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ABSTRACT

Protein structure tokenizers enable the creation of multimodal models of protein
structure, sequence, and function. Current approaches to protein structure tok-
enization rely on bespoke components that are invariant to spatial symmetries, but
that are challenging to optimize and scale. We present Kanzi, a flow-based tok-
enizer for tokenization and generation of protein structures. Kanzi consists of a
diffusion autoencoder trained with a flow matching loss. We show that this ap-
proach simplifies several aspects of protein structure tokenizers: frame-based rep-
resentations can be replaced with global coordinates, complex losses are replaced
with a single flow matching loss, and SE(3)-invariant attention operations can be
replaced with standard attention. We find that these changes stabilize the training
of parameter-efficient models that outperform existing tokenizers on reconstruc-
tion metrics at a fraction of the model size and training cost. An autoregressive
model trained with Kanzi outperforms similar generative models that operate over
tokens, although it does not yet match the performance of state-of-the-art contin-
uous diffusion models.

1 INTRODUCTION

The promise of digital biology is to develop machine learning models that are capable of perform-
ing a wide range of tasks, from generating novel therapeutics to reasoning about cellular-level pro-
cesses (Richardson & Richardson, 1989; Cui et al., 2025; Kuhlman & Bradley, 2019). Proteins,
which are essential components of almost all biological processes, are a natural target for machine
learning approaches to biological perception and generation. A recent exciting advance has been
the development of multimodal deep learning models capable of reasoning over protein sequence,
structure, and function (Wang et al., 2024; Zhang et al., 2024; Liu et al., 2024; Gaujac et al., 2024;
Hayes et al., 2025). These models are enabled by structure tokenizers, which convert the continu-
ous three-dimensional protein structures into a sequence of discrete tokens from a finite vocabulary
using vector quantization (Van Den Oord et al., 2017). In these tokenizers, protein structures are
represented as tensors RL×A×3, where L is the sequence length and A is the number of backbone
atoms. Training language models on these discrete token sequences unlocks the possibility of truly
multimodal biological models that excel across representation and generative tasks.

An established practice in protein tokenization is using model components that are invariant to spa-
tial symmetries, namely SE(3) (the special Euclidean group, equivalent to SO(3)⋉R3). This follows
the hypothesis that by explicitly encoding inductive biases, models will not hallucinate physically
implausible samples that break the symmetry. These SE(3)-invariant modules, however, can be chal-
lenging to both optimize at scale and extend to more diverse biological molecules (e.g., proteins with
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Figure 1: Schematic overview of our approach. (1) A learned discrete codebook conditions a �ow
matching model to reconstruct proteins using a diffusion loss. (2) The learned tokens can be used
for downstream autoregressive generation, and the generated tokens condition the diffusion decoder
to generate protein backbones.

post-translational modi�cations, RNA, DNA). Models that can accurately tokenize protein struc-
tures without explicitly encoding spatial symmetries may offer improved �exibility and scalability
for modeling biology. Such models, however, do not currently exist.

Bridging this gap and exploring the performance of non-invariant protein tokenizers is the primary
focus of this work. In this work, we describe Kanzi, a �ow-based tokenizer for protein structures.
Kanzi uses a �ow matching loss to train a diffusion autoencoder that tokenizes protein structures.
This �ow loss simpli�es model training by replacing the collection of symmetry-invariant recon-
struction losses that are commonly used to train protein structure tokenizers. Kanzi operates directly
on the 3D coordinates of backbone atoms and uses standard attention rather than SE(3)-invariant
geometric attention methods (Jumper et al., 2021; Hayes et al., 2025). Consistent with several
recent works that challenge the inductive bias paradigm (Abramson et al., 2024; Geffner et al.,
2025), Kanzi demonstrates that these simpli�cations can actually improve tokenizer performance,
achieving superior reconstruction quality over larger models trained on more extensive datasets. We
next train an autoregressive model on tokenized structures from Kanzi to sample plausible protein
structures. While discrete and continuous diffusion models have seen wide use, autoregressive mod-
els are better suited for generating variable-length sequences. This capability is critical for tasks like
motif scaffolding or in situ structure prediction where the protein sequence (and hence length) is
unknown a priori. Despite a relatively modest autoregressive model, we match or outperform larger
tokenized models in terms of generation quality, as measured by standard benchmarks. As a sup-
plementary contribution, we introduce a reconstruction metric, the reconstruction Fréchet Protein
Structure Distance (rFPSD), which utilizes probability divergences to measure structure tokeniza-
tion. This extends prior work in Faltings et al. (2025) and Geffner et al. (2025) that applies these
metrics to generation. We provide an open-source software package as a standalone repository for
end-users.

In summary, our primary contributions are as follows:

1. We present Kanzi, a scalable state-of-the-art �ow-based structure tokenizer based on a
novel asymmetric encoder-decoder design.

2. We demonstrate that a simple diffusion loss can replace complex invariant/equivariant tok-
enizer losses, yet still achieve SOTA reconstructions.

3. We use Kanzi to train an autoregressive protein structure generation model. On standard
generative benchmarks, the resulting generations match or outperform existing generative
capabilities. To our knowledge, this is the �rst tokenized model that produces designable
structures without massive pretraining.

4. We extend prior work developing distributional metrics for proteins to the reconstruction
task to provide broader information on tokenization performance. Through a series of
careful ablations, we demonstrate that while non-invariant encoders can learn scalably,
invariant encoders struggle to condition non-invariant decoders.
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Figure 2: Architectural overview of Kanzi. (a) Kanzi takes a clean structure as input, which is
encoded and passed through a quantization bottleneck. The decoder is provided with the quantized
latents as in-context conditioning, along with a noised version of the protein structure. The train-
ing is supervised by a single diffusion loss that maximizes p(xjĉ). No auxiliary losses are used.
(b) Our decoder follows the standard diffusion transformer (DiT) presentation, with several notable
deviations. We share adaLN conditioning across all blocks, and each DiT block is a transformer
with pair-biased attention and optional self-conditioning. (c) Our encoder combines raw coordinate
information with sequence positional information. Tokens are mixed using a small stack of trans-
former layers with sliding window attention. Ablations on other encoder variants are described in
Section 4.3 and Appendix E.

2 RELATED WORK

Tokenization. State-of-the-art generative image models frequently �rst train an image tokenizer,
which downsamples continuous image data to either a discrete or a continuous latent (Esser et al.,
2021; Van Den Oord et al., 2017). Recent works in machine learning for biology have followed suit
by training discrete tokenizers for protein backbone structures, which enable language models to
be trained on sequences of tokens derived from the resulting codebooks (van Kempen et al., 2022;
Steinegger & S̈oding, 2017; Gaujac et al., 2024; Lin et al., 2023). While tokenized protein models
have underperformed diffusion models on the task of unconditional structure generation, they enable
the construction of multimodal generative models of proteins. ESM3 notably trained a multimodal
discrete diffusion model over sequence, structure, secondary structure, and natural language, which
was capable of generating novel proteins with speci�ed functions (Hayes et al., 2025; Wang et al.,
2024). Following AlphaFold2, protein tokenizers generally rely on SE(3)-invariant architectural
components (e.g., invariant point attention) and SE(3)-invariant losses (e.g., frame-aligned point
error). In contrast with prior work, we use a non-invariant diffusion loss to supervise the tokenizer.

Diffusion and �ow matching. State-of-the-art protein structure generation models rely on diffusion,
either discrete or continuous. FrameDiff, RFDiffusion, and Chroma (Yim et al., 2023b; Watson
et al., 2023; Ingraham et al., 2023) generate protein backbones using a denoising process over the
joint translation-rotation group SO(3)nR3, while FrameFlow, FoldFlow, and FoldFlow-2 similarly
perform �ow matching over the same manifold (Yim et al., 2023a; Bose et al., 2023; Huguet et al.,
2024b). Genie2 and Proteina are more recent attempts to train diffusion models at scale on the
AlphaFold Structure Database (AFDB); these both operate over C� coordinates (Geffner et al.,
2025; Lin et al., 2024). The latter does not explicitly encode invariances, a strategy we broadly
adopt here. Despite the strong performance of diffusion models, autoregressive models have unique
features that are valuable to the structural biology and machine learning communities. Most notably,
they can be applied to more use cases where the protein size is not known a priori, an important
feature for tasks such as motif scaffolding or in situ structure prediction in electron tomography
images (Yadav et al., 2020; Bunne et al., 2024).

To train Kanzi, we use a �ow matching objective (Esser et al., 2024; Lipman et al., 2022; Lin
et al., 2024). Flow matching interpolates between a source distribution p0 (often a Gaussian) and a
target distribution pdataby integrating along the ODE dxt = v � (x t ; t) dt using a learned vector �eld
v � (x t ; t) : R d � [0; 1] ! R d. As the vector �eld generating the true probability distribution is in
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Figure 3: Designable samples generated from an autoregressive model trained on Kanzi tokens.
scRMSDs shown underneath each visualization.

Figure 4: Left: Scaling of protein structure tokenizer performance with dataset size and parameter
count. We plot the reconstruction accuracy on the CAMEO test set versus the training dataset size.
Circle area is the model parameter count. Kanzi is competitive with the ESM3 tokenizer, despite a
20-fold smaller parameter count and 400-fold smaller training dataset. Right: Kanzi simpli�es the
training pipeline, replacing collections of complex, invariant losses with a single, non-invariant �ow
matching loss.

general unknown, one uses conditional �ow matching, which constructs a conditional probability
path between prior samples x0 � p 0 and data samples x1 � p data. Explicitly, a general probability
path can be written xt = � t x1 + � t �, with � � N (0; 1). This induces a true conditional vector �eld
u(x t jx 0; x1) = _� t x1 + _� t x0, where the dot denotes the time derivative. This is a target we can
regress against; for the standard case of the linear interpolation path, we have xt = (1 � t)x 0 + tx 1
and u(xt jx 0; x1) = x 1 � x 0. For completeness, we present a more thorough derivation of the �ow
matching formulation in Appendix F.

Diffusion autoencoders. The idea of using a diffusion model as the decoder in tokenizer recon-
struction is a recent insight in computer vision but has yet to be explored for protein structure
generation (Preechakul et al., 2022). Two recent works, FlowMo and DiTo (Sargent et al., 2025;
Chen et al., 2025), both study this approach and independently demonstrate SOTA performance
on ImageNet-1k reconstruction. In these works, the use of a diffusion model eliminates the need
for combinations of perceptual and adversarial losses during training, which were critical insights
introduced by VQGAN (Esser et al., 2021). In our case, given the success of recent models like
AlphaFold3, Boltz (Wohlwend et al., 2025), and Proteina in eschewing symmetric architectures for
scalability, we hypothesize that diffusion autoencoders could provide a similar advantage for tok-
enization.

3 METHOD

We train �ow-based tokenizers to perform autoregressive generation. The use of a diffusion/�ow
model as the decoder allows for considerably more �exibility and scalability in sampling, while the
autoregressive prior trained over quantized sequences provides length-agnostic generation.

3.1 ARCHITECTURE

We design a non-equivariant diffusion autoencoder to tokenize an input structure. It consists of a
lightweight encoder e� , a substantially deeper decoder d� , and a quantization bottleneck. A protein
structure can be represented as a tensor x 2 RL�A�3 , where L is the sequence length and A is
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