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Abstract

Large language models are renowned for their efficacy in capturing intricate pat-
terns, including co-evolutionary relationships, and underlying protein languages.
However, current methodologies often fall short in illustrating the emergence of
genomic insertions, duplications, and insertion/deletions (indels), which account
for approximately 14% of human pathogenic mutations. Given that structure
dictates function, mutated proteins with similar structures are more likely to
persist throughout biological evolution. Motivated by this, we leverage cross-
modality alignment and instruction fine-tuning techniques inspired by large
language models to align a generative protein language model with protein struc-
ture instructions. Specifically, we present a method for generating variable-length
and diverse proteins to explore and simulate the complex evolution of life, thereby
expanding the repertoire of options for protein engineering. Our proposed pro-
tein LM-based approach, InstructPLM, demonstrates significant performance
enhancements both in silico and in vitro. On native protein backbones, it achieves
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Fig. 1 (A) Illustration of proposed method, InstructPLM. The network consists of three parts, the
protein backbone encoder, the protein structure-sequence adapter, and the protein sequence decoder.
The protein structure-sequence adapter is the only trainable part while the parameters of the structure
encoder and sequence decoder are fixed during training. (B) Detailed illustration of the structure-
sequence adapter. The adapter adopts a structure embedding as input, incorporating the structure
information with a set of learnable queries. The queries will form as the structure prompt guiding
the generation of the protein sequence decoder.

a perplexity of 2.68 and a sequence recovery rate of 57.51, surpassing Protein-
MPNN by 39.2% and 25.1%, respectively. Furthermore, we validate the efficacy of
our model by redesigning PETase and L-MDH. For PETase, all fifteen designed
variable-length PETase exhibit depolymerization activity, with eleven surpass-
ing the activity levels of the wild type. Regarding L-MDH, an enzyme lacking
an experimentally determined structure, InstructPLM is able to design func-
tional enzymes with an AF2-predicted structure. Code and model weights of
InstructPLM are publicly available’

Keywords: Protein Design, Protein Language Models, Cross-Modal Alignment,
Instruction Fine-Tuning

1 Introduction

Mutations, encompassing point mutations arising from single nucleotide changes, as
well as deletions, duplications, and insertions of multiple bases, serve as the driving
force of evolution, facilitating the rapid adaptation of life to continuously chang-
ing environmental conditions as the fundamental cause of genetic diversity. These
genetic variations provide a rich repository of proteins for reference and selection

*Model weights: https://huggingface.co/InstructPLM/MPNN-ProGen2-xlarge- CATH42.
Code: https://github.com/Eikor/Instruct PLM.
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in protein engineering. A quintessential challenge in protein engineering [1] is pro-
tein sequence design, also known as protein inverse folding, which entails identifying
amino acid sequences capable of folding into a specified protein backbone structure.
Highly accurate protein sequence design enables the generation of more effective
enzymes [2, 3], improved protein-based therapeutics [4], and engineered proteins for
industrial purposes like biofuels production and environmental remediation [5, 6]. The
recent emergence of deep learning-based methods, exemplified by ProteinMPNN [7]
and ESM-IF [8], has significantly advanced the field of protein sequence design. These
methods formalize protein sequence design as a multimodal learning problem and solve
the problem by training models with an encoder-decoder pattern which translates
protein backbone structure into corresponding sequences. The swift evolution of deep
learning architectures, including graph neural networks [7], and Transformers [9], cou-
pled with the availability of high-quality protein structure data from Protein Data
Bank (PDB) and AlphaFoldDB, has catalyzed substantial advancements in this field.
For example, myoglobin and tobacco etch virus (TEV) protease designed by Protein-
MPNN have demonstrated superior expression, stability, and functionality [10]; The
de novo binders designed by ProteinMPNN exhibit high affinity and specificity to
targets [11].

Multimodal learning, while straightforward and effective, faces a significant hur-
dle due to the paucity of high-quality cross-modal data. For instance, in the domain
of visual-language understanding, training models from scratch necessitates access to
well-curated datasets of image-text pairs, such as those of image captioning and visual
question answering. Similarly, in protein sequence design, the training of the aforemen-
tioned ProteinMPNN depends on protein assemblies experimentally determined by
X-ray crystallography or cryoEM in Protein Data Bank (PDB). To tackle the issue of
limited data, an emerging strategy in the field of large vision-language models is cross-
modality alignment[12-16], which is widely speculated to have been integrated into
GPT-4[17], although the technical details of GPT-4 have yet to be publicly disclosed.
This technique leverages existing pre-trained unimodal models to facilitate multimodal
understanding. Pre-trained unimodal models learn domain-specific representations
through extensive training on large unimodal datasets, yet they typically lack the
ability to understand and reason across modalities. Cross-modality alignment bridges
this gap by carefully aligning a pre-trained visual model with a pre-trained language
model, thereby enabling effective cross-modal generation, understanding, and reason-
ing. Despite the success of cross-modality alignment techniques in vision-language
understanding, their potential in protein sequence design remains unexplored due to
the inherent dissimilarities between protein science and visual-language tasks. Conse-
quently, addressing this challenge necessitates the development of powerful unimodal
models and alignment techniques specifically tailored to proteins.

Fortunately, protein language models (pLMs), such as ESM [18], ProtGPT [19],
and ProGen [20, 21], have emerged as a pivotal innovation in bioinformatics and com-
putational biology, particularly in modeling protein sequences. Drawing inspiration
from the achievements of large-scale language models like GPT and BERT, pLMs are
pre-trained on vast datasets of protein sequences, leading to a comprehensive under-
standing of the protein universe. This includes the ability to capture the distribution of
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observed evolutionary sequences, generate novel yet viable sequences, and predict pro-
tein fitness. Specifically, pLMs have demonstrated the capability to generate functional
protein sequences according to certain conditions. For example, GPT-based pLMs
such as ProGen and ProtGPT can generate proteins following homologous samples or
control tags specifying protein properties; ESM-based pLMs [22-24] design desired pro-
tein sequences by applying or sampling from the pre-trained masked language model.
However, unlike general language models which exhibit zero-shot generalization and
the ability to understand user intent on a wide range of tasks through methods like
instruction fine-tuning [25, 26] or reinforcement learning [27, 28], it still remains an
open area of inquiry how pLMs can generate protein sequences following fine-grained
and complex biological instructions and even simulate the evolution of life. As men-
tioned in ”Seven technologies to watch in 2024”7 [29] regarding deep learning for protein
design, ”Sequence-based approaches can build on and adapt existing protein features
to form new frameworks, but they’re less effective for the bespoke design of structural
elements or features.”.

In this work, we demonstrate the successful adaptation of cross-modality align-
ment and instruction fine-tuning techniques, originally developed for large language
models, to the domain of protein sequence design. This transferability underscores the
broad applicability of these techniques to life science. Our proposed model, Instruct-
PLM, employs a lightweight cross-attention layer to align a frozen protein backbone
encoder with a frozen protein language model decoder, aiming to teach the protein
language model to design sequences following protein structure instructions. This con-
figuration enables us to harness the robust generalization capabilities of pLMs, while
stimulating pLMs to follow residue-level protein structure instructions at the same
time. InstructPLM outperforms existing sequence design techniques in terms of per-
plexity and sequence recovery, while incurring the training of only an additional 2%
of parameters.

The overall model architecture of InstructPLM is composed of three primary com-
ponents — a protein language model decoder, a protein backbone encoder, and a
protein structure-sequence adapter, as depicted in Figure 1 and described as follows:

® Protein Language Model Decoder: InstructPLM adopts ProGen2 as its protein
language model. The ProGen2 model family includes auto-regressive language mod-
els pre-trained on around 230 million protein sequences from a mixture of Uniref90
and BFD30 databases, whose model size ranges from 151M to 6.4B. We choose the
largest one, ProGen2-xlarge with 6.4B parameters in InstructPLM. The ablation
study about the size of the protein language model decoder is shown in Section 2.3.1.

® Protein Backbone Encoder: InstructPLM initializes its protein backbone
encoder from other existing protein sequence design models, such as the backbone
encoder of ProteinMPNN and ESM-IF. The ablation study about the choice of
protein backbone encoder is shown in Section 2.3.2.

® Protein Structure-Sequence Adapter: The protein structure-sequence adapter
is a key component of InstructPLM, not only because it is responsible for align-
ing structure and sequence into the same semantic space, but also because it
contains all trainable parameters of InstructPLM. This adapter comprises a single-
layer cross-attention module initialized randomly. The module uses several trainable



138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

175

176

177

178

embeddings as query vectors and the output of the protein backbone encoder
as keys/values for cross-attention computation. This cross-attention module com-
presses the protein backbone embedding to a fixed-length structure instruction. The
ablation about the number of queries (i.e., the length of structure instruction) is
shown in Section 2.3.3. Additionally, we follow Qwen-VL [13] to add 1D absolute
positional encodings into the cross-attention to keep protein primary structure infor-
mation during compression. The compressed protein backbone structure feature
sequence is subsequently fed into the protein language model as a soft prompt.

Our experimental results show that our InstructPLM framework is effective in
protein sequence design in terms of perplexity and sequence recovery on the CATH
dataset. Notably, we validate InstructPLM on redesigning PETase and L-MDH. For
PETase, all fifteen designed variable-length proteins exhibit depolymerization activity,
with twelve surpassing the activity levels of the wild type. For L-MDH, which does
not have an experimentally determined structure, we show that InstructPLM is able
to design functional enzyme with AlphaFold2 [30]-predicted structure — 3 out of 15
designed L-MDH exhibit detectable enzymatic activity.

2 Results

We firstly evaluate InstructPLM by following the standard in silico protein sequence
design benchmark in Section 2.1. The experimental evaluation and ablation studies
are then described in Section 2.2 and Section 2.3.

2.1 In Silico Protein Sequence Design
2.1.1 InstructPLM Designs Sequences with High Recovery

For computational evaluation, we assess the performance of InstructPLM using
CATH 4.2 [37], which is a widely recognized benchmark in protein sequence design.
We adopt the official train, validation, and test splits, which contain 18,024, 608, and
1,120 proteins respectively. Table 1 and the left panel of Figure 2(A) show the detailed
sequence design performance on the CATH 4.2 held-out test split.

InstructPLM demonstrates superior performance compared to models trained from
scratch on the CATH 4.2 dataset. Regarding perplexity, InstructPLM significantly
improves upon the best baseline method, ESM-IF, by 32.3% (from 3.96 to 2.68). In
sequence recovery, InstructPLM also shows a significant enhancement, with an 11.3%
increase in the recovery rate over the best baseline, PiFold (from 51.66 to 57.51). It’s
particularly noteworthy that the comparison between InstructPLM and ProteinMPNN
highlights the efficacy of protein language models in representing the distribution of
evolutionary sequences. This is evident as they utilize the same backbone encoder,
with the primary distinction lying in their sequence decoders.

The recently introduced LM-Design [22] shares a conceptual connection with
InstructPLM, as both leverage protein language models (pLMs) for the generation of
protein sequences. The distinction between them primarily hinges on their approach
to decoding protein sequences. LM-Design employs a modified ESM pLM in a step-
wise fashion to iteratively refine a sequence initially decoded by ProteinMPNN or
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Fig. 2 In silico protein sequence design performance of InstructPLM. (A) Recovery rate (left) and
homology score predicted by DEDAL (right) on CATH 4.2 test split. Compared to existing meth-
ods, InstructPLM achieves the best performance. (B) DEDAL score breakdown on different sequence
lengths. InstructPLM achieves consistently better performance than other approaches. (C) Compari-
son of predicted structures of the designed sequence of PDB code 4F0D. Compared to ProteinMPNN
(TM-Score: 0.23), InstructPLM (TM-Score: 0.94) generates more plausible sequences in the regions
where the protein structure is missing. (D) Additional designed cases from InstructPLM, using
CATH 4.2 test set as the structure templates. All TM-Scores are computed using TM-align [31].

PiFold, utilizing the masked language model of ESM. On the other hand, InstructPLM
decodes protein sequences in an autoregressive manner, utilizing the protein backbone



Table 1 Sequence design performance on CATH 4.2 held-out test split. The metrics include
perplexity (exponentiated categorical cross-entropy loss per residue) and recovery rate (percentage of
correctly predicted residues). The best performance is shown in bold, while the best baseline is indicated
with an underline. For a fair comparison, we test the performance of ESM-IF on CATH 4.2, although it
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is originally trained and evaluated on CATH 4.3.

Model Perplexity on CATH 4.2 Recovery Rate on CATH 4.21
Short Single-chain All Short Single-chain All
StructGNN [32] 8.29 8.74 6.40 29.44 28.26 35.91
GraghTrans [32] 8.39 8.83 6.63 28.14 28.46 35.82
GCA [33] 7.09 7.49 6.05 32.62 31.10 37.64
GVP [34] 7.23 7.84 5.36 30.60 28.95 39.47
AlphaDesign [35] 7.32 7.63 6.30 34.16 32.66 41.31
ProteinMPNN [7] 6.21 6.68 4.61 36.35 34.43 45.96
ESM-IF [§] 6.93 6.65 3.96 35.28 33.78 48.95
PiFold [36] 6.04 6.31 4.55 39.84 38.53 51.66
LM-Design-mpNN [22] 7.01 6.58 4.41 35.19 40.00 54.41
LM-Design-piFold [22] 6.77 6.46 4.52 37.88 42.47 55.65
InstructPLM 3.22 3.17 2.68 61.59 59.29 57.51
(Relative Gain) (-46.7%) (-49.7%) (-32.3%) | (+54.5%) (+39.6%) (+3.3%)

embedding derived from ProteinMPNN. A comparative analysis of InstructPLM and
LM-Design reveals the benefits of the cross-modality alignment and instruction tun-
ing techniques that we have incorporated. These techniques enable a comprehensive
exploitation and effective use of structural information in sequence design. Specifically,
when comparing InstructPLM with LM-Design-npnn, which both leverage Protein-
MPNN, InstructPLM demonstrates relative improvements of 39.2% (from 4.41 to 2.68)
in perplexity and 5.7% (from 54.41 to 57.51) in recovery rate, respectively.

More interestingly, InstructPLM exhibits a consistent pattern of improvement
across different subsets of CATH 4.2, and especially achieves more significant enhance-
ments when designing short proteins and single-chain proteins. This observation
suggests that the model’s architecture, training techniques, and the pLM’s prior
knowledge are particularly effective for these protein types. This also indicates that
InstructPLM is not only a powerful general-purpose protein designer but also excels
in specialized applications, particularly where the protein sequences are shorter or
consist of a single chain.

We also evaluate InstructPLM on TS50 and TS500 datasets, which consist of 50
and 470 proteins and are often employed as additional benchmarks to further test
generalization capability [22, 35, 36] beyond CATH dataset. The detailed results are
shown in Supplementary Information, where InstructPLM demonstrates consistent
and robust performance.

2.1.2 InstructPLM Generates Variable-Length and Homologous
Sequences

In contrast to conventional approaches that generate sequences of a fixed length, a dis-
tinctive feature of InstructPLM lies in its ability to create protein sequences of variable
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lengths through an open-ended generation process. This is facilitated by the aligned
pLM decoder. It generates subsequent amino acid tokens in an autoregressive manner,
pausing only upon encountering the termination token. This innovative capacity for
open-ended generation aligns closely with the intrinsic nature of biological evolution,
where a variety of mutations such as insertions, deletions, and their combinations are
commonplace. However, the traditional sequence recovery measure is not well-suited
for evaluating the quality of variable-length sequences, as it evaluates the per-position
accuracy of designed sequences compared to their native counterparts. To effectively
assess InstructPLM’s unique capability, we propose to use sequence homology score as
a new metric. We employ DEDAL [38], a state-of-the-art deep learning-based method
for homology detection. This method has shown a remarkable improvement in align-
ment accuracy, achieving up to two or three times better performance than traditional
methods when searching for remote homologs.

Within the test split of CATH 4.2, we randomly design 20 protein sequences
at a temperature setting of 0.15 for each native protein structure. The sequence
homology score, as determined by DEDAL, serves as a metric for comparing the
similarity between the native and artificially designed sequences. As depicted in the
right panel of Figure 2(A), the distribution of homology scores across various meth-
ods is showcased, with InstructPLM achieving an average homology score of 63.97,
surpassing ProteinMPNN/ESM-IF/PiFold by margins of 23.25/8.83/18.9, respec-
tively. Figure 2(B) provides a detailed breakdown of homology score distributions
across sequences of different lengths, demonstrating that InstructPLM maintains a
consistently high level of performance in the design of sequences with varying lengths.

2.2 Experimental Evaluation of InstructPLM

Although InstructPLM achieves significant improvement regarding in silico sequence
design metrics such as perplexity, sequence recovery, and homology score, we aim to
test its ability to design functional proteins. Specifically, we evaluate InstructPLM
on PETase (PDB code: 7SH6) and L-MDH (Uniprot: AOA319AA41). Notably, L-
MDH has no experimentally determined structure, thus we design L-MDH based on
its AF2-predicted structure. The design process is outlined in Figure 3(A). Utilizing
the backbone structure as a starting point, InstructPLM produces 10,000 potential
sequences via auto-regressive generation with top-p sampling (p = 0.9) and a temper-
ature of 0.8, as detailed in Section 4.3. The sequences’ structures are predicted using
ESMFold [39] and compared to the native structure with DeepScore from DeepAlign
package [40, 41] to calculate TM-Score, which is a measure of structural similarity.
Lastly, we choose the top sequences ranked by TM-Score for further experimentation.
Upon meticulous experimental evaluation, the sequences designed by our model for
the two proteins showed activity, demonstrating the model’s effectiveness. We provide
a detailed study of each designed enzyme in Section 2.2.1 and Section 2.2.2
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Fig. 3 Experimental evaluation of InstructPLM. (A) Overview of the protein design post-processing
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sequences. The structures of all sequences are predicted using ESMFold. DeepAlign is then employed
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2.2.1 PETase

Designing PETase poses a test of InstructPLM’s ability to improve upon naturally
occurring proteins. We select the top 15 sequences in terms of TM-Scores for exper-
imentation. The lengths of these 15 sequences vary from 261 to 269, reflecting the
InstructPLM’s capability to generate sequences of variable lengths.

When expressed in Escherichia coli, all 15 sequences designed by InstructPLM
show good expression levels. The PET hydrolysis reaction products — bis (2-
hydroxyethyl) terephthalate (BHET), mono (2-hydroxyethyl) terephthalate (MHET),
and terephthalic acid (TPA) — are quantified using high-performance liquid chro-
matography. All 15 sequences designed by InstructPLM have PET hydrolytic activity,
while 11 sequences are better than wild-type (PDB code: 5XJH), as shown in
Figure 3(B). Sequence alignment, as shown in Supplementary Information, reveals
that all 15 designed PETase sequences contain the strictly conserved catalytic triad
SER134-HIS212-ASP180. SER134 serves as the nucleophile and is located within
hydrogen-bond distance to be polarized by the base HIS212, which is in turn stabilized
by acid ASP180 [42]. Additionally, 4 out of 15 sequences have two intramolecular disul-
fide bridges (DS1:C177-C214 and DS2:C245-C262), and all (15/15) have DS2 bridge
connecting the C-terminal helix at the last loop. An example of a sequence generated
by InstructPLM featuring both the catalytic triad and the two disulfide bridges is
shown in Figure 3(E).

Through this comprehensive analysis, we observe that InstructPLM has effectively
learned the significance of catalytic and disulfide bridge residues, which is crucial for
enhancing the success rate of designed PETase enzymes. To further our understanding,
we perform two regression analyses to explore the correlation between (1) language
model loss (LM loss) and homology score (DEDAL score); and (2) LM loss and TM-
Score. The results, depicted in Figures 3(C) and 3(D), suggest that LM loss can be
a valuable metric for assessing the similarity in both sequence and structure between
designed and native proteins.

2.2.2 L-MDH

L-MDH (L-Malate dehydrogenase, Uniprot: AOA319AA41) is a key enzyme in the
citric acid cycle with no experimentally determined structure available. We rely on
AlphaFold2 [30] predicted structures as the basis for design. Following the same
protocol of PETase, we generate 10,000 sequences with InstructPLM, and select 15
sequences with the highest TM-Scores. Out of the 15 designed L-MDH sequences,
our experimental validation reveals that three exhibited detectable enzymatic activity.
While these active variants do not surpass the performance of the wild-type enzyme,
the fact that they demonstrated activity is a significant achievement, given the absence
of an experimentally confirmed structure for L-MDH. The ability to generate func-
tional enzymes based solely on computationally predicted structures underscores the
potential of combining advanced protein structure prediction tools like AlphaFold [30]
and structure design tools such as Chroma [43] with our design methodology. Notably,
both three sequences are shorter than wild-type, further demonstrating the flexibil-
ity and adaptability of our approach. We compare the L-MDH with three detectable

10



287

288

289

290

291

292

293

294

295

296

297

298

299

300

301

302

303

304

Table 2 Ablation results on pre-trained pLMs: the perplexity of CATH 4.2, TS50, and
TS500 is obtained based on different pre-trained ProGen2 models [45]. The number of trainable
parameters and the total parameters are shown. The best performance is shown in bold.

CATH 4.2 (test split) .
Method Short  Single-chain All TS50  TS500 Trainable/Total
ProGen2-small [45] 13.46 12.68 11.70 12.68 9.49 -
InstructPLM-small 11.02 10.47 10.28 | 10.38 8.67 5.9M/306M(2.0%)
ProGen2-base [45] 9.12 10.91 8.33 8.08 5.81 -
InstructPLM-base 8.17 9.30 7.03 7.03 5.70 13.7M/927M(1.5%)
ProGen2-large [45] 8.33 9.48 777 7.46 5.70 -
InstructPLM-large 7.10 7.10 5.75 5.26 4.62 34.6M/2.9B(1.2%)
ProGen2-xlarge [45] 5.47 6.11 5.05 5.05 3.82 -
InstructPLM-xlarge | 3.22 3.17 2.68 | 2.29 2.42 89.1M/6.6B(1.3%)
—e— ProGen2 —e—InstructPLM ProGen? (fitted) - InstructPLM (fitted)
Short Single-chain All TS50 TS500
12 \\ 11=50.43-1.9810g(x) 12 o 12 42171 63log(x) 1: o 11=47.96-1.90l0g(x) 14 11=35.17-1.39l0g(x)
2. 12=46.99-1.90l0g(x) 12F \\\‘ 1 121 e 12=46.02-1.89l0g(x) 12 N 12249.15-2.05l0g(x) 12 12=38.26-1.57log(x)
Z10 \ i £ 10p = T Ziof e i 210 ) 2 &
S| | ||l 3 5 5 N
= 8 \\‘\\ = 8 =8 =8 =8 \
T 6f Nl o 6f T 6 D6 36
&l \ &y by & 4 & 4 & 4 \—%:
2 ; 2 [12=45.68-1 83‘ og(x; 2 : 2 ; 2 .
108 109 1020 108 109 1010 108 109 1010 108 109 1010 108 100 1010
Parameters Parameters Parameters Parameters Parameters

Fig. 4 Scaling law of InstructPLM w.r.t. perplexity on CATH 4.2 and TS50/500 respectively.

enzymes by sequence alignment and found that all of them have the same activate site
HIS179 which hit the UniRule PIRSR: PIRSR000102-1 [44] (See Supplementary Infor-
mation). An example of L-MDH structure predicted by ESMFold [39] is also shown in
Supplementary Information.

2.3 Ablation Studies and Discussion on Model Designs
2.3.1 Scaling Law of InstructPLM

Scaling laws [46], in the context of large language models, refer to the observation that
the next token prediction loss of these models scales as a power-law in terms of the
number of parameters, the amount of training data, or the computational resources
used during training. In this work, we mainly investigate the relationship between
the perplexity of InstructPLM and the model size of its ProGen2 pLM decoder. The
ProGen2 model family [45] includes autoregressive pLMs whose model size ranges
from 151M to 6.4B. We conduct an ablation study by enumerating pLM decoder in
InstructPLM from ProGen2-small (151M parameters), ProGen2-base (764M param-
eters), ProGen2-large (2.7B parameters), and ProGen2-xlarge (6.4B parameters). All
other model configurations are the same as Section 4.2. The experimental results are
shown in Table 2 and Figure 4. On all five datasets, both ProGen and InstructPLM
follow the scaling law of large language models — their language model loss can be
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Table 3 Ablation study on protein backbone encoder: The perplexity of InstructPLM
with different protein backbone encoders and different types of embeddings on CATH 4.2 test
split, TS50, and T'S500. The best performance is shown in bold.

Dimension of CATH 4.2 (test split)
Method ‘ Backbone Emb. ‘ Short  Single-chain All TS50 TS500
InstructPLM-piFola 128 3.70 3.81 3.28 4.62 3.74
InstructPLM-gsnm-—1F 512 4.44 4.34 3.24 2.88 2.71
InstructPLM-pMpNN | 1152 | 3.22 3.17 2.68 | 2.29  2.42

Table 4 Ablation results on structure query length: the perplexity of
CATH 4.2, TS50, and TS500 is obtained based on structure guidance of
ProteinMPNN (7] embeddings. The amount of trainable parameters and total
parameters are shown. The best performance is shown in bold.

CATH 4.2 (test split)

#Queries Short  Single-chain All TS50 TS500 Trainable/Total

32 4.57 4.76 422 | 4.01 342 | 88.8M/6.6B(1.3%)
64 4.35 4.31 3.90 | 3.63  3.22 | 88.8M/6.6B(1.3%)
128 4.26 4.17 3.82 | 346  3.13 | 88.9M/6.6B(1.3%)
256 3.22 3.17 2.68 | 2.29  2.42 | 89.1M/6.6B(1.3%)
512 3.13 3.10 3.06 | 2.75  2.85 | 89.4M/6.6B(1. 3%)

predicted using a power-law with respect to the model size. Compared to ProGen2,
InstructPLM has achieved stable and consistent improvements across different model
sizes and various datasets. This not only demonstrates the effectiveness of cross-
modality alignment and instruction fine-tuning techniques we adopted in InstructPLM
but also suggests that protein sequence design tasks can continuously benefit from the
scaling of protein language models towards better performance.

2.3.2 Ablating Protein Backbone Encoder

We further ablate the usage of different protein backbone encoders in InstructPLM,
including the encoders of ProteinMPNN [7], ESM-IF [8] and PiFold [36]. For Pro-
teinMPNN, we concatenate the protein backbone representations encoded by nine
released ProteinMPNN models!, each with a dimension of 128, and finally obtain pro-
tein backbone embedding with a dimension of 128 x9 = 1152. For ESM-IF and PiFold,
we adopt their backbone encoders which represent protein backbone structures to
embeddings with dimensions of 512 and 128, respectively. Notably, although ESM-IF
is originally trained on CATH 4.3, we present results of InstructPLM-gsn_1r trained
on the CATH 4.2 dataset, mainly for a fair comparison. The experimental results are
detailed in Table 3. Among all datasets, we observe that InstructPLM-ppNN yields
the best performance, showing the robustness and effectiveness of ProteinMPNN.
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2.3.3 Ablating the Number of Learnable Queries in Adapter

To probe the expression power of the protein structure-sequence adapter for sequence
design, we conduct an ablation study on the number of learnable queries in the cross-
attention of the adapter. We demonstrate the sequence design performance in terms
of perplexity on the test split of CATH 4.2, TS50, and TS500 datasets. With other
hyper-parameters the same as the training phase, the query length is chosen from 32,
64, 128, 256, and 512 respectively. The detailed performance of InstructPLM with dif-
ferent numbers of queries is shown in Table 4. InstructPLM achieves better perplexity
as the increase of query length, illustrating how protein structure-sequence adapter
compresses and provides meaningful instructions to the ProGen2 decoder. However,
increasing the number of queries beyond 256 may lead to over-fitting. Although
InstructPLM with 512 queries achieves better perplexity than InstructPLM with 256
queries on two subsets of CATH 4.2 (i.e., Short and Single-chain), we can observe
significant performance drops on CATH 4.2 (All), TS50 and TS500. To utilize more
robust models, we set the number of queries to 256 by default.

3 Conclusion

We propose a novel protein design framework called InstructPLM that leverages cross-
modality alignment and instruction fine-tuning techniques. This innovative approach
enables the generation of proteins that are not only variable in length but also diverse,
adhering to specified structural guidelines. Significantly, InstructPLM’s ability to
produce variable-length sequences introduces a novel dimension to protein design —
mimicking the natural evolutionary processes of insertion and deletion. This capabil-
ity addresses a previously unmet need, as prior methods are limited to generating
sequences of fixed lengths. Furthermore, the proteins designed by our framework,
evidenced through rigorous experimentation, exhibit the desired functional character-
istics, demonstrating the efficacy and utility of our approach. To this end, we believe
that InstructPLM will serve as a powerful toolkit that facilitates advancements in
drug discovery, therapeutic proteins, and beyond.

4 Method
4.1 Model Architecture

For an input protein backbone, we aim to identify a suitable protein sequence S
where S = (s1, 52, --) which folds to the given structure. The overall framework
of InstructPLM contains three main components, including the pre-trained protein
backbone encoder, the protein structure-sequence adapter, and the pre-trained protein
language model decoder. We present our models step by step.

Yhttps://github.com/dauparas/ProteinMPNN, including four vanilla models, two soluble models, and
three C,, models.
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4.1.1 Protein Backbone Encoder

We first obtain structure embedding E € R"*Penc with a pre-trained structure
encoder, where n is the number of protein residues and D, is the embedding dimen-
sion of the structure encoder. The embedding dimension De,. can vary for different
encoders. We utilize structure encoders from well-established protein sequence design
methods, such as ProteinMPNN [7], ESM-IF [8], and PiFold [36]. To initialize these
models, we make use of the officially released pre-trained weights. Specifically, for Pro-
teinMPNN [7], we concatenate the embeddings from its nine models, which include
four vanilla models, two soluble models, and three C,, models.

4.1.2 Protein Structure-Sequence Adapter

The protein structure-sequence adapter consists of four main components: linear pro-
jection layers for aligning structural embeddings to a latent interaction space, a
dynamic positional encoding layer to capture residue-level connections for proteins,
a cross-attention layer with a set of learnable queries L € RN*Pace for knowledge
transfer, where N is a tunable hyper-parameter and Dg.. is determined by hidden
dimension of pre-trained sequence decoder. Finally, we deploy an output projection
layer that maps to language embeddings. To ensure the stability of module outputs,
we further incorporate three normalization layers.

For an input structure embedding F, the adapter will pad E with zeros to a fixed
length ng. We set ng to 512 by default. We first incorporate positional information
into the structure embedding E and learnable queries L. For protein sequences with
max length of ng, the positional encoding ProtPE is defined for each dimension ¢ =
0, ,Dgec/2 — 1 of the encoding at position pos =0,---ns — 1 as:

ProtPE [pos, 2i] = sin (p%%) ,
100007

pos (1)

ProtPE [pos, 2i + 1] = cos <2> .
10000

The structure embedding E is projected to the latent interaction space before
coupling with positional embedding;:

E’ = LayerNorm(EW) + ProtPE, (2)

where W € RPenexDace Ag the length of learnable queries L is inconsistent with the
input structure length ng, the positional information is injected into the queries by
adding the positional feature embeddings with evenly distributed stride:

L' = LayerNorm(L) + ProtPE[:: stride], (3)
where the stride = ng//N.

The cross-attention layer is formulated as a function that maps queries, keys, and
values to outputs. We define keys and values according to the structural embeddings
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in Equation 2 and query them with the learnable query as defined in Equation 3.
To enhance the model’s capacity to attend to information from different sub-spaces,
we employ a multi-head attention strategy [9], where the attention function is per-
formed in parallel across A different attention heads. For each attention head k €
{1,2,---, A}, the structural embeddings and queries are projected into the same
dimension by linear projections:

QF=L'W, K'=EWE, VF=EWE (4)

where Wéj7 W;@, W"} € RPaeeX Dk gare parameter matrices for queries, keys, and values,
respectively, and Dy, = Dyge./A represents the dimension of attention heads.

To transform the information from structural embeddings into the pre-defined
queries, we obtain the interaction score based on inner products:

k kT
H" = softmax (Q\/Il%) vk, (5)

This operation computes the similarity between the queries and keys, which is then
used to weight the values, effectively transferring the structural information to the
outputs. The multi-head attention outputs are then concatenated across heads and
linearly transformed to the final outputs of cross-attention:

O = Concat(H*, H? .- ,H" Wy, (6)

where each H* denotes independent outputs from a specific attention head, and W €
RPacexDace ig the parameter matrix for the final linear transformation.

Finally, a normalization layer and a linear projection layer W, € RPdccxDace are
adopted to transform the attention output to the prompt P of the pLMs,

P = LayerNorm(O)W,,. (7)

Further details regarding the model’s weight initialization scheme and training
hyperparameter settings are shown in Supplementary Information.

4.1.3 Protein Language Model Decoder

We utilize a pre-trained large protein language model as our sequence decoder. Specif-
ically, we use ProGen2 [45] as our decoder, as ProGen2 is currently the largest and
open-sourced auto-regressive protein language model. Given the structure prompt P
obtained by previous steps, we concatenate the prompt P with the special token ‘1’
(following ProGen2, where ‘1’ indicates the N-terminal side of the sequence.) and send
it to the sequence decoder model. The decoder generates the protein sequence from the
conditional probability distribution of the next token in an auto-regressive manner,

StN,P(St|P,L17,81,...,St_1). (8)
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For the fixed-length generation, we auto-regressively sample from the probability
distribution in Equation 8 for n iterations. While for open-ended generation, we auto-
regressively sample from the probability distribution in Equation 8 until encountering
the C-terminal token, namely ‘2’. By integrating these components and techniques,
InstructPLM efficiently processes protein structural embeddings on high-dimensional
latent space and generate corresponding protein sequences.

4.2 Training

The InstructPLM is trained on the CATH 4.2 training set and validated on the
CATH 4.2 validation set, no other data are included during training, suggesting the
data efficiency of our methods. The training objective is to minimize the cross-entropy
loss at the protein-token level, which measures the discrepancy between the predicted
and ground-truth amino acid sequences.

n+1
ménL(S,@) :—Zlog”P@(st|P, 181,00, 8-1), 9)

t=1

where © represents the trainable parameters of the model, all from the protein
structure-sequence adapter. The logarithm term computes the log-likelihood of the
amino acid s given the protein structure prompt P and the preceding sequence tokens
‘1’, $1,.-.,8—1- In addition, we also minimize the loss of the special C-terminal side
token ‘2’ to ensure InstructPLM can stop properly at the end of sequences. Thus we
append the special token ‘2’ at the end, i.e., sp+1 = ‘2".

We use Adam [47] optimizer with a maximum learning rate of 1e=*, and a constant
learning rate warm-up is applied for the first 5,000 steps to stabilize the learning pro-
cess. The training procedure is performed on four NVIDIA A100 GPUs, with a batch
size of 16 on each GPU, and using BF16 precision, enabling efficient parallel processing
and reduced training time. The whole training configuration is summarized in Supple-
mentary Information. By leveraging this training methodology, InstructPLM learns to
effectively capture the relationship between protein structures and sequences, enabling
accurate generation of sequences from given structural information. The frozen pre-
trained ProGen2 provides a solid foundation, while the adapter focuses on learning
the cross-modality alignment, offering a powerful solution to protein sequence design.

4.3 Protein Sequence Generation

For the distribution Pg(S|P) learned by the InstructPLM, we use nucleus sam-
pling [48] and temperature scaling to generate sequences. We first employ a
temperature parameter 7 to modulate the sharpness of the distribution,

P@(5t|P7‘1’7517"'ast—l)l/T
Z] P@(St :j‘Paél’vsla"'aSt—l)l/T

,P/@(St‘P,‘l’,Sl,...,St_l): (10)
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A lower temperature value causes the distribution to become sharper, reducing the
diversity of designed protein sequences. Then, nucleus sampling is adopted for truncat-
ing the distribution to retain a subset (nucleus) that cumulatively covers a probability
mass threshold specified by a hyperparameter top-p p. This method mitigates issues
associated with other sampling approaches, such as the high randomness of pure sam-
pling or the deterministic nature of greedy and beam search strategies. Formally, for
the next token s; over the vocabulary V, the smallest set V' of tokens is chosen by:

Z P/@(St|Pa‘177817'"7St71> zpa (11)
sceV/

Finally, we sample new tokens from V' based on P’.

In the context of generating fixed-length protein sequences, we stop the generation
process when the InstructPLM attains the pre-defined length. When InstructPLM
predicts the C-terminal side token before meeting the pre-defined length, we modify the
token probability by setting the probability of the C-terminal side to 0 and continuing
the generation process.

In the recovery rate (Table 1), and DEDAL (Figure 2(A)) benchmark, we first
reproduce the result of three baselines (ProteinMPNN, PiFld, ESM-IF) utilizing the
official codebase with temperature 7 = 0.15. We generate 20 sequences for each
structure and report the mean recovery rate of 20 sequences as the final result. For
InstructPLM, we adopt the fix-length generation for the recovery rate benchmark with
the same temperature and a top-p of 0.9. In terms of the DEDAL benchmark, we let
InstructPLM generate open-ended sequences with the same setting (7 = 0.15,p = 0.9)
for fair comparison.

When designing functional proteins, for a comprehensive exploration of the
sequence space, we scale up our generation process to produce 10,000 sequences with
a temperature of 0.8 and a top-p of 0.9. This extensive generation process facili-
tates a robust evaluation of the InstructPLM’s ability to produce a wide array of
plausible protein sequences conditioned on structural data, thereby enabling a more
thorough assessment of the model’s performance and utility in computational biology
and protein engineering tasks.

4.4 Experiment Details of Functional Proteins

We evaluate InstructPLM on two different proteins. PETase, a recently identified
enzyme with the capability to degrade polyethylene terephthalate (PET), a common
plastic, poses a test of InstructPLM’s ability to improve upon naturally occurring
proteins. To further validate the generality and applicability of InstructPLM, we also
investigate the designed sequences on L-MDH. L-MDH (Uniprot: AOA319AA41) is an
important enzyme involved in the citric acid cycle, represents a fundamental metabolic
process, and the absence of its definitive structure necessitates predictive modeling,
testing the algorithm’s ability to function in the absence of solid experimental data.
These proteins are chosen based on their varied structures and biological functions,
presenting diverse challenges for InstructPLM and allowing us to probe the algorithm’s
versatility and robustness.
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4.4.1 Enzyme Expression and Purification of PETase

The recombinant bacteria were inoculated into LB liquid medium (100 pg/mL ampi-
cillin) and grown overnight at 37°C/200 r.p.m. for 14 h. The 2% cell cultures were
transferred into 100 mL LB liquid medium (100 pg/mL ampicillin) and were shaken at
37°C /200 r.p.m. for 3 h. When the optical density at 600 nm (O Dgoo) reached 0.6-0.8,
isopropyl-1-thio-3-D-galactopyranoside (IPTG) was added to final concentrations of
0.1 mM and grown overnight at 20°C/200 r.p.m. for 24 h. Subsequently, supernatants
were collected by centrifugation (8000 x g for 10 min at 4 °C), and resuspended in 50
mM Tris-HCI buffer (pH 7.5) after washing twice with buffer (pH 7.5). The washed
cells with 1 mg/mL lysozyme were disrupted by sonication (3-sec pulse on, 5-sec pulse
off, AMP 35%). Cell debris was removed by centrifugation at 4°C, 8000 x g for 1 h,
and the supernatants were filtrated by a 0.22 pm filter (Choice filter, Thermo Scien-
tific). To obtain the purified enzymes, the supernatant, the samples were then applied
to a 5 pg/mL HisTrap HP column (GE Healthcare). After washing unbound proteins
(20 mM imidazole), the target protein was collected by 250 mM imidazole. The con-
centration of protein was determined using a protein assay kit (BCA Protein Assay
Kit; Genstar, Beijing, China) with BSA as the standard and the purity of each protein
was checked by SDS-PAGE analysis.

4.4.2 PET Depolymerization Assay

To evaluate the variants’ activities, the amorphous gf-PET film (Goodfellow, 1 mm
thickness, 6 mm, roughly 67 mg) was soaked in 1950 mL of 50 mM Tris-HCI buffer
(pH 8.5) and 50 pL of crude enzyme was added every 24 hours at of 40 °C. The reactions
were terminated by heat treatment (100°C, 10 min). The supernatant obtained by
centrifugation (8,000 x g for 5 min) was then analyzed by high-performance liquid
chromatography (HPLC, Agilent 1200 and Ultimate 3000 UHPLC systems), equipped
with a Welch Ultimate XBC18 column (4.6 x 250 mm, 5pm, Welch Materials, Inc.,
Shanghai, China) to quantify PET monomers released from PET depolymerization.
The mobile phase was 40% methanol with 0.12% acetic acid (pH 2.5) at a flow rate
of 0.7 mL/min, and the effluent was monitored at a wavelength of 240 nm.

4.4.3 Enzyme Expression and Purification of L-MDH

The E. coli DH5a was used for plasmid construction, and E. coli BL21 (DE3) was
applied for gene expression. The gene was synthesized into the pET28 expression
plasmid. All BL21 (DE3) strains containing expression plasmids were cultivated in
Luria—Bertani (LB) liquid medium (5 g/L yeast extract, 10 g/L tryptone, 10 g/L
NaCl). And were inoculated at 37°C with constant shaking at 220 r.p.m. Terrific
Broth (TB) medium, 24 g/L yeast extract, 12 g/L peptone, 4 mL glycerol, 2.31 g/L
KH2PO4, and 12.54 g/L K2HPO4, was the fermentation medium of the engineered
strains. The medium was supplemented with 50 pg/mL kanamycin (kan) according
to the screening markers carried by expression plasmids. Shake flask fermentation
was performed as follows: the engineered strains constructed with different expression
plasmids were grown in 5 mL of LB liquid medium overnight at 37 °C. Then, 50 pL.
of the seed liquid was used to inoculate in 5 mL of TB medium. Cells were cultured
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at 37°C until ODggg reached up to 2-4, then Isopropyl S-D-1-thiogalactopyranoside
(IPTG) was added to a final concentration of 0.3 mM. The fermentation was allowed
to continue at 28 °C for an additional 10 h.

4.4.4 L-MDH Activity Assay

For L-MDH activity, 1 mL of fermentation broth was collected and centrifuged at
15000 x g for 3 min to obtain cell precipitation at 4°C. The cell precipitates were
then resuspended in 1ml of phosphate-buffered saline (PBS). The cell suspensions were
lysed by sonication on ice: 30% power, working 5 s, interval 5 s for 10 min, to obtain
the MDH crude enzyme solution. The total reaction system is 200 pL, including 50
mM PBS (176 uL.), 200 mM oxobutanedioic acid (2pnL), 200 mM NADH+, and 20 L
dilution of crude enzyme solution. Then the change of absorbance at 340 nm was
detected and read absorbance data every 10s within 3 min. The enzyme activity was
calculated according to the following formula: U/min = [A A/min] X [1/€] x 1000
(e= 6.22 L/(mmol/cm).

Data Availability

All relevant data used to create training and evaluation inputs are available from public
sources.CATH dataset (v4.2) is available at https://people.csail.mit.edu/ingraham/
graph-protein-design/data/, TS50 and T'S500 dataset are available at https://zenodo.
org/records/6650679#/.ZDJINhVByhY [49]. The structure of FAST-PETase [50] is
available in the PDB with accession numbers 7SH6. For L-MDH, the structure is
available at UniProt (https://www.uniprot.org/uniprotkb/A0A319AA41/entry/).

Code Availability

We used ESM-Fold [39] from fair-esm v2.0.0 (https://pypi.org/project/fair-esm/2.
0.0/) for structure prediction. TM-Score calculation used DeepScore v1.12 (https:
//github.com/realbigws/DeepAlign). Other data analysis used Python v3.11.8 (https:
//www.python.org/), NumPy v1.24.3 (https://numpy.org), Matplotlib v3.7.1 (https:
//matplotlib.org/), seaborn v0.13.2 (https://github.com/mwaskom/seaborn) and
Veusz v3.6.2 (https://github.com/veusz/veusz). ProteinMPNN structure embed-
ding and benchmarking were done with a customized code (https://github.com/
chq1155/ProteinMPNN). ESM-IF (https://github.com/facebookresearch/esm) and
PiFold (https://github.com/A4Bio/PiFold) benchmarking were done with official
code. Structure visualizations were created in Mol* [51] (https://github.com/
molstar/molstar). Source code for the InstructPLM and trained weights are
available under an open-source license at https://huggingface.co/InstructPLM/
MPNN-ProGen2-xlarge-CATH42. Inference and generation scripts are available under
an open-source license at https://github.com/Eikor /InstructPLM. Training code for
InstructPLM is not provided.
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