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Omni biomolecular design models aim to support diverse molecular modalities within a single
generative model. A representative approach, AnewOmni, performs geometric diffusion in a
shared block-level latent space. This unified latent space supports diverse molecular modalities,
but may not fully retain the fine-grained structural information captured by all-atom representa-
tions. We first compare AnewOmni with BoltzGen, a strong all-atom binder generator, on the
LNR peptide-design benchmark and observe a clear performance gap. This comparison moti-
vates a simple question: whether pretrained all-atom structural knowledge can improve an omni
generator without replacing its native unified latent space. We use a frozen BoltzGen trunk to
extract PairFormer single and pair representations and transfer them into AnewOmni through a
lightweight cross-attention adapter. We train only the adapter and leave the AnewOmni latent
space, geometric denoiser, reverse diffusion process, and all-atom decoder unchanged. We fur-
ther prove that, conditional on the extracted PairFormer representations, the adapter preserves the
native rotation-equivariant coordinate prediction of AnewOmni. The same property holds under
CFG-style representation guidance. Experiments on LNR show that PairFormer conditioning out-
performs AnewOmni. Our results suggest a simple route to combine the broad modeling scope of
omni generation with structural knowledge from pretrained all-atom models.
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1 Introduction

Generative models have achieved strong results in biomolecular design, including protein and
peptide generation [Watson et al., 2023, Kong et al., 2024]. A broader goal is to support small
molecules, peptides, antibodies, nucleic acids, and other molecular classes within a single model.
These modalities differ substantially in chemistry, topology, size, and structural organization. An
omni biomolecular design model therefore requires a shared generative interface across hetero-
geneous molecular systems. Recent models such as UniMoMo and AnewOmni pursue this goal
through unified latent representations [Kong et al., 2025, 2026].

AnewOmni represents each chemical block with a latent feature and a three-dimensional point,
and performs geometric diffusion in this shared block-level space [Kong et al., 2026]. The same
latent format applies to amino acids, molecular fragments, and other chemical units. This unified
representation supports diverse molecular modalities within one generator. At the same time, the
compact block-level state may not fully retain the fine-grained structural information captured by
all-atom representations. Modern all-atom models instead maintain rich token-level and pairwise
representations before coordinate generation. BoltzGen, for example, uses PairFormer single and
pair representations to encode individual tokens and their structural relations [Stark et al., 2025].

We first examine this difference empirically. We compare AnewOmni with BoltzGen, a strong all-
atom binder generator, on the LNR peptide-design benchmark [Tsaban et al., 2022, Kong et al.,
2024]. We observe a clear performance gap between the two models on this shared task. We do
not attribute this gap to a single architectural choice, since AnewOmni and BoltzGen also differ
in model scale, pretraining data, training objectives, and generation mechanisms. Instead, the
comparison motivates a simple question:

Can pretrained all-atom structural knowledge improve an omni biomolecular gener-
ator without replacing its native unified latent space?

We address this question through lightweight representation transfer. We use a frozen BoltzGen
trunk to extract final-layer PairFormer single and pair representations from the visible design con-
dition. These representations are computed once and reused throughout AnewOmni sampling.
A cross-attention adapter transfers them into the native scalar conditioning stream of AnewOmni.
We train only the adapter and leave the AnewOmni latent space, geometric denoiser, reverse diffu-
sion process, and all-atom decoder unchanged. This design preserves the unified generator while
enriching its conditioning with structural knowledge learned by an all-atom model. At inference
time, CFG-style representation guidance controls the strength of the transferred representation.

The geometric structure of AnewOmni introduces a basic correctness requirement. Its latent state
combines invariant scalar features with equivariant three-dimensional coordinates. Our adapter
modifies only the scalar conditioning stream and does not introduce an external coordinate update.
We prove that, conditional on the extracted PairFormer representations, the augmented model
preserves the native rotation-equivariant coordinate prediction of AnewOmni. The same property
holds under CFG-style representation guidance. This result establishes geometric compatibility



of the transfer interface; the usefulness of the transferred representation is evaluated empirically.

We evaluate the resulting model on LNR. PairFormer conditioning improves several sequence
and structural metrics over the original AnewOmni model. We further separate the effects of
single and pair representations, compare against a parameter-matched conditioning control, study
representation guidance, and measure computational overhead. Together, these experiments test
both whether pretrained all-atom representations improve omni generation and which components
of the transfer are responsible for the observed gains.

Contributions. Our contributions are three-fold.

* Method. We introduce a lightweight all-atom representation-transfer framework for omni
biomolecular design. Frozen PairFormer single and pair representations are injected into
the scalar conditioning stream of AnewOmni through cross-attention, while all pretrained
AnewOmni components remain unchanged (Sections 3.1, 3.2 and 3.4).

* Geometry compatibility. We establish a correctness property for the transfer interface.
Conditional on the extracted PairFormer representations, the augmented denoiser preserves
the native rotation-equivariant coordinate prediction of AnewOmni (Theorem 3.1). CFG-
style representation guidance preserves the same property (Corollary 3.1.1).

* Experiments. We first compare AnewOmni with a strong all-atom generator on LNR and
use the observed performance gap to motivate representation transfer (Section 4.2). We then
evaluate PairFormer conditioning, single/pair representations, a parameter-matched condi-
tioning control, representation guidance, and computational cost (Sections 4.3 to 4.6).

2 Preliminaries

Biomolecular Design. Let ¢ denote the design condition, including the target, design region,
requested binder type, and prescribed constraints. Let = denote the generated binder, including
atom identities, coordinates, and chemical bonds. We seek a conditional generator py(z|c). An
omni biomolecular model uses one generative interface across different molecular modalities. The
hidden binder sequence and geometry are excluded from c.

Block-Level Geometric Representation. AnewOmni maps an all-atom structure to a block-
level latent representation [Kong et al., 2026]. Each chemical block is represented by

zi=(hi,q), h€RY ¢ eR3 2.1

where h; is an invariant latent feature and ¢; is a latent spatial point. For n blocks, we write
z = (h,q) with h € R™*? and ¢ € R™*3. AnewOmni uses the same latent format for amino acids,
molecular fragments, and other chemical blocks. A pretrained decoder D maps the generated
latent state back to an all-atom binder:

pe(zlc) = /D(a:|z0,c)p9(zolc) dzp. 2.2)
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Conditional Latent Diffusion. AnewOmni performs diffusion over the block-level latent
state [Kong et al., 2026]. We separate generated binder blocks from the fixed target context and
write 2° = (h¥, ¢%) and 2€ = (h®, ¢©). Noise is added only to the generated state:

he = a,h§ + osen, (2.3)
a5 = ougs +oreg,  enyeg ~N(0,1), (2.4)

with o? + o2 = 1. For each block i, AnewOmni constructs an invariant conditioning embedding
a; from its sequence-position embedding and amino-acid indicator. Before geometric message
passing, a; is combined with the noisy latent feature hfi and the diffusion-time embedding to
form the input feature of the equivariant denoiser. We write a = {a;} for these block-conditioning
embeddings. The denoiser predicts

€0 (ztG,t | zc,a) = (€g.n, €0,q) s (2.5)
and minimizes
A 1
Law(0) =B | |legp — enls + — lleog — €qll7] - (2.6)
ng ng

Sampling follows the native reverse process from 7' to 0. The pretrained decoder then reconstructs
the all-atom binder.

Geometric Symmetry. AnewOmni uses an equivariant geometric denoiser [Kong et al., 2026].
Since the latent coordinates are centered before diffusion, we consider global rotations R &
SO(3). A rotation acts on the latent state as

R-(h,q) = (h, Rq). 2.7)

The block-conditioning features a are invariant under rotation. Native geometric prompts, when
present, are processed by the original equivariant conditioning mechanism and are omitted from
the notation. The native denoiser therefore satisfies

€0.h (R-ztG,t | R-zc,a) =€ (ztG,t| zc,a), (2.8)
€0.q (R-ztG,t]R-zc,a) = Rey, (zf,t|zc,a). (2.9)

All-Atom Structural Representations. BoltzGen maintains pretrained structural representa-
tions through its PairFormer trunk [Stark et al., 2025]. Given the visible design condition c,
PairFormer produces

r(c)=(s,p), s={si}, p=1{py}, (2.10)

where s; is the single representation associated with token ¢ and p;; is the pair representation asso-
ciated with tokens ¢ and j. The single representation encodes token-level structural information,
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Figure 1: Overview of all-atom representation transfer for omni biomolecular design. Given the visible
design condition c, a frozen BoltzGen trunk extracts PairFormer single and pair representations. In parallel,
AnewOmni encodes the design input and produces the native block-conditioning features a;. A lightweight
cross-attention adapter transfers the PairFormer representations into the AnewOmni conditioning stream
and produces the augmented features a;. The frozen AnewOmni latent diffusion model then takes a;, the
noisy binder state 2", the fixed context z*, and the diffusion time ¢ as input. The denoiser predicts the
latent noise, the reverse process runs from ¢ = 7' to 0, and the all-atom decoder produces the final binder
structure. Only the cross-attention adapter is trained.

while the pair representation encodes learned relations between tokens.

3 All-Atom Representation Transfer for Omni Design

We study whether pretrained all-atom structural representations improve an omni biomolecular
generator without replacing its native unified latent space. We retain the pretrained AnewOmni
generator and use a frozen BoltzGen trunk to provide PairFormer representations. A lightweight
cross-attention adapter enriches the native invariant block condition of AnewOmni with these
representations. Only the adapter is trained. The latent state, geometric denoiser, native graph
prompts, reverse diffusion process, and all-atom decoder remain unchanged.

3.1 Frozen PairFormer Representations

Given the visible design condition ¢, a frozen BoltzGen trunk produces the final PairFormer rep-
resentations

r(c)=(s,p),  s={s;}, p={py} (3.1)

Here s; € R% is a single representation and p;; € R% is a pair representation. The PairFormer
input contains the target, design slots, and supplied task constraints. It does not contain the hidden
binder identity or geometry.



The two models use different internal representations. We therefore align PairFormer tokens
and design slots with the corresponding AnewOmni blocks using molecular correspondence. For
notation simplicity, s; and p;; below denote the aligned representations. We compute (s, p) once
for each design task and reuse them throughout AnewOmni sampling. Thus, PairFormer provides
fixed pretrained structural representations rather than a second generated state.

3.2 Cross-Attention Representation Transfer

For each generated block 4, let a; denote the native invariant block-conditioning feature used
by AnewOmni. In the original model, a; is combined with the noisy latent feature hfi and the
diffusion-time embedding before the resulting invariant feature enters the equivariant denoiser.
Our modification is inserted immediately before this native input transformation.

We use a; as the query and read the PairFormer representations through cross-attention. For one
attention head,

(Woa;) " Ws;
Q5 = SOftIIlan (Eij), (33)
m; = Z aij (Wys; +Wepi;) (3.4)
J

Here d is the attention width. The function b, maps the pair representation to an attention bias.
All projections belong to the trainable adapter.

The single representation supplies token-level structural information. The pair representation af-
fects both the attention weights and the transferred messages. The residual form in (3.5) recovers
the native condition when the adapter output is zero.

The original AnewOmni denoiser uses a; together with ht(fi and the diffusion time to construct
the invariant feature entering its geometric transformer. We replace only a; by a;. The generated
latent coordinates ¢~ and context state ¢ = (h",¢“) are unchanged. The native equivariant
interaction between generated and context blocks is also unchanged. In particular, PairFormer
does not predict a new three-dimensional displacement. It only modifies the invariant information
used by the native geometric denoiser. Let @ = {a;}. The augmented prediction is

€ang = €0 (ztG,t | zc,a) , (3.6)

where the frozen parameters 6 are exactly those of the pretrained AnewOmni denoiser. The de-
pendence on the trainable parameters ¢ enters only through a.



3.3 Geometry Compatibility

We next verify that the transfer interface preserves the native geometric transformation law of
AnewOmni. This is a correctness property of the interface rather than an explanation of its empir-
ical benefit. Recall that a; is an invariant feature. The cross-attention adapter in Equations (3.2)
to (3.5) also produces only invariant features. All geometric variables remain inside the original
AnewOmni denoiser. Native geometric prompts, when present, are unchanged by our method and
continue to be processed by the original equivariant conditioning mechanism.

Theorem 3.1 (Geometry-compatible representation transfer). Fix the extracted PairFormer rep-
resentations s and p. Suppose the native block-conditioning features a are rotation invariant, and
the native AnewOmni denoiser satisfies (2.9). Then the cross-attention transfer in Equations (3.2)
to (3.5) has the following properties.

Then, first, the transferred condition remains rotation invariant:

a+a  underany R € SO(3). (3.7)

Second, the augmented denoiser preserves the native geometric symmetry:

cangh (B 27t | R-29,0) = eagn (47,1 29,3), (3.8)
€angg (R 25t | R-29,3) = Reangy (27,1 29,0) . (3.9)
Proof. Please see Appendix B for a detailed proof. ]

The theorem is conditional on the extracted PairFormer representations. It does not require the
PairFormer extractor itself to be rotation invariant. It therefore characterizes the geometry com-
patibility of the transfer interface, rather than end-to-end equivariance under recomputation of
PairFormer features after rotating the raw input.

3.4 Training and Representation Guidance

We freeze the BoltzGen trunk and all pretrained AnewOmni components. Only the cross-attention
parameters ¢ are optimized. Let (e, €,) denote the noise added to the clean generated latent state.
We use the native AnewOmni noise-prediction objective:

A 1
Efusion(¢) =E|— H‘Eaug,h - 6hH?:' + — HEaug,q - 6qH2F . (310)
ng ng

No additional structural supervision is introduced.
At inference time, the original AnewOmni model gives
G ¢
€base = €0 (zt ]z ,a), (3.11)

while the transferred model gives €,,, from (3.6). Motivated by classifier-free guidance [Ho and



Salimans, 2022], we use

€y = €base + v (€aug - 6base) ) v > 0. (312)

The choice 7 = 0 recovers the original AnewOmni prediction. The choice 7 = 1 uses the learned
PairFormer-conditioned prediction. Values above one extrapolate the transferred correction.

Corollary 3.1.1 (Geometry compatibility of representation guidance). Under the conditions of
Theorem 3.1, €, 4, remains rotation equivariant for every v > 0.

Both €},55c ¢ and €,,4 4 Obey the same rotation transformation law. Their linear combination there-
fore preserves equivariance. The reverse diffusion transitions and the final all-atom decoder re-
main identical to those of AnewOmni.

4 Experimental Studies

We evaluate whether pretrained all-atom structural representations improve a frozen omni
biomolecular generator through the representation-transfer interface in Section 3. Our experi-
ments address four questions. First, does PairFormer representation transfer improve AnewOmni
on peptide design? Second, which components of the PairFormer representation contribute to the
effect? Third, does the improvement come from pretrained structural representations rather than
additional trainable capacity? Finally, how does inference-time representation guidance affect
generation quality and computational cost?

4.1 Experimental Setup

Benchmark and protocol. We evaluate on the LNR peptide-design benchmark [Tsaban et al.,
2022, Kong et al., 2024]. Each task specifies a protein target, a binding region, and a peptide
length. The native peptide sequence and geometry are excluded from the input. All compared
methods receive the same visible target information and design constraints. We reserve LNR
exclusively for evaluation and use a target-disjoint validation set for checkpoint and guidance
selection. Each method generates the same number of candidates for each target. Any additional
ranking or refinement procedure is reported separately.

Compared methods. We compare four main configurations. AnewOmni is the original pre-
trained generator. PairFormer transfer uses the learned cross-attention interface in Equations (3.2)
to (3.5) with v = 1. PairFormer transfer + guidance applies the inference-time scaling in (3.12).
BoltzGen serves as a strong all-atom reference on the same peptide-design task. We further eval-
uate single-only and pair-only transfer, together with a parameter-matched control that does not
use pretrained PairFormer representations.

Training. We freeze the AnewOmni VAE, denoiser, and decoder. We also freeze the BoltzGen
trunk. Only the cross-attention parameters ¢ are optimized using the native AnewOmni objec-
tive in (3.10). PairFormer representations are computed once for each design task and cached
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Table 1: Peptide-design results on LNR. All methods use the same visible task inputs and candidate budget.
PairFormer transfer uses the learned representation interface with v = 1.

AAR Complex RMSD  Peptide RMSD Peptide collision [nterface collision Rosetta AG

Method (%) + A N (%) | (%) |

AnewOmni 6.484 8.550 2.892 0.914 0.908 -21.89
PairFormer transfer (y = 1) 6.664 8.248 2.849 0.911 1.113 -21.96
PairFormer transfer

+ guidance TBD TBD TBD TBD TBD TBD
BoltzGen TBD TBD TBD TBD TBD TBD

throughout training and sampling. Checkpoint selection and guidance-scale selection use only
validation targets. Comparisons among AnewOmni variants use matched latent initialization, dif-
fusion noise, and decoder randomness.

Metrics and statistical reporting. We report complementary sequence, structural, steric, and
energetic metrics. Amino-acid recovery (AAR) measures sequence agreement with the native pep-
tide. Complex RMSD measures peptide deviation after alignment on the target. Peptide RMSD
measures internal peptide geometry after peptide alignment. Peptide collision and interface col-
lision measure steric conflicts within the peptide and across the peptide—target interface, respec-
tively. We additionally report Rosetta AG. Higher AAR is better; lower values are better for the
remaining metrics. Candidate-level metrics are first averaged within each target, and targets re-
ceive equal weight. For the final evaluation, we report paired bootstrap confidence intervals over
targets and variation across adapter-training seeds.

4.2 Main Results on LNR

Overall performance. Table 1 reports the current LNR comparison. At v = 1, PairFormer
transfer improves five of the six reported point estimates over AnewOmni. AAR increases from
6.484% to 6.664%. Complex RMSD decreases from 8.550 A to 8.248 A, and Peptide RMSD
decreases from 2.892 A to 2.849 A. Peptide collision changes from 0.914% to 0.911%, and Rosetta
AG changes from —21.89 to —21.96. These results show that modifying only the invariant block-
conditioning features through pretrained PairFormer representations changes the behavior of an
otherwise frozen AnewOmni generator.

The improvement is not uniform. Interface collision increases from 0.908% to 1.113%. We there-
fore evaluate the method using complementary metrics rather than interpreting the current results
as a uniform improvement in geometric quality. The final evaluation reports target-level uncer-
tainty and determines which differences are statistically reliable. The matched BoltzGen compar-
ison further measures the remaining gap between the omni generator and the all-atom reference.

Target-level consistency. Aggregate averages may hide heterogeneous effects across targets.
We therefore compute the paired per-target change relative to AnewOmni and report the fraction
of targets that improve under each metric. We additionally stratify results by peptide length. This



Table 2: Ablation of transferred PairFormer representations on LNR.

AAR Complex RMSD  Peptide RMSD 6 face collision

Representation (%) 1 Al Al (%) |
Single only TBD TBD TBD TBD
Pair only TBD TBD TBD TBD
Single + pair TBD TBD TBD TBD

Table 3: Control for additional trainable conditioning capacity.

AAR Complex RMSD Interface collision

Method (%) 1 A (%) |
AnewOmni 6.484 8.550 0.908
Matched adapter TBD TBD TBD

PairFormer transfer 6.664 8.248 1.113

analysis tests whether the aggregate change is broadly distributed across targets or concentrated
on a small subset.

4.3 Which PairFormer Representations Matter?

PairFormer provides single representations s and pair representations p. Our interface uses the
single representation in the transferred message and the pair representation in both the attention
bias and message. We therefore evaluate three variants at v = 1: single only, pair only, and single
plus pair. All variants use the same frozen AnewOmni checkpoint, training data, optimization
budget, and insertion point. Projection widths are adjusted to keep trainable parameter counts
comparable.

The single-only variant tests the effect of pretrained token-level information. The pair-only vari-
ant isolates the contribution of learned relational information. The full model tests whether the
two representation types provide complementary signals. These experiments are interpreted em-
pirically; we do not assume that either representation type must dominate.

4.4 Do Pretrained Representations Matter?

The cross-attention interface introduces additional trainable parameters. An improvement over
AnewOmni could therefore arise from additional adaptation capacity rather than from the pre-
trained PairFormer representation itself. We test this alternative with a parameter-matched control.
The control uses the same visible task information and the same conditioning insertion point, but
does not receive pretrained PairFormer features. It uses the same training examples, optimization
budget, checkpoint-selection rule, and frozen AnewOmni backbone.

This comparison separates the effect of additional trainable capacity from the effect of the pre-
trained PairFormer representation. A difference between the matched adapter and PairFormer
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Table 4: Effect of representation guidance on LNR.

AAR Complex RMSD Interface collision Rosetta AG

v (%) 1 (A) | (%) | }

0 6.484 8.550 0.908 -21.89
1 6.664 8.248 1.113 -21.96
Selected > 1 TBD TBD TBD TBD

transfer provides evidence about whether pretrained structural information contributes beyond the
adapter architecture itself. The comparison does not control for the pretraining compute or data
used to obtain the PairFormer representation.

4.5 Representation Guidance

We next study the inference-time scale «y in (3.12). The cross-attention parameters remain fixed
throughout this experiment. The choice v = 0 recovers the original AnewOmni prediction. The
choice v = 1 uses the learned PairFormer-transferred prediction. Values v > 1 extrapolate the
difference between the transferred and original predictions. We select the reported guidance scale
using validation targets and fix it before evaluation on LNR.

The sweep tests whether the transferred correction remains useful when amplified beyond its train-
ing strength. For v # 0, 1, our implementation evaluates both the original and transferred denoiser
predictions. We therefore report quality together with the corresponding inference overhead. If
different metrics favor different guidance scales, the selection rule is fixed on the validation set
rather than chosen retrospectively on LNR.

4.6 Computational Cost

Our method trains only the cross-attention interface, but inference additionally requires Pair-
Former feature extraction. We therefore report trainable parameter count, feature-extraction time,
cache size, peak memory, and end-to-end generation time under identical hardware. PairFormer
representations are computed once for each design task and reused across all diffusion steps and
generated candidates.

At v = 1, each diffusion step evaluates only the PairFormer-transferred AnewOmni branch. At
~ = 0, PairFormer extraction and the transfer interface are unnecessary. For v # 0, 1, our imple-
mentation evaluates both the original and transferred predictions at each diffusion step.

We report PairFormer extraction separately from the amortized per-candidate sampling cost. This
distinction matters when multiple candidates share the same design task.
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Table 5: Training and inference cost. Generation time is measured using the same hardware and candidate
budget.

Method Trainable params. Time / candidate Peak memory
AnewOmni 0 TBD TBD
PairFormer transfer (v = 1) TBD TBD TBD
PairFormer transfer + guidance TBD TBD TBD

5 Discussion and Conclusion

In this work, we study whether pretrained all-atom structural representations improve an omni
biomolecular generator without replacing its native generative space. We focus on AnewOmni,
which performs geometric diffusion in a shared block-level latent space, and use the performance
gap to a strong all-atom generator on LNR as motivation rather than as evidence for a specific
failure mechanism. Our method extracts frozen PairFormer single and pair representations from
the visible design condition and transfers them into the native scalar conditioning stream through
a lightweight cross-attention interface. The AnewOmni latent state, geometric denoiser, reverse
diffusion process, and all-atom decoder remain unchanged. The interface therefore separates
structural transfer from geometric generation: PairFormer supplies additional pretrained struc-
tural knowledge, while AnewOmni retains responsibility for all coordinate updates. Our sym-
metry analysis establishes the corresponding correctness property. Conditional on the extracted
donor memory, scalar representation transfer preserves the native rotation-equivariant coordinate
prediction. Experiments then determine whether this additional structural information improves
generation rather than attributing the gain to the symmetry argument itself.

Our study has several limitations. The current evaluation focuses on canonical peptide design,
and other molecular modalities require a more general alignment between donor tokens and
AnewOmni blocks. PairFormer representations are extracted once and remain fixed during sam-
pling, so they do not directly observe the evolving generated binder. Guidance extrapolation also
requires an additional denoiser evaluation, and comparisons with BoltzGen retain differences in
architecture, scale, pretraining data, and objectives. Computational structural metrics further do
not establish experimental binding activity. Despite these limitations, the results support a simple
direction for improving omni biomolecular generators: preserve the unified latent generator and
augment it with structural knowledge learned by stronger pretrained models. This modular design
separates advances in structural representation learning from the choice of generative state and
provides a lightweight path toward stronger unified biomolecular design models.
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Appendix

A Related Work 13
B Proof of Theorem 3.1 14

Impact Statement

This work develops computational methods for biomolecular design. Such models may support
applications in protein engineering, therapeutic discovery, and molecular research. At the same
time, increasingly capable biomolecular generation systems may also be applied to undesirable
biological design tasks. Our experiments are computational and do not involve wet-lab validation
or the synthesis of generated molecules. Future deployment of such systems should consider
appropriate screening, access controls, and experimental safety procedures.

LLM Usage Disclosure

We used large language models (LLMs) to aid and polish writing, such as improving clarity, gram-
mar, and conciseness. We also used LLMs for retrieval and discovery, for example exhausting
literature to identify potential missing related work. All technical content, proofs, experiments,
and results are original contributions by the authors.
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A Related Work

Unified biomolecular generation. Structure-based generative models have achieved strong re-
sults in specialized settings, including protein design with RFdiffusion [Watson et al., 2023] and
full-atom peptide design with PepGLAD [Kong et al., 2024]. More recent work seeks a shared
generative interface across molecular classes. UniMoMo and AnewOmni represent heterogeneous
molecules through common block-level latent states and perform geometric generation in this
shared space [Kong et al., 2025, 2026]. PocketXMol instead adopts an atom-level representation
for multiple molecular interaction tasks [Peng et al., 2024], while ODesign develops an all-atom
generative world model for broad biomolecular interaction design [Zhang et al., 2025]. BoltzGen
focuses on all-atom protein and peptide binder generation across diverse target modalities [Stark
et al., 2025]. Our work is complementary to these efforts. Rather than introducing another base
generator, we study whether structural knowledge from a pretrained all-atom model can improve
an existing omni latent generator without changing its native state space or decoder.

All-atom structural representations. Modern biomolecular models increasingly maintain rich
token-level and pairwise representations before coordinate generation. AlphaFold 3 uses Pair-
Former representations to reason over biomolecular entities and their relations before its diffusion-
based structure module [Abramson et al., 2024]. BoltzGen builds on related all-atom structural
modeling and jointly supports structure reasoning and generative binder design [Stark et al., 2025].
These models motivate the use of single and pair representations as reusable structural knowledge.
In contrast to running the donor generator itself, we stop at the frozen PairFormer trunk and trans-
fer its final representations into AnewOmni. The donor therefore provides structural memory
rather than a second coordinate trajectory.

Lightweight conditioning and representation transfer. A related line of work augments large
pretrained generative models with lightweight conditioning modules while keeping the backbone
frozen. ControlNet adds external spatial control to pretrained diffusion models through trainable
side networks [Zhang et al., 2023], while T2I-Adapter learns compact adapters for additional
structural conditions [Mou et al., 2024]. IP-Adapter uses a lightweight cross-attention mechanism
to inject representations from an external image encoder into a frozen text-to-image diffusion
model [Ye et al., 2023]. Our method follows this modular principle but differs in two aspects.
The donor and receiver are independently pretrained biomolecular models, and the receiver is an
equivariant geometric generator. We therefore transfer PairFormer features only through the scalar
conditioning stream and leave all coordinate updates to the native AnewOmni denoiser.
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B Proof of Theorem 3.1

Theorem B.1 (Restate: Geometry-compatible representation transfer). Fix the extracted Pair-
Former representations s and p. Suppose the native block-conditioning features a are rotation
invariant, and the native AnewOmni denoiser satisfies (2.9). Then the cross-attention transfer in
Equations (3.2) to (3.5) has the following properties.

Then, first, the transferred condition remains rotation invariant:

a+a  underany R € SO(3). (B.1)
Second, the augmented denoiser preserves the native geometric symmetry:

€aug.h (R 28 t| R- ZC,E) = €ang h (ztG,t | zc,a) , (B.2)

€aug,q (R . z,f},t | R - ZC,EZ) = 7 Epa (ztG,t | zC,Zi) ; (B.3)

Proof. For fixed s and p, a joint rotation leaves a;, s;, and p;; unchanged. Hence the attention
logits

(WQai)TWKs'
lij = NG L+ by(pij) (B.4)

remain unchanged. Therefore, the attention weights «;; and transferred messages m; are un-
changed. By (3.5),

is also unchanged under rotation. This proves (3.7).

The augmented model uses the original AnewOmni geometric denoiser with a in place of a.
Since a is invariant, the native symmetry in (2.9) directly gives the invariance of the latent-feature
prediction and the equivariance of the coordinate prediction in (3.9). O]
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