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Abstract

We introduce a bidirectional autoregressive model for protein backbone generation.
Unlike previous models that require fixed sizes to be imposed at inference-time,
our model Jovian learns both protein sequence length and motif positioning by
conditioning explicitly on prediction direction. We then propose a bidirectional
sampling algorithm that enables simple, zero-shot motif scaffolding without any
additional motif-specific training. In unconditional design, our model is 10-40x
faster than similar models, maintains greater stability on long sequences, and
matches or exceeds the performance of diffusion-based methods on standard bench-
marks. In conditional design, our model performs zero-shot conditional generation
while maintaining its speed advantages. Our findings demonstrate the viability
and strengths of autoregressive models in protein structure design and open new
modeling avenues for generative biology.

1 Introduction

Designing novel proteins — the fundamental players in nearly all biological processes — with specific
functions is a grand challenge of generative biology with applications across therapeutics, biosensors,
and more [1, 2]. However, protein design often requires manual spatial imputation from expert
scientists, ranging from where to place functional sites to determining protein size a priori based
on heuristic intuitions. The substantial progress in deep learning-based structural biology has not
resolved these issues; diffusion-based methods rely on fixed templates that specify exactly where to
place functional sites and the precise length of the protein before generating structures/sequences.

Autoregressive transformers, which naturally provide variable-length generation, have driven progress
in computer vision and natural language. Unfortunately, adapting autoregressive transformers to
practical 3D protein structure generation is very challenging, in large part because proteins have very
long-range spatial dependencies and can quickly become irreconcilable with a desired functional site
during autoregressive inference.

Contributions: In this work, we demonstrate how autoregressive transformers can be extended
to eliminate motif placement and protein length determination from conditional protein design.
Our primary contribution is introducing direction-conditioned autoregressive models, which enable

*Equal contribution, order determined alphabetically
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Figure 1: Diffusion models fix the position of the motif while denoising directly in the SE(3)"-
manifold (represented by triangles). Standard autoregression generates unconditionally but cannot
perform motif scaffolding. Jovian generates autoregressively from the motif. Takeaway: We perform
motif-scaffolding without ad-hoc length and motif position imputation.

variable-length unconditional/conditional design and eliminate ad hoc steps in motif scaffolding. Our
formulation also eliminates a training stage of motif scaffolding where randomly sampled pseudo-
motifs are used to train models; rather, we perform zero-shot conditional protein design. Our final
model, Jovian, generates protein structures 10 to 40x faster than diffusion-based methods while
demonstrating greater stability on long protein sequences. Our findings demonstrate that autoregres-
sive models are a promising approach for structural generation and unlock new opportunities for
generative modeling of biological structures.

2 Background and Related Work

2.1 Protein Structure Generation

A protein is defined by a linear sequence of L amino acids, each with a characteristic backbone

specified by the atomic coordinates { (:c(,\i,); mg) ; :cg))}. Each coordinate () € R3 references the
i-th amino acid. Each residue type m; € {0;:::; 19} corresponds to one of the twenty standard amino

acids, giving rise to a sequence {m; }\=; and a corresponding 3D structure. Following the success
of AlphaFold2 in protein structure prediction [3]], it has become common to parameterize protein
backbones by a sequence of rigid frames, where each residue is described by a rotation-translation
pair in SO(3) ® R*. This representation is particularly amenable to geometric learning; models are
often constructed to be invariant or equivariant to the group SE(3) to respect the physical symmetries
of 3D space.

In this work, we focus on the problem of protein structure design: generating a set of 3D coordinates
{(:cf\'l); mg) ;a:g))}'- that describes a designable protein, i.e., there exists at least one sequence
{m;}* that reliably folds into the generated structure. This task is at the core of structure-based
protein engineering and is a prerequisite for downstream tasks such as function design, binding, and
stability optimization [4}5,|6]. Early works focused primarily on unconditional design, where a model
generates an arbitrary designable protein [7, [8]. More recent works have focused on conditional
design where generated proteins must have specific properties. These properties may be related
to size, thermal stability, solubility, etc [9l [10L [L1, [12]. A critically important conditional design
objective in drug discovery and biopharma is motif scaffolding, where a small protein segment (a
motif) is provided as input and the model must generate a scaffold to secure and hold the motif in
place [13} 114, [15].

Multiple works have advanced various approaches to structure generation. RFDiffusion [16] intro-
duced a diffusion-trained backbone model by fine-tuning RosettaFold and experimentally validated
their generated structures. FrameDiff and FrameFlow propose a SE (3)-invariant diffusion and flow
models respectively [7,18]]. Genie 2 [17] introduced diffusion over a cloud of inter-residue reference
frames to ensure SE(3) invariance with respect to C coordinates. ESM3 [[18]] uses MaskGIT [[19]]
style sampling to iteratively sample sequence and structure from distinct token spaces. DPLM-2[20]
similarly uses discrete diffusion with structure tokens to perform structure generation.



Almost all current structure generation models are diffusion or flow-based where the model learns to
denoise data corrupted towards a prior that can be easily sampled (e.g., a Gaussian or a sequence
of <MASK> tokens) [21}22]]. For proteins, this means the data and noise live on a manifold SE (3)-,
where L is defined and fixed at inference time. Motif scaffolding compounds this problem, because in
addition to choosing the length of the scaffolding structure, one must impute the position of the motif
along the sequence (see Figure [2t). These constraints are not learned and there are a combinatorially
large number of possibilities; in practice, these models sample a large number of motif positions
and lengths and filter by designability [23. [16]. Existing benchmarks accommodate these limitations
by providing information on motif position and size, but the ad-hoc nature of this process poorly
represents more general open-world protein design tasks where this information is not available [[13]].
As a concrete example, [24] uses surface fingerprints to design motifs that bind to particular sites on
pharmaceutically important proteins, so they only have access to the designed motifs and have limited
priors over motif positioning and scaffold length. Motifs often will have high free energy and will not
realistically fold to a particular structure except in the presence of a stable scaffold, which increases
the appeal of an end-to-end model that learns these contraints [25, 26, 127]]. To our knowledge, the
only work that tackles motif scaffolding without knowing positioning a priori is [23]], which uses a
diffusion model over anchor positions to place the motif. This work, however, still requires a fixed
protein length at inference time.

Method SE(3) Var. length Motif Learned pos.

FrameDiff/Flow v
Genie/Genie 2 v
Chroma v
RFDiffusion v
X
v

VQ3D

Ours

X X% % %
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Table 1: Comparison of protein structure generators, referencing SE(3) invariance, variable length
generation, motif scaffolding, and learned motif positions respectively. Takeaway: Prior autore-
gressive work is incompatible with motif scaffolding, while prior diffusion models cannot generate
variable lengths, nor learn the motif position.

2.2 Neural discrete learning

A common approach to train autoregressive models on continuous data is vector quantization
(VQ) [28]]. In vector quantization, continuous data is first tokenized using a discrete codebook,
then a generative model is trained using a standard language modeling objective. An encoder maps
input data to a sequence of latent vectors. Each vector is replaced by its nearest-neighbor in a
trainable codebook. These vectors are decoded; the encoder, codebook, and decoder are optimized
via a reconstruction loss betwen the input and the reconstructed data. A generative model trained on
tokenized sequences can be decoded back to the underlying data modality.

Several recent works have used VQ methods to create generative models over protein structure.
DPLM-2 trains a discrete diffusion model using lookup-free quantization (a VQ variant that avoids
some of the difficulties of standard vector quantization) [20]. ESM3 trains a generative model with a
MaskGIT-style objective; this is very similar to the discrete diffusion approach without explicitly
conditioning on time [[18]]. Most relevant to our work is [29], which trains a structural tokenizer using
a ProteinMPNN-style encoder [30]], an AlphaFold?2 structure module decoder [3]], and lookup-free
quantization [31], which they then apply to generate protein structures using a GPT-2 style decoder.
However, their method is fundamentally incompatible with conditional protein design for reasons we
describe in Section
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Figure 2: (a) Unconditional sampling. We can sample in forward or reverse mode, starting from a
<BOS> or <EOS> token respectively (in reverse mode, we flip the outputted sequence). We can also
sample bidirectionally by randomly sampling a token from the codebook and treating it as a motif.
We decode the generated sequences using the frozen ESM3 decoder. (b) Diffusion approaches to
conditional design. In current SOTA diffusion/flow matching methods, the motif position and the
sequence length are preselected before the remaining inputs are denoised. (c) Direction-conditioned
motif scaffolding. To perform motif scaffolding, we begin with a tokenized motif and sample in
both the forward and reverse directions. We dynamically predict which token to select (left versus
right) and iteratively sample in this fashion until we reach either a <BOS> or <EOS> token, at which
point the model proceeds autoregressively along the remaining direction until the sequence is fully
generated. (d) Architecture: Our main deviation from a standard GPT architecture is the addition of
a direction token (either <FOR> or <REV>) which is provided to the model as in-context conditioning.
The conditioning vector is removed before predicting the next token. The use of relative positional
embeddings (e.g., RoPE [32]) is important, as the absolute position is not known during inference.
Takeaway: Explicitly conditioning on direction eliminates motif positioning and length selection
heuristics.

3 Method

3.1 Tokenizer design for autoregressive modeling

Why have autoregressive models struggled in structure generation? Standard left-to-right next-token
prediction used in natural language processing has several problems when applied to protein design.
First, because interactions between protein residues are mediated by their relative positioning in 3D
space, tokenized sequences can have very long bidirectional correlations. This exacerbates error
accumulation, a known problem with autoregressive models [33]. This is particularly problematic
for conditional protein design, where the functional segment of the protein (the motif) may be
relatively far from the beginning of the sequence; compounded mistakes may result in undesignable
structures by the time the generation process reaches the motif. Diffusion models avoid this problem
by providing full context throughout the generation process at the cost of variable length generation.
Second, naive autoregressive design requires that models reason about tokens far in the future. Even
if a model had near-zero per-token error rates, it would still need to plan ahead over a very long
context and adapt as newly sampled tokens further constrain the yet-to-be defined motif.

These observations place important constraints on tokenizer design. First, because absolute sequence
position is unknown at inference-time in variable-length motif scaffolding, a tokenizer cannot use the



absolute sequence position as input and still perform conditional generation. While absolute positional
information empirically improves tokenizer reconstruction quality, these tokenizers are incompatible
with motif scaffolding and can only be applied to unidirectional, unconditional generation. Second,
most tokenizers are trained by mixing information from neighboring amino acids before quantization
and reconstruction (e.g., using a graph neural network or attention mechanism). While increasing
the number of neighbors improves reconstruction accuracy in VQ-VAE training, if the number of
neighbors is significantly larger than the motif, then autoregressive models can rapidly grow unstable
because sampled tokens have a very large receptive field. Moreover, a very large number of neighbors
will limit the length of reconstructions (see VQ3D in Figure[3d). As our focus is on developing an
autoregressive paradigm compatible with generative tasks, we use an off-the-shelf tokenizer that
satisfies these properties (the structure encoder/decoder developed in [[L8]) and defer additional
studies on tokenizer design to future work.

3.2 Direction conditioning

To enable conditional protein design, we propose direction-conditioning. We train GPT-style trans-
formers explicitly conditioned on the prediction direction, i.e., predicting the next or the previous
token along the sequence. At train time, we randomly sample an initial token along the sequence
of structure tokens (reversed with probability 0:5), condition on the appropriate direction token
(either <FOR> or <REV>), and train using a standard next-token prediction objective. This relatively
simple addition enables both unconditional design and autoregressive motif scaffolding. By condi-
tioning on direction, we can begin with a known motif and iteratively generate left and right tokens.
This approach (depicted in Figure [2k) has several key advantages. First, we can perform motif
scaffolding without specifying either the motif position or the total length of the protein. Second,
motif-scaffolding is completely zero-shot; no additional training is necessary to unlock motif scaf-
folding. This is in contrast with prior approaches like [[17], which assembled datasets of synthetic
motifs by randomly sampling subsequences of protein structures. We frame our approach against
prior work in Table[I]

In forward mode, our model subsumes the generative capabilities in [29]. We can generate protein
structures unconditionally in forward-mode by predicting autoregressively from <BOS> or in reverse-
mode by predicting autoregressively from <E0S> and reversing the sequence after generation (these
can actually encode different structural distributions, we discuss this in Section . We can also
sample in bidirectional mode by randomly selecting a single token from the vocabulary V), then
iteratively sampling left and right tokens (i.e., treating the sampled token as a “motif” with length
one). During inference, we condition on direction by concatenating the appropriate direction token to
the start of the sequence; this token is removed before prediction.

Our model architecture and training schema are shown in Figure [2] To build Jovian and retain the
favorable scaling properties of transformers, we use well-established architectural components —
rotary embeddings, layer norm, and GELU activation functions [32} 34} 35]]. Our final model has 24
layers with a hidden dimension of 1280, MLP dilation factor 2, and 16 heads. A salient architectural
detail is the use of relative positional embeddings (in our case, RoPE [32]). Because the absolute
sequence length is not known at inference time, rotary embeddings inject positional information
without requiring absolute positional knowledge. Additional model classes that we explored but
demonstrated limited success are in Appendix [C} For training, we compiled a dataset composed of
the Open Protein Set [36] and proteins in the Swissprot Alphafold database [37]] with pPLDDT > 80.
We experimented with both MMseqs and Foldseek to downsample our dataset [38l 39]. The details
of our training setup and impact of various architectural ablations are discussed in Appendix

3.3 Sampling

In contrast to [29], we find that sampling methods that filter low-probability tokens are critical
for getting designable samples (presumably due to the absence of absolute positional information
increasing uncertainty). We conduct our experiments with min-p and nucleus sampling [40, 41]]
unless stated otherwise. We adopt the following sampling algorithm to generate bidirectional
samples. Assume our model is given by . Our input is a sequence Vi.n,, with Vj € V), the structure
vocabulary. For unconditional generation, V1.1 is a length-one sequence randomly sampled from V.
For conditional generation, V1. is a motif.



1. Model pass. Compute logits in both directiondigg = f (vi.n j forward), hey =
f (vh:1 ] reversg.

2. Compute probabilities. prg = softmaxXhawg), Prev = Softmaxhye,).

3. Sample candidate tokensSamplevayg; Viey 2 V from pryg andprey, respectively.

4. Sample generation direction. Let p1 = pPrd[Viwd]s P2 = Prev[Vied]. Selectviyg with
probability pﬁlpz , andv,e, with probability pl‘_’fpz .

5. Update sequenceAppendvs,g to the right or prepend,e, to the left ofvy.,, depending on
the chosen token.

We can iteratively generate tokens to the left and right using this scheme. We implement min-p or
nucleus sampling by directly adjusting the logits before taking a softmax.

4 Results

4.1 Protein generation metrics

We follow standard practices and report designability, diversity, and novelty. Designability is
calculated by inverse folding a structu@0[/42], refolding it using ESMFold43], and reporting

the fraction of structures with self-consistent RMSD (sScRMSD) < 2A. This re ects the observation
that such structures correspond to a high likelihood of being synthesiZg)leWe used ESM-

IF to perform the inverse folding. We report designablility as (# of designable structures) / (# of
generated structures). In line with current best practices, we report best-of-eight where we generate
eight sequences with temperatOré [8,/44]. Diversityquanti es the variability in thedesignable
backbones produced. While prior worl8} have used MaxCluster, this introduces problems when
comparing proteins with different lengths. Instead, we report the average pairwise TM-score of
designable structuredf]. Finally, noveltyuses Foldseel3B] to search for the closest match in a
reference database by TM-score. We report the average TM-score of the closest match to a reference
database (followindd9], the CATH dataset). We discuss the considerations at play for different
metrics and provide the full details of our calculations in Appendix D.

4.2 Jovian generates designable proteins

We sample in forward, reverse, and bidirectional mode across a range of temperatures and sampling
methods. Table 2 shows unconditional generation metrics. Designability, diversity, and novelty often
trade off against each other (e.g., one can produce designable samples by lowering the temperature
at the cost of diversity and novelty). We train two models, Jovian-MM and Jovian-FS, where the
training set is clustered using MMseqs and Foldseek respectively (Appendix B discusses this choice).
We report several representative examples here; a more thorough exploration of sampling results is
presented in the appendix.

Jovian is much more stable at long sequence lengths than any other method and achieves similar
performance in short sequence design to other unconditional generative models. This is shown in both
Table 2 and Figure 3b and c; we avoid secondary structure mode collapse and generally have better
scRMSDs at long sequence lengths than other methods (see Appendix E for extended benchmarks).
Jovian achieves excellent diversities, though we do not claim state-of-the-art performance, as variable
sequence lengths can confound these computations (see Appendix D for a longer discussion). Prior
work observes that autoregressive models struggles with no28iywe resolve this by changing

the training set from the PDB + Swissprot (which are structurally very similar) to the PDB + AFDB
and training on an equivalent number tokens (see Ablations - AFDB in Table 2 and Appendix D).
Finally, despite being much larger, Jovian is signi cantly faster than every other model; see Figure 3d
for direct comparisons.

There are a large number of backbone (and more recently, all-atom) generative models available, for
example, 7,7, 8, 17, 16]. Due to computational constraints, we do not systematically compare
against all of these. In practice, attributing performance gains purely to algorithmic advances
is dif cult when multiple methods differ in the amount of training data and compute they use
(e.g., RFDiffusion bene ts from a signi cant amount of sequence pre-training) and when the given
metrics explicitly trade against each other. Instead, the goal of our analyses was to show how our



Method Designability"  Des-long" Diversity # Novelty #

FrameDiff 0.21+0.02 0.09+0.02 0.463+0.002 0.73+0.01
RFDiffusion 0.33+0.03 0.52+0.04 0.515+0.001 0.52+0.01
Chroma 0.08+0.02 0.06+0.02 0.526+0.003 0.64+0.01
Genie2* 0.70+0.03 0.51+0.04 0.512+0.001 0.51+0.01
Jovian (Foldseek)
For, T=1.0 0.47+0.04 0.61+0.07 0.420+0.002 0.72+0.03
Rev, T=1.0 0.42+0.04 0.42+0.10 0.482+0.003 0.79+0.03
BiD, T=1.0 0.42+0.04 0.34+0.06 0.406+0.003 0.72+0.03
Jovian (MMseqs2)
BiD, T=1.0 0.31+0.05 0.26+0.07 0.442+0.005 0.72+0.04
For, T=1.0 0.49+0.05 0.50+0.08 0.406+0.003 0.74+0.03
Rev, T=1.0 0.41+0.05 0.50+0.10 0.441+0.005 0.76+0.04
For, T=0.5 0.34+0.05 0.28+0.07 0.435+0.004 0.76+0.03
Ablations
Mismatch 0.06 +0.03 - 0.47 £ 0.01 0.62+0.06
AFDB 0.21+0.03 - 0.514+0.004 0.54+0.02
Mismatch (LP) 0.11+0.02 - 0.494 +£0.008 0.70+0.02

Table 2:Generation metrics across different sampling methods and generation direction§Ve

report designability (using ESM-IF, best of 8), designability at sequence lengths > 256 (best of 8),
diversity, and novelty, with our base bidirectional model (used for motif scaffolding) highlighted in
blue. Jovian has the very robust performance at longer sequence lengths and is generally comparable
or outperforms other models on designability and diversity (the exception is RFDiffusion, which as
others have noted bene ts from substantial pretraining on sequence da@safé] include Genie2
(starred) for completeness, but note that it only generatesdordinates, which is a much easier task

than generating full backbone coordinates. We could not reproduce the results for Mg}38b[we

do not include it (see Appendix G.3.1). We discuss ablations in the mainTegetaway: Jovian is
comparable to SOTA models across unconditional design benchmarks.

direction-conditioned paradigm can lead to robust conditional design, variable length generation, and
unconditional generation competitive with the state-of-the-art diffusion models.

4.2.1 Mismatched distributions in bidirectional sampling

When sampling bidirectionally, some con gurations correspond to different forward and reverse
distributions. Because each subsequent sampling pass conditions on everything generated so far (i.e.,
a forward pass will condition on tokens generated by the reverse model and vice versa), the resulting
structure will often be undesignable. Table 2 shows one such instance under “Mismatch.” Min-p
sampling generally prevents this issue; more sophisticated sampling algorithms (e.g., shallow versions
of beam search) can plausibly also help avoid this issue in particularly unstable regimes. In Figure 4d,
we show a KDE- t of the log-likelihoods of the model in forward and reverse mode for samples
generatedn forward mode When these distributions are matched (e.g., top of Figure 4d), we get
healthy bidirectional generations, but as the distributions shift away from each other, we get reduced
designability. We explore several train-time methods to resolve this issue, such as delaying direction
conditioning to the nal layer (Mismatch (LP) in Table 2), but these were generally unsuccessful; see
Appendix C.

4.3 Jovian is a zero-shot conditional generator

In contrast to prior works, we perforaero-shomotif scaffolding by pre lling the model with the

desired motif and bidirectionally sampling. We evaluate motif scaffolding on a benchmark composed

of single-domain motifs from the ESM3 test set and the recently released MotifB&gchd]. More

details are presented in Appendix B.1.1. As MotifBench and ESM3 are both fairly recent publications,
there is some data leakage between the test sets and the models we benchmark against (RFDiffusion,
FrameFlow-amortization, Chroma). Jovian has the following advantages over existing methods:

No motif-placement: We eliminate the ad-hoc length selection and motif placement steps.



Figure 3: (a) Jovian generates accurate protein structures during unconditional inference.

We lter samples with scRMSD 10.0A and display representative unconditional samples. We
label each sample wifsampling_method-length] scRMSD . (b) Secondary structure elements.

Jovian generates diverse secondary structure without mode collapsing to alpha helices (see Appendix E
for inter-model comparisons). All sample points are designable structimescRMSD at large
sequence lengthsJovian generates robust structures at long lengths compared to RFDiffusion and
FrameDiff, which both struggle with sequence length850. (d) Wall-clock generation speed.

We use a single GTX1080-Ti to plot generation speed in log scale as a function of sequence length.
Jovian is several orders of magnitude faster than comparable diffusion models, particuarly at long
sequence lengths. Jovian is also faster than other structural autoregressive mod2®. likad

details of our benchmarking for each method are in Appendifdkeaway: Jovian ef ciently
generates designable proteins with diverse secondary structure.

Zero-shot performance: In contrast with the majority of motif scaffolding models, Jovian scaffolds
these motifs with no motif-speci ¢ ne tuning (see Appendix E.2 for details).

Generation speed:Jovian is approximately 4 faster than FrameFlow, 20faster than Chroma, and
40 faster than RFDiffusion. On a xed inference budget (e.g., 0.25 V100-hours), Jovian produces
signi cantly more designable samples than alternative methods (see Figure 4b, bottom).

We show qualitative and quantitative results in Figure 4b. Jovian can consistently generate designable
scaffolds across a range of motifs. We successfully scaffel82 motifs, compared to Chroma

(5/32, not shown in Figure 4), RFDiffusio82/32) and FrameFlow30/32) For two of the three

motifs that Jovian-FS is unable to scaffold in 100 design cyclesk A 7ad5_A and2xga_A),

Jovian successfully generates designs by slightly lowering the temperature (from 1.0 to 0.5). This
re ects the tradeoff between sampling designability and diversity. Despite the lack of motif-speci ¢
ne tuning, Jovian successfully scaffolds 6/7 orphan scaffolds, which (as describ&gd)mfve little
sequence or structure homology to any known proteins. Jovian also successfully sdafolds,

which both RFDiffusion and FrameFlow struggle to complete.

We observed several notable failure modes, which we display qualitatively on the right-hand side
of Figure 4a. First, because tokenization pools information from nearby residues, when the total
length of the protein is shorter than the receptive eld of the tokenizer, the tokenized motif can

capture information about the length of the protein. In these cases, Jovian outputs very short



Figure 4:(a) Motif scaffolding results: We show scaffolding results taken from the ESM3][

test set (downsampled for visual clarity, see Appendix E for full set). We report the global RMSD
consistency, the RMSD with respect to the original motif, and the TM-score with respect to the
original chain (lower is better for all three metrics). Failure modes are shown outside th@opox.
Jovian performance on motif benchmarks.We show designability (top) and number of computed
designs for xed inference budget (0.25 V100-hours, bottom) for each motif in the combined ESM3
and MotifBench motif benchmarks. For visual clarity, we cap our generatiat® atamples. Results

were generated using T=1.0 bidirectional sampling; by using T=0.5 sampling, we can generate
successful designs for 2/3 motifs that Jovian-FS féd¥Diversity in motif position: Jovian can
generate diverse sequence lengths; we show a representative sample of the motif position (orange) and
the generated sequences (blyd).Bidirectional distribution mismatches. As the forward/reverse
distributions drift apart, sample quality worsefiskeaway: Jovian can perform motif scaffolding
without manual motif placement.

proteins. Although these technically show a low RMSD, we believe it is unlikely for these scores to
correlate with designability. Second, modern folding models are known to overpredict alpha helices.
Jovian sometimes simply adds more alpha helices connected by short coils. For example, this failure
mode occurs in the ACE2 binding motif, whose source chain contains a large number of alpha helices.

It seems likely that these generated scaffolds only register as designable because of the weaknesses of
our computational metrics, which rely on folding models that also overpredict alpha helices. Finally,
there are a few instances in scaffolding where the model samples proteins with high global similarity

to the source chain. We attribute this fact to the presence of structural homologs in the training set
that were not removed by sequence-based de-duplication, as this effect is generally eliminated with
Jovian-FS.

5 Limitations and future work

In this work, we focus primarily on demonstrating how direction-conditioning extends the autore-
gressive paradigm to conditional protein structure generation. A promising orthogonal generation
is improving tokenization; part of the reason our model is large by parameter count is it needs to
reason through the complexity of the 600M ESM3 codebook and decoder. Because we implicitly
learn the distribution of protein lengths, direction-conditioning is less suitable for tasks that require
control over protein-size (e.g., miniaturization). An interesting direction is to study how to control
and condition autoregressive structure models. We saw some success with size conditioning in early
experiments but did not pursue it further.

Autoregressive modeling is very appealing in part because one can perform motif scaffolding with
no additional training required. However, extending this paradigm to multi-motif scaffolding is
nontrivial. Real-world tasks will involve proteins containing multiple functional domains and poten-
tially unknown relative positions. While this is currently beyond the scope of existing autoregressive



models, it may be made possible by future work. Finally, while our bidirectional generation is an
order of magnitude or more faster than most current diffusion models (see Figure 3), we do not reach
the speed of most modern autoregressive language models because our formulation of bidirectional
sampling is incompatible with kv-caching.

6 Conclusion

We present Jovian, a direction-conditioned autoregressive model capable of fast and accurate motif-
scaffolding. This approach enables design without priors on functional site location or scaffold size.
We hope our work inspires further exploration of autoregressive approaches in protein design and
contributes to the broader advancement of generative biology.
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Figure 5: Training curves (left) and top-1 accuracy (right) for direction conditioned base run (top),
center-out (middle), and late projection (bottom). Although we reach similar top-1 per token
accuracies on all three runs, the base run still has the best designability.

A Impact Statement

Al for biology has the potential to signi cantly bene t humanity through novel therapeutics, biosen-
sors, and more. Like all emergent technologies, it is important to be aware of potentially harmful
applications in this eld stemming from the misuse of Al. To that end, the authors strongly support
the principles outlined in Responsible Al x Biodesign.

B Model architectures

In this section, we discuss the details of our model architecture and training process. In training our
models, we found that many best practices and heuristics that have emerged in language and vision
did not carry over to our experiments. We brie y explain these heuristics and hope that they will help
guide future work. Figure 5 shows our loss and top-1 accuracy. Training for a large number of steps
is important; although the accuracy appears to quickly converged, designability emerges at 100k
steps. This likely would show up if we measured top-k accurack fer1, but due to the cost of

each training run (4 days 8 A100s $1.79/GPU / hour), we did not repeat the base training run
with these statistics logged.

In these architecture modi cations, we mostly optimize for training convergence. To save compu-
tational resources, when the effect of each of these ablations on convergence rate was clear, we
stopped the run. This was primarily because the metrics under consideration (e.g., designability) only
emerged at around 314M parameters, which took about 3-4 days on 8A100s.

Normalization We nd that layer norms provide equivalent or better performance to QK-norm or
RMSNorm.

MLP dilation For a xed parameter count, a dilation factor of 2 with a higher input dimension
provided faster convergence than a dilation factor of 4 with lower input dimension.

Rotary embeddings In addition to being important for motif scaffolding, rotary embeddings consis-
tently converged faster than learned embeddings.

Activation functions We noticed no difference between GELU, ReLU, and Réladtivations.

Training took 3.5 days on 8A100s. All hyperparameters are shown in Table 3. Our nal model is
314M parameters with 2.12 G ops (measured per token).
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Hyperparameter Value

Dimension 1280
Hidden dimension 2560
Batch size 32
Layers 24
Heads 16
Activation GELU
Warmup iterations 1000
Gradient clip 1.7

Table 3: Model and training hyperparameters for base Jovian used in experiments.

B.1 Dataset

Our dataset is composed of the Open Protein 3@tdnd a cleaned version of Swissprd],

where we discarded all structures with pLDDT < 80. We experimented with two clustering methods,
MMSeqs B8] and Foldseek39]. We set MMSeqs clustering similarity to 0.8 and Foldseek clustering
similarity to 0.8. The trained models are labeled Jovian-MM and Jovian-FS respectively. This choice
has important downstream consequences. The goal of clustering is to remove sequence and structure
homologs that may lead to the model presenting as learning something novel, while in reality it
simply regurgitates elements of the training set and cannot generalize. Many works use MMSeqs to
cluster sequences into train/test/val splits, under the assumption that sequence data corresponds well
with structural data [29].

However, while the overall performance in Table 2 of Jovian-FS and Jovian-MM is quite similar,
there are several concerning trends in our motif scaffolding results. Motifsllitde A that have

very strong performance on Jovian-MM but poor performance on Jovian-FS seem to suggest that
there are structural homologs leaking into the training set that Jovian-MM misses. This motif seems
to be particularly challenging for most methods; it is in the FrameFlow training set (MotifBench
was released well after FrameFlow, so they do not benchmark against it) and RFDiffusion likely
bene ts from the pretraining of RosettaFold. Preventing these types of data leaks will be critical as
we continue to hill-climb motif benchmarks.

B.1.1 Motif scaffolding

For motif scaffolding, we use a joint benchmark composed of structures from MotifB&achrid

ESM3 [18]. We take all single motif chains with motif length longer than three amino acids. For
multi-motif scaffolding, we take a single motif (generally the longest). As we mention in the main
text, both MotifBench and ESM are very recent publications, so the models we benchmark against
may have seen this data. We were unable to nd exact training/test splits for most other methods.
Retraining other methods from scratch would have been computationally infeasible (and not possible
for RFDiffusion), so we report results as is.

C Alternative modeling paradigms

While studying ways to extend autoregressive modeling to motif scaffolding, we explored a variety
of paradigms. In this section, we brie y describe each paradigm we explored and discarded. Some
of these we pursued only brie y before it became apparent they would not work; we include all
descriptions here to inform future autoregressive structure work. Table 4 shows some metrics for
other methods with af liated discussion.

C.0.1 Center-out generation

In center-out generation, we predict two tokens at each step, one to the left and one to the right. This
can include arxEOS*oken; after inference, we can prune the output of all tokens withik BH@S>

range (this is similar to the strateg®9] employs due to their use of Jax). We depict this architecture,
along with unconditional and conditional generation, in Figure 6.
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Params Designability Diversity Novelty

Late-proj (BiD) T=1.0, nucleus 0.137 0.445 0.858
Late-proj (For)  T=1.0, nucleus 0.195 0.501 0.781
Late-proj (Rev) T=1.0, nucleus 0.184 0.457 0.674
Center-out T=1.0, minp 0.406 0.637 0.721

Table 4: Designability, diversity, and novelty for late-projection methods and center-out generation.
Late-stage prediction does not have the desired effect on resolving the distribution mismatch described
in Section 4.2.1. We did not observe a signi cant difference between late-stage prediction and
direction-conditioning, but we did not conduct a more thorough exploration beyond 1-2 sampling
setups that were known to be problematic in the direction-conditioned method. Center-out generation
has good designability but suffers from various undesirable pathologies, which the standard metrics
miss and we describe in Appendix C.

Figure 6: (a)Center-out architecture. There is no direction conditioning, and instead we predict
middle out, adding a single token to the left and a single token to the right at each iteration. We insert
two tokens<BOS-L>and<BOS-R>and add a learnable token to indicate whether the model should
generate left or right. (lYnconditional generation Similar to Jovian, we sample unconditionally by
randomly selecting a token as the “motif* from the codebook, then sampling to the left and right. (c)
Motif scaffolding. We perform motif scaffolding by repeatedly sampling tokens to the left and right
(possibly crossing over akEOS*oken), then removing all special tokens in the nal step.

Although this makes sense in principle and we achieved decent designabilities (see Table 4, we
noticed multiple pathological cases occur in this setup — very short proteins, lots of alpha helices, etc.
This would also require motif-speci ¢ netuning, so we abandoned it in favor of our current, simpler
approach. While we did not do a thorough comparison because of the appeal of direction-conditioning,
empirically the results seemed much less stable.

It is interesting that our top-1 per token accuracies are similar for both direction conditioning and
center-out generation. Predicting two tokens is a much harder task than predicting a single subsequent
token. Explicitly, with center-out prediction, we're sampling fréhhjer; hrigng motif), whereas with
direction-conditioned prediction, we sample iteratively frBrthighj motif) andP (hierjmotif; hrigny).

Itis clear that the rst task is at least as hard as the second, since one simply “ignore" the task of
predictinghier and be left with sampling fror® (hignmotif). This observation is aligned with the
challenges the NLP eld has seen in multi-token prediction. Similar to methods #kgahd [17],

this requires that we randomly sample pseudo-motifs at generation time.
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Figure 7: (a)Cross attention mechanism We encode the motif usinyl layers of unmasked
self-attention, then use a cross attention layer to condition the generation process (which is entirely
left-to-right autoregression) on the motif. (bate-stage prediction Instead of conditioning on the
direction, we have two output heads that predict next and previous tokens (in practice, previous token
is next token with order ipped).

C.0.2 Cross-attention conditioning

Perhaps the most straightforward extension from the nat-
ural language paradigm is to simply condition the gener-
ation process on the encoded motif using a cross attention
layer. This is depicted in Figure 7. While this still seems in-

tuitively challenging because the generation process must
reason over tokens very far in the future, the actual plan-
ning is not very sophisticated. The model just needs to
insert the motif (or something close to the motif, since
the tokens may change slightly, especially near the matif ] I .
boundaries) in);o the gene?atign pr?)cess.)/ln practice,O% ure 8: Instabilities observed in val-

observe that training is highly unstable and we abandor|dgtion 10ss (top) and top-1 per token
accuracy (bottom) in training motif scaf-

this approach very early, see Figure 8. folding with cross attention,

C.0.3 Late-stage prediction

To mitigate the distribution mismatch as described in Sec-

tion 4.2.1, we also explored a single forward model with two projection heads, one for forward mode
and one for reverse mode. The intuition behind this is because the conditioning is delayed to the
very end, the model is forced to learn a joint representation for forward and reverse and less likely
to generate two entirely different distributions. This is depicted in Figure 7(b). This signi cantly
reduces designability, with peak designability generally around 10%.

A possible explanation for this is that the forward and reverse structural distributions are genuinely
different. This would be quite interesting scienti cally, since although proteins have a well de ned
ordering, there isn't necessarily a reason tis@iuctureshould (since protein functions are dependent

on 3D space). While we raise this possibility, thisnigt a claim we make. It is hard to make
scienti ¢ claims from the results of a learned model, since these results could easily be an artifact of
the training process or the tokenization stage (having said that, the tokenization scheme the ESM3
tokenizer is bidirectional with no absolute sequence information, so there isn't an obvious issue).
Given that bidirectional models provide an elegant way to merge autoregressive generation with motif
scaffolding, we raise this point because these distributional issues merit further study.
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