Supplementary Information
RepMOBO: Representation-Guided Multi-Objective Bayesian Optimization for Pareto-Optimal MOF Discovery

Supplementary Note 1 — MOF library curation and Manual descriptor definitions
S1.1 Source library and curation principles
The starting library comprised 15,333 computation-ready structures from the CoRE MOF 2019 database1. Each structure was assigned a unique MOF identifier, which was retained throughout structure processing, descriptor construction and downstream data alignment.
The curation workflow was defined before any adsorption-label analysis and did not use uptake thresholds, target-specific rankings, model predictions or Pareto information. Structure-derived quantities were calculated to assess structural processability, descriptor completeness and numerical validity required for downstream modelling. The final candidate library was fixed before representation benchmarking, oracle Pareto analysis and retrospective multi-objective Bayesian optimization.
S1.2 Manual descriptor definitions and calculation
The Manual representation comprised 14 handcrafted physicochemical descriptors spanning pore geometry, framework composition, electronegativity heterogeneity, local metal coordination and compositional unsaturation. These descriptors were pore-limiting diameter (PLD), largest cavity diameter (LCD), volumetric surface area (VSA), helium-accessible void fraction, framework density, the atomic fractions of carbon, oxygen, nitrogen, halogens and metals, the composition-weighted mean and standard deviation (s.d.) of Pauling electronegativity (EN), mean metal coordination number and carbon-normalized total degree of unsaturation (normalized TDU). All descriptors were calculated from the curated crystallographic structures, independently of the CEES, DMMP and EtCl adsorption labels.
PLD and LCD were calculated using Zeo++2. VSA and void fraction were obtained from probe-accessible geometry calculations in RASPA3 using N₂ and He probes, respectively. Framework density was calculated from the Zeo++. The elemental atomic fractions were derived from unit-cell compositions parsed using pymatgen4. Mean EN and EN s.d. were calculated from the elemental atomic fractions and Pauling electronegativity values. Mean metal coordination number was calculated using CrystalNN in pymatgen with MOF-oriented parameters (weighted_cn=True, x_diff_weight=1.5, and search_cutoff=4.5 Å). Site-wise weighted coordination numbers were averaged over all metal sites in each framework5,6. Normalized TDU was calculated from the unit-cell composition by normalizing the total degree of unsaturation by the number of carbon atoms. Definitions, formulae, units, calculation sources and physical interpretations are summarized in Supplementary Table 1.
Supplementary Table 1 | Manual descriptor definitions
	Descriptor
	formula
	Unit
	Calculation source
	Physical interpretation

	PLD
	
	Å
	Zeo++ 
	Narrowest diffusion bottleneck

	LCD
	
	Å
	Zeo++
	Size of the largest accessible cavity

	VSA
	
	m² cm⁻³
	RASPA, N₂ probe
	Accessible surface area per unit volume

	Void Fraction
	
	dimensionless
	RASPA, He probe
	Probe-accessible pore-volume fraction

	Density
	
	g cm⁻³
	Zeo++ 
	Framework compactness

	C Fraction
	
	dimensionless
	pymatgen
	Relative carbon content

	O Fraction
	
	dimensionless
	pymatgen
	Relative oxygen content

	N Fraction
	
	dimensionless
	pymatgen
	Relative nitrogen content

	Halogen Fraction
	
	dimensionless
	pymatgen
	Relative halogen content

	Metal Fraction
	
	dimensionless
	pymatgen
	Relative metal content

	Mean EN
	
	dimensionless
	pymatgen
	Composition-weighted electronegativity

	EN s.d.
	
	dimensionless
	pymatgen
	Electronegativity heterogeneity

	Mean Metal Coord
	
	dimensionless
	pymatgen
	Average CrystalNN-weighted metal-site coordination

	Normalized_TDU
	
	dimensionless
	pymatgen
	Carbon-normalized compositional unsaturation


In Supplementary Table 1,  and  denote the N₂-probe-accessible surface area and He-probe-accessible volume, respectively;  and  denote the unit-cell volume and framework mass; and  denotes the total number of atoms in the parsed crystallographic unit cell. For element , , and denote its atom count, atomic fraction and Pauling electronegativity, respectively. and denote the composition-weighted mean and standard deviation of electronegativity. denotes the number of metal sites, and  denotes the weighted coordination number assigned by CrystalNN to metal site . The total halogen count is , and .
S1.3 Curation workflow, quality-control criteria and final library
The 15,333 structures were processed through five sequential curation stages. Structures with missing or zero-valued geometric descriptors. This step removed 5,170 structures and retained 10,163. The remaining structures were processed using the open_metal_site_detector workflow as an additional structure-quality and processability check. Structures that could not be processed reliably were excluded, removing 783 structures and leaving 9,380 structures.
The retained CIF files were subsequently checked using pymatgen and Zeo++. Pymatgen was used to parse each CIF into a valid Structure object, whereas Zeo++ was used to test geometry-processing availability. The combined checks removed 327 structures and retained 9,053. A stricter CIF quality-control workflow was then applied, combining automated crystallographic checks with composition-based sanity checks. Each structure was assigned an issue level of OK, WARN or ERROR, and only structures classified as OK were retained. This stage removed 1,433 structures, including 731 WARN and 702 ERROR entries, leaving 7,620 structures.
Structures retained for dataset analysis and retrospective multi-objective Bayesian optimization. A structure was excluded if its density was below 100 kg m⁻3; if either LCD or PLD exceeded 50 Å while the density was below 300 kg m⁻³; if Mean Metal Coord exceeded 12; or if Mean Metal Coord was below 2. This stage removed 88 structures and yielded the final library of 7,532 MOFs. Supplementary Table 2 summarizes the complete dataset attrition.
Supplementary Table 2 | Dataset curation workflow
	Curation step
	Main criterion
	Structures before step
	Structures excluded
	Structures retained

	Initial CoRE MOF 2019 library
	Raw structure collection
	15,333
	—
	15,333

	Zero-value geometry filter
	Removed structures with zero porosity, VSA, PLD, LCD or density
	15,333
	5,170
	10,163

	Open-metal-site analysis check
	Removed structures not reliably processed by the open-metal-site analysis workflow
	10,163
	783
	9,380

	pymatgen and Zeo++ processing check
	Removed structures with pymatgen parsing failures or Zeo++ processing failures
	9,380
	327
	9,053

	CIF quality-control workflow
	Removed WARN or ERROR structures after crystallographic and composition sanity checks
	9,053
	1,433
	7,620

	Edge-case structure filter
	Removed structures with extreme density, pore-size or metal-coordination values
	7,620
	88
	7,532

	Final curated pool
	Structures retained for modelling and retrospective multi-objective Bayesian optimization
	7,532
	—
	7,532


The CIF quality-control stage was applied to the 9,053 structures that passed the preceding processability checks. The workflow screened for parsing failures, invalid element symbols, invalid lattice parameters, non-positive unit-cell volumes, invalid or partial occupancies, crystallographic disorder, close interatomic contacts, absence of carbon or metal atoms, disagreement between the reported formula and parsed composition, and negative TDU values. Each structure was assigned a final status of OK, WARN or ERROR. Of the 9,053 structures, 7,620 were classified as OK and retained, whereas 731 WARN and 702 ERROR structures were excluded, giving 1,433 unique exclusions at this stage.
Minimum interatomic distances below 0.50 Å were classified as severe close contacts, whereas distances from 0.50 to 0.80 Å generated a warning. Carbon-free structures were flagged before carbon-normalized TDU values were calculated. TDU-based quantities were used as composition-level quality-control indicators rather than as formal assignments of bond order or oxidation state.
A single structure could trigger more than one issue flag. Supplementary Table 3 therefore reports the frequencies of selected issue flags rather than mutually exclusive exclusion categories, and the reported counts are not expected to sum to the 1,433 structures excluded during CIF quality control.
Supplementary Table 3 | Frequencies of selected issue flags identified during CIF quality control
	Issue category
	Criterion
	Number of flagged structures

	Severe close contact
	Minimum interatomic distance < 0.50 Å
	702

	Close-contact warning
	Minimum interatomic distance from 0.50 to 0.80 Å
	1,210

	Missing carbon
	No carbon atom detected in the parsed structure
	196

	Negative TDU
	TDU or Normalized_TDU < 0
	175

	CIF syntax or atom-label issue
	Duplicate atom labels or related CIF syntax problems
	12


The final curated library contained 7,532 MOFs with complete values for all 14 Manual descriptors. No descriptor imputation was applied, and no additional representation-specific or search-policy-specific filtering was performed after the library had been fixed. The same candidate set was used for dataset-level analyses, representation benchmarking and retrospective multi-objective Bayesian optimization.


Supplementary Note 2 — GCMC simulation protocols and adsorption-label construction
S2.1 Target vapours and GCMC simulation setup
The three adsorption targets were 2-chloroethyl ethyl sulfide (CEES), dimethyl methylphosphonate (DMMP) and chloroethane (EtCl; ethyl chloride). Each target was simulated separately as the trace component of an air-like ternary mixture containing N₂, O₂ and one target vapour. The production-averaged absolute uptake of the target component was used as the corresponding adsorption label.
All adsorption simulations were performed using RASPA 2.0.47 in the grand canonical ensemble at 298 K and a total pressure of 101.325 kPa. The gas-phase mole fractions were 0.789 for N₂, 0.210 for O₂ and 0.001 for the target vapour, corresponding to a target-vapour concentration of 1,000 ppm. The fugacity coefficient of each gas-phase component was set to unity, corresponding to an ideal-gas treatment of the gas-phase reservoir. MOF frameworks were treated as rigid, with framework atoms fixed at their crystallographic positions. Intraframework bonded interactions were therefore not sampled during GCMC. This approximation preserved the crystallographic pore geometry while making high-throughput simulations computationally tractable.
Each simulation comprised 50,000 equilibration cycles followed by 50,000 production cycles. Translation, rotation, reinsertion, insertion and deletion moves were used to sample the adsorbate configurations. The same simulation settings were applied to all 7,532 MOFs and to each of the three target-vapour mixtures. Framework and adsorbate force-field assignments, combining rules and non-bonded interaction treatments are described in Sections S2.2.
The CEES, DMMP and EtCl adsorption labels were aligned with the final curated library using the unique MOF identifiers. The resulting label table contained 7,532 rows and three adsorption-target columns. All uptake values were reported in mol kg⁻¹ and treated as maximization objectives. Every curated MOF had complete labels for all three targets, and label alignment did not result in any additional material exclusion.
Supplementary Table 4 | Target-vapour and adsorption-label definitions
	Target
	Full name
	Mixture
	Reported label
	Unit

	CEES
	2-Chloroethyl ethyl sulfide
	N₂/O₂/CEES
	Absolute CEES uptake
	mol kg⁻¹

	DMMP
	Dimethyl methylphosphonate
	N₂/O₂/DMMP
	Absolute DMMP uptake
	mol kg⁻¹

	EtCl
	Chloroethane (ethyl chloride)
	N₂/O₂/EtCl
	Absolute EtCl uptake
	mol kg⁻¹



S2.2 Force-field models and non-bonded interactions
Framework Lennard–Jones parameters were assigned from the Universal Force Field7, and framework partial charges were assigned using the EQeq method8. N29, O210, CEES11, DMMP12 and EtCl13 were represented using published molecule-specific fixed interaction-site models, including TraPPE-family models for N2 and DMMP. All adsorbate models employed Lennard–Jones parameters and fixed partial charges. Short-range dispersion and repulsion were described by the Lennard–Jones potential:
		(1)
Here, is the distance between interaction sites and , is the Lennard–Jones well depth and is the Lennard–Jones size parameter. Cross Lennard–Jones parameters for unlike interaction sites were obtained using the Lorentz–Berthelot combining rules:
		(2)
		(3)
Lennard–Jones interactions were truncated at 12 Å, and long-range Lennard–Jones tail corrections were not applied. Electrostatic interactions were evaluated separately using Ewald summation with a 12 Å real-space cutoff. Supplementary Table 5 lists the Lennard–Jones parameters assigned to all framework atom types in the RASPA force-field definition. The well depth is reported as in kelvin (K), where is the Boltzmann constant, and the size parameter is reported in ångströms (Å).
Supplementary Table 5 | Framework Lennard–Jones parameters
	Atom 
	ε/kB [K] 
	σ [Å] 
	Atom 
	ε/kB [K] 
	σ [Å] 
	Atom 
	ε/kB [K] 
	σ [Å] 

	Ac 
	16.60 
	3.10 
	Ge 
	190.69 
	3.81 
	Po 
	163.52 
	4.20 

	Ag 
	18.11 
	2.80 
	Gd 
	4.53 
	3.00 
	Pr 
	5.03 
	3.21 

	Al 
	254.09 
	4.01 
	H 
	22.14 
	2.57 
	Pt 
	40.25 
	2.45 

	Am 
	7.04 
	3.01 
	Hf 
	36.23 
	2.80 
	Pu 
	8.05 
	3.05 

	Ar 
	93.08 
	3.45 
	Hg 
	193.71 
	2.41 
	Ra 
	203.27 
	3.28 

	As 
	155.47 
	3.77 
	Ho 
	3.52 
	3.04 
	Rb 
	20.13 
	3.67 

	At 
	142.89 
	4.23 
	I 
	170.57 
	4.01 
	Re 
	33.21 
	2.63 

	Au 
	19.62 
	2.93 
	In 
	301.39 
	3.98 
	Rh 
	26.67 
	2.61 

	B 
	90.57 
	3.64 
	Ir 
	36.73 
	2.53 
	Rn 
	124.78 
	4.25 

	Ba 
	183.15 
	3.30 
	K 
	17.61 
	3.40 
	Ru 
	28.18 
	2.64 

	Be 
	42.77 
	2.45 
	Kr 
	110.69 
	3.69 
	S 
	137.86 
	3.59 

	Bi 
	260.63 
	3.89 
	La 
	8.55 
	3.14 
	Sb 
	225.91 
	3.94 

	Bk 
	6.54 
	2.97 
	Li 
	12.58 
	2.18 
	Sc 
	9.56 
	2.94 

	Br 
	126.29 
	3.73 
	Lu 
	20.63 
	3.24 
	Se 
	146.42 
	3.75 

	C 
	52.83 
	3.43 
	Lr 
	5.53 
	2.88 
	Si 
	202.27 
	3.83 

	Ca 
	119.75 
	3.03 
	Md 
	5.53 
	2.92 
	Sm 
	4.03 
	3.14 

	Cd 
	114.72 
	2.54 
	Mg 
	55.85 
	2.69 
	Sn 
	285.28 
	3.91 

	Ce 
	6.54 
	3.17 
	Mn 
	6.54 
	2.64 
	Sr 
	118.24 
	3.24 

	Cf 
	6.54 
	2.95 
	Mo 
	28.18 
	2.72 
	Ta 
	40.75 
	2.82 

	Cl 
	114.21 
	3.52 
	N 
	34.72 
	3.26 
	Tb 
	3.52 
	3.07 

	Cm 
	6.54 
	2.96 
	Na 
	15.09 
	2.66 
	Tc 
	24.15 
	2.67 

	Co 
	7.04 
	2.56 
	Ne 
	21.13 
	2.66 
	Te 
	200.25 
	3.98 

	Cr 
	7.55 
	2.69 
	Nb 
	29.69 
	2.82 
	Th 
	13.08 
	3.03 

	Cu 
	2.52 
	3.11 
	Nd 
	5.03 
	3.18 
	Ti 
	8.55 
	2.83 

	Cs 
	22.64 
	4.02 
	No 
	5.53 
	2.89 
	TI 
	342.14 
	3.87 

	Dy 
	3.52 
	3.05 
	Ni 
	7.55 
	2.52 
	Tm 
	3.02 
	3.01 

	Eu 
	4.03 
	3.11 
	Np 
	9.56 
	3.05 
	U 
	11.07 
	3.02 

	Er 
	3.52 
	3.02 
	O 
	30.19 
	3.12 
	V 
	8.05 
	2.80 

	Es 
	6.04 
	2.94 
	Os 
	18.62 
	2.78 
	W 
	33.71 
	2.73 

	F 
	25.16 
	3.00 
	P 
	153.46 
	3.69 
	Xe 
	167.04 
	3.92 

	Fe 
	6.54 
	2.59 
	Pa 
	11.07 
	3.05 
	Y 
	36.23 
	2.98 

	Fm 
	6.04 
	2.93 
	Pb 
	333.59 
	3.83 
	Yb 
	114.72 
	2.99 

	Fr 
	25.16 
	4.37 
	Pd 
	24.15 
	2.58 
	Zn 
	62.39 
	2.46 

	Ga 
	208.81 
	3.90 
	Pm 
	4.53 
	3.16 
	Zr 
	34.72 
	2.78 


The interaction sites, multiplicities, Lennard–Jones parameters and partial charges used for N₂, O₂, CEES, DMMP and EtCl are listed in Supplementary Table 6. The centre-of-mass pseudo-sites in N2 and O2 carried charge but no Lennard–Jones interaction. The site order and intramolecular geometry of CEES, DMMP and EtCl were specified in the corresponding RASPA molecule-definition files.
Supplementary Table 6 | Adsorbate Lennard–Jones parameters and partial charges
	Molecule
	Site
	Multiplicity
	ε/kB (K)
	σ (Å)
	Charge (e)

	N₂
	N_n2
	2
	36.00
	3.31
	-0.482

	N₂
	N_com
	1
	0.00
	0.00
	0.964

	O₂
	O_o2
	2
	49.00
	3.02
	-0.113

	O₂
	O_com
	1
	0.00
	0.00
	0.226

	DMMP
	CH3_O_DMMP
	2
	98.00
	3.75
	0.28

	DMMP
	O_CH3_DMMP
	2
	55.00
	2.80
	-0.53

	DMMP
	P_DMMP
	1
	86.00
	4.00
	1.44

	DMMP
	O_P_DMMP
	1
	79.00
	3.05
	-0.8

	DMMP
	CH3_P_DMMP
	1
	98.00
	3.75
	-0.14

	CEES
	CH2_CEES
	3
	48.70
	3.36
	0.14

	CEES
	CH3_CEES
	1
	98.00
	3.75
	0.086

	CEES
	S_CEES
	1
	228.70
	3.33
	-0.376

	CEES
	Cl_CEES
	1
	150.67
	3.47
	-0.13

	EtCl
	CH3_C2H5Cl
	1
	98.00
	3.75
	0

	EtCl
	CH2_C2H5Cl
	1
	46.00
	3.95
	0.13

	EtCl
	Cl_C2H5Cl
	1
	149.00
	3.42
	-0.13



S2.3 Adsorption-label extraction and alignment
For each simulation, the production-stage average absolute loading of the target vapour was extracted from the RASPA output. The CEES loading from the N₂/O₂/CEES mixture, the DMMP loading from the N₂/O₂/DMMP mixture and the EtCl loading from the N₂/O₂/EtCl mixture were used as the corresponding adsorption labels. Background N₂ and O₂ loadings were not used as optimization targets.
Simulation outputs were checked for normal termination, file availability and successful parsing of the target-vapour loading. The extracted labels were aligned to the curated structure table by MOF identifier and stored as mass-normalized absolute uptake in mol kg⁻¹. The final aligned dataset contained complete CEES, DMMP and EtCl labels for all 7,532 curated MOFs.


Supplementary Note 3 — Single-vapour statistics and oracle Pareto definitions

S3.1 Full-library multi-objective problem and oracle reference
The curated library contained  MOFs with complete GCMC-derived adsorption labels for CEES, DMMP and EtCl. We denote the finite candidate library by . For each MOF , the three-objective adsorption vector was defined as . All three objectives were maximized. No weighted scalarization was used to determine Pareto membership because such a transformation would impose a predefined trade-off among CEES, DMMP and EtCl uptake.
The complete adsorption-label table was treated as the full-library oracle. It was used to define the target-specific rankings, oracle Pareto set and oracle Pareto layers reported in the dataset-level analysis. During retrospective Bayesian-optimization runs, candidate-specific objective values were revealed only for the initially evaluated and subsequently queried MOFs.
The non-dominated subset of the materials evaluated at a given optimization round therefore formed a current, budget-dependent Pareto approximation. In contrast, the Pareto set computed from all 7,532 labelled MOFs was fixed and served as the oracle reference for evaluating discovery performance.

S3.2 Pareto dominance, Pareto front and non-dominated layers
For two MOFs , MOF was defined to Pareto-dominate MOF , denoted , when was no worse than for every adsorption objective and strictly better for at least one objective:
	 	(4)
and
	 	(5)
where
	 	(6)
The strict oracle Pareto set was defined as the set of materials that were not dominated by any other MOF in the complete library:
	 	(7)
The corresponding objective vectors formed the strict oracle Pareto front:
	 	(8)
Thus, the Pareto set refers to the identities of the non-dominated MOFs in the candidate library, whereas the Pareto front refers to their locations in the CEES–DMMP–EtCl objective space. For consistency with the main text, the term strict oracle Pareto front is also used when referring collectively to the corresponding oracle materials. Identical objective vectors did not dominate one another because Pareto dominance required strict improvement in at least one objective.
Subsequent Pareto layers were constructed by iterative non-dominated peeling. The initial remaining set was
	 	(9)
For layer , the non-dominated materials in the current remaining set were assigned to
	 	(10)
where denotes the non-dominated subset. These materials were then removed before calculating the next layer:
	 	(11)
The combined top-3 Pareto set was defined as
	 	(12)
The full-library oracle contained 15 strict Pareto-optimal MOFs in . Layers and contained a further 98 MOFs, giving 113 materials in . Supplementary Table 7 summarizes these oracle material groups.
Supplementary Table 7 | Sizes of the oracle Pareto material groups
	Material group
	Definition
	Number of MOFs
	Fraction of library

	Strict oracle Pareto front
	P1
	15
	0.20%

	Near-front layers
	P2 ∪ P3
	98
	1.30%

	Top-3 Pareto set
	P1 ∪ P2 ∪ P3
	113
	1.50%

	Remaining library
	M \ (P1 ∪ P2 ∪ P3)
	7,419
	98.50%



S3.3 Single-vapour tail statistics and target relationships
For each target vapour , the full set of 7,532 MOFs was ranked in descending order of the original GCMC uptake. The single-vapour Top-1% set contained the first entries in this ranking. The target-specific set was defined as
	 	(13)
where rank denotes the descending uptake rank and denotes the complete candidate library. The first 76 ranked entries were retained so that each target-specific set had the same fixed size. The corresponding Top-1% cutoff was defined as the lowest uptake among the materials in :
	 	(14)
The cutoff lines shown in Fig. 2b therefore represent rank-based thresholds rather than interpolated 99th-percentile values. Overlap between the Top-1% sets of two target vapours and was calculated as the cardinality of their intersection:
	 	(15)
The three-way overlap was calculated analogously from the intersection of the CEES, DMMP and EtCl Top-1% sets. These set-intersection counts were used to construct the UpSet plot in Fig. 2a.The uptake distributions in Fig. 2b were generated as histograms of the original, untransformed GCMC uptake values. The count axis was displayed on a logarithmic scale to resolve the sparsely populated high-uptake tails. Histogram binning was used only for visualization and did not affect the Top-1% rankings or cutoff values.
Pairwise relationships among the three adsorption targets were quantified using Spearman rank correlation across all 7,532 MOFs:
	 	(16)
where and denote the full-library uptake vectors for targets and , respectively. No logarithmic or other transformation was applied before ranking. The resulting coefficients were used to construct the correlation matrix in Fig. 2c.


Supplementary Note 4 — Material representation construction
S4.1 Overview of representation construction
The Manual representation described in Supplementary Note 1 explicitly encodes selected pore-geometric, compositional and local-coordination quantities. To obtain complementary structure representations without manually specifying individual descriptors, we additionally extracted frozen embeddings from MOFTransformer and Uni-MOF using their published pretrained encoders. The MOFTransformer-framework embeddings were generated using the PMTransformer pretrained checkpoint14; for consistency with the benchmark labels used throughout this work, this representation is denoted as MOFTransformer hereafter.
In both routes, the pretrained encoder parameters were fixed and the models were used in inference mode. No CEES, DMMP or EtCl adsorption labels were supplied during embedding extraction, and no downstream adsorption-prediction head was used. The extracted vectors should therefore be interpreted as pretrained structural representations rather than task-specific uptake predictions. Target-specific regression models were trained separately on these fixed vectors during the representation benchmark.
All extracted embeddings were associated with explicit MOF identifiers. The embedding matrices were subsequently aligned with the Manual descriptor table and GCMC adsorption labels by deterministic MOF ID matching.
S4.2 MOFTransformer architecture and embedding extraction
MOFTransformer is a multimodal Transformer model that combines atom-based graph information with an energy-grid description of the periodic framework. The atom-based graph branch encodes local chemical environments using atomic identities, neighbouring atoms and interatomic relations. The energy-grid branch provides a complementary representation of global pore geometry and the spatial variation of host–guest interaction energies. The two modalities are projected into a common token sequence and jointly contextualized by the Transformer encoder. A learnable class token serves as the global readout of the encoded framework.
The MOFTransformer route used the curated MOF CIF structures as input. Each CIF was converted into the graph and grid-based objects required by the model preprocessing pipeline, including the corresponding graph, energy-grid and grid-index files. The energy-grid inputs were generated directly from the 7,532 CIF structures using the standard MOFTransformer preprocessing workflow, in which GRIDAY calculates the three-dimensional energy grids using a united-atom methane probe with UFF parameters. These files were used only to construct the encoder inputs and were not themselves included as independent feature groups.
The pretrained PMTransformer checkpoint distributed within the MOFTransformer framework was loaded as a frozen encoder. For each MOF, the raw final-layer representation of the class token was extracted before application of a downstream property-prediction head. This 768-dimensional vector was used as the formal MOFTransformer representation throughout the benchmark. An additional pooled output was generated by the extraction code but was not used as a separate representation in this study.
The final MOFTransformer embedding matrix contained one 768-dimensional vector for each of the 7,532 MOFs retained in the common benchmark library. All embedding values were required to be finite, and each matrix row was linked to its corresponding MOF identifier.
S4.3 Uni-MOF embedding extraction
Uni-MOF represents a crystal structure using atom identities together with its three-dimensional periodic geometry. In the structural encoder used here, atom types were converted into token embeddings, while pairwise atomic distances and edge types were used to construct geometry-dependent attention information. The Transformer backbone then updated the atom-level representations through distance-aware self-attention. The first token of the final encoder output provided a fixed-length representation of the complete framework.
The same 7,532 CIF structures were converted into LMDB records compatible with the Uni-MOF data pipeline. Each record contained the MOF identifier, atomic species, Cartesian coordinates, fractional coordinates, unit-cell lengths and angles, the lattice matrix and unit-cell volume. The LMDB subset names used by the inference pipeline were implementation-level data-loading fields and did not define the downstream scientific train–test split.
The pretrained Uni-MOF backbone was loaded with all parameters fixed. Only crystal-structure information was supplied to the encoder; gas identity, temperature, pressure and adsorption labels were not included in the embedding input. The final representation was obtained from the first token of the last encoder output,
	 	(17)
where denotes the first-token representation for MOF at the final encoder layer . The resulting Uni-MOF embedding had 512 dimensions. All 7,532 input structures were successfully converted and embedded, yielding a 7,532×512 structural feature matrix.
S4.4 MOF ID alignment and hybrid representation construction
The row-to-structure mapping of each embedding matrix was stored explicitly using MOF identifiers. Embedding rows were not matched to the Manual descriptors or adsorption labels using file-system order. Instead, each representation table was converted into a MOF-indexed table and merged with the common master table using the normalized MOF identifier as the unique key.
The alignment procedure included checks that the number of embedding rows matched the number of identifiers, that all identifiers were unique, and that all embedding values were finite. After alignment, the Manual, MOFTransformer and Uni-MOF representations covered the same 7,532 MOFs.
The two hybrid feature spaces were constructed by column-wise concatenation after ID alignment. Manual + MOFTransformer contained 14 Manual descriptors and 768 MOFTransformer coordinates, giving 782 dimensions. Manual + Uni-MOF contained 14 Manual descriptors and 512 Uni-MOF coordinates, giving 526 dimensions. No adsorption labels were used in either concatenation procedure.
Supplementary Table 8 | Summary of material representations used in the benchmark
	Representation
	Structural input
	Encoding principle
	Selected readout
	Dimension

	Manual
	Calculated physicochemical quantities
	Explicit pore, composition and coordination descriptors
	Complete Manual vector
	14

	MOFTransformer
	Atom-based graph and energy-grid inputs
	Multimodal Transformer encoding local and global framework information
	Final-layer raw [CLS] token
	768

	Uni-MOF
	Atom types, 3D coordinates and lattice information
	Geometry-aware Transformer using atomic and pairwise structural information
	Final-layer first-token representation
	512

	Manual + MOFTransformer
	Manual and MOFTransformer
	Column-wise concatenation after MOF ID alignment
	Concatenated vector
	782

	Manual + Uni-MOF
	Manual and Uni-MOF
	Column-wise concatenation after MOF ID alignment
	Concatenated vector
	526





Supplementary Note 5 — Representation benchmark setup and full prediction results
S5.1 Benchmark scope and task formulation
The representation benchmark was designed to compare adsorption prediction and discovery-oriented ranking across the five material representations defined in Supplementary Note 4. All representations were evaluated on the same curated set of 7,532 MOFs and the same GCMC-derived adsorption labels for CEES, DMMP and EtCl. The benchmark was intended as a controlled comparison of representation spaces rather than as a search for a universally optimal regression algorithm.
CEES, DMMP and EtCl were modelled independently as three single-task regression problems. The target-vapour identity was not supplied as a model input, and no multi-task model was trained. Consequently, each target–representation combination was fitted and evaluated separately while retaining the same data-partitioning and model-selection protocol.
S5.2 Evaluation metrics
The representation benchmark distinguished three complementary aspects of model performance: absolute regression accuracy, global ranking consistency and high-uptake candidate recovery. Let denote the number of held-out test samples, the GCMC reference uptake of material , the corresponding predicted uptake and the mean reference uptake over the test set.
S5.2.1 Regression-accuracy metrics
The coefficient of determination was calculated as
	 	(18)
Higher indicates that a larger fraction of the variation in the held-out uptake values is explained by the model. Values below zero indicate performance worse than a constant predictor based on the test-set mean. The root mean squared error was defined as
	 	(19)
Because prediction errors are squared before averaging, RMSE assigns greater weight to large deviations. The mean absolute error was defined as
	 	(20)
MAE reports the average absolute deviation in the original uptake unit.
S5.2.2 Global ranking consistency
Global ranking consistency was evaluated using Spearman rank correlation:
	 	(21)
where  and denote the complete reference and predicted uptake vectors for the held-out test set. Spearman correlation evaluates whether a model preserves the relative ordering of materials and does not require accurate calibration of the absolute uptake values.

S5.2.3 Top-1% hit rate
For each target, the true Top-1% set was obtained by ranking the test materials in descending order of GCMC uptake. The predicted Top-1% set was obtained analogously from the predictions generated using representation for target . Ceiling rounding was applied, giving 16 materials in each set. The Top-1% hit rate was defined as 
	 	(22)
Because both sets contained 16 materials, the Top-1% hit rate changed in increments of . This metric measures high-uptake recovery at a fixed and highly selective screening budget.
S5.2.4 Cumulative recall
Cumulative recall was used to evaluate recovery of the true Top-1% materials as the screened fraction was progressively increased. For a screened fraction , the number of retained test materials was  Let denote the first materials in the predicted descending ranking for representation and target . Cumulative recall was calculated as 
	 	(23)
A higher recall at a smaller screened fraction indicates more efficient enrichment of the true high-uptake tail. Under uniform random screening, the expected recall is , which approaches the screened fraction .
S5.2.5 Overall modelling-quality score
The prediction–discovery alignment map in Fig. 3d used a composite horizontal coordinate to summarize overall modelling quality. For each adsorption target , the LightGBM test-set values were independently min–max normalized across the five representations:
	 	(24)
Spearman correlations were normalized in the same manner:
	 	(25)
The overall modelling-quality score was then calculated using equal weights:
	 	(26)
In Fig. 3d, the overall modelling-quality score , defined in Supplementary Equations (24)–(26), was plotted against the corresponding Top-1% hit rate for each target–representation pair. Both quantities were calculated from the held-out LightGBM predictions. The horizontal axis summarizes regression accuracy and global ranking consistency, whereas the vertical axis independently measures recovery of the extreme high-uptake tail.
S5.3 Dataset split, cross-validation and leakage prevention
For each adsorption target, the 7,532 MOFs were assigned to a fixed training set of 6,025 materials and a held-out test set of 1,507 materials. The same predefined train–test assignment was reused across all five representations and both model families for a given target.
Model selection was performed exclusively within the training set using five predefined cross-validation folds. Each validation fold contained 1,205 materials. The held-out test set was not used for hyperparameter selection and was evaluated only after the final pipeline had been selected and refitted on the complete training set.
Supplementary Table 9 | Train–test split and cross-validation settings
	Target
	Total samples
	Training samples
	Test samples
	CV folds
	Validation samples per fold

	CEES
	7,532
	6,025
	1,507
	5
	1,205

	DMMP
	7,532
	6,025
	1,507
	5
	1,205

	EtCl
	7,532
	6,025
	1,507
	5
	1,205


Feature standardization was implemented using a scikit-learn15 Pipeline containing StandardScaler followed by the regression model. Within each cross-validation fold, the scaler was fitted only on the corresponding training subset and then applied to the validation subset. For final test evaluation, the complete pipeline was refitted on all 6,025 training samples and applied once to the held-out test set.
No scaler was fitted on the complete 7,532-MOF dataset before data partitioning. This procedure prevented the means and variances of validation or test samples from entering model fitting. Standardization was required for Ridge regression because of its sensitivity to feature scale. The same pipeline structure was retained for LightGBM to maintain a consistent preprocessing protocol, although tree-based models do not intrinsically require feature scaling.
S5.4 Model families and hyperparameter optimization
LightGBM was used as the primary nonlinear benchmark to evaluate whether each representation supported nonlinear structure–adsorption relationships. Ridge regression was used as a low-capacity linear reference to assess how readily the information encoded by each representation could be linearly decoded.
Fifteen target–representation tasks were defined for each model family, corresponding to three adsorption targets and five material representations. Hyperparameters were optimized independently for each task using Optuna with the Tree-structured Parzen Estimator sampler16. Each optimization comprised 50 trials, and the objective was to minimize the mean RMSE across the five predefined cross-validation folds within the training set. The random seed was fixed at 2026.
The hyperparameter configuration producing the lowest mean cross-validation RMSE was retained for final model fitting. Hyperparameter selection was performed exclusively within the training set, and the held-out test set was not accessed during model selection. The selected pipeline was subsequently refitted on the complete training set and evaluated once on the held-out test set.
LightGBM and Ridge regression used separate model-specific hyperparameter spaces. Within each model family, the trial budget, cross-validation folds, random seed and optimization objective were held fixed across all target–representation tasks. The search spaces are summarized in Supplementary Tables 10 and 11, and the selected hyperparameters are reported in Supplementary Tables 12 and 13.
Supplementary Table 10 | LightGBM hyperparameter search space
	Hyperparameter
	Search range or value
	Scale/type

	n_estimators
	300-2500
	integer

	learning_rate
	0.005-0.10
	log-uniform

	num_leaves
	15-127
	integer

	max_depth
	3-12
	integer

	min_child_samples
	10-120
	integer

	min_child_weight
	1e-3-10.0
	log-uniform

	subsample
	0.6-1.0
	uniform

	subsample_freq
	1
	fixed

	colsample_bytree
	0.6-1.0
	uniform

	reg_alpha
	1e-4-20.0
	log-uniform

	reg_lambda
	1e-4-20.0
	log-uniform

	min_split_gain
	0.0-0.5
	uniform

	max_bin
	127-255
	integer


Supplementary Table 11 | Ridge hyperparameter search space
	Hyperparameter
	Search range or value
	Scale/type

	alpha
	1e-3-1e5
	log-uniform

	solver
	auto
	fixed


Supplementary Table 12a | Selected LightGBM boosting and tree-structure hyperparameters for each target–representation pair
	Target
	Feature space
	n_estimators
	learning_rate
	num_leaves
	max_depth
	max_bin

	CEES
	Manual
	863
	0.0399628
	54
	9
	162

	CEES
	MOFTransformer
	2,184
	0.0377403
	17
	5
	166

	CEES
	Uni-MOF
	1,672
	0.020661
	32
	8
	250

	CEES
	Manual + MOFTransformer
	1,661
	0.00785522
	78
	7
	209

	CEES
	Manual + Uni-MOF
	1,829
	0.00755272
	74
	12
	205

	DMMP
	Manual
	2,118
	0.0176447
	127
	7
	178

	DMMP
	MOFTransformer
	2,072
	0.0238377
	127
	7
	186

	DMMP
	Uni-MOF
	1,970
	0.0109268
	27
	11
	182

	DMMP
	Manual + MOFTransformer
	2,499
	0.0101829
	121
	12
	183

	DMMP
	Manual + Uni-MOF
	2,310
	0.0134598
	113
	7
	183

	EtCl
	Manual
	1,575
	0.0257667
	127
	12
	199

	EtCl
	MOFTransformer
	2,186
	0.0142429
	20
	11
	127

	EtCl
	Uni-MOF
	1,749
	0.0196713
	108
	12
	185

	EtCl
	Manual + MOFTransformer
	1,878
	0.0174379
	110
	12
	188

	EtCl
	Manual + Uni-MOF
	2,443
	0.0145633
	106
	7
	175



Supplementary Table 12b | Selected LightGBM sampling, regularization and split-control hyperparameters for each target–representation pair
	Target
	Feature space
	min_child_samples
	min_child_weight
	subsample
	colsample_bytree
	reg_alpha
	reg_lambda
	min_split_gain

	CEES
	Manual
	13
	0.79695
	0.996271
	0.622355
	1.38688
	0.00580355
	0.417131

	CEES
	MOFTransformer
	54
	0.00183527
	0.670458
	0.780821
	18.6098
	18.3559
	0.0315352

	CEES
	Uni-MOF
	29
	6.00686
	0.704432
	0.982785
	0.00632457
	5.55185
	0.449605

	CEES
	Manual + MOFTransformer
	19
	1.01962
	0.85972
	0.993266
	0.000103452
	0.0152415
	0.267459

	CEES
	Manual + Uni-MOF
	20
	2.75078
	0.700368
	0.931326
	0.0431059
	0.517572
	0.197448

	DMMP
	Manual
	10
	1.15106
	0.969228
	0.970046
	0.0584349
	6.54034
	0.036112

	DMMP
	MOFTransformer
	66
	0.0499772
	0.600124
	0.678806
	2.51565
	6.88125
	0.187503

	DMMP
	Uni-MOF
	62
	0.0016899
	0.694664
	0.63776
	0.0500599
	0.2072
	0.0667616

	DMMP
	Manual + MOFTransformer
	37
	0.0121904
	0.910454
	0.695141
	0.771771
	0.00146303
	0.329062

	DMMP
	Manual + Uni-MOF
	34
	0.0150635
	0.663924
	0.63008
	2.76527
	2.08952
	0.0661342

	EtCl
	Manual
	12
	9.83321
	0.78444
	0.940949
	0.129423
	0.0855209
	0.00171501

	EtCl
	MOFTransformer
	120
	3.31567
	0.953169
	0.720499
	0.00404481
	0.00807331
	0.159449

	EtCl
	Uni-MOF
	84
	1.09855
	0.755894
	0.937931
	0.10566
	3.3024
	0.105052

	EtCl
	Manual + MOFTransformer
	65
	0.0413756
	0.742167
	0.71846
	0.0286854
	0.895199
	0.0367521

	EtCl
	Manual + Uni-MOF
	29
	0.0994787
	0.852505
	0.786463
	0.000154363
	0.000307379
	0.0626191


Supplementary Table 13 | Selected Ridge regularization strengths for each target–representation pair
	Target
	Feature space
	Regularization strength, α

	CEES
	Manual
	9.658

	CEES
	MOFTransformer
	1028.316

	CEES
	Uni-MOF
	338.324

	CEES
	Manual+MOFTransformer
	730.133

	CEES
	Manual+Uni-MOF
	241.611

	DMMP
	Manual
	9.13175

	DMMP
	MOFTransformer
	866.839

	DMMP
	Uni-MOF
	194.297

	DMMP
	Manual+MOFTransformer
	666.464

	DMMP
	Manual+Uni-MOF
	125.767

	EtCl
	Manual
	13.306

	EtCl
	MOFTransformer
	857.404

	EtCl
	Uni-MOF
	195.097

	EtCl
	Manual+MOFTransformer
	536.382

	EtCl
	Manual+Uni-MOF
	97.538



S5.5 Full prediction results
The held-out test-set results for all target–representation combinations are reported in Supplementary Tables 14 and 15. All metrics were calculated once on the fixed 1,507-material test set after model selection and final refitting had been completed. Top-1% hit rates are reported as percentages.
Supplementary Table 14 | Held-out test-set LightGBM representation benchmark results
	Target
	Feature space
	R²
	RMSE
	MAE
	Spearman
	Top-1% (%)

	CEES
	Manual
	0.715
	1.206
	0.572
	0.824
	62.5

	CEES
	MOFTransformer
	0.577
	1.469
	0.903
	0.736
	50.0

	CEES
	Uni-MOF
	0.507
	1.585
	1.051
	0.684
	43.8

	CEES
	Manual + MOFTransformer
	0.723
	1.188
	0.582
	0.810
	43.8

	CEES
	Manual + Uni-MOF
	0.709
	1.218
	0.590
	0.818
	50.0

	DMMP
	Manual
	0.662
	0.895
	0.555
	0.796
	68.8

	DMMP
	MOFTransformer
	0.479
	1.111
	0.782
	0.670
	31.2

	DMMP
	Uni-MOF
	0.499
	1.090
	0.818
	0.674
	25.0

	DMMP
	Manual + MOFTransformer
	0.614
	0.956
	0.643
	0.762
	43.8

	DMMP
	Manual + Uni-MOF
	0.650
	0.911
	0.622
	0.788
	56.2

	EtCl
	Manual
	0.667
	0.560
	0.313
	0.855
	37.5

	EtCl
	MOFTransformer
	0.451
	0.719
	0.459
	0.751
	12.5

	EtCl
	Uni-MOF
	0.412
	0.744
	0.507
	0.715
	12.5

	EtCl
	Manual + MOFTransformer
	0.589
	0.622
	0.368
	0.793
	12.5

	EtCl
	Manual + Uni-MOF
	0.637
	0.584
	0.368
	0.845
	25.0


Supplementary Table 15 | Held-out test-set Ridge representation benchmark results
	Target
	Feature space
	R²
	RMSE
	MAE
	Spearman
	Top-1% (%)

	CEES
	Manual
	0.438
	1.692
	1.073
	0.660
	50.0

	CEES
	MOFTransformer
	0.516
	1.570
	1.050
	0.703
	56.2

	CEES
	Uni-MOF
	0.384
	1.773
	1.270
	0.597
	37.5

	CEES
	Manual + MOFTransformer
	0.544
	1.524
	0.990
	0.727
	56.2

	CEES
	Manual + Uni-MOF
	0.525
	1.557
	0.996
	0.726
	43.8

	DMMP
	Manual
	0.284
	1.302
	1.005
	0.508
	25.0

	DMMP
	MOFTransformer
	0.393
	1.199
	0.891
	0.607
	25.0

	DMMP
	Uni-MOF
	0.371
	1.220
	0.934
	0.594
	18.8

	DMMP
	Manual + MOFTransformer
	0.421
	1.171
	0.867
	0.629
	18.8

	DMMP
	Manual + Uni-MOF
	0.451
	1.141
	0.843
	0.661
	31.2

	EtCl
	Manual
	0.321
	0.800
	0.576
	0.719
	0.0

	EtCl
	MOFTransformer
	0.349
	0.783
	0.542
	0.702
	0.0

	EtCl
	Uni-MOF
	0.316
	0.802
	0.584
	0.655
	12.5

	EtCl
	Manual + MOFTransformer
	0.389
	0.758
	0.521
	0.735
	0.0

	EtCl
	Manual + Uni-MOF
	0.431
	0.732
	0.527
	0.754
	31.2



S5.6 Parity plots and cumulative-recall analysis
Held-out test-set parity plots were generated from the LightGBM predictions for all five material representations and the three adsorption targets. For each target–representation combination, the GCMC reference uptake was plotted against the corresponding predicted uptake. The parity plots were used to examine the location and direction of prediction errors across the adsorption range, including potential regression towards the mean and systematic deviations in the high-uptake region. The ideal-agreement line was defined as , and the relative-error boundaries were defined as and .
The complete parity-plot matrix contained 15 panels, corresponding to five representations evaluated for CEES, DMMP and EtCl. All panels were generated using the fixed held-out test set described in Section S5.3. The Manual + Uni-MOF panels shown in Fig. 3e are included in Supplementary Figure 1 together with the remaining representations to enable direct comparison under the same evaluation protocol.
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Supplementary Figure 1 | Held-out test-set parity plots for the five material representations
Predicted LightGBM uptake values are plotted against the corresponding GCMC reference values for Manual, MOFTransformer, Uni-MOF, Manual + MOFTransformer and Manual + Uni-MOF across CEES, DMMP and EtCl. The solid diagonal line denotes ideal agreement, whereas the dashed lines indicate ±15% relative error. Points below the lower dashed line indicate underprediction relative to the GCMC value, whereas points above the upper dashed line indicate overprediction. All panels use the fixed held-out test set.
The cumulative-recall curves shown in Fig. 3f were generated from the same held-out LightGBM predictions. For each representation and adsorption target, the test materials were ranked in descending order of predicted uptake. The screened fraction was then increased progressively, and the fraction of true Top-1% materials recovered within the retained candidates was calculated using Supplementary Equation (23). The true Top-1% reference set remained fixed throughout each curve.
This analysis represents static screening based on a single held-out prediction ranking. The model was not refitted as the screened fraction increased, and no additional labels were revealed during curve construction. The cumulative-recall curves therefore quantify the screening efficiency of each representation-based prediction model and should be distinguished from the sequential Bayesian-optimization experiments described later in the manuscript.




Supplementary Note 6 — Pool-based RepMOBO framework, computational implementation and evaluation protocol
S6.1 Problem formulation and BO input-space construction
S6.1.1 Pool-based multi-objective formulation
We formulated the discovery benchmark as a retrospective, pool-based multi-objective Bayesian optimization problem over a fixed library of metal–organic frameworks (MOFs). Each candidate material was associated with a three-dimensional objective vector,
		(27)
where the three components denote the corresponding GCMC-derived uptake values for CEES, DMMP and ethyl chloride (EtCl). All three objectives were maximized simultaneously.
The complete GCMC-labelled library was available for retrospective evaluation but was treated as an oracle during optimization. The BO policy could access the representation coordinates of every candidate from the outset, whereas the objective vector of a material was revealed only after that material had been queried. Let  denote the complete candidate pool. At BO iteration , denotes the cumulative queried set and  denotes the remaining unqueried pool. A policy selects a finite batch  Once the complete batch has been constructed, the oracle reveals all three objective values for the materials in , and the pool partition is updated as
		(28)
		(29)
Accordingly, RepMOBO prioritizes candidates within a finite and predefined material library; it does not generate, modify or optimize MOF structures outside the supplied pool. We therefore describe the benchmark as retrospective pool-based MOBO rather than online experimental active learning. “Retrospective” indicates that complete oracle responses exist for benchmarking, whereas “pool-based” indicates that every acquisition is restricted to the fixed candidate library.
S6.1.2 BO input-space construction
Five fixed representation spaces were used as inputs to the surrogate models and selection policies: the Manual descriptor space and four principal-component representations derived from the combined Manual + Uni-MOF representation. The Manual space contained 14 physicochemical and geometric descriptors, whose definitions and physical interpretation are provided in Supplementary Note 1. The Uni-MOF representation was a pretrained 512-dimensional embedding described in Supplementary Note 4. After alignment by the unique MOF identifier, the two representation blocks were concatenated to form a 526-dimensional Hybrid matrix,  where and . Rows were aligned by the unique MOF identifier before concatenation.
Before dimensionality reduction, each feature coordinate was standardized across the fixed candidate pool, 
		(30)
where denotes feature of material , and and denote the corresponding pool-wide mean and standard deviation. This transformation placed heterogeneous physical descriptors and embedding coordinates on comparable numerical scales, preventing variables with larger native ranges from dominating the covariance structure solely because of their units or numerical magnitudes. Because the benchmark was transductive and pool based, feature coordinates for all 7,532 candidates were available before querying; however, no GCMC response labels were used during feature scaling. Principal-component analysis (PCA) was then applied to the standardized Hybrid representation. Let  denote the ordered PCA eigenvalues. For a prescribed cumulative explained-variance threshold , the retained dimensionality was defined as 
		(31)
The retained score matrix was obtained by projecting the standardized Hybrid matrix onto the first loading vectors,
		(32)
Four cumulative explained-variance thresholds were considered,  yielding the P80, P85, P90 and P95 input spaces with 41, 58, 86 and 145 retained principal components, respectively.
For the BO model-input matrices, the retained component scores were standardized component-wise after projection, 
		(33)
where is the score of material on retained component , and and are the corresponding mean and standard deviation. This second scaling step placed the retained components on comparable numerical scales and prevented the components explaining the largest variance from dominating GP distance calculations solely because of their PCA eigenvalues. The five BO input spaces and their preprocessing procedures are summarized in Supplementary Table 16.
Supplementary Table 16 | BO input spaces used in the RepMOBO benchmark
	Input space
	Source representation
	Preprocessing
	Dimension

	Manual
	Manual descriptors
	Feature-wise standardization
	14

	Hybrid-PCA80
	Manual + Uni-MOF
	Feature-wise standardization PCA 80%component-wise standardization
	41

	Hybrid-PCA85
	Manual + Uni-MOF
	Feature-wise standardization PCA 85%component-wise standardization
	58

	Hybrid-PCA90
	Manual + Uni-MOF
	Feature-wise standardization PCA 90%component-wise standardization
	86

	Hybrid-PCA95
	Manual + Uni-MOF
	Feature-wise standardization PCA 95%component-wise standardization
	145



S6.2 Gaussian-process surrogate, covariance parameterization and candidate-selection policies
Model-guided Bayesian optimization comprised two coupled components: a probabilistic surrogate model and a candidate-selection rule. The surrogate estimated the adsorption responses and associated predictive uncertainty of the unqueried MOFs, whereas the selection rule converted these posterior distributions into priorities for the next candidate batch. The same Gaussian-process architecture was paired with either uncertainty-aware qEHVI or deterministic posterior-mean Greedy selection.
S6.2.1 Objective-specific Gaussian-process surrogate
At optimization iteration , let denote the cumulative set of queried MOFs and let
		(34)
denote their coordinates in BO input space , where and . For adsorption objective  the corresponding response vector was  where each was revealed by the GCMC oracle only after material had been queried.
The three adsorption objectives were modelled using three independent single-output Gaussian processes. Each objective-specific surrogate was implemented as a BoTorch “SingleTaskGP”, and the three models were combined in a “ModelListGP”17. The models therefore had separate mean, covariance, likelihood and hyperparameter estimates, and no cross-objective covariance was fitted. The resulting objective-specific posteriors were combined only when evaluating a multi-objective candidate-selection rule.
Before fitting, each objective was standardized using the responses currently contained in , 
		(35)
where 
		(36)
and
		(37)
The implementation used the sample standard deviation, corresponding to ddof=1. Values of were replaced by one to avoid division by a numerically negligible scale. Standardization was repeated whenever th e surrogate was refitted, so the transformation reflected the objective distribution observed at the current optimization stage.
Each objective-specific GP used a constant mean function, a Gaussian observation model with a learned homoskedastic noise variance and a parameterized covariance function. The latent response was therefore represented as  with observations
	 	(38)
Here, is the fitted constant mean, is the objective-specific covariance function and is the learned homoskedastic noise variance. In this deterministic retrospective setting, the noise term provides a statistical and numerical allowance for residual model mismatch rather than representing experimental measurement uncertainty.
For a test material with representation vector , define  and  Conditioning on the queried data gives the posterior mean
		(39)
and posterior covariance
		(40)
The marginal posterior variance was
		(41)
The posterior mean represented the current surrogate estimate of adsorption uptake, whereas the posterior variance quantified predictive uncertainty under the fitted representation and covariance model. The three objective-specific GPs were optimized together by maximizing the sum of their exact marginal log likelihoods, 
		(42)
The implementation used “SumMarginalLogLikelihood” and BoTorch’s exact GP fitting routine. Model calculations were performed in double precision, and GP hyperparameter optimization used a default maximum of 75 iterations.
At the beginning of each model-guided round, the three GPs were refitted using all representation coordinates and oracle responses accumulated in . The resulting posterior means and variances were evaluated for the candidate library. The GP was not refitted between individual selections within the same batch; newly selected candidates remained unlabelled until the batch had been completed. Posterior means and standard deviations were transformed back to the original objective scales for exported prediction records and Greedy scoring. All reported discovery metrics were calculated directly from the revealed GCMC oracle values rather than from surrogate predictions.
S6.2.2 Matérn- covariance and ARD parameterization
The covariance of each objective-specific GP was represented by a scaled Matérn- kernel,
		(43)
where is the fitted output scale and is the length-scale-adjusted distance between two input vectors. The covariance was implemented as a MaternKernel with , enclosed by a ScaleKernel. Under the general dimension-specific form,
		(44)
where is the dimensionality of input space , and is the characteristic length scale for coordinate and objective .
A smaller length scale permits the latent response to vary over shorter distances along the corresponding representation coordinate, whereas a larger length scale implies slower variation. The fitted length scales quantify sensitivity within the adopted representation geometry and are not interpreted as direct causal measures of the physical importance of individual descriptors or principal components. 
The Matérn- covariance permits less restrictive response smoothness than the infinitely differentiable squared-exponential kernel while retaining a smooth latent response. This provides sufficient flexibility to represent adsorption landscapes that vary gradually over some regions of representation space but more sharply over others. Automatic relevance determination modified the parameterization of the scaled distance. With ARD enabled, each input coordinate had an independently fitted length scale,  and 
		(45)
With ARD disabled, all coordinates shared one objective-specific length scale,  giving
		(46)
The implementation set “ard_num_dims” equal to the input dimensionality when ARD was enabled and set it to None when ARD was disabled. ARD increases model flexibility by allowing the surrogate to adapt separately to different input directions, but it also increases the number of kernel parameters estimated from the queried data. This distinction is relatively modest for the 14-dimensional Manual representation and becomes more substantial for the 41-, 58-, 86- and 145-dimensional Hybrid PCA spaces. ARD was consequently treated as an explicit model factor rather than assumed to provide a representation-independent improvement.
S6.2.3 Model-guided acquisition and candidate-selection functions
The GP posteriors were converted into candidate priorities using two model-guided policies. qEHVI incorporated both posterior means and posterior uncertainty through expected hypervolume improvement, whereas Greedy selection ranked candidates using only their posterior-mean estimates.
S6.2.3.1 qEHVI acquisition
RepMOBO used q-expected hypervolume improvement as its uncertainty-aware multi-objective acquisition function. Let  denote the non-dominated subset of the standardized objective vectors observed in . For a prospective candidate batch  let denote its random standardized objective outcomes under the three GP posteriors.
	For a standardized acquisition reference point , the hypervolume improvement associated with one posterior realization was
		(47)
where  The qEHVI acquisition value was
		(48)
qEHVI therefore prioritized candidate batches that were predicted to extend the currently observed trade-off surface or retained sufficient posterior uncertainty to produce a plausible hypervolume improvement. It treated the three objectives jointly and did not require predetermined scalar weights for CEES, DMMP and EtCl.
Benchmark-wide acquisition reference point. Because the study was designed as a controlled retrospective comparison over a fixed, fully labelled candidate library, the raw-scale acquisition reference point was calibrated once from the full-library objective ranges and subsequently held fixed across all qEHVI configurations, seeds and query budgets. For objective ,
		(49)
where and are the minimum and maximum oracle responses for objective across the 7,532-MOF library. This calibration used only the three objective-wise range summaries to establish a common hypervolume origin. Candidate-specific responses, target ranks and Pareto assignments were not supplied to GP fitting. 
	Because the objective-specific GPs were fitted to standardized responses, the fixed raw-scale reference point was transformed at each BO iteration using the mean and sample standard deviation of the currently queried responses,

		(50)
The resulting transformed reference point was supplied to the qEHVI calculation together with the currently observed standardized responses. The use of full-library range calibration is a design choice of this retrospective benchmark and should not be interpreted as a prospective setting in which the objective bounds are unknown. The standardized queried responses and the transformed reference point were supplied to NondominatedPartitioning and qExpectedHypervolumeImprovement. The posterior expectation was estimated using a Sobol quasi-Monte Carlo normal sampler, with 64 samples in the standard task configuration.
The qEHVI was evaluated only for materials in the current finite candidate pool. Batches were constructed sequentially: at each batch position, every candidate under consideration was evaluated jointly with the candidates already selected for the same batch. The highest-scoring candidate was appended to the pending batch and removed from the available pool. Pending candidates influenced the joint qEHVI calculation but remained unlabelled until batch completion.
S6.2.3.2 Posterior-mean composite Greedy selection
Greedy selection provided an exploitation-oriented comparison based exclusively on the posterior means. For objective , the raw-scale posterior means were min–max normalized using predictions over the complete candidate library,
		(51)
A denominator smaller than was replaced by . The normalized posterior means were then combined using an equally weighted arithmetic average,
		(52)
Only candidates in were eligible for selection, and the materials with the largest composite scores were assigned to the next batch. The Greedy rule did not use posterior variance, posterior sampling, expected hypervolume improvement or unavailable oracle labels. It was therefore a deterministic posterior-mean exploitation policy. The task configuration explicitly identified this policy as posterior_mean_composite_greedy, rather than a predicted hypervolume-contribution rule.
S6.2.4 Random sampling baseline
Random sampling served as an unguided reference policy. At iteration , the required number of materials was sampled uniformly from the current unqueried pool without replacement,  where denotes the batch size used in that round. The implementation used random sampling with replace=False, ensuring that no MOF was queried more than once. 
Random sampling did not fit a GP surrogate, calculate posterior predictions, apply qEHVI, use the posterior-mean composite score or possess an ARD setting. It nevertheless used the same finite candidate library, seed-specific initial designs, query budgets and oracle-based performance calculations as the model-guided policies.
Together, the three policy families separated uncertainty-aware multi-objective acquisition, deterministic posterior-mean exploitation and unguided finite-pool sampling under a common retrospective evaluation setting.
S6.3 BO execution and memory-efficient computational implementation
S6.3.1 Common MaxMin initialization and matched seeds
Each optimization task began from a precomputed initial design containing 100 MOFs. The initial designs were constructed in the standardized 14-dimensional Manual descriptor space using a seeded MaxMin, or farthest-point, procedure. For each seed, the first material was sampled uniformly from the complete 7,532-MOF candidate library. The remaining 99 materials were then selected sequentially according to their Euclidean distances in the standardized Manual descriptor space.
Let  denote the partial initial design containing MOFs for seed , and let denote the standardized Manual descriptor vector of material . For a candidate , its distance from the current design was defined as its nearest-neighbour distance to the selected set,
		(53)
At each subsequent step, the candidate with the largest distance to its nearest selected neighbour was added to the design. The procedure was repeated until 100 materials had been selected. MaxMin initialization therefore favoured materials that extended the physicochemical coverage of the current design. CEES, DMMP and EtCl responses, target-specific rankings and oracle Pareto assignments were not used during initial-design construction.
Five matched seeds were evaluated: 42, 123, 456, 789 and 1024. For a given seed, all model-guided configurations and Random sampling used exactly the same ordered set of 100 initial MOFs. The three oracle responses of these materials were treated as revealed at the start of optimization and were included in the cumulative query budget.
S6.3.2 Query-budget accounting and round-wise execution
The query budget was defined as the cumulative number of materials for which the oracle responses had been revealed. At the beginning of round , the cumulative query count was where included the common 100-MOF initial design. Performance was recorded at five post-initial milestones corresponding nominally to 3%, 5%, 10%, 15% and 20% of the 7,532-MOF candidate library. The corresponding cumulative query counts were 226, 377, 753, 1,130 and 1,506 materials, respectively. These integer counts were specified directly in the benchmark configuration rather than reconstructed during execution from the rounded percentage labels.
Supplementary Table 17 | Budget milestones used in the pool-based RepMOBO benchmark
	Milestone
	Evaluated MOFs, |Qₜ|
	Active selections beyond initial 100

	Initial design
	100
	0

	3% budget
	226
	126

	5% budget
	377
	277

	10% budget
	753
	653

	15% budget
	1,130
	1,030

	20% budget
	1,506
	1,406


The nominal post-initial batch size was  Let N ={226,377,753,1130,1506} denote the cumulative reporting milestones, and let  denote the next milestone above the current queried-set size. The realized batch size at round was 
Thus, when fewer than ten additional queries were required to reach the next milestone, the final preceding batch was shortened. This rule ensured that performance was evaluated at exactly 226, 377, 753, 1,130 and 1,506 queried materials rather than at the first full-batch endpoint exceeding each target.
For each model-guided policy, round comprised four stages. First, the three objective-specific GP models were refitted using the representation coordinates and currently observed oracle responses of all materials in . Second, a batch of size was constructed according to the assigned candidate-selection policy. Third, only after the complete batch had been formed were the three oracle responses of all materials in revealed simultaneously. Finally, the queried and unqueried pools were updated according to Eqs. (28) and (29), and round-level evaluation metrics were calculated using the oracle responses available in .
The qEHVI batch was assembled sequentially while the round-level GP models remained fixed. At within-batch position , let  denote the candidates already selected for the current batch, with . The next material was selected as  where denotes the acquisition value of candidate conditional on the previously selected candidates being treated as pending points. After selection, was appended to , and the procedure continued until distinct materials had been selected. Pending candidates influenced the joint posterior acquisition calculation, but their oracle responses remained unavailable during construction of the batch. The GP models were therefore not refitted between successive within-batch selections.
For Greedy selection, the posterior-mean composite score defined in Section S6.2 was calculated once for every currently unqueried material using the round-level posterior predictions. The highest-scoring materials were selected directly:  Because this deterministic ranking depended only on the fixed round-level posterior means, the scores were not recomputed after each within-batch selection.
Random sampling selected  distinct materials uniformly without replacement from the current unqueried pool:  Random sampling followed the same batch formation, oracle revelation, pool-update and evaluation schedule as the model-guided policies, but did not fit GP models or use posterior predictions.
For all three policies, oracle responses were revealed only after the complete round-level batch had been formed. The benchmark therefore used a synchronous batch-query protocol rather than a sequence of batch-size-one model updates.
S6.3.3 Memory-efficient screened and chunked qEHVI evaluation
Repeated qEHVI evaluation over the complete unqueried pool can generate large posterior and Monte Carlo tensors, particularly during early rounds when most of the 7,532 candidates remain unqueried. RepMOBO therefore separated full-pool posterior prediction, low-cost candidate screening and qEHVI acquisition evaluation into distinct computational stages.
This implementation reduced peak device-memory use while retaining the complete scientific candidate pool, the same initial designs and query budgets, the same fitted GP models and full-library oracle-based evaluation.
S6.3.3.1 Full-pool posterior prediction
After each GP refit, posterior means and variances were calculated for the complete candidate library in chunks containing at most 2048. Each chunk was transferred to the selected compute device, evaluated under the three objective-specific GP models and returned to CPU memory before the next chunk was processed. The chunk-level results were then concatenated to recover the complete full-library posterior summaries. 
Prediction chunking changed only the memory partitioning of the calculation; every candidate continued to receive posterior predictions. Posterior variances were lower-bounded by before conversion to posterior standard deviations to avoid unstable square-root operations caused by numerical round-off. 
S6.3.3.2 Posterior-based candidate screening
The configured qEHVI calculation was restricted temporarily to a high-potential subset identified using a lower-cost score that combined posterior mean and posterior uncertainty.
For objective , let and denote the raw-scale posterior mean and standard deviation of candidate . With , the normalized quantities were
		(54)
and
		(55)
where the minimum and maximum values were calculated over the complete candidate library. The mean-performance and uncertainty components were then
		(56)
		(57)
The screening score was defined as
		(58)
The coefficient 0.25 retained an uncertainty contribution while assigning greater weight to the posterior-mean component. The screening score was calculated from the round-level posterior summaries and was used only to identify candidates for subsequent qEHVI evaluation; it did not replace the qEHVI acquisition function. At within-batch position j, at most  currently available candidates were retained:  When fewer than 2,048 candidates remained, all available candidates were retained. Materials outside were not removed from and could enter the screened subset in a later round after the GP posterior had changed. The raw-scale posterior summaries were used only for candidate screening. 
S6.3.3.3 Chunked qEHVI evaluation
The screened candidates were divided into acquisition chunks containing at most 256 materials. At each within-batch position, every candidate in a chunk was evaluated using the same current pending set . Acquisition values from all chunks were combined, and the candidate with the highest qEHVI value was appended to the pending set. For a full 2,048-candidate screened subset, this corresponded to approximately eight acquisition chunks per within-batch position. 
For each acquisition-function evaluation, the posterior expectation was approximated using 64 Sobol quasi-Monte Carlo samples drawn from the joint GP posterior. Sequential pending-point construction also avoided forming and optimizing a single combinatorial acquisition tensor over all possible ten-material batches.
Prediction chunking and acquisition chunking were computationally neutral partitioning operations: they altered the size of the tensors held in device memory but not the candidates covered by the corresponding calculations. Candidate screening was different because qEHVI was evaluated only for the temporary screened subset. Screening was therefore an explicit acquisition approximation, although it did not change the fixed candidate library, cumulative query budget, revealed oracle responses or full-library evaluation protocol.
S6.4 Oracle-based BO performance evaluation, statistical aggregation and recovery diagnostics
All Bayesian-optimization performance metrics were calculated from the true GCMC responses of the materials contained in the cumulative queried set. Gaussian-process posterior predictions, posterior uncertainties and candidate-selection scores were used only to guide acquisition and were not substituted for oracle responses during performance evaluation. The strict oracle Pareto set, the first three oracle Pareto layers and the target-specific Top-1% sets defined in Supplementary Note 3 remained fixed across configurations, seeds and query budgets.
	For configuration c, seed s and cumulative query budget b, let  denote the corresponding cumulative queried set. The associated set of true three-objective response vectors was  The initial 100-MOF design was included in every cumulative queried set and therefore contributed to all reported budget-level performance values.
S6.4.1 Oracle-based BO performance metrics
S6.4.1.1 Normalized hypervolume
Normalized hypervolume was evaluated post hoc using a fixed evaluation reference point, denoted . The numerical coordinates of were identical to those of the benchmark-wide acquisition reference point defined in Eq. (49),  but the two uses were conceptually distinguished. During acquisition, the reference point defined the hypervolume-improvement origin used by qEHVI. During evaluation, it served only to place the queried Pareto sets of all configurations, seeds and budgets on a common post hoc scale. The evaluation calculation did not affect candidate selection.
		(59)
where denotes the non-dominated subset under simultaneous maximization of CEES, DMMP and EtCl uptake, is the strict oracle Pareto set defined in Section S3.2, and  The denominator is the hypervolume of the complete strict oracle front under the same reference point. Normalized hypervolume therefore measures the fraction of the full-library oracle-dominated objective-space volume attained by the queried set.
A limited number of extreme trade-off materials can account for a large fraction of the oracle hypervolume even when other oracle-front materials remain undiscovered. Normalized hypervolume was therefore interpreted together with the material-identity-based recovery metrics defined below.
S6.4.1.2 Strict-front recovery
Strict Pareto-front recovery was defined as 
		(60)
This metric evaluates direct recovery of the fixed strict oracle Pareto set. A value of zero indicates that no strict-front material had been queried, whereas a value of one indicates complete recovery of all 15 strict-front MOFs.
S6.4.1.3 Top-3 Pareto-layer capture
Let  denote the fixed union of the first three oracle Pareto layers defined in Section S3.2, with  Top-3 Pareto-layer capture was defined as
		(61)
Strict-front recovery evaluates recovery of the exact oracle non-dominated boundary, whereas Top-3 capture evaluates entry into the broader Pareto-relevant region represented by the first three non-dominated layers. The latter is less sensitive to small objective differences that assign otherwise similar high-performing materials to adjacent Pareto layers.
S6.4.1.4 Target-specific Top-1% recovery
For adsorption target  let denote the fixed Top-1% set defined from the descending full-library oracle ranking in Section S3.3. Each target-specific set contained 76 MOFs. Target-specific Top-1% recovery was defined as 
		(62)
The oracle Top-1% sets were constructed once from the complete 7,532-MOF library and were not recomputed within individual queried sets. The three target-specific recovery values were retained separately because a policy could preferentially enrich one adsorption objective without producing an equivalent improvement for the other two objectives. Where a single aggregate summary was required, mean Top-1% recovery was calculated as the unweighted arithmetic mean over the three targets: 
		(63)
S6.4.2 Material-level strict-front overlap
Aggregate strict-front recovery quantifies the number of oracle-front materials discovered by a configuration but does not identify whether two configurations recovered the same materials. Material-level overlap between the representative RepMOBO-Manual and RepMOBO-Hybrid configurations was therefore evaluated separately within each matched seed.
For seed  and cumulative query budget , let  and  denote the strict-front materials recovered by RepMOBO-Manual and RepMOBO-Hybrid, respectively. Their material-identity overlap was quantified using the Jaccard index,
		(64)
A value of one indicates identical recovered strict-front sets, whereas a value of zero indicates that the two configurations recovered disjoint strict-front sets. The recovered materials were additionally decomposed into three mutually exclusive components: shared materials in , Manual-only materials in  and Hybrid-only materials in  The Jaccard index and the shared and configuration-specific recovery counts were calculated separately within each matched seed. The Jaccard index was calculated separately within each matched seed and summarized at the 10% query budget. Shared, Manual-only and Hybrid-only recovery counts were calculated separately within each matched seed and summarized at the 10%, 15% and 20% query budgets as arithmetic means ± sample s.d. Materials were not pooled across seeds before set intersections or set differences were calculated.
S6.4.3 Shared-space selection and dispersion diagnostics 
Cross-configuration spatial analyses were performed in the fixed 58-dimensional Hybrid-PCA85 representation defined in Section S6.1.2. Let  denote the fixed post-PCA-standardized coordinate vector of material . The same coordinate matrix was used for every configuration and seed. No configuration-specific coordinate system was fitted for these comparisons, and the coordinates were not re-standardized before distance calculation.
The shared Hybrid-PCA85 representation was used only for cross-configuration visualization and spatial diagnostics. It did not replace the BO input space assigned to an individual surrogate model or candidate-selection policy.
S6.4.3.1 Fixed shared-space coordinates and selection maps
Two-dimensional selection maps displayed the first two coordinates of the fixed Hybrid-PCA85 shared representation,  The maps distinguished the complete candidate library, the common initial design, post-initial selections, queried Top-3 materials and queried strict-front materials. The maps represented spatial coverage at a fixed cumulative query budget. Points were not connected according to acquisition order and were therefore not interpreted as continuous optimization trajectories. The first two coordinates were used only for visualization; all formal distance calculations used the complete 58-dimensional coordinate vectors.
S6.4.3.2 Round-wise new-to-history MNND
At the beginning of acquisition round , let denote the complete queried history for configuration and seed , including the common initial design and all materials selected in previous rounds. Let denote the batch selected during round . For newly selected material , its nearest-neighbour distance to the query history preceding the current round was 
		(65)
The round-wise new-to-history mean nearest-neighbour distance was 
		(66)
This metric quantifies how far the newly selected materials extend beyond the region covered before the current round. It is defined from the first post-initial acquisition round onward, for which the common 100-MOF initial design constitutes the preceding query history. New-to-history MNND is not a within-batch dispersion metric. Each newly selected material was compared with the query history available before the round began, rather than with other materials selected in the same batch.
S6.4.3.3 Cumulative selected-set MNND
After completion of round , the queried set was updated according to Eq. (28):
		(67)
For each material , its nearest-neighbour distance among the other queried materials was 
		(68)
The cumulative selected-set mean nearest-neighbour distance was 
		(69)
Whereas measures the novelty of the most recently selected batch relative to the preceding query history, measures the overall spacing of all materials accumulated by the configuration. Both MNND metrics are undirected geometric summaries. They do not directly encode adsorption performance or Pareto membership. Differences in MNND alone were therefore not interpreted as establishing the cause of differences in oracle-set recovery.
Supplementary Table 18 | BO performance metrics and recovery diagnostics used in the pool-based RepMOBO benchmark
	Metric
	Symbol
	Purpose

	Normalized hypervolume
	
	Global multi-objective coverage

	Strict Pareto-front recovery
	
	Recovery of the 15 strict-front MOFs

	Top-3 Pareto-layer capture
	
	Recovery of the 113 Top-3-layer MOFs

	Top-1% recovery
	
	Target-specific uptake recovery

	Jaccard overlap
	
	Overlap of the recovered strict-front material sets

	Recovery decomposition
	Shared / Manual-only / Hybrid-only
	Configuration-specific strict-front recovery

	New-to-history MNND
	
	Novelty relative to prior queried materials

	Cumulative MNND
	
	Dispersion of the cumulative queried set


Performance and recovery metrics were calculated from true GCMC oracle responses and fixed full-library oracle sets. Both MNND metrics were calculated in the fixed 58-dimensional Hybrid-PCA85 shared space.


Supplementary Note 7 — Factorial configuration benchmark and representation-dependent Pareto discovery
S7.1 Factorial configuration design and complete benchmark results
The configuration screen evaluated three methodological factors: BO input space, model-guided selection rule and Gaussian-process length-scale parameterization. Five input spaces (Manual, P80, P85, P90 and P95) were crossed with two selection rules (qEHVI and posterior-mean composite Greedy selection) and two ARD states (on and off), giving 5 × 2 × 2 = 20 model-guided configurations. Random sampling was retained as a separate unguided reference and was not included in the factorial design summarized in Supplementary Table 19 because it did not fit a surrogate, use a model-guided selection rule or possess an ARD state.
Supplementary Table 19 | Full factorial design of the 20 model-guided MOBO configurations
	Configuration
	Representation
	Dimension
	Selection rule
	ARD
	Display label

	C01
	Manual
	14
	qEHVI
	on
	qEHVI-Manual (ARD on)

	C02
	Manual
	14
	qEHVI
	off
	qEHVI-Manual (ARD off)

	C03
	Hybrid-PCA80
	41
	qEHVI
	on
	qEHVI-P80 (ARD on)

	C04
	Hybrid-PCA80
	41
	qEHVI
	off
	qEHVI-P80 (ARD off)

	C05
	Hybrid-PCA85
	58
	qEHVI
	on
	qEHVI-P85 (ARD on)

	C06
	Hybrid-PCA85
	58
	qEHVI
	off
	qEHVI-P85 (ARD off)

	C07
	Hybrid-PCA90
	86
	qEHVI
	on
	qEHVI-P90 (ARD on)

	C08
	Hybrid-PCA90
	86
	qEHVI
	off
	qEHVI-P90 (ARD off)

	C09
	Hybrid-PCA95
	145
	qEHVI
	on
	qEHVI-P95 (ARD on)

	C10
	Hybrid-PCA95
	145
	qEHVI
	off
	qEHVI-P95 (ARD off)

	C11
	Manual
	14
	Greedy
	on
	Greedy-Manual (ARD on)

	C12
	Manual
	14
	Greedy
	off
	Greedy-Manual (ARD off)

	C13
	Hybrid-PCA80
	41
	Greedy
	on
	Greedy-P80 (ARD on)

	C14
	Hybrid-PCA80
	41
	Greedy
	off
	Greedy-P80 (ARD off)

	C15
	Hybrid-PCA85
	58
	Greedy
	on
	Greedy-P85 (ARD on)

	C16
	Hybrid-PCA85
	58
	Greedy
	off
	Greedy-P85 (ARD off)

	C17
	Hybrid-PCA90
	86
	Greedy
	on
	Greedy-P90 (ARD on)

	C18
	Hybrid-PCA90
	86
	Greedy
	off
	Greedy-P90 (ARD off)

	C19
	Hybrid-PCA95
	145
	Greedy
	on
	Greedy-P95 (ARD on)

	C20
	Hybrid-PCA95
	145
	Greedy
	off
	Greedy-P95 (ARD off)


The complete factorial screen was evaluated at the 10% query budget, denoted 753, corresponding to 753 cumulative queried MOFs, including the common 100-MOF initial design. Supplementary Table 20 reports normalized hypervolume, strict Pareto-front recovery and Top-3 Pareto-layer capture for all 20 model-guided configurations. Supplementary Table 21 reports the corresponding CEES-, DMMP- and EtCl-specific Top-1% recovery values and their unweighted mean. 

Supplementary Table 20 | Multi-objective BO performance of the 20 model-guided configurations at the 10% query budget.
	Display label
	Normalized HV
	Strict-front recovery
	Top-3 recovery

	qEHVI-Manual (ARD on)
	0.997 ± 0.001
	0.400 ± 0.094
	0.545 ± 0.073

	qEHVI-Manual (ARD off)
	0.933 ± 0.123
	0.387 ± 0.110
	0.446 ± 0.022

	qEHVI-P80 (ARD on)
	0.642 ± 0.048
	0.360 ± 0.219
	0.446 ± 0.054

	qEHVI-P80 (ARD off)
	0.993 ± 0.012
	0.493 ± 0.076
	0.465 ± 0.058

	qEHVI-P85 (ARD on)
	0.712 ± 0.159
	0.333 ± 0.067
	0.416 ± 0.065

	qEHVI-P85 (ARD off)
	0.994 ± 0.012
	0.587 ± 0.056
	0.559 ± 0.026

	qEHVI-P90 (ARD on)
	0.871 ± 0.150
	0.253 ± 0.056
	0.312 ± 0.028

	qEHVI-P90 (ARD off)
	0.909 ± 0.171
	0.507 ± 0.138
	0.496 ± 0.082

	qEHVI-P95 (ARD on)
	0.595 ± 0.011
	0.093 ± 0.037
	0.262 ± 0.030

	qEHVI-P95 (ARD off)
	0.600 ± 0.006
	0.133 ± 0.047
	0.294 ± 0.016

	Greedy-Manual (ARD on)
	0.992 ± 0.012
	0.453 ± 0.152
	0.496 ± 0.112

	Greedy-Manual (ARD off)
	0.768 ± 0.122
	0.307 ± 0.121
	0.361 ± 0.084

	Greedy-P80 (ARD on)
	0.600 ± 0.089
	0.147 ± 0.128
	0.264 ± 0.059

	Greedy-P80 (ARD off)
	0.756 ± 0.140
	0.320 ± 0.119
	0.428 ± 0.057

	Greedy-P85 (ARD on)
	0.681 ± 0.164
	0.267 ± 0.105
	0.347 ± 0.093

	Greedy-P85 (ARD off)
	0.719 ± 0.006
	0.387 ± 0.119
	0.469 ± 0.060

	Greedy-P90 (ARD on)
	0.709 ± 0.003
	0.307 ± 0.101
	0.338 ± 0.041

	Greedy-P90 (ARD off)
	0.875 ± 0.145
	0.360 ± 0.138
	0.434 ± 0.087

	Greedy-P95 (ARD on)
	0.595 ± 0.010
	0.080 ± 0.056
	0.262 ± 0.030

	Greedy-P95 (ARD off)
	0.600 ± 0.006
	0.147 ± 0.030
	0.292 ± 0.018


Supplementary Table 21 | Target-specific Top-1% recovery of the 20 model-guided configurations at the 10% query budget.
	Display label
	CEES Top-1%
	DMMP Top-1%
	EtCl Top-1%
	Mean Top-1%

	qEHVI-Manual (ARD on)
	0.437 ± 0.077
	0.868 ± 0.067
	0.324 ± 0.092
	0.543 ± 0.067

	qEHVI-Manual (ARD off)
	0.321 ± 0.040
	0.797 ± 0.018
	0.345 ± 0.049
	0.488 ± 0.028

	qEHVI-P80 (ARD on)
	0.463 ± 0.084
	0.587 ± 0.080
	0.305 ± 0.067
	0.452 ± 0.045

	qEHVI-P80 (ARD off)
	0.337 ± 0.078
	0.634 ± 0.040
	0.482 ± 0.094
	0.484 ± 0.035

	qEHVI-P85 (ARD on)
	0.442 ± 0.116
	0.555 ± 0.061
	0.353 ± 0.126
	0.450 ± 0.061

	qEHVI-P85 (ARD off)
	0.500 ± 0.044
	0.663 ± 0.058
	0.503 ± 0.040
	0.555 ± 0.028

	qEHVI-P90 (ARD on)
	0.442 ± 0.059
	0.184 ± 0.034
	0.105 ± 0.028
	0.244 ± 0.015

	qEHVI-P90 (ARD off)
	0.539 ± 0.067
	0.639 ± 0.115
	0.368 ± 0.151
	0.516 ± 0.101

	qEHVI-P95 (ARD on)
	0.318 ± 0.034
	0.118 ± 0.029
	0.095 ± 0.025
	0.177 ± 0.025

	qEHVI-P95 (ARD off)
	0.361 ± 0.022
	0.139 ± 0.045
	0.105 ± 0.009
	0.202 ± 0.014

	Greedy-Manual (ARD on)
	0.426 ± 0.237
	0.771 ± 0.066
	0.176 ± 0.040
	0.458 ± 0.088

	Greedy-Manual (ARD off)
	0.295 ± 0.146
	0.668 ± 0.039
	0.213 ± 0.047
	0.392 ± 0.032

	Greedy-P80 (ARD on)
	0.237 ± 0.113
	0.411 ± 0.143
	0.182 ± 0.039
	0.276 ± 0.072

	Greedy-P80 (ARD off)
	0.350 ± 0.075
	0.566 ± 0.042
	0.371 ± 0.083
	0.429 ± 0.051

	Greedy-P85 (ARD on)
	0.329 ± 0.131
	0.471 ± 0.138
	0.279 ± 0.126
	0.360 ± 0.088

	Greedy-P85 (ARD off)
	0.503 ± 0.079
	0.566 ± 0.047
	0.313 ± 0.081
	0.461 ± 0.049

	Greedy-P90 (ARD on)
	0.479 ± 0.077
	0.221 ± 0.067
	0.113 ± 0.033
	0.271 ± 0.034

	Greedy-P90 (ARD off)
	0.392 ± 0.096
	0.645 ± 0.100
	0.345 ± 0.085
	0.461 ± 0.075

	Greedy-P95 (ARD on)
	0.318 ± 0.037
	0.124 ± 0.034
	0.097 ± 0.029
	0.180 ± 0.029

	Greedy-P95 (ARD off)
	0.353 ± 0.020
	0.139 ± 0.034
	0.105 ± 0.009
	0.199 ± 0.016


The complete configuration screen was evaluated at the 10% cumulative query budget, corresponding to 753 evaluated MOFs including the common 100-MOF initial design. Strict-front recovery varied substantially across configurations even when normalized hypervolume was close to one. The highest mean strict-front recovery was obtained by qEHVI-P85 (ARD off; 0.587 ± 0.056), followed by qEHVI-P90 (ARD off; 0.507 ± 0.138) and qEHVI-P80 (ARD off; 0.493 ± 0.076). The strongest Manual-space configurations were Greedy-Manual (ARD on; 0.453 ± 0.152) and qEHVI-Manual (ARD on; 0.400 ± 0.094).
Normalized hypervolume and material-level recovery were not interchangeable. qEHVI-Manual (ARD on) and qEHVI-P85 (ARD off) nearly saturated the full-library hypervolume at the 10% budget, with values of 0.997 ± 0.001 and 0.994 ± 0.012, respectively, but recovered different fractions of the 15-member strict oracle Pareto set: 0.400 ± 0.094 and 0.587 ± 0.056. Target-specific recovery further showed that qEHVI-Manual (ARD on) was strongly enriched toward DMMP, whereas qEHVI-P85 (ARD off) produced a more balanced recovery profile across CEES, DMMP and EtCl.
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Supplementary Figure 2 | Budget-dependent BO performance across the full factorial configuration set. Rows correspond to the Manual, P80, P85, P90 and P95 input spaces, and columns show normalized hypervolume, strict-front recovery, Top-3 Pareto-layer capture and mean Top-1% recovery. Solid and dashed curves distinguish ARD on and off for qEHVI and Greedy selection, and Random sampling is shown as the grey reference. Curves represent five-seed means from the common 100-MOF initial design to the 20% cumulative query budget.
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Supplementary Figure 3 | Matched factor contrasts in Top-3 Pareto-layer capture at the 10% query budget. Rows denote the Manual descriptor space and the P80–P95 hybrid latent spaces. ARD effects were calculated as capture under ARD off minus capture under ARD on within Greedy and qEHVI, whereas policy effects were calculated as capture under qEHVI minus capture under Greedy under each ARD setting. Cells report differences between the corresponding five-seed means. Positive values favour the first condition and negative values favour the second. P80–P95 retain 80–95% cumulative explained variance.

Supplementary Table 22 | Five-seed cumulative runtime summary for the 20 model-guided RepMOBO configurations at the 10% cumulative query budget.
	Display label
	GP Fit time (h)
	Acquisition time (h)
	Wall time (h)
	Time per post-initial query (s)

	qEHVI–Manual (ARD on)
	0.578 ± 0.131
	0.241 ± 0.031
	0.894 ± 0.141
	4.93

	qEHVI–Manual (ARD off)
	0.031 ± 0.001
	0.192 ± 0.036
	0.298 ± 0.035
	1.64

	qEHVI–P80 (ARD on)
	1.156 ± 0.041
	0.430 ± 0.115
	1.663 ± 0.142
	9.17

	qEHVI–P80 (ARD off)
	0.047 ± 0.001
	0.228 ± 0.084
	0.351 ± 0.084
	1.93

	qEHVI–P85 (ARD on)
	1.553 ± 0.380
	0.433 ± 0.122
	2.062 ± 0.302
	11.37

	qEHVI–P85 (ARD off)
	0.056 ± 0.004
	0.330 ± 0.199
	0.462 ± 0.197
	2.55

	qEHVI–P90 (ARD on)
	0.092 ± 0.030
	0.732 ± 0.471
	0.900 ± 0.457
	4.96

	qEHVI–P90 (ARD off)
	0.074 ± 0.005
	0.290 ± 0.055
	0.439 ± 0.053
	2.42

	qEHVI–P95 (ARD on)
	0.072 ± 0.002
	0.753 ± 0.419
	0.898 ± 0.417
	4.95

	qEHVI–P95 (ARD off)
	0.072 ± 0.006
	0.736 ± 0.361
	0.883 ± 0.365
	4.87

	Greedy–Manual (ARD on)
	0.544 ± 0.142
	0.000 ± 0.000
	0.623 ± 0.147
	3.43

	Greedy–Manual (ARD off)
	0.035 ± 0.002
	0.000 ± 0.000
	0.112 ± 0.004
	0.62

	Greedy–P80 (ARD on)
	1.372 ± 0.141
	0.000 ± 0.000
	1.450 ± 0.141
	7.99

	Greedy–P80 (ARD off)
	0.064 ± 0.007
	0.000 ± 0.000
	0.142 ± 0.008
	0.78

	Greedy–P85 (ARD on)
	1.325 ± 0.169
	0.000 ± 0.000
	1.402 ± 0.168
	7.73

	Greedy–P85 (ARD off)
	0.064 ± 0.010
	0.000 ± 0.000
	0.140 ± 0.010
	0.77

	Greedy–P90 (ARD on)
	0.123 ± 0.048
	0.000 ± 0.000
	0.200 ± 0.048
	1.10

	Greedy–P90 (ARD off)
	0.092 ± 0.012
	0.000 ± 0.000
	0.170 ± 0.012
	0.94

	Greedy–P95 (ARD on)
	0.085 ± 0.007
	0.000 ± 0.000
	0.158 ± 0.008
	0.87

	Greedy–P95 (ARD off)
	0.067 ± 0.002
	0.000 ± 0.000
	0.143 ± 0.004
	0.79


Values are reported as arithmetic means ± sample standard deviations across five seeds. Cumulative times were recorded after 753 MOFs had been evaluated, including the common 100-MOF initial design. GP fit time is the cumulative time spent fitting or refitting the Gaussian-process surrogates. Acquisition time is the separately recorded time for qEHVI acquisition evaluation; zero values for Greedy indicate that no separate acquisition-stage timing was recorded and should not be interpreted as zero candidate-selection cost. Wall time is the total elapsed task time, including model fitting, candidate selection, metric evaluation and data handling. Time per post-initial query was calculated by dividing cumulative wall time by the 653 MOFs queried after the initial design. The values provide a descriptive summary of computational cost rather than a hardware-normalized speed comparison.

S7.2 Strict-front recovery fingerprints and representative-configuration selection
For material-resolved comparison of recovery patterns across configurations, the 15 members of the strict oracle Pareto set were indexed as SF1–SF15, with their corresponding MOF identifiers listed in Supplementary Table 24. For configuration and strict-front member , denotes the number of the five matched seeds in which  had been queried by the 10% cumulative query budget, corresponding to 753 evaluated MOFs. The corresponding recovery frequency was defined as
		(70)
Accordingly, , corresponding to recovery in zero to five seeds. The 15 recovery frequencies were combined into the configuration-specific fingerprint 
		(71)
which describes both the identities of the strict-front materials recovered by configuration c and the consistency of their recovery across the five seeds. Similarity between the recovery fingerprints of configurations ccc and c′c'c′ was quantified using the weighted Jaccard index18,
		(72)
and the corresponding dissimilarity was defined as
		(73)
The 20 model-guided configurations in Fig. 4e were ordered by average-linkage hierarchical clustering of the weighted-Jaccard dissimilarities. The clustering was used only as a descriptive organization of material-level recovery patterns and was not interpreted as evidence of discrete mechanistic classes.

Supplementary Table 23 | Mapping of SF1–SF15 to the strict oracle-front MOFs.
	Strict-front label
	CSD

	SF1
	FOPFAS

	SF2
	IBAPIM

	SF3
	LAPZEK

	SF4
	MOYZUW

	SF5
	NILGIA

	SF6
	NILGOG

	SF7
	OLOGAY

	SF8
	OYEWEW

	SF9
	RAYMIP

	SF10
	SUKYON

	SF11
	UMOBEF02

	SF12
	UMODEH01

	SF13
	UMOVEZ04

	SF14
	XICKOL

	SF15
	YUGZIK


SF1–SF15 are fixed display labels used in Fig. 4e and Supplementary Table 23. Their numbering specifies column identity only and does not indicate Pareto rank, objective preference or recovery difficulty.

Four model-guided configurations were retained for the budget-dependent and material-level analyses in Fig. 5. Selection was role-based rather than a ranking of the four largest values under a single metric. qEHVI-Manual and Greedy-Manual formed a matched policy comparison in Manual space with ARD on, whereas qEHVI-P85 and Greedy-P85 formed the corresponding comparison in P85 space with ARD off. Random sampling was added as the unguided reference. The comparison between qEHVI-Manual and qEHVI-P85 is therefore an integrated configuration comparison rather than a representation-only ablation.
For consistency with Fig. 5, qEHVI-Manual (ARD on), Greedy-Manual (ARD on), qEHVI-P85 (ARD off) and Greedy-P85 (ARD off) are denoted qE-Manual, Gr-Manual, qE-Hybrid and Gr-Hybrid, respectively.
S7.3 Supplementary analyses of representative-policy performance and search behaviour
To complement the representative-policy analyses in Fig. 5, we further examined target-specific Top-1% recovery, shared-space selection patterns for the Greedy controls and latent-space dispersion using two MNND measures.
[image: ]
Supplementary Figure 4 | Target-specific Top-1% recovery trajectories of the representative policies. Recovery of the fixed CEES, DMMP and EtCl Top-1% sets is shown as a function of cumulative query budget for Random, qE-Manual, Gr-Manual, Gr-Hybrid and qE-Hybrid. Curves and shaded bands denote the mean ± sample s.d. across five matched seeds. The vertical dashed line marks the 10% cumulative query budget.
[image: ]
Supplementary Figure 5 | Shared-space selection maps for the Greedy control policies. Cumulative selections made by Gr-Manual and Gr-Hybrid at the 10% query budget are projected onto the fixed Hybrid-PCA85 PC1–PC2 space for each of the five seeds. Grey points show the complete candidate library, open circles the common 100-MOF initial design, blue points post-initial selections coloured by acquisition stage, yellow points queried Top-3 Pareto-layer materials and red stars queried strict-front materials. The shared map was used only for post hoc spatial comparison; selections were not connected according to acquisition order, and all formal distance calculations used the complete 58-dimensional shared space.
[image: ]
Supplementary Figure 6 | Round-wise and cumulative MNND of the representative policies. Top, new-to-history MNND quantifies the mean distance of each newly selected batch to the queried history available before that round. Bottom, cumulative selected-set MNND quantifies nearest-neighbour spacing within the complete queried set accumulated at each budget. Distances were calculated in the fixed 58-dimensional, post-PCA-standardized Hybrid-PCA85 shared space. Curves and shaded bands denote the mean ± sample s.d. across five matched seeds, and the vertical dashed line marks the 10% cumulative query budget.

These spatial metrics were interpreted as descriptive diagnostics and not as causal explanations for differences in Pareto recovery.


Supplementary Note 8 —Computational candidate prioritization and experimental shortlist
S8.1 RepMOBO-derived candidate pool and cross-run recurrence
The candidate pool for experimental prioritization was constructed from the two qEHVI-based RepMOBO configurations retained after the complete configuration benchmark: RepMOBO-Manual, corresponding to qEHVI-Manual with ARD on, and RepMOBO-Hybrid, corresponding to qEHVI-P85 with ARD off. Five matched-seed runs were considered for each configuration. Candidate membership was evaluated at the 10% cumulative query budget, corresponding to 753 evaluated MOFs per run, including the common 100-MOF initial design.
All materials queried in at least one of the ten runs by this budget were pooled by MOF identifier, yielding 2,385 unique candidates from the complete 7,532-MOF library. For each material, Manual occurrence and Hybrid occurrence were defined as the numbers of RepMOBO-Manual and RepMOBO-Hybrid runs, respectively, in which the material had been queried. Total occurrence was defined as the sum of these two counts. Retaining materials with a total occurrence of at least 6/10 reduced the candidate pool to 428 MOFs. Because each RepMOBO configuration contributed a maximum of five occurrences, this threshold required at least one occurrence under each representative configuration.
S8.2 Pareto-enriched filtering and composite-score ranking
The 428 recurrent candidates were evaluated using the fixed full-library oracle quantities defined in Supplementary Note 3. Candidates were required to belong to the Top-3 Pareto set and to the Top-1% set ranked by a full-library composite adsorption score. For material and adsorption target , the GCMC uptake was min–max normalized over the complete library as
		(74)
where . The composite score was calculated as the unweighted arithmetic mean of the three normalized target responses,
		(75)
The Top-1% composite-score set contained the 76 highest-ranked materials in the complete library. Intersecting this set and the Top-3 Pareto set with the 428 recurrent candidates yielded 30 Pareto-enriched candidates. These candidates were subsequently ranked by their full-library composite scores. Eight of the 30 candidates occupied positions within the first ten composite ranks of the complete 7,532-MOF library.
S8.3 High-priority shortlist and experimental advancement
The eight candidates positioned within the first ten full-library composite ranks were OLOGAY, OYEWIA, KAZXEQ, OYEWEW, QUYTOU, QAJJOD01, MOYZUW and IXEJOM. The materials occupying composite ranks 8 and 9 were not queried in any of the ten representative RepMOBO runs by the 10% cumulative query budget and therefore did not enter the recurrence-filtered candidate pool.
Five candidates were advanced to synthesis after considering their computational priority, CSD traceability, available preparation procedures and experimental feasibility: OLOGAY, KAZXEQ, OYEWEW, QAJJOD01 and IXEJOM. OLOGAY, OYEWEW, QAJJOD01 and IXEJOM yielded the activated materials used for adsorption measurements, corresponding to NJU-Bai1, MOF-515, UiO-67-Me and PCN-700-(CF₃)₂, respectively. The attempted synthesis of KAZXEQ did not yield the target material under the conditions tested. The complete stage-wise reduction from the full library to the experimentally validated materials is summarized in Supplementary Table 24. The computational provenance and experimental status of the eight highest-priority candidates are reported in Supplementary Table 25, and the complete 30-candidate set is listed in Supplementary Table 26.

Supplementary Table 24 | Filtering statistics from the full MOF library to the experimentally validated materials.
	Selection stage
	Number of materials
	Definition or purpose

	Full GCMC-labelled library
	7,532
	Curated MOF pool with complete CEES, DMMP and EtCl labels

	Queried at least once by the 10% RepMOBO budget
	2,385
	Union across five RepMOBO-Manual and five RepMOBO-Hybrid runs

	Total occurrence >= 6/10
	428
	Retains candidates queried under both representative RepMOBO configurations

	Top-3 Pareto set and Top-1% composite-score set
	30
	Compact Pareto-enriched, high-composite-score candidate scope

	Within top ten of the full-library composite ranking
	8
	Top-ranked shortlist used for experimental prioritization

	Advanced to synthesis
	5
	Candidates advanced to synthesis after computational prioritization and experimental feasibility assessment

	Successfully synthesized and tested
	4
	Activated materials advanced to adsorption validation



Supplementary Table 25 | Computational provenance and experimental status of the eight top-ranked Pareto-enriched candidates.
	CSD refcode
	Composite rank
	Pareto layer
	Strict front
	Manual occ.
	Hybrid occ.
	Total occ.
	Selected
	Outcome

	OLOGAY
	1
	L1
	Yes
	5/5
	5/5
	10/10
	Yes
	synthesized and tested

	OYEWIA
	2
	L2
	No
	5/5
	4/5
	9/10
	No
	not selected for synthesis

	KAZXEQ
	3
	L2
	No
	5/5
	5/5
	10/10
	Yes
	not obtained under tested synthesis conditions

	OYEWEW
	4
	L1
	Yes
	5/5
	4/5
	9/10
	Yes
	synthesized and tested

	QUTYOU
	5
	L2
	No
	5/5
	5/5
	10/10
	No
	not selected for synthesis

	QAJJOD01
	6
	L2
	No
	1/5
	5/5
	6/10
	Yes
	synthesized and tested

	MOYZUW
	7
	L1
	Yes
	5/5
	5/5
	10/10
	No
	not selected for synthesis

	IXEJOM
	10
	L2
	No
	4/5
	4/5
	8/10
	Yes
	synthesized and tested


Manual and Hybrid occurrences denote the numbers of the five RepMOBO-Manual and five RepMOBO-Hybrid runs, respectively, in which each material had been queried by the 10% cumulative query budget. Total occurrence is the sum of the two configuration-specific counts. Composite ranks were calculated over the complete 7,532-MOF library. Strict-front membership denotes inclusion in the first oracle Pareto layer.

Supplementary Table S26| Complete list of the 30 Pareto-enriched candidates retained after recurrence and performance filtering
	MOF ID
	CSD
	Composite rank
	Composite score
	Pareto layer
	Strict front
	Run occurrence (Manual, Hybrid; total)
	Advanced to synthesis

	8973
	OLOGAY
	1
	0.860
	L1
	Yes
	5/5; 5/5; 10/10
	Yes

	9301
	OYEWIA
	2
	0.705
	L2
	No
	5/5; 4/5; 9/10
	No

	6355
	KAZXEQ
	3
	0.685
	L2
	No
	5/5; 5/5; 10/10
	Yes

	9300
	OYEWEW
	4
	0.685
	L1
	Yes
	5/5; 4/5; 9/10
	Yes

	1587
	QUTYOU
	5
	0.684
	L2
	No
	5/5; 5/5; 10/10
	No

	9942
	QAJJOD01
	6
	0.638
	L2
	No
	1/5; 5/5; 6/10
	Yes

	7989
	MOYZUW
	7
	0.631
	L1
	Yes
	5/5; 5/5; 10/10
	No

	5610
	IXEJOM
	10
	0.605
	L2
	No
	4/5; 4/5; 8/10
	Yes

	10006
	—
	13
	0.561
	L2
	No
	5/5; 4/5; 9/10
	No

	1503
	—
	14
	0.558
	L2
	No
	5/5; 5/5; 10/10
	No

	1579
	—
	15
	0.558
	L2
	No
	2/5; 5/5; 7/10
	No

	7923
	—
	22
	0.523
	L3
	No
	5/5; 5/5; 10/10
	No

	6921
	—
	23
	0.523
	L3
	No
	5/5; 5/5; 10/10
	No

	7530
	—
	25
	0.519
	L3
	No
	5/5; 1/5; 6/10
	No

	917
	—
	26
	0.516
	L2
	No
	5/5; 3/5; 8/10
	No

	9178
	—
	31
	0.499
	L2
	No
	5/5; 4/5; 9/10
	No

	11174
	—
	32
	0.499
	L3
	No
	5/5; 4/5; 9/10
	No

	10344
	—
	33
	0.498
	L3
	No
	3/5; 3/5; 6/10
	No

	986
	—
	34
	0.497
	L2
	No
	4/5; 2/5; 6/10
	No

	12837
	—
	39
	0.492
	L3
	No
	5/5; 4/5; 9/10
	No

	7057
	—
	41
	0.491
	L3
	No
	5/5; 5/5; 10/10
	No

	6043
	—
	44
	0.487
	L3
	No
	4/5; 4/5; 8/10
	No

	13301
	—
	45
	0.486
	L3
	No
	4/5; 5/5; 9/10
	No

	12271
	—
	48
	0.482
	L3
	No
	5/5; 3/5; 8/10
	No

	3713
	—
	49
	0.482
	L1
	Yes
	3/5; 5/5; 8/10
	No

	13442
	—
	53
	0.481
	L3
	No
	5/5; 5/5; 10/10
	No

	12226
	—
	55
	0.480
	L3
	No
	5/5; 5/5; 10/10
	No

	7224
	—
	57
	0.475
	L3
	No
	5/5; 5/5; 10/10
	No

	2327
	—
	58
	0.474
	L2
	No
	2/5; 4/5; 6/10
	No

	9571
	—
	73
	0.463
	L2
	No
	5/5; 4/5; 9/10
	No


 



Supplementary Note 9 — Experimental synthesis, characterization and vapour adsorption protocols
S9.1 Chemicals and reagents
Unless otherwise specified, all chemicals were obtained from commercial suppliers and used as received without further purification. H2(CF3)2-BPDC (98%) and 3,3′-dimethylbiphenyl-4,4′-dicarboxylic acid (98%) were obtained from Bide Pharmatech. ZrCl4 (99%), N,N-dimethylformamide (DMF, 99%), hydrochloric acid (37%) and benzoic acid (99%) were obtained from Aladdin. Trifluoroacetic acid (99%) and ethanol (99%) were obtained from Energy Chemical, and 4,4′,4″-nitrilotribenzoic acid (H3NTB, 98%) was obtained from Titan Scientific. Al(NO3)3·9H2O, Zn(NO3)2·6H2O, NMF, tetrahydrofuran (THF), H2L and deionized water were used in the synthesis procedures described below.
S9.2 Synthesis of experimentally validated MOFs
PCN-700-(CF3)2 (IXEJOM): ZrCl4 (200 mg), H2(CF3)2-BPDC (100 mg), trifluoroacetic acid (1.0 mL) and DMF (20 mL) were combined in a Pyrex vial. The mixture was heated at 120 °C for 72 h and subsequently cooled to room temperature. The resulting colourless crystals of PCN-700-(CF3)2 were collected with an isolated yield of 58%.
UiO-67-Me (QAJJOD01): ZrCl4 (201 mg, 0.86 mmol), benzoic acid (1.05 g, 8.6 mmol) and 3,3′-dimethylbiphenyl-4,4′-dicarboxylic acid (226 mg, 0.86 mmol) were dissolved in hot DMF (20 mL). Hydrochloric acid (35%) was added as a modulator. The clear solution was transferred to a 50-mL Erlenmeyer flask and heated without stirring at 120 °C for 48 h under a loosely fitted cover. The resulting white solid was collected and washed three times with DMF (10 mL per wash) and three times with THF (10 mL per wash), followed by drying in air at 200 °C.
MOF-515 (OYEWEW): Al(NO3)3·9H2O (0.030 g, 0.080 mmol), H3NTB (0.030 g, 0.080 mmol) and trifluoroacetic acid (0.30 mL) were dissolved in an NMF/H2O mixture (3.05 mL; v/v = 60:1). The resulting solution was sealed in a 20-mL Teflon-lined stainless-steel vessel and heated at 140 °C for 72 h, followed by gradual cooling to room temperature. Yellow crystals were collected and washed with fresh NMF.
NJU-Bai1 (OLOGAY): H2L (20 mg, 0.070 mmol) and Zn(NO3)2·6H2O (62 mg, 0.21 mmol) were suspended in DMF (2.0 mL) in a sealed 20-mL vial. The mixture was heated at 80 °C for 48 h and then cooled to room temperature. Colourless cubic crystals were collected.
KAZXEQ (SDU-1; attempted experimental advancement): Preliminary small-scale synthesis following the reported solvothermal procedure yielded crystalline SDU-1 under solvated conditions19. However, the material was sensitive to solvent removal and did not retain the target crystalline phase reliably upon desolvation/activation. This behaviour is consistent with the reported instability of SDU-1 upon removal of solvates20. Consequently, KAZXEQ was not advanced to vapour-adsorption measurements in the present study.

S9.3 Characterization and vapour adsorption protocols
Powder X-ray diffraction (PXRD) patterns were recorded at room temperature on a Bruker D8 diffractometer using Cu Kα radiation (λ=1.5418 Å). Field-emission scanning electron microscopy (FE-SEM) images were obtained using a Hitachi S-8010 instrument operated at 10 kV. Thermogravimetric analysis (TGA) was performed using a TA Instruments Q50 thermogravimetric analyser under a nitrogen atmosphere from 45 to 800 °C at a heating rate of 5 °C min⁻¹. Fourier-transform infrared (FTIR) spectra were recorded using a Thermo Scientific Nicolet iS10 spectrometer with KBr pellets.
	Nitrogen adsorption–desorption isotherms were measured at 77 K using a Quantachrome Autosorb-iQ instrument with high-purity N₂. BET surface areas were determined from the linear region of the adsorption branch of the N₂ isotherms. Pore-size distributions were derived from the N₂ adsorption data using the pore kernel implemented in Quantachrome ASiQwin 2.01.
	Gravimetric adsorption measurements for CEES, DMMP and EtCl were performed using a BSD-DVS instrument. Sorption isotherms were collected at 298 K using activated samples. Before measurement, the samples were activated at 393 K for 12 h under a continuous N2 flow of 400 sccm in total, corresponding to 50 sccm per analysis port.
S9.4 Structural and textural characterization
[bookmark: _GoBack]PXRD patterns (Supplementary Fig. 7) of MOF-51521, UiO-67-Me22 and PCN-700-(CF₃)₂23 were consistent with those reported for the corresponding materials and exhibited sharp diffraction features, supporting successful reproduction of the targeted crystalline frameworks. SEM images (Supplementary Fig. 8) further revealed well-defined crystalline morphologies for these samples. In contrast, the PXRD and SEM results for NJU-Bai1 indicated that they are almost non-crystalline products with different meso- and microstructure24. TGA results (Supplementary Fig. 9) indicated that guest-solvent desorption occurred mainly between 50 °C and 300 °C, followed by major framework decomposition at higher temperatures, around 500 °C. To evaluate the permanent porosity and pore characteristics of the activated MOFs, N2 adsorption–desorption isotherms were collected at 77 K (Supplementary Fig. 10). The total N2 uptake followed the order UiO-67-Me > MOF-515 > PCN-700-(CF3)2 > NJU-Bai1. Correspondingly, the BET surface areas derived from the N2 sorption isotherms were 2,852, 2,007, 942 and 101 m2 g-1, respectively (Supplementary Fig. 11). Pore-size analysis further indicated that MOF-515 was predominantly microporous, whereas the other three materials exhibited broader pore-size distributions extending into the mesopore range (Supplementary Fig. 12). FTIR spectra (Supplementary Fig. 13) showed prominent bands in the coordinated-carboxylate stretching region around 1,600–1,400 cm-1, together with ligand-specific vibrations in the 1,300–1,100 cm-1 region, including C–N-associated features for MOF-515 and C–F stretching features for PCN-700-(CF3)2, further supporting formation of the expected MOF frameworks.
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Supplementary Figure 7 | XRD patterns the as-synthesized MOFs at N2 atmosphere.
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Supplementary Figure 8 | The SEM image of a)MOF-515,b)UiO-67-Me, c)NJU-Bai1,d) PCN-700-(CF3)2.
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Supplementary Figure 9 | TGA proﬁle for the as-synthesized MOFs at N2 atmosphere.
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Supplementary Figure 10 | N2 adsorption–desorption isotherms at 77 K for the as-synthesized MOFs.
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Supplementary Figure 11 | Plot of the linear region on the N2 isotherm of a)MOF-515, b)UiO-67-Me, c)NJU-Bai1, d) PCN-700-(CF3)2 for the BET equation.
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Supplementary Figure 12 | The pore-size distribution for a)MOF-515, b)UiO-67-Me, c)NJU-Bai1,d) PCN-700-(CF3)2
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Supplementary Figure 13 | FTIR spectra of the activated MOFs.
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