 0.691 ± 0.179 0.626 ± 0.200 0.919 ± 0.051 0.862 ± 0.111 0.831 ± 0.108 0.861 ± 0.114 0.829 ± 0.112 0.632 ± 0.181

TrkA LTK IL2Ra IL10Ra SARS-CoV-2 RBD PD-L1 VirB8 FGFR2 MDM2 InsulinR IL-7Ra

BindCraft 0.525 ± 0.252 0.393 ± 0.287 0.542 ± 0.235 0.179 ± 0.216 0.190 ± 0.251 0.727 ± 0.155 0.471 ± 0.281 0.524 ± 0.239 0.700 ± 0.225 0.630 ± 0.249 0.182 ± 0.211
DSM 0.540 ± 0.271 0.443 ± 0.248 0.443 ± 0.246 0.146 ± 0.169 0.157 ± 0.189 0.683 ± 0.209 0.573 ± 0.231 0.502 ± 0.216 0.571 ± 0.231 0.351 ± 0.216 0.078 ± 0.118
RFDiffusion 0.477 ± 0.263 0.402 ± 0.258 0.369 ± 0.243 0.045 ± 0.069 0.100 ± 0.187 0.584 ± 0.231 0.436 ± 0.258 0.394 ± 0.241 0.661 ± 0.229 0.242 ± 0.261 0.106 ± 0.137
forge-v0 0.569 ± 0.227 0.474 ± 0.245 0.510 ± 0.231 0.209 ± 0.191 0.132 ± 0.158 0.697 ± 0.170 0.498 ± 0.252 0.471 ± 0.240 0.478 ± 0.256 0.410 ± 0.218 0.142 ± 0.142

Table 1: Mean ± standard deviation of ipTM (top) and ipSAE (bottom) per target and model.
Best mean per target/metric is highlighted in and second-best in .

assess other metrics to add nuance, for this prototype, we focus on investigating how well forge-v0
generates binders compared to existing methods.

However, it is non-trivial to meaningfully benchmark generative methods for binder design. First,
although the ideal benchmark would involve generating N binders per method and experimentally
measuring the binding affinity to multiple targets, the prohibitive cost of large-scale experimental
validation makes it infeasible. While in silico proxies for binding are a natural solution, the second
hurdle stems from the fact that no in silico metric has been shown to definitively predict binding
[18]. Despite these limitations, recent works have highlighted two metrics computed from predicted
complex structures: the interface predicted template modeling (ipTM) [19] and interface prediction
from aligned errors (ipSAE) [20] scores. While ipSAE (specifically ipSAE_min, see Appendix D)
is stated to be more discriminative than ipTM [20], ipTM has been successfully used in BindCraft
[3]–we report both. For predicting the complex structure, while AlphaFold3 [21] is state-of-the-art,
we use Boltz-2 [22] as a competitive open-source alternative. While we make the assumption that
higher ipTM and ipSAE scores correspond to "better" binders, we also discuss the shortcomings in
the Conclusion.

2.3.2 Selected Models and Targets

We compare four methods: two structure-based (RFDiffusion with ProteinMPNN [2], BindCraft
(specifically the AlphaFold-trajectory generation step) [3]) and two sequence-based (Diffusion
Sequence Model (DSM) [23], forge-v0). We explain their justifications, as well as a brief overview
and sampling procedure for each model in Appendix C.

From the meta-analysis of de novo binders by Overath et al. [24], we selected 11 of the 15 diverse
targets for which prior methods have successfully designed binders. While future evaluation will
focus on targets that pressure-test structure-based methods, these 11 common targets serve as practical
starting point for evaluating both structure and sequence-based methods on equal footing. Additional
details including sequences and PDB IDs are provided in Table 3.

3 Results

For each method, we generate 100 50AA-long binder sequences per target and predict their complexes
with Boltz-2. While scoring and filtering down thousands of generated binders is typical, we are
specifically interested in evaluating the generative capabilities of each model. In other words, to
measure how well a model inherently generates binders, as opposed to how well a filter may discover
a binder by chance, we do not perform any removal or selection before complex prediction to account
for this confounding variable.

3.1 Sequence-based Binder Design Rivals Structure-based

We first compare forge-v0 with the structure-based baselines (Table 1). Overall, BindCraft achieves
the highest average ipTM for 6 targets and the highest average ipSAE for 7 targets. The strong
performance of BindCraft is expected as it directly optimizes for structural metrics during generation.
However, compared to RFDiffusion, a fairer baseline, forge-v0 achieves a higher average ipTM and
ipSAE for 10 out of 11 targets. Compared to the sequence-based DSM, forge-v0 achieves higher
mean scores on both metrics for 7 targets. In summary, forge-v0 produced the best mean in silico
scores for 3 targets (TrkA, LTK, IL10Ra) and second best for 5 others.
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In this filter-free setting, sequence-based methods natively generate binders with higher ipTM and
ipSAE than RFDiffusion. Second, we see that even though both DSM and forge-v0 are sequence-
based, the differences in training protocol lead to different results. While in silico metrics have their
limitations, the results encourage a continued development of forge towards the more definitive
experimental benchmark.

3.2 Investigating the Failure Modes of forge-v0

In binder design, some targets are considered "harder" than others. For example, a lack of stable
structure can make a target challenging for structure-based methods. However, for sequence-based
methods, it is not immediately clear why we have higher average ipTM/ipSAE for some targets
over others. A simple explanation would be that performance correlates with the number of similar
datapoints in the training data. For each target, we ran mmseqs easy-search with default parameters
to identify similar sequences in the training set and counted the total number of PPIs involving those
similar sequences for both the forge-v0 and DSM training sets.

However, we did not observe a simple relationship between training coverage and performance
(Table 2). Both DSM and forge-v0 generate low-scoring binders for SARS-CoV-2 RBD, which
is in line with expectations, as the RBD has no training set homologs. However, DSM achieves the
strongest scores on VirB8 despite zero homologous sequence interactions. forge-v0 outperforms
DSM on FGFR2 even though DSM sees more than three times as many FGFR2-related interactions.

Another possibility is that sequence-based methods generate un-PDB-like binder for certain targets.
For a given target, if STRING primarily captures interactions with proteins absent from the PDB, this
can lead to generating proteins out of distribution for the structure predictors, resulting in a lower
ipTM or ipSAE. We will further examine this possibility, calculating the maximum sequence identity
of training data to PDB structures.

FGFR2 IL2Ra IL7Ra IL10Ra InsulinR LTK MDM2 PD-L1 SARS-CoV-2 RBD TrkA VirB8

DSM training set
Homologs 58 1 4 3 14 5 4 6 0 10 0
Interactions 782 28 72 34 504 32 100 50 0 192 0

forge-v0 training set
Homologs 116 48 128 39 115 20 28 71 0 18 3
Interactions 248 115 237 63 242 26 32 99 0 29 3

Table 2: Overlap of benchmark targets with training data. For each benchmark target, we report
the number of homologous proteins and the total number of training interactions involving any
homolog.

4 Conclusion

We introduced forge-v0, a sequence-based latent flow matching model for binder design. The
results, in addition to encouraging further refinement of forge, highlight a hurdle for sequence-based
binder design: the existing infrastructure for evaluation is predominantly structure-based. Sequence-
based methods, by learning from wider range of interactions, many of which are absent from the PDB,
can generate sequences that are outside distribution of structures used to train the structure predictors.
In these cases, lower structure-based metrics may simply capture the inability to predict the complex,
rather than meaningful information about binder quality. In other words, structure-based metrics
may not be the appropriate ruler for measuring the success of a sequence-based model.

Thus, a major future direction is to build out the appropriate infrastructure for evaluating sequence-
based binder designs. Sequence-based PPI prediction is a promising direction, but will need to
demonstrate the ability to predict the interactions between de novo designed proteins. Rather than
aiming for the highest accuracy, approaches like MINT [9], which aim to learn the "language of
interactions" provide a promising foundation.

Looking forward, we outline the priorities for forge-v1. First, refining model training. While the
current prototype was evaluated on validation loss, a lower validation loss does not guarantee higher
quality samples. As forge relies on Raygun to decode latents, it is beneficial for the generated latents
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to remain in-distribution with respect to the decoder. A practical approach is to compute the Fréchet
distance between generated latents [25, 4] and the validation-set Raygun embeddings during each
validation step.

Second, expanding in silico evaluation. This includes investigating the effects of sampling hy-
perparameters (e.g. integration steps, guidance scales), incorporating recently developed methods
[26, 27, 28], evaluating performance across binder lengths, and examining end-to-end pipelines rather
than just the generative step.

Lastly, experimental validation: designing a binder for a target that lies far outside the PDB-like
regime can illustrate the unique advantage of sequence-based binder design.
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Appendix

A Flow Matching

A.1 Setup

Flow matching involves two main steps: (i) defining a probability path pt interpolating between a
source distribution p, such as a Gaussian, and the target data distribution q, and (ii) training a neural
network uθ

t to regress onto a vector field ut that generates this path.
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For a datapoint x1 ∼ q, a common conditional probability path is

pt(x | x1) = N
(
x | tx1, (1− t)2Id

)
.

Equivalently, we can sample from this distribution as

Xt = tX1 + (1− t)X0, X0 ∼ N (0, Id).

Marginalizing over x1 gives the probability path

pt(x) =

∫
pt(x | x1)q(x1) dx1.

In practice, we sample Xt by drawing X1 ∼ q and X0 ∼ p, then forming Xt as above.

The original flow matching loss regresses uθ
t onto the marginal vector field ut:

LFM(θ) = Et,Xt∼pt
∥uθ

t (Xt)− ut(Xt)∥2,

but computing ut is generally intractable. Lipman et al. [15] showed that regressing onto the
conditional vector field yields the same gradients as the intractable marginal version, while being
easy to compute. In practice, we therefore use the conditional flow matching (CFM) loss:

LCFM(θ) = Et,X0,X1
∥uθ

t (Xt)− ut(Xt | X1)∥2,

with Xt = tX1 + (1− t)X0. For the linear path, the conditional velocity field is

ut(x | x1) =
x1 − x

1− t
,

which, when evaluated at Xt, simplifies to ut(Xt | X1) = X1−X0. This leads to the simple training
objective:

LCFM(θ) = Et,X0,X1 ∥uθ
t (tX1 + (1− t)X0)− (X1 −X0)∥2.

A.2 Classifier-Free Guidance

While flow matching enables unconditional generation, many applications require conditional genera-
tion. In T2I, the goal is to generate images matching a text prompt; similarly, we aim to generate
binders conditioned on a target protein sequence "prompt".

Classifier-free guidance (CFG) [12] provides a simple mechanism for conditional generation. The
idea is to train a single network uθ

t (x | y) that can operate in both conditional and unconditional
modes, where y denotes the conditioning input (e.g., a text prompt or a protein embedding). Crucially,
the data distribution consists of paired samples (X1, y) ∼ pdata, such as an image and its caption, or a
binder and its target protein. During training, the conditioning y is randomly replaced with a null
token ∅ with probability η (commonly 10%). This forces the network to learn both uθ

t (x | y) and
uθ
t (x | ∅) with shared parameters.

Formally, the conditional flow matching (CFM) objective under CFG becomes

LCFG
CFM(θ) = Et∼U [0,1], (X1,y)∼pdata, X0∼p0

∥uθ
t (Xt | y′)− ut(Xt | X1)∥2,

where

Xt = tX1 + (1− t)X0, y′ ←
{
y with prob. 1− η,

∅ with prob. η.

At inference time, generation is guided by interpolating between unconditional and conditional
predictions:

ũt(x | y) = uθ
t (x | ∅) + ω

(
uθ
t (x | y)− uθ

t (x | ∅)
)
,

where ω is referred to as the the guidance scale. ω = 1 recovers the conditional model as trained,
ω = 0 ignores the conditioning, and larger values bias samples more strongly toward the conditioning
signal.
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Embedding-based conditioning. T2I models often represent y as a continuous text embedding
(e.g., BERT, T5, CLIP [16]) rather than a discrete label, enabling generalization to arbitrary and
unseen prompts by capturing semantic relationships beyond a fixed vocabulary.

Analogously, in protein binder design, we can construct a dataset of paired examples (X1, y), where
X1 is a binder and y is a representation of its target protein. Instead of assigning each target protein
a discrete token, we can use an embedding obtained from a pretrained protein language model
(pLM). In theory, this enables generalization to unseen targets, by leveraging the semantic similarities
captured by the pLM embeddings. In this work, we use compressed representations from Raygun
[13]. Rather than a discrete null token, we multiply the conditioning by 0.

B Training and Inference

B.1 Dataset

We use the pre-processed STRING dataset released by Ullanat et al. for training MINT [9]. Ullnat
et al. start from 2.4 billion of protein–protein interactions (PPIs), spanning 59.3 million unique
sequences, protein sequences were clustered at 50% sequence identity using mmseqs2 [29], and
each pair of clusters was represented by at most one interaction to avoid redundancy. After this
sequence-identity based de-duplication step, 382 million PPIs from 29 million sequences remained.
250k PPIs were set aside to construct the validation set. To reduce leakage, any clusters from the
training set are removed, if the cluster is present in the validation set, resulting in∼95.8M interactions
for training and 250k for validation.

Starting with this processed train/validation split, we reduce the number of total training points by
only including interactions with a STRING score above 800 and both sequences are longer than
50 AAs long. This results in 5,192,190 interactions for training, comprising of 2,812,641 unique
sequences. We do the same for the validation set, resulting in 248,536 interactions from 439,018
unique sequences.

For our model, each interacting pair (A,B) is encoded into the Raygun latent space as (A′, B′), with
B′ serving as the conditioning input and A′ as the datapoint X1. We train with both orientations, i.e.
(A,B) and (B,A), effectively doubling the size of conditioning pairs.

B.2 Model Architecture

We use a Flag-DiT [11] backbone (Figure 2) adapted for protein embeddings, with input and hidden
dimension of 1280, 20 layers, and 20 attention heads per layer. We arbitrarily chose these values
as a reasonable starting point and did not test any other configuration for the prototype. Each layer
consists of multi-head self-attention and an MLP block with feedforward ratio of 2.0. While a ratio
of 4.0 is standard, we halved the ratio to fit the model in one H100 with 80Gb of memory.

B.3 Training Details

The model is trained with the CFM loss with classifier-free guidance dropout (η = 0.1). Training ran
for 500k optimization steps on 2 NVIDIA H100 GPUs using Distributed Data Parallel, with a per-
GPU batch size of 512. We optimized with AdamW with default parameters and a constant learning
rate of 1× 10−4. Per common practice, an exponential moving average (EMA) with decay 0.9999
was maintained. Following Peebles et al. [30] who suggested DiTs need minimal training heuristics,
we used no weight decay, gradient clipping, or learning rate warm-up. Validation was performed
on held-out protein pairs, with the lowest validation CFM loss used for checkpoint selection. To
generate Raygun embeddings, we use the latest raygun_8_8mil_800M checkpoint.

B.4 Inference

To generate binders for a given target, we sample noise X0 ∼ N (0, Id) in the Raygun latent space
and integrate the learned ODE

dXt

dt
= uθ

t (Xt, t)
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Figure 2: Flag-DiT-T2I Block. We use LayerNorm instead of the originally proposed RMSNorm to
simplify the prototype. We use the same time embedding module used by the original DiT paper.
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from t = 0 to t = 1. We use 100 Euler steps with a guidance scale of 1.0, producing a binder
embedding X1 that is decoded into an amino acid sequence by Raygun. The Euler update rule is

Xt+∆t = Xt +∆t uθ
t (Xt, t), ∆t = 1/100.

The use of higher-order solvers remains to be explored.

The generated embedding is projected back into RL×1280 ESM2 space by Raygun, where L is the
desired sequence length (here L = 50 for all minibinder experiments). Raygun’s pre-trained ESM2
embedding decoder then maps these embeddings to logits, from which sequences are obtained via
greedy decoding. Special tokens are prevented from being selected, including the unknown residue X.
In the future, we can also prevent cysteine, C, from being decoded to avoid the formation of disulfide
bridges.

C Selected Methods

Binder design methods have grown rapidly, though many remain closed-source [1]. Here, we focus
on widely adopted, state-of-the-art open-source approaches. RFDiffusion/ProteinMPNN [2, 31],
the most established structure-based pipeline, serves as a natural baseline. Diffusion Sequence
Model (DSM) [23], is a recent protein language model trained with masked diffusion. When fine-
tuned on pairs of interacting proteins from STRING, DSM is capable of generating binders through
un-masking, making it an informative sequence-based comparison.

BindCraft [3] represents an end-to-end binder discovery pipeline rather than a purely generative model.
To provide a point of comparison, we focus on its AlphaFold-hallucination trajectory generation
step for benchmarking, while acknowledging this removes a core component of the full BindCraft
workflow. We note this comparison is not strictly apples-to-apples, as BindCraft trajectories are
optimized directly for structure-based metrics, which we also use for evaluation.

C.1 DSM

The Diffusion Sequence Model (DSM) [23] is a protein language model that extends ESM2 with
a masked diffusion training framework (Large Language Diffusion Models (LLaDa) [32]). Unlike
conventional pLMs, which focus mainly on representation learning, DSM is trained to both recon-
struct heavily corrupted sequences and generate new sequences, enabling unified representation and
generative modeling.

For binder design, DSM was fine-tuned (DSM-ppi) on a curated set of high-confidence PPIs from
STRING. Interacting pairs are concatenated into a single sequence, and during training the partner
sequence is masked and reconstructed in the presence of the target sequence. This setup allows DSM
to learn context-dependent generation: given a target protein (SeqA), DSM generates a plausible
interacting binder (SeqB).

C.1.1 DSM Inference

We use the recommended checkpoint (DSM_ppi_full) with default settings: (step_divisor=100,
temperature=1.0, and remasking="random").

C.2 RFDiffusion and ProteinMPNN

RFdiffusion [2] is a generative framework for protein backbone design built on denoising diffusion
probabilistic models (DDPMs) [33]. By fine-tuning the RoseTTAFold [34] structure prediction net-
work on denoising tasks, RFdiffusion learns to generate diverse and realistic protein backbones while
supporting conditioning on structural or functional motifs. This conditioning enables applications
ranging from enzyme active site scaffolding to de novo binder design against specific protein targets.

In binder design, RFdiffusion generates backbone structures compatible with a target protein surface.
These backbones can then be mapped to the most likely amino acid sequence with ProteinMPNN
[31], an inverse folding model, or more formally a structure-conditioned sequence generation model.
Together, RFdiffusion and ProteinMPNN form a widely used two-stage binder design pipeline:
backbone generation via diffusion, followed by sequence design. This method has been experimentally
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validated across tasks such as symmetric oligomer design, therapeutic scaffold design, and binder
design.

C.2.1 RFDiffusion/ProteinMPNN Inference

For RFDiffusion, we used the default inference code:

./scripts/run_inference.py inference.output_prefix=generated_sequences/TARGET
NAME inference.input_pdb=input_pdbs/TARGET PDB.pdb ’contigmap.contigs=[TARGET
CONTIG/0 50-50]’ inference.num_designs=100 denoiser.noise_scale_ca=0
denoiser.noise_scale_frame=0

Where the TARGET NAME, TARGET PDB, and TARGET CONTIG refer to the corresponding target
information from Table 3.

For ProteinMPNN, we ran the default inference code from the LigandMPNN [35] repository.

run.py –seed $i –pdb_path "[RFDiffusion OUTPUT].pdb" –out_folder
"./generated_sequences/[TARGET NAME]" –chains_to_design "A" –temperature
0.1

Where [RFDiffusion OUTPUT] refers to the name of generated backbone PDB file from the
previous step, and TARGET NAME refers to the current target we are generating binders for.

C.3 BindCraft

BindCraft [3] is a binder design pipeline based on hallucination through AlphaFold2 [19]. Unlike
structure-based diffusion approaches such as RFdiffusion, which keep the target backbone fixed,
BindCraft uses AlphaFold to repredict the binder–target complex at each iteration, allowing both
binder and target backbones to adapt to the interface. Binder sequences are optimized by back-
propagating error gradients through AF2 weights, updating sequence and structure simultaneously.

In the original BindCraft pipeline, initial designs are generated with AF2-Multimer [36] and then
further refined with Soluble-MPNN [37] to improve core and surface sequences while preserving
the designed interface. Final candidates are re-predicted with AF2-Monomer to reduce bias toward
multimer training and filtered with AF2 confidence metrics and Rosetta-based energy scores.

C.3.1 BindCraft Inference

As discussed above, we attempted to separate the role of the generative stage from the filtering step.
As a result, we evaluate the trajectory generation step of BindCraft, rather than the full pipeline. For
each target, we generated 100 trajectories using a modified configuration of the BindCraft pipeline.
We used the default_4stage_multimer.json, keeping the original thresholds for advancing
design stages. We note that not all trajectories pass through all four design stages but are still included
as part of the filter-free evaluation.

We specified the chain from the PDB files in Table 3 without specifying hotspot residues.

D ipSAE

The interaction prediction score from aligned errors (ipSAE) was proposed as a more robust alternative
to AlphaFold’s interface predicted template modeling score (ipTM) [36]. Unlike ipTM, which is
sensitive to non-interacting regions and disordered domains when full-length sequences are used,
ipSAE restricts evaluation to interchain residue pairs with confident predicted aligned error (PAE)
values. This makes it more reliable in realistic settings where accessory domains are common.

ipSAE is asymmetric, meaning the score between binder-to-target may be different from target-to-
binder. ipSAE_max takes the higher value of the two, whereas ipSAE_min takes the smaller. It is
reasoned that ipSAE_min captures the "weakest link" across chains and provides a more stringent
evaluation. As the meta-analysis by Overath et al. show ipSAE_min is more discriminative than
ipSAE_max [24], we calculate and report ipSAE_min using the default PAE and distance cutoff of
10 for all experiments using the outputs of Boltz-2.
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A

B

Figure 3: Distribution of ipTM (A) and ipSAE (B) scores per target and method. Not all points
are visualized on the swarmplot due to size.

E Additional Experiments

E.1 Distribution of ipTM and ipSAE scores

For additional context, we visualize the distribution of ipTM and ipSAE scores per target per model
as a combined violin/swarm plot (Figure 3).

E.2 The Amino Acid Distribution of forge-v0 is Distinct from DSM

Given that both DSM and forge-v0 are sequence-based models trained on a subset of STRING,
a potential concern was forge-v0 is redundant, and mirrors the behavior of DSM. We looked to
further understand their differences by analyzing the binder residues at the predicted interfaces.

To analyze the residue composition of binders at the interface, we select the ten binders with the
highest ipSAE score per method, per target and define interface residues as binder residues whose
α-carbon is within 8Å of any target α-carbon in the predicted complex structure. We focus on the top
10% of designs rather than all generated binders, as this highlights the most promising candidates
and provides a fairer comparison of how each model performs under its best-case scenarios.

Comparing the two interface residue distributions, we observe a clear distinction between the two
models (Figure 4). forge-v0 shows higher usage of polar residues such as threonine (T) and
glutamine (Q), whereas DSM produces more proline (P) and glycine (G). These differences indicate
forge-v0 learns a distinct generative bias, motivating further development and differentiation from
DSM.
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Figure 4: Interface residue composition for DSM and forge-v0 generated sequences.

Target PDB ID Chain Contig (Residues) Sequence

VirB8 4o3v A 90–206, 211–231 ANPYISVANIMLQNYVKQREKYNYDTLKEQFTFIKNA
STSIVYMQFANFMNIDNSLSPVIRYQKLYRRSINIISIN
NINNNEATVTFESLAQNNTGEILENMLWEAKIGFIMD
SISTNMPFHFIVTSYKLKLLRNKNQ

InsulinR 4oga E 6–155 EVCPGMDIRNNLTRLHELENCSVIEGHLQILLMFKTRP
EDFRDLSFPKLIMITDYLLLFRVYGLESLKDLFPNLTVI
RGSRLFFNYALVIFEMVHLKELGLYNLMNITRGSVRI
EKNNELCYLATIDWSRILDSVEDNHIVLNKDDNEEC

TrkA 2ifg A 282–382 VSFPASVQLHTAVEMHHWCIPFSVDGQPAPSLRWLF
NGSVLNETSFIFTEFLEPAANETVRHGCLRLNQPTHVN
NGNYTLLAANPFGQASASIMAAFMDNP

FGFR2 1djs A 251–296, 307–362 RSPHRPILQAGLPANASTVVGGDVEFVCKVYSDAQPH
IQWIKHVPYLKVLKAAGVNTTDKEIEVLYIRNVTFED
AGEYTCLAGNSIGISFHSAWLTVLPAP

IL7Ra 3di3 B 17–209 DYSFSCYSQLEVNGSQHSLTCAFEDPDVNTTNLEFEIC
GALVEVKCLNFRKLQEIYFIETKKFLLIGKSNICVKVG
EKSLTCKKIDLTTIVKPEAPFDLSVVYREGANDFVVTF
NTSHLQKKYVKVLMHDVAYRQEKDENKWTHVNLSS
TKLTLLQRKLQPAAMYEIKVRSIPDHYFKGFWSEWSP
SYYFRTP

SARS-CoV-2 RBD 6m0j E 333–526 TNLCPFGEVFNATRFASVYAWNRKRISNCVADYSVL
YNSASFSTFKCYGVSPTKLNDLCFTNVYADSFVIRGD
EVRQIAPGQTGKIADYNYKLPDDFTGCVIAWNSNNL
DSKVGGNYNYLYRLFRKSNLKPFERDISTEIYQAGSTP
CNGVEGFNCYFPLQSYGFQPTNGVGYQPYRVVVLSF
ELLHAPATVCGP

PD-L1 7uxo A 18–131 NAFTVTVPKDLYVVEYGSNMTIECKFPVEKQLDLAA
LIVYWEMEDKNIIQFVHGEEDLKVQHSSYRQRARLLK
DQLSLGNAALQITDVKLQDAGVYRCMISYGGADYKR
ITVKVN

MDM2 1ycr A 25–109 ETLVRPKPLLLKLLKSVGAQKDTYTMKEVLFYLGQYI
MTKRLYDEKQQHIVYCSNDLLGDLFGVPSFSVKEHR
KIYTMIYRNLVV

LTK 7nx0 C 66–190, 202–244, 251–378 GSWLFSTCGASGRHGPTQTQCDGAYAGTSVVVTVGA
AGQLRGVQLWRVPGPGQYLISAYGAAGGKGAKNHL
SRAHGVFVSAIFSLGLGESLYILVGQQGEDACPGGSPE
SQLVCLGESRAVEEHAAMARWAGGGGGGGGATYVF
RVRAGELEPLLVAAGGGGRAYLRPRDRGASPEKLEN
RSEAPGSGGRGGAAGGGGGWTSRAPSPQAGRSLQEG
AEGGQGCSEAWATLGWAAAGGFGGGGGACTAGGG
GGGYRGGDASETDNLWADGEDGVSFIHPSSELFLQPL
AVTENHGEVEIRRH

IL10Ra 1lqs R 2–208 GTELPSPPSVWFEAEFFHHILHWTPIPQQSESTCYEVA
LLRYGIESWNSISQCSQTLSYDLTAVTLDLYHSNGYR
ARVRAVDGSRHSQWTVTNTRFSVDEVTLTVGSVNLE
IHNGFILGKIQLPRPKMAPAQDTYESIFSHFREYEIAIR
KVPGQFTFTHKKVKHEQFSLLTSGEVGEFCVQVKPSV
ASRSNKGMWSKEECISLTRQ

IL2Ra 1z92 B 1–47, 53–64, 104–165 ELCDDDPPEIPHATFKAMAYKEGTMLNCECKRGFRRI
KSGSLYMLCTGNSSHSSWDNQCQCTSSATRNTTKQV
TPQPEEQKERKTTEMQSPMQPVDQASLPGHCREPPPW
ENEATERIYHFVVGQMVYYQCVQGYRALHRGPAESV
CKMTHGKTRWTQPQLICTG

Table 3: Target PDB IDs, Chain IDs, Contig residue ranges, and sequences used. Note, contig
residues are sometimes gapped (e.g. 1z92) due to missing residues in the structure. These 11 targets
are chosen from the 15 analyzed by Overath et al. to represent common targets. We excluded EGFR
and other targets with multiple epitopes to simplify benchmarking at this stage.

15


	Introduction
	Methods
	Flow Matching
	Classifier-Free Guidance

	forge-v0
	Benchmarking
	In silico Evaluation
	Selected Models and Targets


	Results
	Sequence-based Binder Design Rivals Structure-based
	Investigating the Failure Modes of forge-v0

	Conclusion
	Flow Matching
	Setup
	Classifier-Free Guidance

	Training and Inference
	Dataset
	Model Architecture
	Training Details
	Inference

	Selected Methods
	DSM
	DSM Inference

	RFDiffusion and ProteinMPNN
	RFDiffusion/ProteinMPNN Inference

	BindCraft
	BindCraft Inference


	ipSAE
	Additional Experiments
	Distribution of ipTM and ipSAE scores
	The Amino Acid Distribution of forge-v0 is Distinct from DSM


