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1. Asymptotic Convergence of BORA to BO 
The following theorem proves the asymptotic convergence of the BORA algorithm (ref. 71, main 
text). 
 
Theorem 1. Let 𝐺𝑃(0, 𝑘) be a fixed Gaussian process prior over a Lipschitz continuous function 
𝑓:	𝒳 → ℝ defined on a compact set 𝒳 ⊂ ℝ!, with a continuous and bounded kernel 𝑘(𝒙, 𝒙) =
𝜎"#$(𝒙) > 0, potentially with i.i.d observation noise 𝜖~𝒩(0, 𝜂). When a  𝐺𝑃 surrogate with an 
expected improvement (𝐸𝐼) acquisition strategy are used in the BORA optimiser, then with 
probability 1, there is a finite step 𝑇′ such that: 
 

𝜎",&'()#$ < 𝛽𝜎",&(*#$ 	∀𝑡 ≥ 𝑇+, (1) 
 
where 𝜎"#$ 	represents the posterior standard deviation of the 𝐺𝑃 at step 𝑡, and 𝛽 ∈ (0,1). 
 
Proof. Let B𝒙&,)

(.) , 𝒙&,)
(0) , … , 𝒙&,)

(1) D ⊂ 𝒳be a fixed set of 𝑞 ‘monitoring points’ of uncertainty in the 
𝐺𝑃 in the Bayesian optimisation framework.  According to the BORA algorithm (ref. 71, main 
text) we have: 

  𝜎",&'()	#$ =	1 𝑞⁄ ∑ 𝜎"(𝒙&,)
(3) )											(2)1

34.  
 

𝜎",&(*#$ = maxL𝜎"5.,&(*#$ ,max.6768 𝜎" M𝒙&,)
(3) NO , (3) 

 
where 𝜎9,&(*#$ = max.6768 𝜎"(𝒙&,)

(3) ).									(4) 
 
By the no-empty-ball (𝑁𝐸𝐵) property of 𝑘 (valid for a large class of kernels – Matérn, exponential, 
etc.)1 we have that the solution sequence U𝒙(.), 𝒙(0), … , 𝒙(:)V generated by a sufficiently large 
number of actions 𝑎. in BORA (i.e., ‘vanilla’ 𝐵𝑂 using a 𝐺𝑃 and 𝐸𝐼) is dense in 𝒳 and thus no 
persistently high-uncertainty region is ignored with probability 1. Subsequently, and due to 
epistemic uncertainty, which ensures Z𝒙(") − 𝒙&,)

("!) Z < 𝜖	 ⟹ ]𝜎"#$M𝒙(")N − 𝜎"#$ L𝒙&,)
;"!< O] = 0 we get  

 
𝜎",&'()	#$ → 0. (5) 

 
From Eq. (3) we have that 𝜎",&(*#$  is upper bounded by a finite value 𝜎",&(*#$ ≤ 𝑀∗ < ∞ and from 
Eq. (5) we get 
 

𝜎",&'()#$ 𝜎",&(*#$b → 0. (6) 
 
Therefore, there exists a finite iteration 𝑇+ > 𝑇 for which 
 

𝜎",&'()#$ < 𝛽𝜎",&(*#$ 	∀𝑡 ≥ 𝑇+. (7) 
 
Corollary 1. Given that 𝜎",&'()#$ < 𝛽𝜎",&(*#$ 	∀𝑡 ≥ 𝑇+, the BORA optimisation framework1 reduces 
to a ‘vanilla’ Bayesian optimiser for the remaining iterations, thus inheriting its asymptotic 
convergence guarantees.1,2 
 
Remark 1. While the previous result ensures convergence for a fixed choice of prior 
hyperparameters, in practice these are estimated from data using maximum likelihood estimates 
which can cause 𝐸𝐼 to fail to converge3. Following a modified 𝐸𝐼 acquisition strategy by Bull3 
ensures the desired convergence with estimated prior parameters. 
 
Remark 2. In the presence of i.i.d observation noise 𝜖~𝒩(0, 𝜂), Theorem 1 still holds with the 
only difference that 𝜎",&'()	#$ → e𝜂 instead. 

References (section 1) 
 
1. Vazquez, E. and Bect, J., Journal of Statistical Planning and Inference, 2010, 140(11), 

3088.  
2. Bull, A.D., Journal of Machine Learning Research, 2011, 12(10).  
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2. Opsight Software Platform and BORA Implementation 

2.1. Overview and Architecture 

This study's optimisation campaigns were executed using Opsight (https://opsightlab.com/), a 
cloud-native platform we developed to deploy hypothesis-driven optimizers such as BORA 
(ref. 71) and HypBO (ref. 50). Opsight employs a three-layer architecture separating user 
interaction (Django web application),3 optimisation logic (BoTorch,4 LangGraph agentic 
framework5), and distributed execution (Azure Container Apps6). This separation enabled the 
large-scale benchmarking studies presented here, where for each experimental configuration, 
we ran 10–20 independent optimisation campaigns concurrently while maintaining full 
reasoning traces for post-hoc analysis. The platform’s distributed architecture, automatic 
horizontal scaling, and detailed logging capabilities allowed us to capture all optimisation runs 
with complete LLM commentary, tool usage, and hypothesis evolution. The web-based 
interface provided real-time visualisation and collaborative monitoring accessible to the entire 
research team, which proved valuable for identifying outlier runs and understanding failure 
modes during this study, which would have been cumbersome to replicate with traditional 
scripting approaches in a multi-user study such as this. 

2.2. BORA Implementation within Opsight 

The BORA optimiser deployed here leverages the core algorithmic framework from our 
original publication (ref. 71), where LLM reasoning guides Bayesian optimisation through 
plateau-aware interventions. Operationalising BORA at the scale required here (624 LLM 
optimisations in total) demanded production-grade infrastructure that Opsight provided via an 
agentic architecture with autonomous tool ecosystem and persistent memory management. 
While the original BORA implementation demonstrated viability through simple LLM prompt 
engineering, Opsight wraps this with these more enhanced capabilities, allowing deployment 
in campaigns where domain knowledge evolves and a plethora of literature is available. 

Concretely, Opsight’s infrastructure additions to BORA (and subsequently to LLM-only 
optimisations, sections 3.2 and 3.4 in main text) include: (i) agentic framework with 
autonomous tool calling, where the LLM can invoke web search for literature scanning, Python 
code execution for data analysis (e.g., correlation matrices), resource retrieval for human input, 
and memory operations without human oversight; (ii) RAG-based memory integration through 
a vector database that allows the LLM to query past hypotheses, experimental outcomes, and 
memories. The system uses OpenAI’s text-embedding-3-large or Google’s gemini-embedding-
exp-03-07 embeddings (depending on LLM provider) with each optimisation campaign 
assigned a dedicated namespace for knowledge isolation. 

References (section 2) 
 
3. https://www.djangoproject.com   
4. M. Balandat, B. Karrer, D. R. Jiang, S. Daulton, B. Letham, A. G. Wilson, and E. Bakshy, BoTorch: 

A Framework for Efficient Monte-Carlo Bayesian Optimization. In Advances in Neural 
Information Processing Systems 33, 2020. 

5. https://github.com/langchain-ai/langgraph   
6. https://pypi.org/project/azure-mgmt-appcontainers/  

https://opsightlab.com/
https://www.djangoproject.com/
https://github.com/langchain-ai/langgraph
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3. Supporting Figures and Tables 
 

 

 

Fig. S1. Comparison of LLM-only optimisation (o3), hybrid o3 (med) / BO optimisation 
(BORA), and uncategorised BO and SAAS BO for a 10-dimensional photocatalysis problem. 
Each run involved 15 batches of 10 experiments (150 experiments). There were 5 batches (50 
experiments) prior to adaptive sampling, and a total of 20 repeat optimisations was run in each 
case. The plots show the average best hydrogen evolution rate (HER) value found so far. The 
maximum possible HER in this test is 28.37 µmol h-1. 
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Fig. S2. Prompt (attached PDF) used to instruct the LLM not to carry out literature searches 
in hybrid gpt-5 (med) / BO optimisations (see also Fig. S3). 

 

 

Fig. S3. Results of instructing the LLM not to carry out literature searches in hybrid gpt-5 (med) 
/ BO optimisations (prompt shown in Fig. S2). Each run involved 15 batches of 10 experiments 
(150 experiments). There were 5 batches prior to adaptive sampling in each case, and a total 
of 20 repeat optimisations was run. (a) Plot showing all 20 runs; 10/20 of these runs followed 
the instruction through to the end of the optimisation (black points). (b) Plots showing the 
average best hydrogen evolution rate (HER) value found so far for the runs that followed the 
prompt (black points) and those that failed to do this (red points). Within standard deviation, 
there is little difference between the two cases. 
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Fig. S4. Effect of reasoning level settings (low/medium/high) in hybrid gpt-5 / BO optimisations 
(BORA) for (a) the photocatalysis experiment and (b) the pétanque physics simulation. Each 
run involved 15 batches of 10 experiments (150 experiments). There were 5 batches prior to 
adaptive sampling in each case, and a total of 20 repeat optimisations was run.  
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Model Average HER 
after 25 expt 

STD after 
25 expt 

Average HER 
after 150 expt 

Average STD 
after 150 expt 

# times 
reached max 

gpt-5 (low) 9.5 2.9 26.7 2.3 9 
gpt-5 (med) 7.5 3.5 25.1 4.2 9 
gpt-5 (high) 7.5 4.2 23.4 5.6 1 

 

Table S1. Effect of reasoning level settings (low/medium/high) in hybrid gpt-5 / BO 
optimisations for the photocatalysis experiment. Each run involved 15 batches of 10 
experiments (150 experiments). There were 5 batches prior to adaptive sampling in each case, 
and a total of 20 repeat optimisations was run. 

 

 

Model Average 
score after 
25 expt 

STD after 
25 expt 

Average score 
after 150 expt 

Average STD 
after 150 expt 

gpt-5 (low) 61.3 28.8 98.2 2.3 
gpt-5 (med) 63.9 35.1 99.2 0.9 
gpt-5 (high) 69.3 26.4 98.2 4.6 

 

Table S2. Effect of reasoning level settings (low/medium/high) in hybrid gpt-5 / BO 
optimisations for the pétanque physics simulation. Each run involved 15 batches of 10 
experiments (150 experiments). There were 5 batches prior to adaptive sampling in each case, 
and a total of 20 repeat optimisations was run. 
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Fig. S5. Comparison of BO (a, b) and LLM-only optimisations (o3, med) (c, d) for the 
photocatalysis experiment. Each run involved 15 batches of 10 experiments (150 
experiments). There were five batches prior to adaptive sampling, identical in all runs; these 
were selected using the Kennard–Stone algorithm to ensure maximum dissimilarity among 
the conditions. A total of 20 repeat optimisations was run. (a) and (c) show all individual runs; 
(b) and (d) show the average over 20 runs with standard deviations. 
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Best score pitch yaw v0 spin spin axis h0 mass 

Run 1 99.773 27.076 0 24.641 0 0 2 9 

Run 2 96.166 28.05 0 31.95 1500 88.56 1.5 2 

Run 3 98.85 24.5 0 42.1 1790 90.6 2 0.6 

Run 4 98.397 20.115 0 27.115 0 0 2 10 

Run 5 99.919 24.5 0 27.1 0 0 2 0.5 

Run 6 99.44 38.086 0 24.004 100 90 1.05 2.005 

Run 7 98.752 32.675 0 23.405 0 0 2 10 

Run 8 98.799 30.467 0 23.806 0 0 2 10 

Run 9 98.977 22.105 0 26.365 0 -90 2 7.15 

Run 10 99.75 31.882 0 23.922 0 0 1.001 10 

Run 11 99.085 35.46 -0.1 35.46 1495 94.95 2 2.05 

Run 12 99.967 39.135 0 22.747 0 0 2 10 

Run 13 99.558 20.064 0 25.001 800 -90 1.481 6 

Run 14 99.831 24.021 0 25.546 0 90 2 10 

Run 15 99.507 33.834 0 21.787 790 -90 2 2 

Run 16 99.939 27.68 0 31.32 1895.8 -90 2 0.1 

Run 17 99.981 26.001 0 25.191 0 -90 1.424 10 

Run 18 99.94 33.244 0 23.998 0 0 2 2 

Run 19 99.764 38.013 0 22.996 120 90 2 10 

Run 20 98.537 34.17 0 23.08 3000 -90 1.5 0.9 

 

Table S3. Best solutions found for 20 hybrid LLM/BO optimisations for the 7-dimensional 
pétanque simulation using gpt-5, settings as per Fig. 3 in main text (15 batches of 10 
experiments; the first 5 batches used the LLM to warm start the optimisation, after which the 
hybrid optimiser switched between LLM and BO modes). Note that no two solutions found are 
identical. Except for the “yaw” dimension (left/right angle in horizontal plane), which was mostly 
ignored, there is a wide spread of values for each of the other six input variables. This supports 
the interpretation that the LLM is performing active reasoning, rather than simply “memorising” 
a solution extrapolated from some related literature source. Note that some of the recurrent 
values represent maximum or minimum allowed values; for example, the maximum ball mass 
was 10 kg, and the maximum release height above ground level (h0) was 2 m.  
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Fig. S6. LLM-only optimisation (gpt-5(med), batch size = 1; initialisation phase = 30 
experiments; 500 experiments in all). The optimum HER (28.37 µmol h-1) is reached at 
experiment 323 after a prolonged plateau. The hypotheses for the four labelled experiments 
that break the plateau are also shown; the full optimisation log is also included in the data 
repository (Fig_S6_log.pdf). 
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Fig. S7. LLM-only optimisation (o3(med), batch size = 1; initialisation phase = 30 experiments; 
500 experiments in all). The optimum HER (28.37 µmol h-1) is reached at experiment 339, 
again after a plateau. The hypotheses for the six experiments that break the plateau are 
shown; the full optimisation log is also included in the data repository (Fig_S7_log.pdf). The 
decline in performance after experiment 339 suggests a potential termination condition for the 
optimiser, although we note that such a condition might also have terminated the optimisation 
prematurely in the example given in Fig. S6 (see performance decline in experiments 100–
200). 
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Fig. S8. The ‘mixed’ hypotheses (Team Ideas 2; 1 = good; 3 = good (though not optimal), 2, 4 
= bad, 5 = neutral) and ‘good’ hypotheses (Team Ideas 3) used to prompt the hybrid LLM (o3) 
/ BO optimiser (section 3.3.1 in main text; see Fig. 10, Table 5). Upon analysis, we noted that 
both the ‘mixed’ and ‘good’ prompts specify “>4 mg” P10. In fact, the optimal amount for 
maximum HER in the model is 4 mg. As such, while Team Ideas 3 is broadly a helpful prompt, 
it is not perfect; we changed this to “>3.5 mg” (Fig. S14) for the test shown in Figs. S15 & S16. 
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Fig. S9. Example of BO/o3(med) hybrid optimisation (batch size = 10, 15 batches, 5 batch 
warm start) with ‘good’ hypotheses prompt (PC_20_run_10_5_15_o3_prompt_3_Run_5.pdf). 
The best HER located was 26.58 µmol h-1 (asterisked point), below the maximum value of 
28.37 µmol h-1. (a) HER versus experiment number; (b) Amount of P10 dispensed (mg) versus 
experiment number showing both LLM- and BO-derived points. (c) Amount of P10 dispensed 
(mg) versus experiment number showing LLM-derived points only (that is, BO points not 
shown). For the LLM points, (c), most experiments involved a P10 addition of >4 mg, in line 
with the “good” hypotheses (Fig. S8); this was the general trend throughput the 20 repeat 
optimisation trials. In this case, BO sampling does not manage to break the hybrid optimiser 
out of this regime. 
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Fig. S10. Second example of BO/o3(med) hybrid optimisation (batch size = 10, 15 batches, 5 
batch warm start) with “good” hypotheses prompt 
(PC_20_run_10_5_15_o3_prompt_3_Run_2.pdf). Here the optimiser located the maximum 
value of 28.37 µmol h-1 (asterisked point). (a) HER versus experiment number; (b) Amount of 
P10 dispensed (mg) versus experiment number showing both LLM- and BO-derived points. 
For the maximum HER (asterisked), the P10 addition was 4 mg, contravening the >4 mg 
suggestion in the “good” hypotheses (Fig. S8). Here, BO sampling breaks the hybrid optimiser 
out of the initial team hypothesis regime. Note also the lines and parabolas of points in the 
warm start phase (first 50 experiments)—these are effectively systematic mini-experiments 
suggested by the early LLM hypotheses, in this case sweeping the effect of P10 addition, 
mostly in the range 4.0–4.8 mg (Fig. S8b) with respect to other variables.  
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Fig. S11. Third example of BO/o3(med) hybrid optimisation (batch size = 10, 15 batches, 5 
batch warm start) with “good” hypotheses prompt 
(PC_20_run_10_5_15_o3_prompt_3_Run_9.pdf). Again, the optimiser located the maximum 
value of 28.37 µmol h-1 (asterisked point). (a) HER versus experiment number; (b) Amount of 
P10 dispensed (mg) versus experiment number showing both LLM- and BO-derived points. 
For the maximum HER (asterisked), the P10 addition was 4 mg, contravening the >4 mg 
suggestion in the “good” hypotheses (Fig. S6). In this case, it is an LLM hypothesis that located 
this maximum. However, before this occurred, BO sampling (experiment 92, labelled) broke 
the optimiser out of the >4 mg regime. Excerpts from the reasoning log are shown in Fig. S12. 
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Fig. S12. Excerpts from reasoning log for BO/o3(med) hybrid optimisation (batch size = 10, 
15 batches, 5 batch warm start) with “good” hypotheses prompt; see Fig. S11 for associated 
data. The initial design guidelines were “Fix P10 at 4.0 and 5 mg across designs”, in line with 
the “good” hypotheses prompt. This view of high P10 addition was initially reinforced (time 
stamp 15:55:12), but later revised considering new data (time stamp 16:01:18), as 
summarised in the “Progress Summary” at the end of the optimisation. The full optimisation 
log file is in the data repository: PC_20_run_10_5_15_o3_prompt_3_Run_9.pdf 
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Fig. S13. Plot showing amount AcidRed71 added in each experiment over the course of the 
hybrid optimisation in of run (vii) (Fig. 10a). As discussed, the LLM failed to abandon the initial 
“bad” hypothesis of adding dyes in this case. 

 

 

Fig. S14. Improved “good” hypotheses (c.f., Fig. 9, main text; P10 > 3.5 mg, rather than P10 
> 4 mg), as used for the optimisation shown in Fig. S15 and Fig. S16. 
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Fig. S15. Illustration of adding hypotheses during an optimisation run (o3-only, batch size = 1; 
initialisation phase = 30 experiments). Here, “bad’ hypotheses (Fig. 9, main text) were added 
initially, before switching to improved “good” hypotheses (Fig. S14) at experiment 39. These 
new hypotheses were then assimilated by the LLM (Fig. S16), leading to stronger optimisation 
performance, ultimately locating the optimal HER (28.37 µmol h-1; Fig. S16). For full 
optimisation log see data repository: Fig_S15_log.pdf 

  

Bad
Hypotheses

Good
Hypotheses



 19 

 

Fig. S16. Excerpts from optimisation log showing how the LLM assimilates the new good 
hypotheses (referred to by the LLM as the “new team notes”) that were injected at experiment 
39 (Fig. S15). For full optimisation log, see data repository: Fig_S15_log.pdf  
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Fig. S17. (a) o3/BO hybrid optimisation (BORA) with addition of experimental dataset from 
2020 Nature publication (ref. 32); in many runs, the LLM does not identify the most active 
catalyst composition from the data in the csv file (1028 rows x 11 columns); (b) gpt-5.2/BO 
hybrid optimisation (BORA) with addition of experimental dataset from 2020 Nature publication 
(ref. 32). In this case, the LLM/BO hybrid locates the optimum (28.37 µmol g-1 h-1) in 20/20 
runs. In 19/20 runs it locates this optimum within the first 50 experiments, before active 
learning. In 18/20 runs, the optimiser goes directly to this optimum in experiment 1. Clearly, 
gpt-5.2 handles large appended datasets much more effectively than o3, at least in this 
example. (c) Overlay plot showing average best HER value found for the hybrid o3/BO and 
gpt-5.2/BO optimisers). Error bars are standard deviations across 20 independent repeat runs 
(see also Table S4). Batch size = 10; 15 batches in each case; 5 LLM batches (50 
experiments) before active learning phase. 

 

 

Model Average HER 
after 25 expt 

STD after 
25 expt 

Average HER 
after 150 expt 

Average STD 
after 150 expt 

# times 
reached max 

o3(med)/BO hybrid  23.2 3.3 26.6 2.7 11 
gpt-5.2(med)/BO hybrid 27.5 3.3 28.37 0 20 

 

Table S4. Comparison of average performance for LLM/BO hybrid optimisations with the 
addition of supplemental experimental data from ref. 71 (20 repeat runs in each case). Batch 
size = 10; 15 batches. gpt-5.2 outperforms o3 in this task, finding the optimum (28.37 µmol g-
1 h-1) in all 20 runs. In 18/20 runs, gpt-5.2 locates this optimum in the first experiment 
(Fig. S4b).  
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Fig. S18. NaCl addition with and without the Nature 2020 publication (ref. 32) as a prompt for 
the 20 hybrid optimisation runs (BORA, o3/BO, batch size = 10, 150 experiments). The plot 
shows the NaCl addition in the best catalyst composition found within each run; that is, the 
composition that exhibited the highest HER. In all but two cases (runs 15 & 19), the NaCl 
addition for the best catalyst composition was lower when the 2020 publication was appended. 
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Fig. S19. BO, SAAS BO, and hybrid o3/BO and o3/SAAS BO optimisations with a batch size 
of one (initialisation period = 30 experiments). Plots show an average of 20 repeat 
experiments. The o3-only optimisation outperforms the other optimiser configurations under 
these settings.  
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Fig. S20. Plots showing the effect of appending experimental data from ref. 71 (c.f., Fig. 12c 
in main text) in the LLM-only optimisation (o3, batch size = 1; 20 repeat runs). In 3/20 runs, 
the optimiser goes immediately to the maximum HER value in experiment 1. All 20 runs reach 
this maximum within the budget of 150 experiments (Table S5). 

 

Fig. S21. Plot showing the effect of appending experimental data in the LLM-only optimisation 
(o3, batch size = 1; average over 20 runs; error bars show STD).  

 

Model Average score 
after 25 expt 

STD after 
25 expt 

Average score 
after 150 expt 

Average STD 
after 150 expt 

# times 
reached max 

o3 (med)-only 10.3 3.9 27.0 2.5 15 
+ experimental data 22.4 3.6 28.37 0 20 

 

Table S5. Table summarising the effect of appending experimental data from ref. 71 in the 
LLM-only optimisation (o3, batch size = 1; average values over 20 repeat runs. 
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Fig. S22. (a) LLM-only (o3, med) and BO-only optimisations for the 10-D photocatalysis 
problem with a batch size of one. Initialisation phase = first 30 experiments. (b) Example 
optimisation (Run 1) and (c) associated LLM reasoning. See also data repository for full log: 
o3-med-(30+120)*1_28 october 2025, 08_25 am_Run_1.pdf   
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Fig. S23. List of LLM hypotheses and rationales for example o3-only optimisation in Fig. 14; 
the 22 hypotheses that improved the HER directly are highlighted in green. The data repository 
also contains this spreadsheet: Log_file_run_18_o3-med-batch_1.xlsx  
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1. Execu)ve Summary 

During 150 BO-guided itera2ons we tripled the hydrogen evolu2on rate (HER) of the P10 photocatalyst 
suspension, rising from 9.2 μmol h⁻¹ in the baseline formula2on to a campaign best of 28.4 μmol h⁻¹. 
The decisive gains came from elimina2ng surfactants/dyes, eleva2ng P10 loading to \~4 mg, and finely 
balancing ionic strength (NaCl ≈ 1.0 mL), moderate alkalinity (NaOH ≈ 0.75 mL) and a silicate co-base 
(0.5–0.75 mL). Further op2misa2on along this ridge delivered diminishing returns, sugges2ng we are 
close to a local maximum under the present chemistry set. Although the three-fold improvement is 
notable, the absolute rate remains modest compared with state-of-the-art polymer photocatalysts 
(>100 μmol h⁻¹); addi2onal levers beyond simple formula2on may be required. 

 

Fig. S24. Opsight executive summary for example run 18 (o3-only, batch size = 1). 

 

 

2. Op)miza)on Overview 

Objec2ve: Maximise the hydrogen evolu2on rate (μmol h⁻¹) of aqueous P10 suspensions under 
UV/visible irradia2on while respec2ng a 5 mL total-volume cap (excluding the solid catalyst). 

Ini)al Hypotheses (Itera)on 0): 

1. Increasing P10 concentra2on would propor2onally raise HER (photocatalyst-limited regime). 

2. Adding SDS/PVP would improve dispersion and thus ac2vity. 

3. Supplementary dyes (Acid Red 87, Methylene Blue, Rhodamine B) might act as photosensi2sers. 

4. Higher pH (via NaOH) and extra hole-scavenger (L-cysteine) would enhance charge separa2on. 

5. Ionic strength (NaCl) was assumed neutral. 

 

Fig. S25. Initial Opsight optimisation overview for example run 18 (o3-only, batch size = 1), 
prior to experiments. 
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Fig. S26. Opsight progress summary for example run 18 (o3-only, batch size = 1). 

 

 

 

Fig. S27. Opsight summary of major parameter adjustments and key insights for example 
run 18 (o3-only, batch size = 1). 
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Fig. S28. Dye addition during the LLM-only optimisation (o3, batch size = 1) shown in Fig. 14. 
The addition of dyes is largely avoided from the outset, possibly because the LLM locates our 
earlier publication (Nature, 2020, 583, 237) prior to the optimisation, which states that dye 
addition has a negative influence on this reaction. For full optimisation log, see the data 
repository: o3-med-(30+120)*1_28 october 2025, 10_33 am-2_Run_18.pdf 
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Fig. S29. Plots showing values for individual variables in the 150 experiments in the LLM-only 
optimisation (o3, batch size = 1) shown in Fig. 14. (a) SDS; (b) NaCl; (c) P10; (d) Sodium 
disilicate; (e) L-Cysteine; (f) NaOH. All scales = mL other than (c) (mg). For full optimisation 
log, see the data repository: o3-med-(30+120)*1_28 october 2025, 10_33 am-2_Run_18.pdf 
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5. Recommenda)ons for Future Experiments 

1. Explore Alterna)ve Sacrificial Donors: Thiols and amines with lower oxida2on overpoten2als (e.g., 
triethanolamine) may outperform L-cysteine without surface fouling. 

2. Photon Management: Test lower turbidity cells (wider vials, thinner op2cal path) or light scahering 
aids to overcome the self-shadowing ceiling at ≥4 mg P10. 

3. Co-catalyst Deposi)on: In-situ photodeposi2on of Pt or Ni on P10 could dras2cally raise HER; 
current experiments are co-catalyst-free. 

4. Buffer Chemistry: Replace Na-silicate with carbonate or borate buffers to decouple pH from silicate 
surface interac2ons and assess whether the 0.75 mL op2mum is chemistry-specific. 

5. Transient Spectroscopy: Conduct flash photolysis or EPR to verify whether charge recombina2on, 
not mass transport, now limits the system; insights will guide whether electron-relay addi2ves are 
worth revisi2ng. 

 

Fig. S30. Recommendations for future experiments, example run 18 (o3-only, batch size = 1). 
All these recommendations are scientifically reasonable, but with the possible exception of 4, 
they would also be fairly obvious to a domain expert in this research area. 
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Fig. S31. LLM-only optimisation (o3, batch size = 1; initialisation phase = 30 experiments; 500 
experiments in all). The optimum HER (28.37 µmol h-1) was reached at experiment 75. 
Necessarily, it is impossible for the LLM to locate better solutions once the optimal HER is 
reached, and there is a slow decline in performance as reasonable hypotheses become 
exhausted. In total, the LLM generates 495 separate hypotheses; five of these are used twice 
(at experiments 45, 49, 65, 83, & 268). 494 of the LLM hypotheses reasoned about the 
experimental data; in experiment 259 (asterisked), random points were used due to a 
recursion limit (see timestamp 15/11/2025, 01:06:42 in log). For full optimisation log, see data 
repository:  Fig_S31_log.pdf; full optimisation data are in Fig_31_data.csv. 

Experiment 75
HER max (28.37 µmol h-1)

*


