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ABSTRACT

Many diseases, including cancer and neurodegeneration, arise from mutation-driven
changes in protein dynamics that shift conformational ensembles toward dysfunc-
tional regimes rather than from a single aberrant structure. Existing generative
protein design methods largely condition on static structures or sequence-derived
features, leaving no mechanism to design sequences that actively modulate non-
equilibrium motion. We introduce LieFlower, a dynamics-conditioned generative
framework that integrates discrete flow matching with Lie group representations of
molecular dynamics to control protein behavior at the sequence level. We encode
protein trajectories using truncated log-signatures, elements of a free Lie algebra
that capture causal ordering and non-equilibrium flux, and we quantify confor-
mational shifts by projecting log-signature differences along a global reference
direction defined through a holonomy-aware Baker-Campbell-Hausdorff compo-
sition. This construction yields scalar targets that measure directional dynamical
change, which we predict directly from sequence using a surrogate model and use
to guide discrete generative flows without requiring simulation at inference time.
We evaluate LieFlower by generating both targeted mutations and peptide binders
that induce directional shifts in protein dynamics, including peptide-mediated mod-
ulation of mutant p53, demonstrating a general framework for dynamics-aware
sequence design beyond static structure-based models.

1 INTRODUCTION

Generative modeling has become a central tool for protein and peptide design, enabling data-driven
discovery of binders and modulators across diverse targets (Watson et al., 2023; Pacesa et al.,
2025; Stark et al., 2025b; Chen et al., 2025a; Bhat et al., 2025; Hong et al., 2025). Most existing
approaches condition on static structural snapshots or learned sequence embeddings, which limits
their applicability to systems whose function depends on conformational dynamics rather than a
single stable structure. This includes intrinsically disordered proteins (Uversky, 2025), allosteric
receptors (Qing et al., 2020), fusion oncoproteins (Vincoff et al., 2025), and aggregation-prone
proteins (Watson et al., 2025), where binding can induce substantial, functionally relevant shifts in
conformational state that are not captured by snapshot-based models.

Discrete generative models such as discrete diffusion and discrete flow matching provide a comple-
mentary framework for sequence-level design by formulating generation as transport over discrete
sequence space (Shi et al., 2024; Sahoo et al., 2024; Austin et al., 2021; Gat et al., 2024; Stark et al.,
2024; Tang et al., 2025b; Davis et al., 2024). These models have enabled objective-guided generation
under constraints such as affinity, specificity, and developability (Tang et al., 2025a; Chen et al.,
2025c; Tang et al., 2025c; Chen et al., 2025b). However, existing conditioning signals are typically
static or sequence-derived, and do not explicitly encode protein conformational dynamics, limiting
their ability to design sequences that induce targeted dynamical state changes.

A dynamics-aware conditioning space should represent the full conformational evolution of a protein
rather than isolated intermediates. Rough path theory provides such a representation by encoding
trajectories through their signatures, ordered collections of iterated integrals that are invariant to
time reparameterization and capture causal interactions (Lyons, 2014; Lyons et al., 2007). The
log-signature lies in a free Lie algebra and yields a finite-dimensional representation that includes
antisymmetric non-equilibrium flux terms such as Lévy areas (Diamantakis et al., 2023). Recent
work has shown that log-signatures can encode protein dynamics at scale and improve downstream
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prediction tasks (Qin et al., 2025), and related diffusion models have begun to explore generative
modeling in log-signature and Lie group spaces (Barancikova et al., 2025; Bertolini et al., 2025).

In this work, we introduce LieFlower, a generative framework that integrates discrete flow matching
with Lie algebraic representations of molecular dynamics to design sequence-level interventions that
modulate protein conformational behavior. We formulate sequence design as a conditional transport
problem guided by a target dynamical regime, enabling both targeted mutations and peptide binders
to be generated within a unified framework. To avoid explicit protein-peptide or protein-variant
dynamics simulation during generation, we train a surrogate model that predicts a scalar score
quantifying the directional alignment between sequence-induced dynamics and a specified target
log-signature, computed via a holonomy-aware Baker-Campbell-Hausdorff composition. We use this
score to guide discrete generative flows during sampling, biasing generation toward sequences that
induce protein dynamics aligned with the desired conformational regime.

Figure 1: LieFlower framework for dynamics-conditioned sequence generation. Molecular
target dynamics are encoded as a truncated log-signature ℓtarget = logS(X) ∈ g≤p in the free Lie
algebra, capturing causal ordering and non-equilibrium flux through antisymmetric components
such as Lévy areas. Conditioned on this representation, a discrete flow matching model transports a
simple sequence prior through reverse-time dynamics to generate peptide sequences whose predicted
induced dynamics match the target state. A surrogate dynamics predictor maps generated sequences
to induced log-signatures, and a Lie algebraic holonomy loss enforces consistency at the group level
by penalizing discrepancies between the induced and target dynamics under the Lie exponential and
logarithm maps.

2 DYNAMICS-CONDITIONED SEQUENCE DESIGN

We formalize LieFlower as a generative control problem over discrete biological sequences condi-
tioned on continuous protein dynamical states. A molecular dynamics trajectory is represented as
a continuous path X : [0, T ]→ R3N , where N is the number of atoms, observed at discrete times
Xdiscrete = (X(t1), . . . , X(tM )) ∈ (R3N )M . We assume X has finite p-variation, which ensures
well-defined signature integrals (Hambly & Lyons, 2010).

Path signatures and log-signatures. The signature of a path X over [0, T ] is the infinite collection
of iterated integrals (Lyons, 2014; Lyons et al., 2007), forming an element of the tensor algebra
T (Rd) =

⊕∞
k=0(Rd)⊗k:

S(X) :=
(
1, X(1), X(2), . . .

)
, (1)

with

X(k) =

∫
0<t1<···<tk<T

dXt1 ⊗ · · · ⊗ dXtk .
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The signature is invariant to time reparameterization and satisfies Chen’s identity under path concate-
nation (Chen, 1954), making the space of signatures a Lie group under tensor product.

Taking the logarithm yields the log-signature

ℓ(X) := logS(X) ∈ g, (2)

where g = Lie(Rd) is the free Lie algebra. In practice, we work with the degree-p truncation

ℓp(X) := Π≤pℓ(X) ∈ g≤p. (3)

Second-order log-signature terms correspond to antisymmetric components such as Lévy areas,

Levyi,j(X) =
1

2

(∫ T

0

Xi
t dX

j
t −

∫ T

0

Xj
t dX

i
t

)
, (4)

which quantify persistent cyclic flux and provide a signature of non-equilibrium dynamics.

Sequence-induced dynamics and surrogate modeling. A sequence y ∈ AL (e.g., a mutation or
peptide) induces a modified protein trajectory X(y) with log-signature

ℓinduced(y) := ℓp

(
X(y)

)
. (5)

Direct simulation of X(y) is expensive, so we approximate the unknown dynamics map

F : A∗ → g≤p, F (y) = ℓp

(
X(y)

)
, (6)

using a differentiable surrogate Φψ(y) ≈ F (y) trained on a dataset

Ddyn = {(y(i), z(i))}Ndyn

i=1 , z(i) ≈ ℓp(X(y(i))), (7)

by minimizing
Ldyn(ψ) = E(y,z)∼Ddyn

[
∥Φψ(y)− z∥2g

]
. (8)

Conditional sequence generation via discrete flow matching. LieFlower models the conditional
law pθ(y | ℓtarget) using discrete flow matching. Let x1 denote the clean sequence and xt a corrupted
version drawn from a forward noising process qt(xt | x1). A time-dependent vector field

vθ(xt, t, ℓtarget) = NNθ(xt, t, ℓtarget) (9)

is trained to match the target flow ut(xt | x1) by minimizing

LFM(θ) = Et,x1,xt,ℓtarget

[
∥vθ(xt, t, ℓtarget)− ut(xt | x1)∥2

]
. (10)

Sampling proceeds by integrating the learned reverse-time flow from a simple prior at t = 1 to t = 0,
yielding a sequence y conditioned on ℓtarget.

Lie algebraic holonomy consistency. To evaluate whether a generated sequence produces dynamics
consistent with desired target dynamics, we compare the induced and target log-signatures upto a
truncated level. However, a direct comparison would require the surrogate model to predict the full
truncated log-signature Φψ(y) ∈ g≤p vector, which is typically very high-dimensional. Instead, we
compare induced and target dynamics using low-dimensional quantities derived from their relative
position in the Lie group.

Let
ginduced(y) := exp(Φψ(y)), gtarget := exp(ℓtarget), (11)

and we define the holonomy score as

∆(y; ℓtarget) = log
(
ginduced(y)

−1gtarget
)
∈ g≤p. (12)

Rather than matching ∆ exactly during training, we summarise it using two scalar targets: its graded
norm ∥∆∥w on g≤p, which measures the overall magnitude of the dynamical shift, and its signed
projection t⋆ along a fixed reference direction R.
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mdCATH. Each file in mdCATH corresponds to a single protein domain drawn from the mdCATH
database. For every domain, 5 replica trajectories are available at five temperatures from 320K to
450K.We extract the Cα backbone path from each replica, compute its depth-p log-signature, and
take the Fréchet mean across replicates at each temperature. To define a shared reference frame for
measuring temperature-induced conformational change, we compute the per-domain shift between
low- and high-temperature log signatures and aggregate these shifts across all domains to obtain
a global reference R. Each domain’s response is then measured as the shift from this global low-
temperature baseline, and the signed projection t⋆ of this shift along R serves as the regression
target.

p53-peptide binder Each instance corresponds to a candidate peptide bound to a mutant p53
complex. Molecular-dynamics trajectories are first ran for the mutant (e.g. R175H) and wild-type
p53 in isolation, and the reference direction R is defined as the BCH difference between their
Fréchet mean log-signatures, capturing the dominant mode by which the mutation perturbs p53
conformational dynamics relative to wild type. The holonomy score ∆ measures the shift of the
bound complex away from the unbound mutant.The signed projection t⋆ of ∆ along R quantifies the
extent to which the peptide restores wild-type-like dynamics, and serves as the regression target.

We train the surrogate models to predict the scalar t⋆ directly from amino-acid sequence, bypassing
the need to compute full log-signature. Each sequence is embedded using a frozen protein language
model, and the resulting representation is passed through a small regression head to produce a scalar
prediction t̂. Training minimises a Huber loss between t̂ and t⋆. This architecture is shared across
both settings; only the training data and the construction of R differ.

3 RESULTS

3.1 DATASETS

To ensure generalizability of our results, we trained surrogate models to predict log-signatures
conditioned on protein sequence and temperature using the mdCATH dataset (Mirarchi et al., 2024).
mdCATH contains 5,398 diverse protein domains modeled with a state-of-the-art classical force
field and simulated in five replicates of 500 ns at temperatures of 320, 348, 379, 413, and 450 K.
We use this dataset to evaluate the ability of log-signatures to encode temperature-dependent and
time-dependent variations in protein molecular dynamics across diverse structural classes.

To demonstrate the design of peptide binders that induce specific conformational regimes, we
generated 10 ns molecular dynamics trajectories of peptides in complex with the p53 R175H mutant
protein. This set includes previously studied p53 binders as well as newly generated peptides from
BoltzGen (Stark et al., 2025a). Protein-peptide complex structures were predicted using AlphaFold2
(Jumper et al., 2021), relaxed, and subjected to explicit-solvent molecular dynamics simulations. As
shown in Figure 3b, these trajectories exhibit measurable geometric variation between wild-type and
peptide-bound mutant conformations even at the 10 ns timescale.

3.2 LOG-SIGNATURES CAPTURE PROTEIN DYNAMICS ACROSS TIMESCALES

We randomly selected five protein domains from the mdCATH dataset (Mirarchi et al., 2024) and
computed truncated log-signatures up to depth 2, uniformly sampling 50 Cα backbone atoms and
encoding their trajectories across simulation frames. For each trajectory, we computed the magnitude
of the associated Lévy area terms across different temperatures and temporal windows. As shown
in Figure 3a and 3b, the resulting non-zero mean Lévy areas indicate that log-signatures capture
persistent, directional components of protein motion that vary systematically with both temperature
and timescale. In the p53 system, log-signature distances further distinguish peptide-bound mutant
and wild-type trajectories even at the 10 ns simulation timescale, as shown in Figure 3c, with
corresponding geometric differences reflected in the radius of gyration (Figure 3d).

3.3 SURROGATE MODELING OF TEMPERATURE-INDUCED PROTEIN CONFORMATIONAL
SHIFTS IN LIE-ALGEBRAIC LOG-SIGNATURE SPACE

As illustrated in Figure 4a, for each protein in the mdCATH dataset, we quantify shift in conformation
induced by temperature change by computing the signed projection t⋆ of the dynamical shift between
low-temperature (320 K) and high-temperature (450 K) molecular dynamics trajectories. We uni-
formly subsample 50 Cα atoms along the protein backbone and extract up to 10 ns of aligned frames
per replicate across 5 independent simulation replicates at each temperature. Depth-2 log-signatures
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Figure 2: Log-signatures capture protein dynamics across timescales. (a) Lévy area magnitude
computed from five randomly selected MD trajectories from the mdCATH database, demonstrating
that log-signatures capture directional, non-equilibrium components of motion across diverse protein
domains. (b) Cumulative Lévy area magnitude as a function of temperature, showing that log-
signatures encode temperature-dependent timescale information.

Figure 3: (a) Log-signature RMSD to a reference trajectory computed for peptide-bound mutant
and wild-type p53, together with the unbound target, demonstrating that log-signatures distinguish
dynamical regimes even on the 10 ns timescale. (b) Radius of gyration (Rg) for a subset of trajectories
in p53 dataset, illustrating corresponding geometric differences in conformational compactness across
trajectories.

are computed for each replicate trajectory and aggregated via the Fréchet mean under the depth-2
BCH approximation.

To enable sequence-conditioned prediction of t⋆ without requiring molecular dynamics simulation,
we train a supervised surrogate on the mdCATH dataset using the frozen esm2_t33_650M_UR50D
encoder (Lin et al., 2023). As shown in Table 1, the mdCATH surrogate achieves a Spearman
correlation of 0.605 and Pearson correlation of 0.680 under 5-fold cross-validation, indicating that
the model reliably captures conformational shift induced by temperature using just the sequence
information.

3.4 SURROGATE MODELING OF PEPTIDE-INDUCED CONFORMATIONAL SHIFTS
IN LIE-ALGEBRAIC LOG-SIGNATURE SPACE

For the p53 protein-peptide system, we quantify the conformational shift induced by peptide mutation
relative to the wild-type complex by computing the signed projection t⋆ of the dynamical shift between
each mutant and wild-type peptide-protein trajectory. All Cα atoms of the protein are retained, and
up to 10 ns of aligned frames are extracted per replicate across independent simulation replicates for
each complex. Depth-2 log-signatures are computed for each replicate trajectory and aggregated via
the Fréchet mean under the depth-2 BCH approximation. To enable sequence-conditioned prediction
of t⋆ without requiring molecular dynamics simulation, we train a supervised surrogate on the p53
peptide dataset using the frozen esm2_t12_35M_UR50D encoder (Lin et al., 2023). As shown in
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Task Metric Result

p53-Peptide Binder Pearson r 0.230± 0.105
Spearman ρ 0.240± 0.102

MD-CATH Pearson r 0.680± 0.042
Spearman ρ 0.605± 0.034

Table 1: Sequence-level correlation between surrogate-predicted and ground-truth dynamical scores.
For p53, all Cα atoms were used to compute the log signature. The mdCATH result is reported for
the 50 Cα atom subsampling case.

Table 1, the p53 surrogate achieves a modest Spearman correlation of 0.240 and Pearson correlation
of 0.230 under 5-fold cross-validation (Table 1), reflecting the limited training set of approximately
400 peptide sequences with only 3 simulation replicates each, constrained by the computational cost
of generating 10 ns molecular dynamics trajectories per complex.

Figure 4: Surrogate models for predicting log-signatures. (a) Schematic of the surrogate architecture.
Log-signatures are computed from molecular dynamics trajectories and projected along a global ref-
erence direction to obtain a scalar conformational regression target. (b) Comparing naive subtraction
of log-signatures against the components of structured holonomy loss.

3.4.1 DYNAMICS-CONDITIONED SEQUENCE DESIGN FOR ENHANCED THERMOSTABILITY
VIA SURROGATE-GUIDED DISCRETE FLOW MATCHING GENERATION

To evaluate whether dynamics-conditioned guidance can steer sequence generation toward ther-
mostable variants, we trained a surrogate model on mdCATH simulations to predict log-signatures
that capture the shift of conformational dynamics between low (320K) and high (450K) tempera-
tures. The objective was to generate sequences whose dynamical profiles remain conserved across
temperatures, reflecting robust folding behavior under thermal perturbation. Using this surrogate to
guide discrete flow sampling, we generated a set of 48 50-mer sequences predicted to maintain stable
dynamics at elevated temperature. As shown in Figure 5b, LieFlower-guided sampling produces
sequences with consistently higher predicted stability scores compared to the unguided baseline, indi-
cating that the surrogate model effectively biases generation. To further assess thermostability beyond
surrogate predictions, we evaluated generated sequences using DeepAbst (Jung et al., 2023), a model
trained to predict protein melting temperatures. We observe a modest increase in predicted melting
temperature for sequences generated under dynamics-conditioned guidance relative to unguided
designs, suggesting that conditioning on dynamical signatures at elevated temperature translates to
measurable improvements in predicted thermostability. While the observed shift is moderate, these
results provide evidence that dynamics guidance, by representing molecular dynamics trajectories as
log-signatures, offers a viable route toward desired conformation-directed design.

3.4.2 LIEFLOWER GENERATES PEPTIDE BINDERS THAT STABILIZE MUTANT P53 DYNAMICS

p53 is a central tumor suppressor whose R175H mutation disrupts the native folding landscape and
shifts the conformational ensemble toward dysfunctional states (Chiang et al., 2021). Prior work has
suggested that peptide binders capable of stabilizing wild-type-like conformational dynamics may
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Figure 5: Surrogate-guided generation induces desired dynamics. (a) Surrogate model predictions of
the peptide-induced dynamics signature in p53. Samples generated with guidance exhibit dynamics
signatures closer to the target, whereas samples from the baseline flow matching model yield poorer
predictions. (b) Analogous surrogate model predictions for the thermostability signature for samples
of a 50mer protein, showing improved agreement when guidance is applied. (c) Correlation between
surrogate-predicted scores and shift toward wild-type stability (Pearson r = 0.596), indicating that
higher surrogate scores are associated with greater recovery of wild-type-like conformation upon
peptide binding to mutant p53. (d) Distribution of predicted melting temperatures for samples
generated with and without guidance (n = 48 each), demonstrating a modest improvement in
predicted thermal stability when the guidance signal is incorporated.

partially restore function by reshaping this ensemble rather than enforcing a single static structure
(Lei et al., 2021). Motivated by this view, we trained a surrogate model to predict the log-signature
of p53 conformational dynamics induced by peptide binding and used this model to guide peptide
generation toward signatures associated with wild-type p53. As shown in Figure 5a, peptides sampled
from the dynamics-conditioned discrete flow achieve higher predicted scores than unguided samples,
where higher scores correspond to greater similarity to wild-type conformational log signature.
This confirms that surrogate-guided sampling can generate peptide sequences predicted to induce
wild-type-like dynamics in mutant p53. To validate these predictions beyond the surrogate model,
we selected the top 24 generated peptide sequences and folded protein-peptide complexes using
AlphaFold (Jumper et al., 2021). Predicted structures were relaxed, and the top 8 complexes were
subjected to 10ns molecular dynamics simulations. As shown in Figure 5c, a subset of LieFlower-
generated peptides produces conformational signatures that are shifted toward the wild-type reference
relative to the mutant baseline. These results indicate that conditioning generation on log-signatures
of conformational dynamics provides sequence-level control over the target conformational ensemble,
offering a complementary route to modulating challenging targets where static structure alone is
insufficient to modulate functional behavior.

4 DISCUSSION

We show that LieFlower guides protein sequence design using signals derived directly from molecular
dynamics rather than static structural proxies. We find that log-signatures capture temperature-
and timescale-dependent features of conformational motion, and that projecting these dynamics
along a holonomy-derived reference direction provides a practical control signal for guiding discrete
generative models. At the same time, our framework has limitations: the surrogate compresses
complex trajectories, truncated log-signatures may miss higher-order or long-timescale effects, and
guidance relies on predicted rather than observed dynamics, which can introduce bias outside the
training distribution. Despite these caveats, our results suggest that explicit, sequence-level control
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of protein dynamics is achievable within a discrete generative framework, offering a path beyond
structure-centric design.
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Appendix

A MODEL ARCHITECTURES AND TRAINING DETAILS

A.1 PEPDFM BASE MODEL

For all dynamics-conditioned sequence generation experiments, we employ PepDFM as the un-
derlying peptide generator. PepDFM is an unconditional discrete flow matching (DFM) model
introduced in (Chen et al., 2025c), trained to generate diverse peptide sequences while preserving
realistic amino acid statistics and length distributions. In LieFlower, PepDFM provides a pretrained
token-level velocity field over peptide sequences, which we treat as a fixed base sampler and guide
using surrogate-predicted log-signatures during inference.

PepDFM operates in the discrete flow matching framework (Gat et al., 2024), modeling peptide
generation as a continuous-time Markov chain (CTMC) over sequences x ∈ AL. The model learns a
time-dependent, factorized velocity field uθ,t that transports probability mass from a simple prior
distribution (typically a fully masked or uniform sequence) to the data distribution along a mixture
probability path. This formulation provides an explicit notion of token-level transition rates, enabling
principled external guidance at each sampling step.

A.1.1 MODEL ARCHITECTURE

The PepDFM backbone is a time-conditioned U-Net-style convolutional architecture. Amino acid
identities are embedded into a continuous representation, and time t ∈ [0, 1] is embedded separately
and injected through dense conditioning layers at multiple stages of the network. The architecture
consists of five convolutional blocks with varying dilation rates to capture both local and longer-range
sequence dependencies. Skip connections are used to preserve fine-grained token information across
resolution scales. The final output layer produces token-level logits corresponding to the factorized
velocity components required by discrete flow matching.

PepDFM uses a polynomial convex schedule with exponent 2.0 for the mixture probability path, which
defines how probability mass interpolates between source and target distributions over time. This
schedule was selected to balance early exploration with stable convergence near the data manifold.

A.1.2 TRAINING CONFIGURATION

PepDFM was trained on a curated peptide dataset assembled from PepNN, BioLip2, and PPIRef
(Abdin et al., 2022; Zhang et al., 2024; Bushuiev et al., 2024). The dataset includes peptide sequences
ranging from 6 to 50 amino acids in length and was split into training, validation, and test sets using
an 80/10/10 ratio. Training was performed using the generalized KL divergence loss for discrete
flow matching, which provides both a principled training objective and an evaluation metric for the
learned velocity field.

The model was trained for 200 epochs with a batch size of 512 using the Adam optimizer and a
cosine learning rate schedule with warmup. Dynamic batching was employed to efficiently handle
variable-length peptide sequences. The final checkpoint was selected based on the lowest validation
loss. As reported in (Chen et al., 2025c), PepDFM achieves low generalized KL loss on held-out data
and generates peptides with high diversity, as measured by Hamming distance and Shannon entropy
relative to the training distribution.

A.1.3 USE IN LIEFLOWER

In this work, PepDFM is used without additional fine-tuning. During sampling, the pretrained
PepDFM velocity field defines the base discrete-time dynamics of the CTMC over peptide sequences.
LieFlower introduces dynamics-level control by conditioning the sampling process on a target log-
signature ℓtarget, modifying the effective vector field through surrogate-guided conditioning while
preserving the underlying DFM structure.

This separation between the base generator (PepDFM) and the dynamics-conditioning mechanism
allows LieFlower to leverage a high-quality, biologically grounded peptide prior while introducing
explicit control over induced protein motion. Importantly, this design avoids retraining the base
model and ensures that guided samples remain close to the peptide manifold learned by PepDFM.
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B ALGORITHMS

Here, we provide pseudocode for training a LieFlower model in Algorithm 1 and for dynamics-
conditioned sampling in Algorithm 2. The training loop jointly optimizes the conditional flow field,
the surrogate dynamics predictor, and the holonomy-based control objective. The inference procedure
integrates the learned reverse-time vector field to generate peptides that satisfy a specified target
log-signature.

Algorithm 1 Training LieFlower

1: Input: dataset D = {(y(i), ℓ(i))}Ni=1 ▷ peptides and their log-signatures
2: surrogate model Φψ ▷ predicts induced log-signature from sequence
3: conditional flow field vθ
4: target flow field ut for flow matching
5: noising kernels qt(xt | x1)
6: Hyperparameters: λHol, λdyn, η
7: while not converged do
8: for each minibatch {(y(i), ℓ(i))} do
9: Initialize minibatch losses LFM,LHol,Ldyn ← 0

10: for each sequence y(i) do
11: x

(i)
1 ← Encode(y(i)) ▷ discrete or relaxed sequence representation

12: Sample t ∼ Uniform(0, 1) ▷ random time for flow matching
13: Sample corrupted sequence xt ∼ qt(xt | x(i)1 )

14: Compute target flow ut(xt | x(i)1 )

15: Compute predicted field vθ(xt, t, ℓ(i))
16: LFM += ∥vθ(xt, t, ℓ(i))− ut(xt | x(i)1 )∥2

17: ℓ̂(i) ← Φψ(y
(i)) ▷ predict induced dynamics

18: ginduced ← exp(ℓ̂(i)), gtarget ← exp(ℓ(i))

19: ∆(i) ← log
(
g−1
inducedgtarget

)
▷ Lie algebra discrepancy

20: LHol += ∥∆(i)∥2g
21: Ldyn += ∥ℓ̂(i) − ℓ(i)∥2g ▷ supervised surrogate loss
22: end for
23: Ltotal = LFM + λHolLHol + λdynLdyn

24: (θ, ψ)← (θ, ψ)− η∇(θ,ψ)Ltotal

25: end for
26: end while
27: return (θ∗, ψ∗)

Algorithm 2 Inference with LieFlower
1: Input: trained models (vθ,Φψ), target log-signature ℓtarget, prior p1(x1)
2: Goal: generate peptide ŷ satisfying Φψ(ŷ) ≈ ℓtarget
3: Sample initial state x1 ∼ p1(x1) ▷ maximally corrupted or fully masked
4: for t = 1, 1−∆t, . . . , 0 do
5: Compute conditional vector field vt ← vθ(xt, t, ℓtarget)
6: xt−∆t ← xt −∆t · vt ▷ reverse-time integration
7: end for
8: Decode x0 into peptide ŷ
9: Optional: compute predicted dynamics Φψ(ŷ)

10: return ŷ

12
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Algorithm 3 Computing Truncated Log-Signatures from MD Trajectories

1: Input: MD trajectory X : [0, T ]→ Rd sampled at times {t0, . . . , tK}
2: truncation order m
3: interpolation rule (e.g., piecewise linear)
4: Output: truncated log-signature ℓm(X) ∈ g≤m
5: Interpolate discrete samples to a continuous path X̂ ▷ ensures well-defined iterated integrals
6: Initialize signature tensors:

S(0) ← 1, S(k) ← 0 for all k = 1, . . . ,m

7: for k = 1 to m do
8: for t0 < t1 < · · · < tk < T do
9: Compute differential increments dX̂tj

10: Accumulate
S(k) += dX̂t1 ⊗ · · · ⊗ dX̂tk

11: end for
12: end for
13: Assemble truncated signature:

Sm(X) =
(
S(0), S(1), . . . , S(m)

)
14: Compute truncated log-signature:

ℓm(X)← log(Sm(X))

▷ via truncated Baker-Campbell-Hausdorff expansion
15: Project coefficients onto the free Lie algebra basis ▷ ensures representation in g≤m
16: return ℓm(X)

C THEORETICAL PROOFS

In this section we provide theoretical guarantees for LieFlower. We first establish the consistency of
the conditional flow matching objective, then analyze the Lie algebraic holonomy loss, and finally
study representational completeness, truncation stability, gradients, sampling convergence, and the
optimality of the holonomy-regularized control objective.

Throughout, we adopt the notation from the main text. In particular:

• A is a finite alphabet and A∗ is the set of all finite sequences.

• y ∈ A∗ denotes a peptide sequence and x1 its discrete representation.

• qt(xt | x1) is a forward noising process over discrete sequences for t ∈ [0, 1].

• ut(xt | x1) is the target vector field specified by the flow matching construction.

• vθ(xt, t, ℓ) is the parametric vector field used in LieFlower, conditioned on a log-signature
ℓ ∈ g≤p.

• Φψ : A∗ → g≤p is the surrogate dynamics predictor that approximates induced log-
signatures.

• exp and log denote the Lie exponential and logarithm between the truncated free Lie algebra
g≤p and its associated nilpotent Lie group G≤p.

C.1 CONDITIONAL FLOW MATCHING CONSISTENCY

We first show that the conditional flow matching objective identifies the correct conditional flow field
when the model class is sufficiently rich.
Theorem C.1 (Conditional Flow Matching Consistency). Fix a truncation order m and a log-
signature ℓ ∈ g≤p. Let qt(xt | x1) be a forward noising process on sequences with associated
conditional path measure πt(xt | ℓ) induced by (x1, ℓ) under the data distribution. Let ut(xt | x1)
be the flow matching target field that transports πt(· | ℓ) to the conditional data distribution at t = 0.
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Consider the conditional flow matching loss

LFM(θ) = EℓEtEx1|ℓExt∼qt(·|x1)

[
∥vθ(xt, t, ℓ)− ut(xt | x1)∥2

]
. (13)

If the model class {vθ} is rich enough to represent ut(xt | x1) as a function of (xt, t, ℓ) and if a
minimizer θ∗ of LFM exists, then

LFM(θ∗) = 0 =⇒ vθ∗(xt, t, ℓ) = ut(xt | x1) (14)

almost everywhere under the joint law of (ℓ, t, x1, xt). Furthermore, the reverse-time flow induced
by vθ∗(·, ·, ℓ) transports the prior at t = 1 to the conditional data distribution p(x1 | ℓ) at t = 0.

Proof. We first expand the loss in equation 13. For notational convenience, write

Z = (ℓ, t, x1, xt)

and let P be the joint distribution of Z induced by the data distribution over (x1, ℓ), the time sampling
distribution over t, and the forward noising kernels qt(· | x1).
Then the loss can be written as

LFM(θ) =

∫
∥vθ(xt, t, ℓ)− ut(xt | x1)∥2 dP(ℓ, t, x1, xt). (15)

The integrand is nonnegative everywhere. If LFM(θ∗) = 0 for some θ∗, then by nonnegativity of the
integrand we must have

∥vθ∗(xt, t, ℓ)− ut(xt | x1)∥2 = 0 (16)
for P-almost every (ℓ, t, x1, xt). This implies

vθ∗(xt, t, ℓ) = ut(xt | x1) (17)

P-almost surely. In other words, the learned vector field coincides almost everywhere with the target
flow under the joint sampling procedure used to define the loss.

Next we recall the standard flow matching construction in continuous time for generative modeling.
For each fixed ℓ, the field ut(· | x1) is known to be a solution of the continuity equation

∂tπt(x | ℓ) +∇x · (πt(x | ℓ)ut(x | ℓ)) = 0, (18)

with terminal condition at t = 1 given by the prior distribution and initial condition at t = 0 given
by the conditional data distribution p(x1 | ℓ). Under regularity assumptions on ut (such as local
Lipschitz continuity and linear growth), the continuity equation admits a unique weak solution, and
the characteristic flow defined by

d

dt
xt = ut(xt | ℓ) (19)

transports the terminal law at t = 1 to the initial law at t = 0.

Since vθ∗ agrees with ut almost everywhere under πt(· | ℓ) and is assumed to share the same regularity,
the continuity equation with vθ∗ in place of ut has the same weak solution. As a consequence, the
reverse-time flow defined by

d

dt
xt = vθ∗(xt, t, ℓ) (20)

transports the prior at t = 1 to the conditional data distribution at t = 0. This establishes the stated
properties.

C.2 LIE ALGEBRAIC HOLONOMY CONSISTENCY

We next analyze the holonomy loss and show that it is minimized when the surrogate dynamics
predictor matches the target log-signature in the truncated free Lie algebra.
Theorem C.2 (Holonomy Consistency). Let g≤p be a finite-dimensional free Lie algebra of step m
and G≤p its associated simply connected nilpotent Lie group. The truncated exponential map

exp : g≤p → G≤p (21)

is a global diffeomorphism with inverse log : G≤p → g≤p.
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For any target log-signature ℓtarget ∈ g≤p and surrogate prediction ℓ̂ = Φψ(y), define the group
elements

ginduced = exp(ℓ̂), gtarget = exp(ℓtarget), (22)

and the holonomy discrepancy

∆(y; ℓtarget) = log
(
g−1
inducedgtarget

)
∈ g≤p. (23)

Then, for any norm ∥ · ∥g on g≤p,

∆(y; ℓtarget) = 0 ⇐⇒ ℓ̂ = ℓtarget. (24)

In particular, the holonomy loss

LHol(ψ) = EℓtargetEy∼pθ(·|ℓtarget)
[
∥∆(y; ℓtarget)∥2g

]
(25)

is minimized at zero if and only if Φψ(y) = ℓtarget almost surely under the conditional law.

Proof. Since g≤p is nilpotent of step m, the Baker-Campbell-Hausdorff (BCH) series truncates at
finite order. The Lie group G≤p is connected and simply connected, and the exponential map

exp : g≤p → G≤p (26)

is a global diffeomorphism with inverse log.

We first show the implication ∆ = 0⇒ ℓ̂ = ℓtarget. Suppose

∆ = log
(
exp(ℓ̂)−1 exp(ℓtarget)

)
= 0. (27)

Applying the exponential map to both sides yields

exp(∆) = exp(0) = eG, (28)

where eG is the identity in G≤p. On the other hand, by definition of ∆,

exp(∆) = exp(ℓ̂)−1 exp(ℓtarget). (29)

Thus
exp(ℓ̂)−1 exp(ℓtarget) = eG, (30)

which implies
exp(ℓ̂) = exp(ℓtarget). (31)

Since exp is a bijection with inverse log, we conclude

ℓ̂ = ℓtarget. (32)

For the converse implication, suppose ℓ̂ = ℓtarget. Then exp(ℓ̂) = exp(ℓtarget) and

g−1
inducedgtarget = exp(ℓ̂)−1 exp(ℓ̂) = eG. (33)

Taking the logarithm,
∆ = log(eG) = 0. (34)

The holonomy loss is an expectation of a nonnegative quantity,

∥∆(y; ℓtarget)∥2g ≥ 0. (35)

If LHol(ψ) = 0, then this squared norm must be zero for almost every (y, ℓtarget) under the joint
law. By the norm property, this is equivalent to ∆(y; ℓtarget) = 0 almost surely. By the previous
equivalence, this in turn is equivalent to Φψ(y) = ℓtarget almost surely.
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C.3 REPRESENTATIONAL COMPLETENESS OF CONDITIONAL LIEFLOWER

We now show that LieFlower is expressive enough to represent any conditional sequence distribution
indexed by a log-signature, assuming sufficient capacity in the dynamics surrogate and the flow field.
Theorem C.3 (Representational Completeness). Let µ be an arbitrary joint distribution onA∗×g≤p
with finite support in A∗. For each ℓ ∈ g≤p, let µ(· | ℓ) denote the conditional law on A∗.

Assume:

1. The surrogate class {Φψ} is dense in the space of measurable functions from A∗ to g≤p
under L2(µ).

2. The conditional flow class {vθ} is dense in the space of measurable vector fields on (xt, t, ℓ)
relevant for flow matching.

3. The forward noising process qt(xt | x1) and corresponding flow matching target ut are
chosen such that for every conditional law µ(· | ℓ) there exists a corresponding flow uℓt
transporting the prior to µ(· | ℓ).

Then for every ϵ > 0 there exist parameters (θ, ψ) such that:

Eℓ [DTV(pθ(· | ℓ), µ(· | ℓ))] < ϵ (36)

and
E(y,ℓ)∼µ

[
∥Φψ(y)− ℓ∥2g

]
< ϵ. (37)

Proof. We first approximate the dynamics map, then the conditional sequence distribution.

Step 1: Approximate ℓ by Φψ(y). By assumption (1), the surrogate class {Φψ} is dense in the
space of measurable functions from A∗ to g≤p under L2(µ). In particular, the function F (y, ℓ) := ℓ
(viewed as a function of y through the joint law) can be approximated arbitrarily well. More precisely,
for any ϵ > 0 there exists ψ such that

E(y,ℓ)∼µ
[
∥Φψ(y)− ℓ∥2g

]
< ϵ. (38)

This establishes the second inequality in the theorem.

Step 2: Approximate conditional flows. For each fixed ℓ, consider the conditional law µ(· | ℓ)
on A∗. By assumption (3), the flow matching construction yields a target vector field uℓt(xt) that
transports the prior at t = 1 to µ(· | ℓ) at t = 0. By assumption (2), the model class {vθ} is dense in
the set of such vector fields, when viewed as functions of (xt, t, ℓ). Hence, for any δ > 0 there exists
θ such that

EℓEtEx1∼µ(·|ℓ)Ext∼qt(·|x1)

[
∥vθ(xt, t, ℓ)− uℓt(xt)∥2

]
< δ. (39)

By the same argument as in Theorem C.1, a smallL2 error in the flow field implies a small perturbation
of the resulting probability path, under appropriate regularity of the dynamics. More concretely,
standard stability results for continuity equations with respect to perturbations in the vector field
imply that the marginal distributions at t = 0 induced by vθ can be made arbitrarily close in total
variation distance to those induced by uℓt . Thus, we can choose θ such that

Eℓ [DTV(pθ(· | ℓ), µ(· | ℓ))] < ϵ, (40)

for any prescribed ϵ > 0. Combining both steps yields the result.

C.4 STABILITY UNDER LOG-SIGNATURE TRUNCATION

We now study the impact of truncating the log-signature at order m. The following result is a direct
specialization of classical rough path stability results to our setting.
Theorem C.4 (Truncation Stability). Let X : [0, T ]→ Rd be a path of finite p-variation for some
1 ≤ p <∞. Let ℓ(X) denote its full log-signature and ℓm(X) its truncation in g≤p. Then for any
compact subset K of paths in the p-variation topology and any order m, there exists a constant
Cm,p,T such that

∥ℓ(X)− ℓm(X)∥g ≤ Cm,p,T · ωm+1
X , (41)

for all X ∈ K, where ωX is a control on the p-variation of X on [0, T ]. In particular, ℓm(X)
converges to ℓ(X) uniformly on K as m→∞.
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Proof sketch. The signature S(X) of a path of finite p-variation defines a group-like element in the
tensor algebra. The log-signature ℓ(X) is obtained by applying the logarithm in the free Lie algebra.
The truncation at order m discards all Lie brackets of degree greater than m.

Classical results in the theory of rough paths (for example, Lyons’ universal limit theorem) show that
iterated integrals of order k scale at most like ωkX for a suitable control ωX on the p-variation of X .
The BCH expansion for the logarithm writes ℓ(X) as a finite linear combination of iterated integrals
at each degree. As a result, the contribution of all terms of degree greater than m can be bounded by
a constant multiple of ωm+1

X , uniformly over X in a compact subset K of the p-variation topology.
This yields the stated inequality. Taking m→∞ then gives uniform convergence on K.

C.5 GRADIENT OF THE HOLONOMY LOSS

We next derive the gradient of the holonomy loss with respect to the surrogate parameters ψ. The
result is the Lie algebra analogue of hazard gradient computation in SBDG.
Theorem C.5 (Gradient of the Holonomy Loss). For a fixed target log-signature ℓtarget and a sample
y, define ℓ̂ = Φψ(y), ginduced = exp(ℓ̂), gtarget = exp(ℓtarget), and

∆(ψ; y, ℓtarget) = log
(
g−1
inducedgtarget

)
. (42)

Assume that exp and log are differentiable, and adopt the squared norm holonomy loss

LHol(ψ; y, ℓtarget) = ∥∆(ψ; y, ℓtarget)∥2g. (43)

Then the gradient with respect to ψ is

∇ψLHol(ψ; y, ℓtarget) = 2 ⟨∆,∇ψ∆⟩g , (44)

where

∇ψ∆ = D log
(
g−1
inducedgtarget

)
◦D
(
g−1
inducedgtarget

)
◦D exp(ℓ̂) ◦ ∇ψΦψ(y), (45)

and D denotes the Fréchet derivative.

Proof. We proceed by the chain rule.

First, treat ∆ as a function of z = g−1
inducedgtarget ∈ G≤p:

∆ = log(z). (46)

The derivative of this mapping at z is the linear map

D log(z) : TzG≤p → g≤p. (47)

Second, view z as a function of ginduced with gtarget fixed:

z = g−1
inducedgtarget. (48)

Infinitesimal variations δginduced induce variations

δz = −g−1
inducedδginduced g

−1
inducedgtarget, (49)

which defines the derivative

D
(
g−1
inducedgtarget

)
: TginducedG≤p → TzG≤p. (50)

Third, ginduced is a function of ℓ̂ through the exponential:

ginduced = exp(ℓ̂). (51)

The derivative of exp at ℓ̂ is the linear map

D exp(ℓ̂) : g≤p → TginducedG≤p. (52)

Finally, ℓ̂ depends on ψ through the surrogate Φψ(y):

ℓ̂ = Φψ(y). (53)
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Its derivative with respect to ψ is

∇ψΦψ(y) : Tψ → g≤p. (54)

Composing these maps, the derivative of ∆ with respect to ψ is

∇ψ∆ = D log(z) ◦D
(
g−1
inducedgtarget

)
◦D exp(ℓ̂) ◦ ∇ψΦψ(y), (55)

with z = g−1
inducedgtarget.

Now differentiate the scalar loss
LHol = ⟨∆,∆⟩g, (56)

where ⟨·, ·⟩g denotes the inner product associated with ∥ · ∥g. The chain rule gives

∇ψLHol = 2 ⟨∆,∇ψ∆⟩g . (57)

Substituting the expression for ∇ψ∆ yields the claimed formula.

C.6 CONVERGENCE OF THE REVERSE-TIME LIEFLOWER SAMPLER

We now analyze the reverse-time sampler defined by the learned vector field vθ. The following
result states that, under the regularity and consistency assumptions of Theorem C.1, the reverse-time
integration converges to the desired conditional distribution.
Theorem C.6 (Sampler Convergence). Fix a target log-signature ℓ and suppose that vθ∗(·, ·, ℓ)
satisfies the conditions of Theorem C.1, with corresponding conditional distribution p(· | ℓ) at t = 0.
Assume that vθ∗ is globally Lipschitz in x and continuous in t.

Consider the reverse-time ordinary differential equation

d

dt
xt = vθ∗(xt, t, ℓ), t ∈ [0, 1], (58)

integrated backward from a random initial condition x1 ∼ p1(· | ℓ) at time t = 1. Then the solution
x0 at time t = 0 is distributed according to p(· | ℓ). Furthermore, if we approximate the ODE with an
explicit Euler scheme of step size ∆t, the distribution of the discrete-time solution converges weakly
to p(· | ℓ) as ∆t→ 0.

Proof. Under the Lipschitz and continuity assumptions on vθ∗ , the ODE admits a unique solution xt
for each initial condition x1. The continuity equation associated with the flow

∂tρt(x) +∇x · (ρt(x)vθ∗(x, t, ℓ)) = 0 (59)

has a unique weak solution given by the pushforward of the terminal law p1(· | ℓ) through the
characteristic flow. By Theorem C.1, this weak solution satisfies ρ0 = p(· | ℓ), the desired conditional
distribution.

The discrete-time explicit Euler scheme

xtk+1
= xtk −∆t vθ∗(xtk , tk, ℓ), tk = 1− k∆t, (60)

converges uniformly on compact time intervals to the continuous solution as ∆t→ 0 by standard
ODE numerical analysis under the Lipschitz condition. By continuity of the mapping from paths to
endpoint distributions, the law of the discrete-time solution at t = 0 converges weakly to the law of
the continuous-time solution at t = 0, which is p(· | ℓ).

C.7 OPTIMALITY OF HOLONOMY-REGULARIZED CONTROL

We finally analyze the holonomy-regularized control objective in the idealized setting where the
surrogate is injective on the support of the sequence distribution.
Theorem C.7 (Holonomy-Regularized Control Optimality). Let Φ : A∗ → g≤p be a fixed injective
map on a subset Y ⊂ A∗. Fix a target log-signature ℓtarget and consider distributions p supported
on Y . Define the holonomy cost

J(p) = Ey∼p
[
∥ log(exp(Φ(y))−1 exp(ℓtarget))∥2g

]
. (61)

Assume there exists at least one y∗ ∈ Y such that Φ(y∗) = ℓtarget. Then:
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1. J(p) ≥ 0 for all p, with equality if and only if p is supported on the set

{y ∈ Y : Φ(y) = ℓtarget}.

2. If Φ is injective and there is a unique y∗ such that Φ(y∗) = ℓtarget, then the unique minimizer
of J(p) over distributions supported on Y is the Dirac mass p∗ = δy∗ .

Proof. Since the integrand is a squared norm, we have J(p) ≥ 0 for all p. If J(p) = 0, then

∥ log(exp(Φ(y))−1 exp(ℓtarget))∥2g = 0 (62)

for p-almost every y. By the norm property this implies

log(exp(Φ(y))−1 exp(ℓtarget)) = 0 (63)

almost surely. By Theorem C.2, this is equivalent to Φ(y) = ℓtarget almost surely. Hence the support
of any zero-cost distribution must be contained in the set

{y : Φ(y) = ℓtarget}.

Conversely, any distribution supported on this set yields zero cost, since the holonomy discrepancy
vanishes identically. This proves part (1).

For part (2), if Φ is injective and there exists a unique y∗ such that Φ(y∗) = ℓtarget, then the set
above reduces to {y∗}. Thus any distribution p with J(p) = 0 must be supported on {y∗}, which
implies p = δy∗ . This shows that p∗ = δy∗ is the unique minimizer of J(p) over all distributions
supported on Y .
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