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ABSTRACT

Proteins are dynamic molecules existing in multiple conformational states that
dictate their biological functions. Current methods for predicting protein confor-
mational ensembles mostly rely on multiple sequence alignment (MSA) modifi-
cations to increase the diversity of single-state predicting models, or incorporate
molecular dynamics (MD) simulations during training to mimic conformational
variability. However, MSA modifications can be insufficient for capturing confor-
mational changes, particularly in proteins with low sequence homology such as de
novo designed proteins and in protein complexes, where MSAs are constructed on
a per-chain basis. Similarly, MD trained methods can fail to capture the confor-
mational changes that happen in large timescales or large protein complexes as it
is infeasible to perform MD simulations for these cases. Here, we propose a new
diffusion sampling strategy that can be applied to any diffusion protein genera-
tive model that uses pairwise conditioning signals without any additional training.
Our method GNMCADS, enhances structural diversity by increasing the uncer-
tainty between the dynamical domains derived by the Gaussian Network Model
(GNM), using Condition Annealed Diffusion Sampler (CADS). As GNM natu-
rally extends to multi chain systems and does not depend on MSA, GNMCADS
enables the sampling of long timescale conformational changes of proteins, in-
cluding those with low evolutionary informations and of multimeric complexes.
We further implement GNMCADS on AlphaFold3 (AF3) and compare it with
current state-of-the-art MSA modification or MD based conformational sampling
methods in 38 cases.

1 INTRODUCTION

Proteins are the essential machines that regulate and execute cellular activities. With the advent
of deep learning methods such as AlphaFold2 (Jumper et al., 2021), and its successor AlphaFold3
(AF3) (Abramson et al., 2024), it is now possible to accurately predict a protein’s 3 dimensional
structure from its sequence. However, proteins are highly dynamic molecules and exist in multiple
conformational states that govern their functions. Therefore, understanding the conformational land-
scapes of proteins is essential for understanding their functions (Henzler-Wildman & Kern, 2007).

Currently, there exists two main approaches for predicting the conformational landscape of a protein.
The first approach leverages the fact that AlphaFold uses multiple sequence alignments (MSA) to
infer co-evolutionary information about the given protein. Consequently, modifications of MSA can
improve the diversity of the generated outputs (Wayment-Steele et al., 2024; Kalakoti & Wallner,
2025; Del Alamo et al., 2022; Stein & Mchaourab, 2022; Passaro et al., 2025). However, as the MSA
is calculated for each chain individually, MSA modification based methods struggle to generate con-
formational landscapes in multi chain structures where the conformational change depends on the
chain interactions. Furthermore, as MSA is an optional input for AlphaFold, modifications of MSA
can be insufficient to predict the conformational of especially proteins with low sequence homol-
ogy such as de novo designed proteins therefore low aligned sequence count. The second approach
involves training deep learning models with structures from molecular dynamics (MD) simulations
(Jing et al., 2024; Passaro et al., 2025; Lewis et al., 2025; Zheng et al., 2024). However, even with
the help of enhanced sampling techniques it is infeasibly expensive to compute MD simulations for

1



Under review at the GEM workshop, ICLR 2026

large timescales or for large protein complexes. Hence, the models trained with MD simulations can
fail to predict conformational states with large timescale changes and conformational landscapes of
protein complexes.

The challenge of sampling diverse outputs is not unique to the protein generative models. It has
been shown possible to increase the diversity of diffusion models by techniques such as guidance
mechanisms (Dhariwal & Nichol, 2021; Ho & Salimans, 2022; Hong et al., 2022), adding noise to
the cascading inputs of cascading diffusion models (Ho et al., 2021), or new sampling strategies
such as Condition Annealed Diffusion Sampler (CADS) (Sadat et al., 2023). However as it can be
seen in Appendix D.1, these techniques can not be trivially applied to the protein generative models.

We introduce Gaussian Network Model Condition Annealed Diffusion Sampler (GNMCADS),
which combines the Gaussian Network Model’s (GNM) (Haliloglu et al., 1997; Bahar et al., 1997)
ability to predict the equilibrium dynamical properties and the dynamical domains of proteins with
the CADS’ ability to increase the diversity of diffusion models to sample physically grounded di-
verse protein conformations by increasing the uncertainty of the diffusion conditioning signal selec-
tively between the dynamical domains of the sampled protein.

As GNMCADS is a sampling strategy, it does not require retraining and can be applied to any pro-
tein diffusion generative model that uses residue pair conditioning signals. Here, we implement
GNMCADS on AlphaFold3’s diffusion module and compare its ability to generate multiple con-
formations with AFSample2 (Kalakoti & Wallner, 2025) which randomly masks MSA columns to
increase output diversity, Boltz-2 (Passaro et al., 2025) which is the open-source implementation of
the AlphaFold3 that is also trained with MD simulations and can generate multiple conformations
by mimicking molecular dynamics or sub sampling MSA, and BioEmu (Lewis et al., 2025) which
is a generative model that emulates equilibrium distribution of coarse grained proteins.

2 METHOD

2.1 GAUSSIAN NETWORK MODEL

The Gaussian Network Model (GNM) is a physics-based, a minimalist coarse-grained normal mode
model that describes the equilibrium dynamics of proteins (Haliloglu et al., 1997; Bahar et al.,
1997). In GNM, a protein structure is represented as an elastic network in which Cα atoms that
lie within a cutoff distance are connected by uniform harmonic springs. Under the assumption
of Gaussian-distributed fluctuations, this representation enables the characterization of equilibrium
motions within a statistical thermodynamics framework, where collective residue fluctuations are
decomposed into intrinsic normal modes of the network. Further details about GNM can be found
in Appendix A.

GNM provides dynamical cross-correlations between residue motions. For a given dynamic mode,
the sign of the cross-correlation between two residues indicates whether they tend to move in the
same or opposite directions. As a result, each dynamic mode partitions the protein into two dy-
namical domains, such that residues within the same domain move coherently, whereas residues
belonging to opposing domains exhibit anticorrelated motions. The dynamical domains of protein
O76728 associated with the two slowest (lowest-frequency) modes are shown in Figure 1a.

2.2 GAUSSIAN NETWORK MODEL BASED CONDITION ANNEALED SAMPLER (GNMCADS)

GNMCADS works by annealing the conditioning signal in a physically grounded way and can be
used in any protein diffusion model that includes pairwise representation as a conditioning signal
such as AlphaFold3. The pairwise conditioning signal is only annealed by adding Gaussian noise to
the inter dynamical domain regions calculated by GNM, as can be seen in Figure 1a.

Low-frequency GNM modes encode the collective functional motions (Bahar et al., 2010; Haliloglu
& Bahar, 2015; Aykac Fas et al., 2025). Many experimentally observed conformational transitions
can thus be well described by the lowest frequency GNM modes. Accordingly, at each diffusion
step, the mode of motion used to define dynamical domains is selected from a distribution that
favors low-frequency modes obtained by their eigenvalues.
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As it has been shown that addition of noise to the diagonals of pair representation in AlphaFold3
like models can cause significant effects in the secondary structure (Cho et al., 2025), GNMCADS
also masks the diagonal of conditioning signal to preserve the secondary structure.

Similar to CADS, GNMCADS is also performed with a linear annealing schedule. However, GN-
MCADS do not use rescaling as the addition of noise in each step of the diffusion inference is not
uniform. Further details about the effects of hyperparameters can be found in Appendix D.

Since the dynamical domain calculation with GNM requires a structures, the first structure is sam-
pled without annealing the conditioning signal to be used in GNM calculations. Further details on
the implementation of GNMCADS on AlphaFold3 (AF3 GNMCADS) can be found in Appendix B.

3 RESULTS

(a) AF3 predicted structures and residue pair matrices of O76728 colored by the dynamical domains calculated
with GNM. Residue pair matrices include the dynamical tendency to Left: Dynamical modes of the slowest
GNM mode. Right: Dynamical modes of the second slowest GNM mode. Blue: Dynamical domain A. Red:
Dynamical domain B. Pink: Inter-domain region.
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(b) TM similarity scores of the predicted structures of O76728 by AF3 GNMCADS, AFSample2, Boltz-2 (MD),
Boltz-2 (MSA Subsampling), BioEmu, and AlphaFold3. Structures are colored by their predicted ranking
scores except BioEmu. As BioEmu does not predict a ranking score, its results are shown with a hex bin plot.
Dashed lines represent the TM similarity scores between the PDB structures 4BP9 and 4BP8. Dotted line
represent the y = x line. Only structures with higher ranking score than 0.8067, the TM similarity between
4BP9 and 4BP8, is shown. See Appendix C for further details and comparisons.

Figure 1: Conformational landscape sampling and GNM dynamical modes of the protein O76728.
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The ability of AF3 GNMCADS, AFSample2, Boltz-2 (MD), Boltz-2 (MSA Subsampling) and
BioEmu to predict heterogeneous protein conformations was benchmarked on the Open-Closed
dataset (Kalakoti & Wallner, 2025) and the Transporters dataset (Xie & Huang, 2024). As it can
be seen from the Figures 1b and 2, AF3 GNMCADS can successfully predict a diverse set of con-
formations for proteins with multiple conformations. Additional details and diversity plots for other
targets in the datasets can be found in Appendix C.
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Figure 2: Diversity plots of the predicted structures of TM 0287 by AF3 GNMCADS, AFSample2,
Boltz-2 (MD), Boltz-2 (MSA Subsampling), and AlphaFold3. Structures are colored by their pre-
dicted ranking scores. BioEmu is not shown as it does not support structures with multiple chains.
Dashed lines represent the TM similarity scores between the PDB structures 3QF4 and 6QV1. Dot-
ted line represent the y = x line. Only structures with higher ranking score than 0.7646, the TM
similarity between 3QF4 and 6QV1, is shown. See Appendix C for further details and comparisons.
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(a) AF3 GNMCADS predicted conformational ensemble of
E. Coli adenylate kinase projected onto its free energy land-
scape defined by two collective variables describing the
global orientations of its domains, together with the exper-
imental structures 1AKE and 4AKE, and high energy NMR
structures of Geobacillus sp. adenylate kinase.

(b) AF3 GNMCADS predicted structures
of E. Coli adenylate kinase (green) aligned
to PDB structures 1AKE (blue), 4AKE
(red), and high energy NMR structures of of
Geobacillus sp. adenylate kinase (yellow).

Figure 3: The conformations predicted by AF3 GNMCADS match against experimentally deter-
mined high energy structures and free energy landscape.

Building on these benchmarking results, the conformational diversity of E. Coli adenylate kinase
captured by AF3 GNMCADS are matched with the free energy landscape obtained by enhanced
MD simulations (Beckstein et al., 2009). Similarly, the predicted conformations are consistent with
experimentally determined high-energy adenylate kinase structures from Geobacillus sp. (Stiller
et al., 2022).
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The effect of the protein dynamics is also evaluated by performing predictions with AF3 GNMCADS
where the GNM analysis is carried on a unique freely jointed chain for each target where further
details can be found in Appendix D.2.

4 DISCUSSION AND CONCLUSION

In this work, we introduce GNMCADS, a diffusion sampling strategy that combines the Gaussian
Network Models with Condition Annealed Diffusion Sampling to reveal the diverse set of confor-
mations of diffusion based protein generative models for single and multi chain structures without
depending on multiple sequence alignments or needing retraining with molecular dynamic simula-
tion data. Consequently, we integrate GNMCADS on AlphaFold3’s diffusion module, assessed its
ability to generate conformations on 38 different protein targets and compared it with other state-of-
the-art MSA modification and MD simulation based methods that aim to generate diverse protein
conformations. We demonstrate that by annealing the diffusion condition signal using CADS guided
by the intrinsic dynamics of the protein of interest calculated by GNM can be used to successfully
sample the diverse conformations. Further, since the Gaussian Network Model can be used to ana-
lyze the equilibrium dynamics of protein nucleic acid complexes, GNMCADS in principle also be
applied to enhance the sampling of such assemblies.

Contrary to GNMCADS, conformation sampling methods trained on MD simulations such as Boltz-
2 (MD) or BioEmu demand a large amount of compute power both for the generation of MD tra-
jectories and for the training process. Moreover, combining the ability of generating diverse con-
formations of these models with other existing generative models is a non-trivial challenge whereas
GNMCADS can be integrated readily to proteins diffusion models that use pairwise conditioning.

Since the GNMCADS only modifies the diffusion sampling process, compared to MSA modifi-
cation based methods, which require to restart the inference process for each MSA modification,
GNMCADS can sample a diverse set of conformations by annealing the same conditioning signal.
Hence, for AlphaFold-like protein generative models where the main computational bottleneck lies
in creating the conditioning signal such as in the pairformer module of AlphaFold3, GNMCADS
only requires a single inference pass that generates the diffusion conditioning signal. Likewise, as
MSA used as an input to other tasks of protein generative models such as confidence prediction
modules of AlphaFold or ligand affinity modules of Boltz-2, modifications of MSA may result in
unintended side effects across other modules that depend on MSA. In addition, MSA modifications
can be ineffective for proteins with low sequence homology such as de novo designed binders.

Together, these results position GNMCADS as a computationally efficient and broadly applicable
framework for enhancing conformational diversity in diffusion based protein generates models.
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A BACKGROUND ON THE GAUSSIAN NETWORK MODEL

The Gaussian Network Model (GNM) represents a protein as an elastic network in which Cα atoms
within a cutoff distance rc = 10Å are connected by uniform harmonic springs undergoing Gaussian-
distributed fluctuations. This formulation enables the equilibrium cross-correlations of fluctuations
between residues i and j to be expressed as

⟨∆Ri ·∆Rj⟩ = (kBT/γ)[Γ
−1]ij (1)
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where Ri is the position vector of the ith residue’s Cα atom, kB is the Boltzmann constant, T is
the absolute temperature, γ is the force constant, and Γ is the Kirchhoff matrix representing the
connectivity of the protein such that

Γij =


−1 i ̸= j and Rij ≤ rc
0 i ̸= j and Rij > rc
−∑

k,k ̸=j Γkj i = j

(2)

where Rij is the distance between the Cα atoms of the residues i and j.

The pseudo-inverse of Γ−1 can be represented by the sum of theN−1 non-zero modes 2 ≤ k ≤ N
using

Γ−1 =

N∑
k=2

λ−1
k uku

T
k (3)

where λk and uk are the eigenpairs of Γ. The first mode k = 1 is omitted as it has an eigenvalue of
0.

Since ⟨∆Ri ·∆Rj⟩ is directly proportional to Γ−1
ij , the correlations of the equilibrium fluctuations

between the residues i and j for the mode k can be calculated as

C
(k)
ij =

1

λk
uk(i)uk(j) (4)

B IMPLEMENTATION OF GNMCADS ON ALPHAFOLD3

The GNMCADS diffusion sampling strategy can be implemented to any diffusion based protein
generative model that uses pair conditioning signals such as AlphaFold3. Implementation of GN-
MCADS to AlphaFold3 has been performed by annealing the pairwise representation that has been
computed by the trunk region of AlphaFold3.

Since to analyze the dynamical modes with GNM requires an input structure, first 5 structures are
sampled without condition annealing. The structure with highest predicted ranking score is used to
determine the dynamical cross-correlations between residues using GNM to define the dynamical
domains for each modes of motion. Consequently, the distribution that will be used to select the
mode of motion to be used in each diffusion step is created by performing the softmax operation on
the negative eigenvalues of modes to favour the low frequency modes.

The pairwise conditioning signal is only corrupted for inter-domain regions where the residues i and
j belong to different dynamical domains.

ẑtrunk
ij =

{√
γ(t)ztrunk

ij + s
√
1− γ(t)nij domaini ̸= domainj ,

ztrunk
ij domaini = domainj

(5)

where the noise scale s is selected as 0.3, nij is sampled from a Gaussian distribution such that
nij ∼ N (0, I), and γ(t) is the linear annealing schedule such that

γ(t) =


1 t ≤ τ1,
τ2−t
τ2−τ1

τ1 < t < τ2,

0 t ≥ τ2,

(6)

where the values of τ1 and τ2 is selected as τ1 = 0 and τ2 = 0.3.

C COMPARISONS WITH OTHER CONFORMATIONAL LANDSCAPE SAMPLING
METHODS

The ability to predict diverse conformational samples of the methods have been evaluated on the
Open-Closed dataset proposed by Kalakoti & Wallner (2025) and Transporters dataset proposed
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Table 1: Open-Closed dataset targets

Target Name (UniProt ID) Conformation 1 PDB ID Conformation 2 PDB ID

A0A075Q0W3 6MKA 6MKJ
A0QTT2 7CY2 7CYR
A2RJ53 3FTO 3DRF
A6UVT1 6HAC 6HAE
B3EYN2 5HO2 5HO0
B7IE18 6NC7 6NC6
O76728 4BP8 4BP9
P00558 2XE6 2WZD
P21589 7QGA 4H2I
P31133 6YED 6YE0
P33284 3O6W 3O8M
P40131 3TEE 3VJP
P62495 2KTV 2KTU
P71447 2WFA 2WF5
Q18A65 6HNJ 6HNI
Q53W80 7C63 7C6N
Q53W80 7C67 7C64
Q5F9M1 3ZSF 2YLN
Q7DAU8 3L6G 3L6H
Q9ERE7 2RQM 2RQK
Q9SS90 6K8B 6K85
Q9X6R4 3IUJ 3IUQ
Q9X9P9 2OLO 2OLN
Q9Z4N6 1SI1 1SI0

by Xie & Huang (2024). The AF3 GNMCADS predictions were performed with only one seed
and 1000 diffusion sampled protein structures. The structures sampling with AFSample2 were per-
formed with 1000 samples. However, for multi chain structures 1005 samples were predicted to
ensure the equal number of structures generated by each AlphaFold2 model that AFSample2 uses.
Similarly, the Boltz-2 MD predictions were performed by sampling 1000 protein structures. The
Boltz-2 MSA subsampling predictions were performed by sampling 50 protein structures for each
MSA depth of of 16, 32, 64, 128, 256, 512, 1024, and 5120 as recommended by Del Alamo et al.
(2022). The BioEmu predictions were performed by sampling 10,000 protein structures as it has
been noted on Lewis et al. (2025). The AlphaFold3 predictions were performed with 1000 seeds
with 5 predictions per seed.

The similarity calculations between proteins were performed using US-align (Zhang et al., 2022).
The diversity plots were created with seaborn (Waskom, 2021), whereas the protein structure visu-
alizations were conducted with UCSF ChimeraX (Meng et al., 2023).

C.1 OPEN-CLOSED DATASET

The Open-Closed dataset contains 23 protein targets with 24 different conformational pairs. In
contrast to the version proposed by Kalakoti & Wallner (2025), predictions were performed with
all of the protein chains included in the first biological assembly for each target. As the protein
Q53W80 also exists as a homodimer, it is divided into two targets for its monomer and dimer form.
The PDB Identifiers for each Open-Closed dataset target can be seen in Table 1.
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(a) Left: Diversity plots of A0A075Q0W3. Right: Structures 6MKA (blue), and 6MKJ (red).

(b) Left: Diversity plots of A0QTT2. Right: Structures 7CY2 (blue), and 7CYR (red).

(c) Left: Diversity plots of A2RJ53. Right: Structures 3FTO (blue), and 3DRF (red).

Figure 4: Diversity plots for the Open-Closed dataset targets (continued on next page).
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(d) Left: Diversity plots of A6UVT1. Right: Multimer structures 6HAC (blue), and 6HAE (red).

(e) Left: Diversity plots of B3EYN2. Right: Structures 5HO2 (blue), and 5HO0 (red).

(f) Left: Diversity plots of B7IE18. Right: Structures 6NC7 (blue), and 6NC6 (red).

Figure 4: Diversity plots for the Open-Closed dataset targets (continued on next page).
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(g) Left: Diversity plots of O76728. Right: Structures 4BP8 (blue), and 4BP9 (red).

(h) Left: Diversity plots of P00558. Right: Structures 2XE6 (blue), and 2WZD (red).

(i) Left: Diversity plots of P21589. Right: Multimer structures 7QGA (blue), and 4H2I (red).

Figure 4: Diversity plots for the Open-Closed dataset targets (continued on next page).
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(j) Left: Diversity plots of P31133. Right: Structures 6YED (blue), and 6YE0 (red).

(k) Left: Diversity plots of P33284. Right: Structures 3O6W (blue), and 3O8M (red).

(l) Left: Diversity plots of P40131. Right: Structures 3TEE (blue), and 3VJP (red).

Figure 4: Diversity plots for the Open-Closed dataset targets (continued on next page).
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(m) Left: Diversity plots of P62495. Right: Structures 2KTV (blue), and 2KTU (red).

(n) Left: Diversity plots of P71447. Right: Structures 2WFA (blue), and 2WF5 (red).

(o) Left: Diversity plots of Q18A65. Right: Structures 6HNJ (blue), and 6HNI (red).

Figure 4: Diversity plots for the Open-Closed dataset targets (continued on next page).
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(p) Left: Diversity plots of Q53W80. Right: Structures 7C63 (blue), and 7C6N (red).

(q) Left: Diversity plots of Q53W80. Right: Multimer structures 7C67 (blue), and 7C64 (red).

(r) Left: Diversity plots of Q5F9M1. Right: Structures 3ZSF (blue), and 2YLN (red).

Figure 4: Diversity plots for the Open-Closed dataset targets (continued on next page).
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(s) Left: Diversity plots of Q7DAU8. Right: Structures 3L6G (blue), and 3L6H (red).

(t) Left: Diversity plots of Q9ERE7. Right: Structures 2RQM (blue), and 2RQK (red).

(u) Left: Diversity plots of Q9SS90. Right: Structures 6K8B (blue), and 6K85 (red).

Figure 4: Diversity plots for the Open-Closed dataset targets (continued on next page).
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(v) Left: Diversity plots of Q9X6R4. Right: Structures 3IUJ (blue), and 3IUQ (red).

(w) Left: Diversity plots of Q9X9P9. Right: Structures 2OLO (blue), and 2OLN (red).

(x) Left: Diversity plots of Q9Z4N6. Right: Structures 1SI1 (blue), and 1SI0 (red).

Figure 4: Diversity plots for the Open-Closed dataset targets.
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C.2 TRANSPORTERS DATASET

The Transporters dataset contains 15 protein targets with 18 different conformational pairs . In con-
trast to the version proposed by Xie & Huang (2024) where the transporters that exist in a oligomeric
state was predicted by one of its chains, predictions were performed with all of the protein chains
of interest in the first biological assembly for each target. The sugar-low affinity conformation of
melB with PDB identifier 8T60, the inward open and closed conformations of murJ with PDB iden-
tifiers 6NC7 and 6NC6 is appended to the dataset. Similarly, the intermediate outward facing state
of SLC1A1 with PDB identifier 8CTC is also analyzed. Additionally, the outward-facing conforma-
tion of the target PF0708 is replaced with 6GWH as the structure of 6GWH has been solved by the
same study that solved the structure of the inward-facing conformation, Zakrzewska et al. (2019).
The details of the targets and the conformations used can be seen in Table 2.

Table 2: Transporters dataset targets

Target Name Conformation 1 PDB ID Conformation 2 PDB ID

A5U30 003247 6E9N 6E9O
AAC3 6GCI 4C9J

CYME CMD148C 6A6N 7DQV
MFSD2A 7N98 7MJS
PF0708 6FHZ 6GWH
SLC1A1 6S3Q 6X3E
SLC1A1 6S3Q 8CTC

SPF1 6XMS 6XMU
TM 0287 3QF4 6QV1
TT C0976 5MKK 6RAJ

mdfA 6VS1 6GV1
melB 7L17 4M64
melB 7L17 8T60
murJ 6NC7 6NC6
murJ 6NC7 6NC9
ptsG 6BVG 5IWS
slc39 6BTX 5AYM
wlaB 5C78 6HRC
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(a) Left: Diversity plots of A5U30 003247. Right: Structures of 6E9N (blue), and 6E9O (red).

(b) Left: Diversity plots of AAC3. Right: Structures of 6GCI (blue), and 4C9J (red).

(c) Left: Diversity plots of CYME CMD148C. Right: Multimer structures of 6A6N (blue), and 7DQV (red).

Figure 5: Diversity plots for the Transporters dataset targets (continued on next page).
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(d) Left: Diversity plots of MFSD2A. Right: Structures of 7N98 (blue), and 7MJS (red).

(e) Left: Diversity plots of PF0708. Right: Structures of 6FHZ (blue), and 6GWH (red).

(f) Left: Diversity plots of SLC1A1. Right: Multimer structures of 6S3Q (blue), and 6X3E (red).

Figure 5: Diversity plots for the Transporters dataset targets (continued on next page).
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(g) Left: Diversity plots of SLC1A1. Right: Multimer structures of 6S3Q (blue), and 8CTC (red).

(h) Left: Diversity plots of SPF1. Right: Structures of 6XMS (blue), and 6XMU (red).

(i) Left: Diversity plots of TM 0287. Right: Multimer structures of 3QF4 (blue), and 6QV1 (red).

Figure 5: Diversity plots for the Transporters dataset targets (continued on next page).
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(j) Left: Diversity plots of TT C0976. Right: Multimer structures of 5MKK (blue), and 6RAJ (red).

(k) Left: Diversity plots of mdfA. Right: Structures of 6VS1 (blue), and 6GV1 (red).

(l) Left: Diversity plots of melB. Right: Structures of 7L17 (blue), and 4M64 (red).

Figure 5: Diversity plots for the Transporters dataset targets (continued on next page).
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(m) Left: Diversity plots of melB. Right: Structures of 7L17 (blue), and 8T60 (red).

(n) Left: Diversity plots of murJ. Right: Structures of 6NC7 (blue), and 6NC6 (red).

(o) Left: Diversity plots of murJ. Right: Structures of 6NC7 (blue), and 6NC9 (red).

Figure 5: Diversity plots for the Transporters dataset targets (continued on next page).
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(p) Left: Diversity plots of ptsG. Right: Multimer structures of 6BVG (blue), and 5IWS (red).

(q) Left: Diversity plots of slc39. Right: Structures of 6BTX (blue), and 5AYM (red).

(r) Left: Diversity plots of wlaB. Right: Multimer structures of 5C78 (blue), and 6HRC (red).

Figure 5: Diversity plots for the Transporters dataset targets.
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D ABLATION STUDIES

For ablation studies, predictions were performed with 100 samples in contrast to 1000 samples
which is used for comparisons with other conformational landscape sampling methods in Appendix
C.

D.1 USING CADS WITHOUT GNM

The application of CADS to AlphaFold3’s diffusion module directly do not generate correct struc-
tures. Although GNMCADS does not use ψ, the mixing factor, it is used in these CADS only runs.

(a) Diversity plots of A0A075Q0W3 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(b) Diversity plots of A0QTT2 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

Figure 6: Using CADS Without GNM on the Open-Closed dataset (continued on next page).
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(c) Diversity plots of A2RJ53 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(d) Diversity plots of A6UVT1 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(e) Diversity plots of B3EYN2 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

Figure 6: Using CADS Without GNM on the Open-Closed dataset (continued on next page).
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(f) Diversity plots of B7IE18 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(g) Diversity plots of O76728 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(h) Diversity plots of P00558 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

Figure 6: Using CADS Without GNM on the Open-Closed dataset (continued on next page).
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(i) Diversity plots of P21589 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(j) Diversity plots of P31133 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(k) Diversity plots of P33284 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

Figure 6: Using CADS Without GNM on the Open-Closed dataset (continued on next page).
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(l) Diversity plots of P40131 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(m) Diversity plots of P62495 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(n) Diversity plots of P71447 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

Figure 6: Using CADS Without GNM on the Open-Closed dataset (continued on next page).
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(o) Diversity plots of Q18A65 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(p) Diversity plots of Q53W80 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(q) Diversity plots of Q53W80 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

Figure 6: Using CADS Without GNM on the Open-Closed dataset (continued on next page).
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(r) Diversity plots of Q5F9M1 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(s) Diversity plots of Q7DAU8 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(t) Diversity plots of Q9ERE7 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

Figure 6: Using CADS Without GNM on the Open-Closed dataset (continued on next page).
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(u) Diversity plots of Q9SS90 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(v) Diversity plots of Q9X6R4 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(w) Diversity plots of Q9X9P9 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

Figure 6: Using CADS Without GNM on the Open-Closed dataset (continued on next page).
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(x) Diversity plots of Q9Z4N6 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

Figure 6: Using CADS Without GNM on the Open-Closed dataset.

(a) Diversity plots of A5U30 003247 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

Figure 7: Using CADS Without GNM on the Transporters dataset (continued on next page).
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(b) Diversity plots of AAC3 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(c) Diversity plots of CYME CMD148C sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(d) Diversity plots of MFSD2A sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

Figure 7: Using CADS Without GNM on the Transporters dataset (continued on next page).
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(e) Diversity plots of PF0708 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(f) Diversity plots of SLC1A1 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(g) Diversity plots of SLC1A1 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

Figure 7: Using CADS Without GNM on the Transporters dataset (continued on next page).
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(h) Diversity plots of SPF1 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(i) Diversity plots of TM 0287 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(j) Diversity plots of TT C0976 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

Figure 7: Using CADS Without GNM on the Transporters dataset (continued on next page).
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(k) Diversity plots of mdfA sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(l) Diversity plots of melB sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(m) Diversity plots of melB sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

Figure 7: Using CADS Without GNM on the Transporters dataset (continued on next page).
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(n) Diversity plots of murJ sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(o) Diversity plots of murJ sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(p) Diversity plots of ptsG sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

Figure 7: Using CADS Without GNM on the Transporters dataset (continued on next page).
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(q) Diversity plots of slc39 sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

(r) Diversity plots of wlaB sampled with AlphaFold3, AF3 GNMCADS, and AF3 CADS.

Figure 7: Using CADS Without GNM on the Transporters dataset.
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D.2 USING GNMCADS WITH FREELY JOINTED CHAIN

To assess the effect of the protein dynamics, AF3 GNMCADS predictions with the GNM analysis
performed on a freely jointed chain (FJC) structure instead of the protein of interest have been
performed. Although using dynamical domains based on randomness of FJC structures can still
produce wanted results similar to other methods that incorporate randomness into AlphaFold to
generate diverse multiple conformations (Wayment-Steele et al., 2024; Stein & Mchaourab, 2022;
Kalakoti & Wallner, 2025), as it can be seen in Figures 8l, 8o, 9g, and 9q where incorporating the
dynamical properties of the protein of interest with GNM generates more diverse structures.

(a) Diversity plots of A0A075Q0W3 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

(b) Diversity plots of A0QTT2 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

(c) Diversity plots of A2RJ53 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

Figure 8: GNMCADS with GNM analysis of FJCs on the Open-Closed dataset (continued on next
page).
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(d) Diversity plots of A6UVT1 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

(e) Diversity plots of B3EYN2 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

(f) Diversity plots of B7IE18 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

(g) Diversity plots of O76728 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

(h) Diversity plots of P00558 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

Figure 8: GNMCADS with GNM analysis of FJCs on the Open-Closed dataset (continued on next
page).
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(i) Diversity plots of P21589 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

(j) Diversity plots of P31133 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

(k) Diversity plots of P33284 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

(l) Diversity plots of P40131 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

(m) Diversity plots of P62495 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

Figure 8: GNMCADS with GNM analysis of FJCs on the Open-Closed dataset (continued on next
page).
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(n) Diversity plots of P71447 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

(o) Diversity plots of Q18A65 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

(p) Diversity plots of Q53W80 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

(q) Diversity plots of Q53W80 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

(r) Diversity plots of Q5F9M1 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

Figure 8: GNMCADS with GNM analysis of FJCs on the Open-Closed dataset (continued on next
page).
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(s) Diversity plots of Q7DAU8 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

(t) Diversity plots of Q9ERE7 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

(u) Diversity plots of Q9SS90 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

(v) Diversity plots of Q9X6R4 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

(w) Diversity plots of Q9X9P9 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

Figure 8: GNMCADS with GNM analysis of FJCs on the Open-Closed dataset (continued on next
page).
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(x) Diversity plots of Q9Z4N6 sampled by AF3, AF3 GNMCADS, and with FJC GNM analysis.

Figure 8: GNMCADS with GNM analysis of FJCs on the Open-Closed dataset.

(a) Diversity plots of A5U30 003247 sampled with AlphaFold3, AF3 GNMCADS, and with FJC GNM analy-
sis.

(b) Diversity plots of AAC3 sampled with AlphaFold3, AF3 GNMCADS, and with FJC GNM analysis.

(c) Diversity plots of CYME CMD148C sampled with AlphaFold3, AF3 GNMCADS, and with FJC GNM
analysis.

Figure 9: GNMCADS with GNM analysis of FJC on the Transporters dataset (continued on next
page).
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(d) Diversity plots of MFSD2A sampled with AlphaFold3, AF3 GNMCADS, and with FJC GNM analysis.

(e) Diversity plots of PF0708 sampled with AlphaFold3, AF3 GNMCADS, and with FJC GNM analysis.

(f) Diversity plots of SLC1A1 sampled with AlphaFold3, AF3 GNMCADS, and with FJC GNM analysis.

(g) Diversity plots of SLC1A1 sampled with AlphaFold3, AF3 GNMCADS, and with FJC GNM analysis.

(h) Diversity plots of SPF1 sampled with AlphaFold3, AF3 GNMCADS, and with FJC GNM analysis.

Figure 9: GNMCADS with GNM analysis of FJC on the Transporters dataset (continued on next
page).
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(i) Diversity plots of TM 0287 sampled with AlphaFold3, AF3 GNMCADS, and with FJC GNM analysis.

(j) Diversity plots of TT C0976 sampled with AlphaFold3, AF3 GNMCADS, and with FJC GNM analysis.

(k) Diversity plots of mdfA sampled with AlphaFold3, AF3 GNMCADS, and with FJC GNM analysis.

(l) Diversity plots of melB sampled with AlphaFold3, AF3 GNMCADS, and with FJC GNM analysis.

(m) Diversity plots of melB sampled with AlphaFold3, AF3 GNMCADS, and with FJC GNM analysis.

Figure 9: GNMCADS with GNM analysis of FJC on the Transporters dataset (continued on next
page).
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(n) Diversity plots of murJ sampled with AlphaFold3, AF3 GNMCADS, and with FJC GNM analysis.

(o) Diversity plots of murJ sampled with AlphaFold3, AF3 GNMCADS, and with FJC GNM analysis.

(p) Diversity plots of ptsG sampled with AlphaFold3, AF3 GNMCADS, and with FJC GNM analysis.

(q) Diversity plots of slc39 sampled with AlphaFold3, AF3 GNMCADS, and with FJC GNM analysis.

(r) Diversity plots of wlaB sampled with AlphaFold3, AF3 GNMCADS, and with FJC GNM analysis.

Figure 9: GNMCADS with GNM analysis of FJC on the Transporters dataset.
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D.3 VARYING THE VALUE OF τ1

The value of τ1 represents the stop point for annealing for GNMCADS where the annealing no
corruption is applied for the values t ≤ tau1. A value of 0 for τ1, which is used by default in
AF3 GNMCADS, ensures that the condition annealing will not be cut off and will applied at each
diffusion step.

(a) Diversity plots of A0A075Q0W3 for different τ1 values.

(b) Diversity plots of A0QTT2 for different τ1 values.

(c) Diversity plots of A2RJ53 for different τ1 values.

(d) Diversity plots of A6UVT1 for different τ1 values.

Figure 10: Effect of the CADS parameter τ1 on the Open-Closed dataset (continued on next page).

49



Under review at the GEM workshop, ICLR 2026

(e) Diversity plots of B3EYN2 for different τ1 values.

(f) Diversity plots of B7IE18 for different τ1 values.

(g) Diversity plots of O76728 for different τ1 values.

(h) Diversity plots of P00558 for different τ1 values.

(i) Diversity plots of P21589 for different τ1 values.

Figure 10: Effect of the CADS parameter τ1 on the Open-Closed dataset (continued on next page).
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(j) Diversity plots of P31133 for different τ1 values.

(k) Diversity plots of P33284 for different τ1 values.

(l) Diversity plots of P40131 for different τ1 values.

(m) Diversity plots of P62495 for different τ1 values.

(n) Diversity plots of P71447 for different τ1 values.

Figure 10: Effect of the CADS parameter τ1 on the Open-Closed dataset (continued on next page).
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(o) Diversity plots of Q18A65 for different τ1 values.

(p) Diversity plots of Q53W80 for different τ1 values.

(q) Diversity plots of Q53W80 for different τ1 values.

(r) Diversity plots of Q5F9M1 for different τ1 values.

(s) Diversity plots of Q7DAU8 for different τ1 values.

Figure 10: Effect of the CADS parameter τ1 on the Open-Closed dataset (continued on next page).
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(t) Diversity plots of Q9ERE7 for different τ1 values.

(u) Diversity plots of Q9SS90 for different τ1 values.

(v) Diversity plots of Q9X6R4 for different τ1 values.

(w) Diversity plots of Q9X9P9 for different τ1 values.

(x) Diversity plots of Q9Z4N6 for different τ1 values.

Figure 10: Effect of the CADS parameter τ1 on the Open-Closed dataset.
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(a) Diversity plots of A5U30 003247 for different τ1 values.

(b) Diversity plots of AAC3 for different τ1 values.

(c) Diversity plots of CYME CMD148C for different τ1 values.

(d) Diversity plots of MFSD2A for different τ1 values.

(e) Diversity plots of PF0708 for different τ1 values.

Figure 11: Effect of the CADS parameter τ1 on the Transporters dataset (continued on next page).
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(f) Diversity plots of SLC1A1 for different τ1 values.

(g) Diversity plots of SLC1A1 for different τ1 values.

(h) Diversity plots of SPF1 for different τ1 values.

(i) Diversity plots of TM 0287 for different τ1 values.

(j) Diversity plots of TT C0976 for different τ1 values.

Figure 11: Effect of the CADS parameter τ1 on the Transporters dataset (continued on next page).
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(k) Diversity plots of mdfA for different τ1 values.

(l) Diversity plots of melB for different τ1 values.

(m) Diversity plots of melB for different τ1 values.

(n) Diversity plots of murJ for different τ1 values.

(o) Diversity plots of murJ for different τ1 values.

Figure 11: Effect of the CADS parameter τ1 on the Transporters dataset (continued on next page).
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(p) Diversity plots of ptsG for different τ1 values.

(q) Diversity plots of slc39 for different τ1 values.

(r) Diversity plots of wlaB for different τ1 values.

Figure 11: Effect of the CADS parameter τ1 on the Transporters dataset.
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D.4 VARYING THE VALUE OF τ2

The value of τ2 represents the number of diffusion condition corruption steps that will be performed
with full strength as γ(t) = 0 for t > τ2. A smaller value of τ2 cause to the corruption of the
diffusion signal for a longer time frame. By default, predictions performed with AF3 GNMCADS
uses τ2 = 0.3

(a) Diversity plots of A0A075Q0W3 for different τ2 values.

(b) Diversity plots of A0QTT2 for different τ2 values.

(c) Diversity plots of A2RJ53 for different τ2 values.

Figure 12: Effect of the CADS parameter τ2 on the Open-Closed dataset (continued on next page).
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(d) Diversity plots of A6UVT1 for different τ2 values.

(e) Diversity plots of B3EYN2 for different τ2 values.

(f) Diversity plots of B7IE18 for different τ2 values.

(g) Diversity plots of O76728 for different τ2 values.

(h) Diversity plots of P00558 for different τ2 values.

Figure 12: Effect of the CADS parameter τ2 on the Open-Closed dataset (continued on next page).
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(i) Diversity plots of P21589 for different τ2 values.

(j) Diversity plots of P31133 for different τ2 values.

(k) Diversity plots of P33284 for different τ2 values.

(l) Diversity plots of P40131 for different τ2 values.

(m) Diversity plots of P62495 for different τ2 values.

Figure 12: Effect of the CADS parameter τ2 on the Open-Closed dataset (continued on next page).
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(n) Diversity plots of P71447 for different τ2 values.

(o) Diversity plots of Q18A65 for different τ2 values.

(p) Diversity plots of Q53W80 for different τ2 values.

(q) Diversity plots of Q53W80 for different τ2 values.

(r) Diversity plots of Q5F9M1 for different τ2 values.

Figure 12: Effect of the CADS parameter τ2 on the Open-Closed dataset (continued on next page).
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(s) Diversity plots of Q7DAU8 for different τ2 values.

(t) Diversity plots of Q9ERE7 for different τ2 values.

(u) Diversity plots of Q9SS90 for different τ2 values.

(v) Diversity plots of Q9X6R4 for different τ2 values.

(w) Diversity plots of Q9X9P9 for different τ2 values.

Figure 12: Effect of the CADS parameter τ2 on the Open-Closed dataset (continued on next page).
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(x) Diversity plots of Q9Z4N6 for different τ2 values.

Figure 12: Effect of the CADS parameter τ2 on the Open-Closed dataset.

(a) Diversity plots of A5U30 003247 for different τ2 values.

(b) Diversity plots of AAC3 for different τ2 values.

(c) Diversity plots of CYME CMD148C for different τ2 values.

Figure 13: Effect of the CADS parameter τ2 on the Transporters dataset (continued on next page).
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(d) Diversity plots of MFSD2A for different τ2 values.

(e) Diversity plots of PF0708 for different τ2 values.

(f) Diversity plots of SLC1A1 for different τ2 values.

(g) Diversity plots of SLC1A1 for different τ2 values.

(h) Diversity plots of SPF1 for different τ2 values.

Figure 13: Effect of the CADS parameter τ2 on the Transporters dataset (continued on next page).
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(i) Diversity plots of TM 0287 for different τ2 values.

(j) Diversity plots of TT C0976 for different τ2 values.

(k) Diversity plots of mdfA for different τ2 values.

(l) Diversity plots of melB for different τ2 values.

(m) Diversity plots of melB for different τ2 values.

Figure 13: Effect of the CADS parameter τ2 on the Transporters dataset (continued on next page).
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(n) Diversity plots of murJ for different τ2 values.

(o) Diversity plots of murJ for different τ2 values.

(p) Diversity plots of ptsG for different τ2 values.

(q) Diversity plots of slc39 for different τ2 values.

(r) Diversity plots of wlaB for different τ2 values.

Figure 13: Effect of the CADS parameter τ2 on the Transporters dataset.
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D.5 VARYING THE VALUE OF NOISE SCALE

The value of s represents the noise scale of condition annealing. In AF3 GNMCADS, the noise
scale of s = 0.1 is used by default.

(a) Diversity plots of A0A075Q0W3 for different noise scale (s) values.

(b) Diversity plots of A0QTT2 for different noise scale (s) values.

(c) Diversity plots of A2RJ53 for different noise scale (s) values.

(d) Diversity plots of A6UVT1 for different noise scale (s) values.

Figure 14: Effect of the CADS parameter noise scale (s) on the Open-Closed dataset (continued on
next page).
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(e) Diversity plots of B3EYN2 for different noise scale (s) values.

(f) Diversity plots of B7IE18 for different noise scale (s) values.

(g) Diversity plots of O76728 for different noise scale (s) values.

(h) Diversity plots of P00558 for different noise scale (s) values.

(i) Diversity plots of P21589 for different noise scale (s) values.

Figure 14: Effect of the CADS parameter noise scale (s) on the Open-Closed dataset (continued on
next page).
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(j) Diversity plots of P31133 for different noise scale (s) values.

(k) Diversity plots of P33284 for different noise scale (s) values.

(l) Diversity plots of P40131 for different noise scale (s) values.

(m) Diversity plots of P62495 for different noise scale (s) values.

(n) Diversity plots of P71447 for different noise scale (s) values.

Figure 14: Effect of the CADS parameter noise scale (s) on the Open-Closed dataset (continued on
next page).
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(o) Diversity plots of Q18A65 for different noise scale (s) values.

(p) Diversity plots of Q53W80 for different noise scale (s) values.

(q) Diversity plots of Q53W80 for different noise scale (s) values.

(r) Diversity plots of Q5F9M1 for different noise scale (s) values.

(s) Diversity plots of Q7DAU8 for different noise scale (s) values.

Figure 14: Effect of the CADS parameter noise scale (s) on the Open-Closed dataset (continued on
next page).
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(t) Diversity plots of Q9ERE7 for different noise scale (s) values.

(u) Diversity plots of Q9SS90 for different noise scale (s) values.

(v) Diversity plots of Q9X6R4 for different noise scale (s) values.

(w) Diversity plots of Q9X9P9 for different noise scale (s) values.

(x) Diversity plots of Q9Z4N6 for different noise scale (s) values.

Figure 14: Effect of the CADS parameter noise scale (s) on the Open-Closed dataset.
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(a) Diversity plots of A5U30 003247 for different noise scale (s) values.

(b) Diversity plots of AAC3 for different noise scale (s) values.

(c) Diversity plots of CYME CMD148C for different noise scale (s) values.

(d) Diversity plots of MFSD2A for different noise scale (s) values.

(e) Diversity plots of PF0708 for different noise scale (s) values.

Figure 15: Effect of the CADS parameter noise scale (s) on the Transporters dataset (continued on
next page).
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(f) Diversity plots of SLC1A1 for different noise scale (s) values.

(g) Diversity plots of SLC1A1 for different noise scale (s) values.

(h) Diversity plots of SPF1 for different noise scale (s) values.

(i) Diversity plots of TM 0287 for different noise scale (s) values.

(j) Diversity plots of TT C0976 for different noise scale (s) values.

Figure 15: Effect of the CADS parameter noise scale (s) on the Transporters dataset (continued on
next page).
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(k) Diversity plots of mdfA for different noise scale (s) values.

(l) Diversity plots of melB for different noise scale (s) values.

(m) Diversity plots of melB for different noise scale (s) values.

(n) Diversity plots of murJ for different noise scale (s) values.

(o) Diversity plots of murJ for different noise scale (s) values.

Figure 15: Effect of the CADS parameter noise scale (s) on the Transporters dataset (continued on
next page).
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(p) Diversity plots of ptsG for different noise scale (s) values.

(q) Diversity plots of slc39 for different noise scale (s) values.

(r) Diversity plots of wlaB for different noise scale (s) values.

Figure 15: Effect of the CADS parameter noise scale (s) on the Transporters dataset.
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