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Abstract

Large language models (LLMs) and agentic systems are increasingly used in numerous
fields of science. Recent artificial intelligence (AI) systems for automated creative idea
generation and implementation can lead to scientifically interesting insights, but rely on
closed-source LLMs. Being dependent on these static models, such Al systems often
suffer from a low ratio between generated and useful ideas and cannot be easily adapted
to specialized tasks. In this thesis, we investigate whether finetuning open-source LLMs
can improve scientific idea generation in the context of Al-Mandel, an agentic system
for generating and implementing experimental ideas in quantum optics. We compare
leading open-source LLMs on idea generation tasks and demonstrate that finetuning such
models can lead to significant improvement in idea quality when evaluated by other more
powerful LLMs. At the same time, our results show that improved idea quality alone does
not directly translate into higher agentic system efficiency: to achieve that, diversity and
related constraints must also be explicitly enforced. Our results highlight the potential
and limitations of finetuned open-source LLMs for scientific idea generation.
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1 Introduction

Large language models (LLMs) are becoming increasingly important in scientific work-
flows. Across different fields like chemistry [1I, 2, 3, 4] 5], physics [0} [7, 8, 9], [10], mathem-
atics [I1], or computer science [12], LLM agents can support human researchers, speed up
processes or help in the design of new experiments. So-called Al scientists or artificial sci-
entists can automate large fractions of the scientific process and present human research-
ers with final results with only minimal human intervention |13}, [14, [15] 16, 17].

While in most of these cases, the scientific objective or research idea still comes from
human researchers, there exist first prototypes of Al systems that can also generate their
own ideas [I13] or predict the impact of research topics [I8]. One example of such a sys-
tem is AI-Mandel, an agentic system that not only generates ideas in quantum optics
but also validates these ideas through PyTheus [19], a tool for highly efficient discovery
of quantum optics experiments. While AI-Mandel can already produce publishable con-
tributions to quantum physics [20, 21], it relies on general-purpose LLMs that are not
specifically trained for scientific idea generation tasks. As a result, the ratio of generated
ideas to practically useful, high-quality proposals remains low. Furthermore, most agen-
tic systems in the context of scientific workflows rely on closed-source models such as
GPT, Gemini, or Claude. These models can change in behavior and quality and cannot
be finely controlled or improved for new tools like PyTheus that are added to the agentic
system.

To improve the yield and quality of Al-generated scientific ideas while reducing depend-
ence on closed-source models, this thesis presents a first study of finetuning open-source
LLMs for scientific discovery in quantum optics. Our research aims to answer the main
research question: How does finetuning an open-source LLM for scientific idea generation
compare against its out-of-the-box baseline with in-context learning?

We first conduct a comprehensive comparison of leading open-source LLMs to determine
their suitability for scientific idea generation in quantum optics. After choosing a specific
LLM, we then move on to evaluate a set of prompting techniques in order to create a
meaningful baseline model for the finetuning process. In both cases, we assess quality
against a baseline with in-context learning using LLM judges. The diversity of outputs
from finetuned models is analyzed using dimensionality reduction techniques applied to
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sentence embeddings. We then integrate our finetuned models into the agentic system of
Al-Mandel and evaluate their interplay with other agents.

In chapter [2| we give an overview of related work on agentic systems for scientific dis-
covery, with a focus on idea generation and finetuning LLMs. In chapter [3] we discuss
the existing AI-Mandel system and provide a short introduction to LLMs, finetuning
techniques and evaluation metrics. In chapter [4 we describe our methodology behind
the comparison of open-source LLMs and prompt selection before moving on to ex-
plaining our approach to finetuning and the diversity evaluation of the outputs of the
finetuned model. We report the results of our evaluation metrics in chapter [ and discuss
them in detail in chapter [f] We conclude in chapter [7] by outlining future development
plans.



2 Related Work

LLM-driven agentic systems have recently emerged as a promising path towards ar-
tificial research assistants. These systems are networks of LLM agents with different
prompts that can communicate with each other and use different tools. Such systems can
autonomously generate ideas, check their novelty by performing literature search, imple-
ment experiments to test them, and finally compile results into papers [14] [16], [17].

Specifically for idea generation tasks, these agentic systems often follow a similar principle
as evolutionary search. From a pool of existing ideas, an LLM is prompted to recombine
these ideas into something new. Generated ideas then get rated for novelty, interest and
feasibility, possibly with the support of tools such as online literature search [15], 22,
23).

An alternative to LLM-based idea generation is recommendation systems based on
knowledge graphs extracted from scientific papers. Here, neural networks can be
trained on keyword pairs extracted from paper titles to predict which combinations
will become important in the future or are especially impactful. By formulating
keyword combinations as full texts, their potential can be evaluated by human experts
[24, 25], 26, 27, 28, 18], 29, 30}, 31, 22].

While previous works exclusively rely on closed-source, general-purpose LLMs, this thesis
focuses on finetuning open-source LLMs for scientific idea generation. Recent papers
introduce several methods for incorporating feedback with different levels of detail into
the finetuning process.

Supervised finetuning (SFT) via next-token prediction on high-quality texts is already
a form of fine-grained feedback. Rather than relying on coarse scalar rewards, SFT
provides dense, token-level supervision, implicitly encoding domain-specific preferences
[32,133,134]. Methods such as direct preference optimization (DPO) [35] and reinforcement
learning from human feedback [36] further improve models based on binary feedback
signals.

A number of methods try to improve upon pure SFT without relying on binary feedback.
Wang et al. [37] introduce Text2Grad, a general-language approach that uses sentence-
wise binary feedback to generate token-level rewards and update the parts of the model
responsible for errors. In the paper Towards Aligning Language Models with Textual
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Feedback, Lloret et al. [38] introduce ALignment with Textual feedback (ALT), where
a model is finetuned to suppress toxic responses in general conversations. Here, the
finetuning is done by next token prediction on triplets of prepended text feedback, prompt
and model output. Similar to ALT, the research of Wang et al. [39] introduces LETI
(Learning to Generate from Textual Interactions) for code generation tasks, where the
finetuning is now performed on quadruplets of binary ranking, text feedback, prompt
and model output. As an extension to the popular Reinforcement Learning from Human
Feedback (RLHF) algorithm [36], Wu et al. [40] present fine-grained RLHF with rewards
on different scales using categorical feedback at output-level, sentence-level and sub-
sentence level for detoxification and long question and answer tasks. Liu et al. [41]
use reward modeling with ordinal feedback as an alternative to binary feedback in a
general-purpose, instruction-following objective. It uses preference feedback with three
(A better, tie, B better) or five (A much better, A better, tie, etc.) levels to train a
reward model that can then be used for finetuning. Finally, Koroleva et al. [42] use
distributional scores, where ratings from multiple raters are not averaged into a single
score but given as a distributional feedback signal to the model during training. In their
general-purpose text test cases, the model can accurately capture polarizing texts where
the average might be misleading.

Recently, LLMs have also become popular as scalable, automated judges that can rate
other LLMs and often show surprisingly strong alignment with human judges [43]. While
the potential of LLM judges is already being exploited in many fields [44], there is equally
strong evidence that these LLM judges are often prone to different kinds of biases that
must be considered when using these techniques [45], [46].

In this thesis, we mainly concentrate on the combination of SFT and DPO, and apply
them to a task that has not been tried before: finetuning LLMs to generate ideas in
quantum optics. Our contributions lie in testing and finetuning open-source models and
prompting techniques in a field that requires the acquisition of strong domain knowledge
in a relatively complex scientific context that goes far beyond tasks like simple toxicity
estimation [38] from other works. To evaluate our finetuned models at scale, we make
use of LLMs as judges, carefully addressing the biases that have been brought forward
in other recent works.



3 Background

In section of this background chapter, we will provide a short overview of the prin-
ciples behind large language models (LLMs), introduce common open-source models, and
explain the main prompting techniques that are relevant for this thesis. To provide a
background for our finetuning methodology, we discuss common finetuning algorithms
and techniques such as LoRA and quantization in section In section we then
briefly discuss how agentic systems work and describe AI-Mandel, the system that we aim
to improve. Finally, in section we introduce metrics that are used later to evaluate
models and prompting techniques.

3.1 Large Language Models

In recent years, large language models that rely on billions of parameters and are trained
on very large amounts of text have been at the center of discussions about artificial
intelligence. Since we make heavy use of this type of model, the following sections
summarize how they work, what models are available at the moment, and how to use
them.

3.1.1 Transformer Architecture

Large language models mainly rely on the transformer architecture [47] whose key mech-
anism is self-attention. It enables the model to learn the relative importance of parts of
an input sequence. First, the input sequence is divided into tokens x;, which are sub-
sequently transformed into embeddings e,,, vectors that numerically capture the meaning
of each token.

Given an input embedding sequence E = [e,,, ..., ez, ] € R"*? with n token embeddings
ez, of dimension d, the sequence is sometimes additionally augmented with a positional
embedding PFE that accounts for the order of tokens: H = F + PE. The attention
mechanism then calculates three arrays — the query @, the key K and the value V' — via
the trainable weight matrices Wg, Wi and Wy € Rxd .

Q=HWqy, K=HWg, V=HWy. (3.1)
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Query @ and key K are used to compute weights for the value V' through so-called scaled
dot-product attention:

Attn(Q, K,V) = softmax(%) V, (3.2)

where dj is an architecture parameter. Multi-head attention using h heads enables the
model to simultaneously focus on many different patterns and positions within the input
sequence. It effectively performs the attention mechanism from equation h times,

concatenates the outputs, and processes it with another trainable weight matrix Wy €
R (hdx)xd.

head; = Attn (HW“), aw, HW‘(/i))

(3.3)
MHA(H) = Concat(heady, ..., head;,) Wo.
One transformer block then builds on this mechanism by computing:
H' =LN(H + MHA(H
( (m) -

H°" = LN(H' + FFN(H")),

where LN is a layer normalization, F'/F'N is a feed-forward neural network and both multi-
head attention and feed-forward network have residual connections around them.

Transformer architectures then usually stack L such blocks before calculating an output
via:

t; = gP

]

Wvocab +b (35)
P(zit1 | x<;) = softmax(¢;),

where Wocab € RV is the output matrix that maps to the vocabulary V and returns

a probability distribution over this vocabulary for the next token ;1.

3.1.2 Training Procedure

The training of a transformer-based LLM is usually divided into two stages [48] 49, [50].
The first stage is pre-training, which is next-token prediction on a large preprocessed
text corpus. Given an input token sequence X = [x1,...,x,], the model is trained to
minimize the negative log-likelihood (cross-entropy loss) of each token conditioned on all
previous tokens:
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L(0) == logps(xs | <) (3.6)

t=1

In the second, post-training stage, LLMs are often trained on smaller, high-quality data-
sets to improve answer quality, filter unwanted behavior, and equip them with specific
behaviors or knowledge such as instruction-following, chat behavior or coding capabilit-
ies. The specific technique depends on the task at hand and varies between supervised
finetuning [32} [33] or different reinforcement learning strategies [51, 36].

3.1.3 Open-Source Models

While the most powerful LLMs are only accessible through company APIs, there is an
emerging trend to publish the trained weights of smaller models. This trend started with
the publication of GPT-2 in 2019, with the largest model reaching 1.5 billion parameters
[52]. In recent years, several companies have published open-source LLMs reaching up
to 685 billion parameters [53]. Notable models that are used or tested in this thesis are
Llama-3.1 with 8 billion [48], Gemma-3 with 27 billion [49], and GPT-OSS-20B with 20

billion parameters [50].

GPT-0OSS-20B uses a transformer-based, decoder-only architecture inspired by GPT-2
and GPT-3. It has 24 transformer blocks with 20.9 billion parameters and a context
length of 131,072 tokens. The model is an autoregressive Mixture-of-Experts (MoE)
transformer, meaning that it has feed-forward blocks that are divided into 32 parts, the
so-called experts. A linear map in front of these divisions acts as a router and computes
a token-wise score for each expert. The token is then processed by the top-4 experts,
weighted by their respective score [50].

During post-training, GPT-OSS-20B was trained with reinforcement learning to solve
problems using Chain-of-Thought reasoning (CoT), and was designed to be used in agen-
tic systems. In addition, it was trained for tool use, including browsing tools, Python
programming, and other developer functions.

3.1.4 Prompting Techniques

LLMs generate outputs conditioned on prompts. These inputs can be given in the form
of text, but also in other modalities such as images, audio or combinations thereof.
A deeper understanding of how prompt phrasing connects to output quality is part of
active research [54] B5]. In this thesis, we make use of different prompting techniques
and compare different prompts for the specific task of idea generation in quantum optics.
Here, we give a short overview of the used prompting strategies.
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In-Context Learning describes the prompting technique where the model learns from
instructions or examples given in the prompt itself. In zero-shot prompting the model is
given only instructions, but no examples [56]. On the other hand, few-shot prompting
includes examples directly in the prompt, thereby conditioning the model output on this
extra information [57].

In chain-of-thought prompting, the input usually contains a statement like "Let’s think
through this step-by-step", conditioning the model to output an answer together with
detailed reasoning [58, [59] 60].

In self-criticism prompting, the model is conditioned to critically assess its own answer
and improve it further. By generating its own questions that are supposed to test the
answer or by giving a confidence score, the model can sometimes self-correct and improve
its output [61], 62].

Role prompting assigns the model a specific persona, for example, a quantum researcher
who wants to come up with new research ideas. This can improve writing and style, and
sometimes also increase accuracy [63} 64].

3.2 Finetuning Large Language Models

While the training procedure described in section[3.1.2]yields general-purpose models that
are well-suited for generic tasks, training LLMs on smaller datasets collected for specific,
more narrow tasks can often significantly improve the quality of these models. Here we
will give an introduction to the main finetuning techniques and tools used later in this
thesis, specifically Supervised Finetuning in section[3.2.1], Direct Preference Optimization
in section [3.2.2] as well as Low-Rank Adapters and Quantization in sections and
B.2.4

3.2.1 Supervised Finetuning

Supervised Finetuning (SFT) uses the same next-token prediction objective as pretrain-
ing (equation [3.6)), but on a task-specific dataset [32, [33]. In our case, the specific task
is idea generation for quantum optics experiments.

Instead of finetuning the model based on data from external sources such as humans
or other models, SFT can also be done on the model’s own outputs, potentially revised
based on external feedback [34]. In this case, SFT does not clone the behavior of one
model into another, but instead steers the behavior of the finetuned model into a subset
of its capabilities based on that external feedback.
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3.2.2 Direct Preference Optimization

One of the most successful finetuning methods for instilling desired behaviors into LLMs is
reinforcement learning from human feedback (RLHF) [36]. Here, an explicit reward model
is fit to a dataset of human preferences and the LLM is then trained with reinforcement
learning to generate outputs that get a high reward without drifting too far from its
initial behavior. This finetuning pipeline is more complex than SFT as it requires training
multiple models within a reinforcement learning setting.

Recently, Direct Preference Optimization (DPO) was introduced as a simplified altern-
ative to RLHF [35]. DPO optimizes for the same objective as RLHF, but does so in a
simpler way, without an additional reward model and without the need for reinforcement
learning. Similar to equation DPO is based on my(y | x), the probability of the model
g to assign the output y to the prompt x. This can be expressed as an autoregress-
ive factorization over the individual tokens y; conditioned on the prompt and previous
output tokens y.; with n as the output length:

mo(y | 2) = [ [ po(we | 2, y<0). (3.7)
t=1

DPO now uses this sequence probability in the formulation of a preference margin that
considers two outputs for one prompt: y* as a desired response and y~ as an undesired
response for prompt x. The margin is introduced between the finetuned model 7y and a
frozen reference model m.o¢ that is usually the initial model of the DPO process.

Ao(z,y",y7) :(10g mo(y" | ) —logme(y~ | -’E))
(3.8)
- (logﬂ-ref(y-i_ | CC) - Iogﬂ-ref(y_ | :E))

By minimizing

Lppo(0) = —E(zy+ y-)op [log o (B Ag(z,y",y7))] (3.9)

with D as the preference dataset or desired and undesired response pairs, 8 as a scaling
hyperparameter and ¢ as the sigmoid function. With this objective function, DPO pushes
the finetuned model 7y to prefer y™ over y~ while not drifting too much from its reference
mref- This prevents incoherent sentences while improving the expected reward.
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3.2.3 Low-Rank Adapters

Full finetuning of LLMs with billions of parameters is computationally expensive. In this
thesis, we use low-rank adapters (LoRA) [65], a popular technique to make finetuning
less resource demanding. Instead of finetuning a full weight matrix Wy € R4* only a
low-rank update to selected weight matrices is finetuned:

h=Wyx + AW x = Wy + BAz. (3.10)

The matrices A € R™* and B € R¥" share dimension k or d with Wy but have a
small rank r. The same procedure can be applied to multiple model layers. The main
assumption of LoRA is that it is sufficient to only adapt a low-dimensional subspace
of the model parameters to finetune the model. LoRA can reach similar performance
compared to full finetuning while using significantly fewer parameters, thereby saving
compute and memory costs.

3.2.4 Quantization

Another popular technique that we use in this thesis to reduce the memory burden of
finetuning LLMs are quantization techniques such as MXFP4 [66]. Here, model weights
are grouped into small blocks of for example, 32 numbers. Using an 8-bit scaling factor
Shlock; for each block ¢, each number at index j within block i can then be reduced to
a 4-bit representation P;;. Using the scaling factor, the original weights can be closely
approximated by Xj;; using dynamical dequantization of each 4-bit number (or number

block):

Xij = Sblocki X ]DZ] (3.11)

This dequantization happens whenever the respective layer containing the corresponding
number block is called in the forward pass. Reducing the memory requirements for the
model weights in turn leads to memory-efficient finetuning.

3.3 Al-Mandel for Scientific Discovery in Quantum Optics

In this thesis, we investigate the finetuning of open-source LLMs in the context of Al-
Mandel [I3], an agentic system that generates and implements ideas for quantum optics
experiments. To understand later prompts, idea outputs and evaluations of our finetuned
models on a high-level, this section provides a short overview of the AI-Mandel physics
background and its architecture.

10
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Al-Mandel is specialized on quantum optics experiments for the generation and manip-
ulation of photons. Photons are the individual particles of light and are an important
resource for quantum communication [67, [68], quantum computing [69], and quantum-
enhanced measurements [70]. Generated ideas often involve quantum networks, where
different devices are connected through quantum states instead of classical signals. They
are often implementable as table-top experiments with different kinds of photon sources
and standard linear optics elements such as beam splitters.

The agentic system not only generates ideas, but its agents also have access to the
discovery tool PyTheus [19], which can automatically find possible implementations of
a given idea. The system architecture is divided into an idea generation module and an
idea implementation module as shown in Fig.

Idea Generation Idea Implementation ”
=
4—-[ Researcher Agent ]{— _ = Expert Agent J——} ©
(=3 < (=9
2 v A S S v <
3 2> (5|8
O {—-[ Novelty Agent ]— = 3 = PyTheus Tool J
~ 3 —
< v i v
4—-[ Judge Agent ]— ( Experiments ]

Figure 3.1: The Al Mandel architecture consists of two modules: The idea generation and idea
implementation modules. Both of these hosts different agents that generate ideas, give feedback,
or try to implement the ideas using PyTheus, an automated experiment discovery tool. The two
modules communicate through an idea pool and use the LLM agents through black-box API
calls.

The idea generation module consists of three agents: the researcher, novelty and judge
agent. The researcher agent uses in-context learning by conditioning the LLM on extra
information given in the prompt, such as information about the domain, components that
the ideas can use, and examples of existing experiments. It is tasked to generate novel,
interesting ideas that are implementable with PyTheus. The task of the novelty agent is
to compare the outputs of the researcher with existing ideas in the idea pool and other
reference ideas, to estimate their novelty. The judge agent gets extra information about
PyTheus and is responsible for evaluating if a given idea can be implemented within the
domain of that tool.

Both the novelty agent and the judge agent can accept or reject ideas with additional
feedback. In case of rejection, the researcher agent gets the feedback and needs to come
up with an improved idea. Ideas that successfully pass through all the idea generation

11
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agents get added to an idea pool that is, in turn, the source of examples for the novelty
agent.

The idea implementation module consists of the expert agent and the PyTheus [19] dis-
covery tool. It takes an idea from the idea pool, translates it into the JSON configuration
file that is needed for PyTheus and then tries to run the discovery tool. PyTheus returns
errors and debugging information if the configuration file can not be executed. The ex-
pert agent can then try again and improve the configuration file. If PyTheus executes,
the resulting experiment is saved for human interpretation.

All agents are implemented as instances of GPT-o4-mini and are therefore based on
closed-source models only accessible through APIs. Using these agents, AI-Mandel res-
ulted in 187 distinct ideas for experiments, out of which 184 could be implemented with
PyTheus, 7 were categorized as especially promising by domain experts, and 2 have been
developed into full, independent research papers [20, 2I]. In this thesis, we are mainly
focused on the researcher agent that generates ideas. While AI-Mandel uses closed-source
models that cannot be easily adapted to more specific tasks or different kinds of ideas,
this thesis explores the potential of replacing these models with finely controllable open-
source LLMs which can steer AI-Mandel outputs towards higher-quality and different
idea subfields.

3.4 Ranking Techniques

In this section, we provide a short overview of ranking techniques that will be used in later
parts of this thesis to quantify the performance of different models and prompts.

3.4.1 Elo Ranking

The Elo ranking was initially developed for ranking chess players based on relative win
rates [71]. In recent years, Elo gained popularity for ranking LLM models based on
pairwise comparisons that yield a record of win rates between pairs of models |72} [73], [74].
Each model starts with a default ranking Rp, which gets updated with each comparison.
For any pairwise comparison between model ¢ with ranking R; and model j with ranking
R;, Elo provides an expected score using the scaled, logistic function

1
Bi = 1 4+ 10 —Ri)/400

(3.12)

and

12



3 Background

E;=1-E;. (3.13)

A pairwise comparison based on human or LLM preference then yields actual binary
scores S; and S; where the winner gets 1 and the loser gets 0. The model rankings are
updated using

R,,L- :Ri—FK(S’i—Ei)

(3.14)
R} = R; + K(S; — Ej),

where K is an update factor that decides how fast the ranking can change.

3.4.2 Bradley-Terry Model

Since the Elo ranking can exhibit high volatility and is based on a sequential order
of the pairwise comparisons [75], an alternative generalization and statistically sound
model for pairwise comparisons is the Bradley-Terry Model [76] of which Elo is an online
approximation.

Here, the probability Pr(i > j) that model A beats model B is defined by

Di
pi +p;

Pr(i > j) = (3.15)

where p; and p; are the strengths of model ¢ and j. The Bradley-Terry method then
estimates these strengths by maximum likelihood estimation which entails the maxim-

ization of the log-likelihood function over the parameter vector p = [pi, ..., pn] defined
by

l(p) = Z [wij In(p;) — wij In(p; + p;)], (3.16)
2%
where w;; is the number of times model ¢ beat model j. This expression has only a single

maximum [77], so the strengths p; and p; can be iteratively updated using a formula
like:

P
2w
/ 7
7 pi + pj
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The Bradley-Terry method thereby results in statistically estimated model strengths that
can be used as a global model ranking.

3.5 Diversity Measures

In order to check for a loss of diversity or overfitting to specific ideas from the finetuning
process, we develop a diversity estimation that is based on sentence embeddings and
dimensionality reduction techniques. Here we provide an overview of both.

3.5.1 Embeddings

Text embeddings [78] are vector representations of sentences, and these embeddings are
designed to perform well on retrieval and similarity tasks. A large corpus of text can be
automatically converted into a labeled dataset by assuming that adjacent sentences are
similar, whereas random pairs of sentences are dissimilar.

Text embedding models are trained by batching M pairs of similar sentences and comput-
ing an M x M logit matrix where each entry is the similarity metric s;; between sentence
1 and sentence j multiplied by an additional exponential scaling constant 7:

si; = sim(i, j) exp(7). (3.18)

Here, the similarity between two text embeddings v; and v; for the sentences 7 and j can
be quantified using the cosine similarity:

. .. Uy - ’Uj
sim(z,7) = . 3.19
6:9) = Tl ol (3.19)

A symmetric, contrastive cross-entropy loss [78] then favors similar embeddings between
sentences of the same pair while penalizing similar cross-pair embeddings:

I, = L ﬁ/[: (— log __oxp(sia) >
M i=1 E]JV; exp(sij)
M
2

o exp(s;j) ) (3.20)
i=1 ( ¢ sz\il exp(sij)
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This loss £ ensures that generated embeddings respect the semantic similarities between
sentences.

Text embeddings can serve as a diversity measure by calculating the spread of text
embeddings as the average distance from the embedding centroid [79]:

N N
1 1
Spread(X) = i g Vi —¥]l5 with v = N g Vi, (3.21)
i=1 i=1

where v; is the vector embedding of text ¢, v is the embedding centroid, and N is
the number of texts. Alternatively, they can be visualized as a lower-dimensional 2D
projection as discussed in the next section.

3.5.2 UMAP

To visualize text embeddings in a 2D space, we use UMAP (Uniform Manifold Approxim-
ation and Projection) [80], a common dimensionality reduction technique. It first builds
a weighted neighborhood graph for the high-dimensional data points, where weights in-
dicate pairwise distances. It then initializes lower-dimensional points and optimizes the
position of these using attractive and repulsive updates along the edges until lower- and
higher-dimensional neighborhood graphs match.

UMAP usually exhibits better run-time than competing methods such as t-SNE [81], [82]
and better preserves global structures of high-dimensional embedding spaces. We use it
to visualize the embeddings of our generated idea outputs in 2D space.
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Our approach of finetuning LLMs consists of four separate steps. First, we test different
open-source LLMs on the idea generation task and select the best one to be finetuned
(section . Second, we compare different idea generation prompts and select the best-
performing one as the prompt for dataset generation (section . We then finetune the
selected model with different algorithms based on datasets generated from the selected
prompt (section and finally evaluate model performance via different metrics that
consider idea quality and diversity.

4.1 Model Selection

We consider three different open-source LLMs as base models that could be finetuned
to improve idea generation capabilities: Llama3.1-8B [48], Gemma-3-27B [49] and GPT-
0SS-20B [50]. Our methodology to select between these three models is shown in Fig.
41l

To select a model that works best for idea generation in the context of AI-Mandel [13], we
first construct an idea generation prompt inspired by the original AI-Mandel researcher.
Box shows one version of this prompt. We use all prompting techniques described in
section [3.1.4} role prompting to assign the model the persona of a quantum researcher,
self-criticism prompting to make it refine its generated ideas, chain-of-thought prompting
by making use of internal reasoning capabilities and explicitly asking for the reasoning
behind generated ideas and in-context learning by providing it information about what
experiments PyTheus [I9] can handle.
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Figure 4.1: The model selection process. For a given idea generation prompt variant, we generate
100 ideas for each open-source LLM. We then randomly select 5000 idea pairs and use a given
idea ranking prompt variant together with one of two LLM judges to determine the winner of
the pairwise comparison. Yellow indicates one possible combination of idea generation prompt,
ranking prompt and judge variants which results in a dataset of comparisons. This data is then
evaluated using different metrics.

For each LLM under consideration, we then use the idea generation prompt to generate
100 ideas, each consisting of a maximum of 8192 tokens. From these idea pools, we
then form 5000 random pairs of ideas from different models and insert these into an idea
ranking prompt that is input to an LLM judge.

As we make use of LLMs as judges, we face the issue of potential biases in the judgments.
It is known that even powerful LLMs are prone to simple prejudices [46]. Most of
the known biases such as sentiment preference, tendencies to assign more credibility to
statements made by an authority or preference for certain model names are not relevant
in our use case: As the idea generation prompt is always the same, the generating model
will not suddenly incorporate different sentiment into the outputs. Similarly, there are
never statements about authority, model names and other explicit biases. Common
biases that do apply in our case are positional preferences in ratings, verbosity bias that
leads to preferring longer outputs, and inclinations to attend to specific wordings or
phrases.

Our model selection methodology already takes these biases into account: To prevent
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preference for specific wordings, we paraphrase the idea generation prompt in three dif-
ferent variants, shown in the boxes [A1] [A.2] and [A.3] in the appendix. For the same
reason, we also paraphrase the idea ranking prompt in multiple variants, shown in the
boxes [B.1], [B.2], and [B.3]in the appendix.

To mitigate potential bias towards idea length, we additionally summarize the ideas from
all models using GPT-OSS-20B to a single sentence and evaluate model performance
using these similar-length ideas as input to the ranker prompt.

Now, to mitigate biases where LLM judges favor answers generated by themselves
or within their model family, we deploy two different LLM judges, GPT-5-mini and
Llama3.1-8B. These judges get the ranking prompts with the inserted idea pairs from
two different models as input and are then asked to choose between the two ideas based
on novelty and concreteness.

Each combination of idea generation prompt, idea ranking prompt, and LLM judge
variant produces a database of 5,000 games. We evaluate these games using the three
metrics introduced in Section 3.4} win count, Elo, and Bradley—Terry. Because pair-
wise comparisons are sampled at random to avoid potential bias, the win count alone
may be misleading because it does not account for variation in opponent strength across
randomly sampled pairwise comparisons. Elo and Bradley—Terry therefore serve as com-
plementary metrics. Both aim to estimate the underlying quality of opponents, which
is only indirectly observed through these random comparisons. FElo can be viewed as
an iterative and order-dependent approximation of pairwise strength, whereas Bradley-
Terry provides a more statistically principled approach based on an explicit probabilistic
model. We report all three metrics for completeness.

Based on the highest scores of these three metrics across all combinations of prompts
and LLM judges we then choose the best-performing open-source LLM for the finetuning
process.

4.2 Prompt Selection

As a second step in our pipeline, we compare different idea generation prompts with
diverse prompting techniques, contexts and information to create a solid baseline for the
finetuning procedures. The prompt selection methodology is shown in Fig. [£.2]

We use a two-stage procedure where we first rank prompt variants based on pairwise
games of the corresponding idea outputs. In the second stage, we combine these prompts
based on their ranking to get a final prompt combination that we fix for the subsequent
dataset generation and finetuning procedures.
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Figure 4.2: The prompt selection process. We start with seven prompt variants that contain
different information. For each prompt variant we generate 20 ideas using GPT-OSS-20B. From
these ideas, we randomly select 2400 pairwise comparisons (each prompt plays 400 games against
the baseline) and use GPT-5-mini to choose a preference. We order the seven variants by their win
rate and then add them incrementally to the baseline prompt, according to the win rate ordering.
We then generate 1800 ideas per variant combination using GPT-OSS-20B and randomly select
6300 pairwise comparisons (each variant against each other 300 times) in which we choose a
winner using GPT-5-mini. The resulting prompt is used in all downstream tasks.

6300x
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Prompt

For stage one, besides the baseline idea generation prompt in box we test six other
variants:
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Prompt with three randomly selected arXiv paper titles from quantum physics
(Box [C-1).

Prompt combining two randomly selected quantum physics topics into one idea
(Box[C2).

Prompt with detailed PyTheus introduction (Box |C.3).

e Prompt with detailed PyTheus introduction and configuration examples (Box [C.4]).

e Prompt with idea examples that were already explored by PyTheus (Box |[C.5]).
e Prompt asking the model to critically refine its own ideas for novelty (Box [C.6]).

We use our selected LLM from the previous model selection process to generate 20 idea
outputs per prompt variant. As for the model selection, we use GPT-5-mini as a ranker
LLM that gets a ranking prompt (Box with a randomly chosen idea pair as input and
chooses a preference based on novelty, feasibility and scientific interest [83]. Each prompt
is ranked in 400 pairwise comparisons against the baseline prompt, resulting in 2400 total
comparisons. We then start with the baseline prompt and create variant combinations
by incrementally adding the context of different prompt variants in the order of their win
rate. This incremental combinatorial procedure tries to test some of the possible prompt
combinations while taking into account the monetary and computational cost of running
too many comparisons.

For stage two, we repeat the ranking procedure with these combinations. For each one
we generate 1800 ideas which are then used in 6300 randomized pairwise games where
each prompt variant plays against each other 300 times. We use GPT-5-mini as the
LLM judge which determines a winner for each comparison. We determine the number
of pairwise games to ensure statistical significance of the performance gap between the
two best-performing prompts and demonstrate this significance by computing z- and
p-values under the null hypothesis of both prompts being equally strong. From the
resulting comparison database, we can select the best performing variant combination as
the baseline for the subsequent dataset generation and finetuning procedures.

4.3 Finetuning Procedure

Having selected our open-source LLM and an idea generation prompt, we now de-
scribe our data generation process and the algorithms used to finetune the model (Fig.

13).
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Figure 4.3: The finetuning process. We combine three different building blocks of dataset gener-
ation, SF'T and DPO in four different model evaluations. In the dataset generation block we use
our selected idea generation prompt together with a given model X to generate M ideas that are
then inserted into a ranker prompt and scored by GPT-5-mini by averaging over 10 rankings. In
the SF'T block, we first filter the input idea dataset for ideas that are scored higher than 2.5 and
subsequently finetune GPT-OSS-20B using LoRA and an SFT loss. For the DPO block we pair
ideas that are scored above and below 2.5 and finetune GPT-OSS-20B using LoRA and a DPO
loss.

4.3.1 ldea Dataset Generation

With the selected model and idea generation prompt we generate a finetuning dataset
with 9,342 ideas (Fig. . We then rate these ideas by inserting each into a ranker
prompt (Box that instructs GPT-5-mini to rate each idea based on its novelty,
feasibility and scientific interest. The rating is an integer in the range 1 to 3, where 1 is
the worst and 3 the best.

When rating ideas only a single time, GPT-5-mini’s randomness would sometimes lead to
very different results. Fig. shows the accumulative mean of 100 GPT-5-mini ratings
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for four example ideas. As a tradeoff between accuracy and cost we rate every idea 10
times and use the mean of these as the final rating. This results in an idea database with
robust rankings that can be used for finetuning.

w
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GPT-rating count GPT-rating count GPT-rating count GPT-rating count

N
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Figure 4.4: Cumulative mean rating of GPT-5-Mini over 100 ratings on 4 example ideas. The
legends indicate A10, the offset of a mean over the first 10 ratings versus the mean over 100
ratings.

4.3.2 Finetuning Algorithms

For finetuning our selected model, we concentrate on Supervised Finetuning (SFT) and
Direct Preference Optimization (DPO). As shown in Fig. we always start from
the initial dataset of generated ideas based on which we test three different finetuning
variants: pure SFT, pure DPO and DPO on top of SFT.

For SFT, we constrain the dataset to contain only good ideas by selecting only ideas that
were rated 2.5 or above. This results in around 3000 ideas. To manage the memory cost
of GPT-0OSS-20B, we make use of the popular transformers library from HuggingFace
[84]. We use the GPT-OSS-20B model with MXFP4 quantization and apply LoRA
from the peft library [85]. For LoRA, we use standard parameters with rank 8 and
target all linear modules of the frozen GPT-OSS-20B model which results in around 15
million LoRA parameters. For training, we use Nvidia H100 GPUs with 80GB memory
and trainer classes and objective functions from the trl library [86]. We run the SFT
finetuning training with AdamW [87], a batch size of 16 and a learning rate of 0.0002
over 9 epochs. After each epoch, we evaluate the model by estimating the idea quality
of 60 generated outputs by our LLM judge GPT-5-mini and finally use the model that
achieves the best idea quality estimate for further evaluation.

For DPO, we combine ideas from the dataset into 5000 pairs where one idea was rated 2.5
or above and the other was rated below 2.5. We use the same training settings as for SFT.
Again, we run the finetuning training with AdamW, a batch size of 16 and a learning
rate of 0.0002 over 10 epochs. We use the final model for further evaluation.
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For DPO on top of SF'T, we take the final model and the tuned LoRA weights from the
SE'T training and generate a new dataset of around 2000 ideas from that model using the
same procedure as for the initial dataset generation. We then run the same procedure as
for the pure DPO model on this dataset.

Our finetuning procedure therefore, results in three finetuned models that we then evalu-
ate against the baseline model using the methods described in the following section.

4.4 Evaluation Methods

In this section, we discuss the techniques that we use to evaluate the quality and diversity
of the outputs from the three finetuned models. We first evaluate the quality of the
ideas according to the LLM judge considering known LLM-as-a-judge biases. We then
evaluate how the finetuning affects the diversity of the idea space and finally integrate
our finetuned SFT + DPO model into the Al-Mandel system to test how many generated
ideas are accepted by the other agents within that system.

4.4.1 ldea Quality Evaluation

For the idea quality evaluation, we generate 500 outputs for each finetuned model using
the same procedure as for dataset generation with an average over 10 rankings per idea
output (Fig. |4.3). Based on this, we compare the rating distribution and the average
rating of all our models in Fig. [5.7]

We then use different statistical methods to estimate the uncertainty and significance
of these results. We first estimate model performance uncertainty by generating 1,000
bootstrap resamples, sampling with replacement from the 500 idea outputs for each
model. This bootstrap distribution is then used to quantify uncertainty in the average
rating via 95% confidence intervals, reported in Fig. m

In addition, we perform permutation tests on the 500 idea outputs to assess whether
the pairwise difference between finetuned models and the baseline model is statistically
significant under the null hypothesis of no difference in performance. We repeatedly
shuffle the ratings from each finetuned model with the ratings from the baseline and
compute the average rating difference. We then report the p-value as the fraction of
shuffled datasets that produce a difference at least as large as the actual observed one.
The results are shown in Fig. 5.9

Ideally, the ranking should reflect the quality of the idea content instead of being influ-
enced by the length or certain phrases within the idea. To mitigate such potential LLM
biases we additionally run all evaluations a second time using GPT-OSS-20B generated
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one-sentence versions of all ideas. The results of this additional verification are shown in

Fig. (.7 Fig. and Fig.

4.4.2 Diversity Evaluation

A valid concern when finetuning the model via SF'T and DPO is that the model memorizes
or overfits to a small set of high-quality ideas that then represent its entire learned
knowledge. To test for such a collapse in idea diversity, we make use of the OpenAl
embedding model and convert 500 generated ideas from the GPT-OSS-20B baseline and
each finetuned model to an embedding space. We evaluate the diversity of the idea space
by making use of the average distance from the embedding centroid, introduced in section

BT

In addition, we map the embeddings to a 2D space by making use of the UMAP algorithm
and inspect the resulting idea clusters of finetuned and baseline models. We then remove
specific idea clusters from the training dataset and retrain the models from scratch using
this smaller dataset. By evaluating if the finetuned model still produces ideas in the
removed cluster, we test its out-of-distribution capabilities and ensure that the finetuning
does not overwrite previous knowledge of the removed idea cluster.

The results of all diversity evaluations are reported in section [5.3.2]

4.4.3 Al-Mandel Integration

In order to further test and evaluate our finetuning procedure, we run our SFT + DPO
model in the context of AI-Mandel, the agentic system for idea generation in quantum
optics described in section and Fig. B For the purpose of testing our finetuned
models, the idea generation module is sufficient as only this process populates the idea
pool which is later used by the implementation module in an independent process. We
replace the API call of the researcher agent once with the baseline GPT-OSS-20B model
and once with our finetuned SFT 4+ DPO model. Since we have not yet finetuned our
models on prompts with extra feedback, we do not make use of AI-Mandel’s feedback
mechanism and only compare how many researcher agent ideas from each model are
accepted by the novelty and judge agents. Here, we follow the original AI-Mandel system
and use the GPT-5-mini OpenAl API for the novelty and judge agents.

We run two variants of this test, each with 500 iterations: First, without the idea pool,
where novelty and judge agents only get the output of the previous agent as input.
Second, with the idea pool, where all existing ideas that were previously accepted are
added as additional context to the prompt of the novelty agent. This ensures diversity by
checking incoming researcher ideas against already accepted candidates. We statistically
evaluate the difference in acceptance counts using a two-sided Fisher’s exact test [88].
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This test evaluates the null hypothesis that the acceptance outcome is independent of
model choice, that is, that the finetuned model and the baseline have equal acceptance
probabilities.

We present all results of the AI-Mandel integration in section [5.3.3]
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In this chapter, we present the results of the methodology outlined in chapter dl We start
with results from the model selection process in section In section[5.2] we present the
results from the two stages of the prompt selection process and in section [5.3] we report
the results from the idea quality evaluation and finally the diversity test and AI-Mandel
integration results.

5.1 Model Selection Results

For model selection, we follow the procedure shown in Fig. and explained in section
We first use ranker prompt variant 1 and all 3 idea generation prompts and sub-
sequently combine idea generation prompt variant 1 with ranker prompt variants 2 and 3.
These 5 combinations are tested with both LLM judges GPT-5-mini and Llama-3.1-8B.
Fig. and respectively show the Elo, Bradley-Terry and win rate ranking
results for all prompt and judge combinations on the original ideas. Additionally, they
show the results for running these prompt combinations with GPT-5-mini as the judge
on single-sentence summaries generated by GPT-OSS-20B. In all figures, the ordering
of the model rankings is the same: GPT-OSS-20B has the highest ranking, then comes
Gemma-3-27B before Llama-3.1-8B.

1500 Llama-3.1-8B 1500 GPT-5-mini GPT-5-mini on summary
21000 1000 1000
©
o
o
£ 500 500 500
08 b b ol a3 08 b _ad ol o3 O3 b _ad a2 o3
ATt 2 ™ ® AT ™ 3 A® a® AT ™ T At e
GPT-0SS-20B Gemma-3-27B Llama-3.1-8B

Figure 5.1: Elo scores for the pairwise comparisons of the model selection process. Colors indicate
the LLMs used to generate the ideas. P1, P2, P3 are the idea generation prompt variants 1 to
3, while R1, R2, R3 indicate the three ranker prompt variants. Each plot corresponds to one
ranker LLM on original or summarized ideas.
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Figure 5.2: Bradley-Terry strengths for the pairwise comparisons of the model selection process.
Colors indicate the LLMs used to generate the ideas. P1, P2, P3 are the idea generation prompt
variants 1 to 3, while R1, R2, R3 indicate the three ranker prompt variants. Each plot corresponds
to one ranker LLM on original or summarized ideas.
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Figure 5.3: Win rates for the pairwise comparisons of the model selection process. Colors indicate
the LLMs used to generate the ideas. P1, P2, P3 are the idea generation prompt variants 1 to
3, while R1, R2, R3 indicate the three ranker prompt variants. Each plot corresponds to one
ranker LLM on original or summarized ideas.

Fig. shows all 25, 000 pairwise comparisons from the model selection process with all
prompt combinations from Fig. for the two ranker models Llama-3.1-8B and GPT-
5-mini. In each pairwise comparison, these models choose between an idea at position A
and an idea at position B of the ranker prompts in boxes and The length
of the ideas in the respective positions is given on the x-axis and y-axis. Llama-3.1-8B
chooses ideas at position A significantly more often than at position B, while GPT-5-mini
slightly prefers position B. With pink and blue indicating the respective winner of the
comparison, the upper left and lower right being uniformly colored indicates that longer
ideas consistently outperform shorter ones.
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Figure 5.4: Idea length at position A versus idea length at position B of 25,000 pairwise compar-
isons ranked by Llama-3.1-8B on the left and GPT-5-mini on the right for the model selection
process. Blue color indicates that idea at position A won the pairwise comparison, while pink
indicates that the idea at position B won.

From the results in this section, we choose the open-source model GPT-OSS-20B for the
idea generation process and as a finetuning baseline.

5.2 Prompt Selection Results

By using GPT-OSS-20B as our idea generation model and following the two-stage prompt
selection process shown in Fig. and explained in section we first present a win
rate ordering of our seven compared prompt variants in Fig. Three prompt variants
outperform the baseline while three others do not lead to improvements in LLM judge
rankings. There is a significant win rate difference between the self-refinement prompt
that performs best overall and the second-best performing prompt variant that contains
an additional introduction to the PyTheus tool. The prompt variant in which GPT-OSS-
20B is asked to combine two random quantum optics ideas performs the worst.
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Figure 5.5: Win rate results for the seven prompt variants of the first stage of the prompt
selection process. With each prompt, we generated ideas using GPT-OSS-20B and evaluated
them according to our prompt selection process from section @

Fig. shows the results of the second stage of the prompt selection process: the
comparison between incremental combinations of the seven prompt variants introduced
in section [£.2] Adding the request for self-refinement to the baseline prompt yields the
best performance, while a combination of all variants performs the worst. The baseline
prompt performs the second-worst.
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Figure 5.6: Bradley-Terry strengths for the seven incremental prompt combinations of the second
stage of the prompt selection process. With each prompt, we generated ideas using GPT-OSS-
20B and evaluated them according to our prompt selection process from section

To test whether the best performing prompt is statistically significantly stronger, we can
assume the null hypothesis that the two top performing prompts are equally strong and
then calculate the p-value, the probability that we would observe the difference between
those two prompts in Fig. under this hypothesis. We perform the calculation in
chapter [F] of the appendix. For the top two performing prompts, we get a p-value of
around 0.001.

We further discuss the prompt ranking figures and the significance calculation in section
and choose the best-performing combination of baseline and self-refinement prompt
for the idea dataset generation.

5.3 Evaluation Results

In this section, we will first present the idea quality rankings from the GPT-OSS-20B
baseline model and all three SF'T, SF'T + DPO, and DPO finetuned models in section
[(£.3.1} Section then evaluates the idea space of these four models to investigate if
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the finetuning leads to a loss in idea diversity. Finally, in section we then integrate
the finetuned SF'T 4+ DPO model into AI-Mandel and report how many of the generated
ideas pass the other AI-Mandel agents.

5.3.1 Idea Quality Evaluation Results

The finetuning procedure from section and Fig. results in a baseline model
and three finetuned models: SFT, SFT + DPO, and DPO. To provide some better
understanding of the ideas that these models are finetuned to generate, box shows a
manually shortened idea example generated by our finetuned SFT 4+ DPO model. The
original, high-detail idea can be found in box of the appendix.

( N\
Hybrid high-dimensional entanglement swapping for quantum networks

We propose a much more compact entanglement-swapping experiment
whose central innovation is the Bell-state measurement in a hybrid
polarization-orbital-angular-momentum space. Two independent

SPDC sources generate photon pairs entangled simultaneously

in polarization and OAM. Photons 2 and 3 are brought to a
linear-optical Bell-state measurement that acts on the combined
four-dimensional local Hilbert space, using g-plates to couple
polarization and 0AM, log-polar mode conversion to separate 0AM
components, and a 4x4 interferometer to project onto a subset of
hybrid Bell states. A successful coincidence event then swaps the
entanglement onto photons 1 and 4, preparing a nonlocal hybrid Bell
state shared across the two remaining photons.

The key advance is not simply entanglement swapping, but swapping
entanglement between photons that each encode two qubits in
distinct degrees of freedom. This moves beyond standard
polarization-only schemes and creates an experimentally accessible
route to high-dimensional photonic network links with increased
information capacity per photon. The proposal combines only static
linear optics and existing high-efficiency components, making it
realistic while still targeting a qualitatively new resource state.
If realized, it would constitute the first demonstration of hybrid
high-dimensional entanglement swapping, with direct relevance for
multiplexed quantum communication, high-dimensional teleportation,
and quantum-network architectures.
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5 Results

Box 5.1: Example of a manually shortened idea generated by the SFT + DPO model. The
detailed idea can be found in box @ of the appendix.

We report results of all three evaluations described in our methods section [f.4.1] Fig.
shows the rating distribution as box and swarm plots for the 500 ideas from each of
the four models, once for the original full outputs and once for one-sentence summaries
generated by GPT-OSS-20B. For the full outputs, all finetuned models obtain higher
mean and median ratings than the GPT-OSS baseline. They form a performance ladder
from SFT over SFT + DPO to pure DPO. For the one-sentence summary, all finetuned
models still outperform the baseline model in terms of mean and median. However, the
SFT + DPO model now outperforms both DPO and SFT models.
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Figure 5.7: Idea quality rating distribution over 500 original and summarized ideas from the GPT-
0OSS-20B baseline model and all three finetuned models: SE'T, SF'T 4+ DPO, and DPO. The boxes
indicate the interquartile range IQR and the whiskers mark outliers outside of £1.5 - IQR.

Fig. [5.8| quantifies the uncertainty of the rating averages by showing the mean and 95%
confidence intervals that are the result of our bootstrapping process explained in section
Again, the figure shows results for both the full outputs and the one-sentence
summaries generated by GPT-OSS-20B. For the full-length ideas, the 95% confidence
intervals are narrow and clearly separated across all models. For single-sentence sum-
maries, the intervals are still narrow, but less well separated and overlap for the case of
SEFT and GPT-OSS-20B baseline models.
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Figure 5.8: Idea quality rating uncertainty estimation via bootstrapping. The plot shows the
mean idea quality rating of the 500 outputs from each model for full outputs and single sentence
summaries. The bars indicate the 95% confidence intervals computed from the bootstrapping
process.

Figures and test the significance of our rating results by showing one-sided
permutation tests on the mean rating difference between each finetuned model and the
baseline using 1,000 random permutations per comparison of 500 original and summar-
ized outputs per model. For the full-length ideas in Fig. [5.9] the probability of observing
the result with the null hypothesis of the model not being better than the baseline
(called p-value) is less than 0.1% for all finetuned models. For the summarized ideas in
Fig. [5.10] only the SFT + DPO and DPO models have a p-value of less than 0.1%. The
permutation test for the SFT model results in a p-value of around 17.5% instead.
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Figure 5.9: One-sided permutation tests (finetuned model > GPT-OSS-20B baseline) on 500
outputs per model and 1000 permutations. Histograms show null distributions of permuted
mean differences (finetuned model - GPT-OSS-20B baseline), and vertical lines mark observed

differences.

DPO vs Baseline

SFT vs Baseline SFT+DPO vs Baseline
20 p-value 0.175 i p-value < 0.001 p-value < 0.001
15
z z z
g @ ‘@
g 10 ] o
[a) [a) [a]
5
0 | i |
-0.10 -0.05 0.00 0.05 -0.1 0.0 0.1 0.2 0.3 —-0.05 0.00 0.05 0.10
Permuted Mean Difference

Permuted Mean Difference Permuted Mean Difference

Figure 5.10: One-sided permutation tests (finetuned model > GPT-OSS-20B baseline) on 500
one-sentence summaries per model and 1000 permutations. Histograms show null distributions of
permuted mean differences (finetuned model - GPT-OSS-20B baseline), and vertical lines mark

observed differences.

These results show the idea quality rating distribution, quantify the uncertainty of the
rating averages via the 95% confidence intervals, and test the significance of each fine-
tuned model difference compared to the GPT-OSS-20B baseline in terms of the p-values
from the permutation tests. The results will be further discussed in section [6.3.1]

5.3.2 Diversity Evaluation Results

As described in our methods section[4.4.2] we now present evaluations of the idea diversity
for the GPT-OSS-20B baseline and all finetuned models.
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Figure 5.11: The left column shows two-dimensional UMAP projections of the idea embedding
space of 500 ideas from each of the three finetuned models on top of 9,342 generated by the
GPT-0SS-20B baseline. The right column shows a zoomed-in view of the boxed cluster on the
right together with output embeddings from a model that was trained on a dataset including
that cluster and one trained excluding that cluster.
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Fig. visualizes two-dimensional UMAP projections of the idea embedding spaces for
500 ideas from each of the three finetuned models overlaid on the embedding space of
9,342 ideas from the GPT-OSS-20B baseline. In the left column, the baseline ideas are
shown in red and the corresponding finetuned model ideas in black. The SFT ideas are
distributed across a region that broadly overlaps with the baseline projection, whereas
the SFT4+DPO and DPO ideas appear more concentrated in smaller regions of the shared
space. The right columns zoom into the highlighted cluster. Black points represent ideas
from models trained with this cluster included in the training data, and blue points
represent ideas from models trained without that cluster. In all three cases, the cluster
holds ideas for both types of training: with or without that cluster.

Table [5.1] quantifies idea diversity by reporting the average distance of idea embeddings
from the embedding centroid. The GPT-OSS-20B baseline and SF'T models show sim-
ilar mean and median distances, while SF'T + DPO and DPO have substantially lower
distance values.

Model Mean Median  Minimum Maximum
Distance Distance Distance  Distance
Baseline 7.625 5.291 0.058 20.069
SFT 7.609 5.323 1.014 15.466
SFT + DPO 3.691 1.673 0.157 17.639
DPO 2.157 2.078 0.047 19.013

Table 5.1: Idea diversity quantification by mean and median distance of all idea embeddings from
the embedding space centroid.

Overall, both the qualitative and quantitative diversity evaluations provide consist-
ent evidence of differences in idea diversity across models, further discussed in section
0.9.2)

5.3.3 Al-Mandel Integration Results

Here, we report the results from the AI-Mandel integration test described in the methods
section [4.4.3] Table [5.2] shows the acceptance rates of the finetuned SFT + DPO model
compared to the GPT-OSS-20B baseline over 500 runs per model. It also tests their
significance by reporting the p-value of two-sided Fisher’s exact tests on the acceptance
rates. The p-value gives the probability of observing the results under the null-hypothesis
that the acceptance rates are independent of the model choice. The exact equations for
computing the p-values can be found in chapter [G] of the appendix.
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Setting Agent SFT + DPO Baseline p-value
With idea pool ~ Novelty  9/500 (1.8%) 14/500 (2.8%)  0.399
Judge  7/500 (1.4%)  11/500 (2.2%)  0.477

Without idea pool Novelty 76/500 (15.2%) 63/500 (12.6%)  0.273
Judge  70/500 (14.0%) 54/500 (10.8%)  0.150

Table 5.2: AI-Mandel acceptance results over 500 runs per model and setting. Reported p-values
are from two-sided Fisher’s exact tests comparing SF'T + DPO against the baseline model with
and without the idea pool over the novelty and judge agent. The null-hypothesis for the p-value
is that the acceptance rates are independent of the model choice.

Overall, acceptance rates are low in both variants. In the setting with the idea pool, the
novelty agent accepts 9 out of 500 ideas from the finetuned SFT 4+ DPO model and 14
out of 500 ideas from the baseline GPT-OSS-20B model, corresponding to a p-value of
0.399. For the judge agent in the same setting, 7 out of 500 ideas from the finetuned
model and 11 out of 500 ideas from the baseline model are accepted, corresponding to a
p-value of 0.477.

In the setting without the idea pool, the novelty agent accepts 76 out of 500 ideas from
the finetuned model and 63 out of 500 ideas from the baseline model, corresponding to a
p-value of 0.273. For the judge agent in this setting, 70 out of 500 ideas from the finetuned
model and 54 out of 500 ideas from the baseline model are accepted, corresponding to
a p-value of 0.150. The AI-Mandel integration results are discussed in detail in section
6.3.3
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This chapter focuses on the interpretation of the results presented in chapter [f] Section
motivates the reasoning behind choosing GPT-OSS-20B as the baseline model for
subsequent analyses. Section [6.2] justifies the choice of idea generation prompt and ex-
plains why the selected prompt was adopted based on the previously presented results. In
section [6.3] we then discuss the performance results of the finetuned models with respect
to idea quality, diversity and the integration of these models into AI-Mandel.

6.1 GPT-0OSS-20B for Idea Generation

Based on the results in section [5.1], we use GPT-OSS-20B as our main baseline model for
dataset generation and finetuning. The fact that Figs. - consistently show GPT-
0OSS-20B as the best performing model across all five combinations of idea generation
prompts, ranker prompts, and LLM judges, providing a robust indication for the idea
generation quality of that model.

The consistency of the model ordering across all prompt and judge combinations indicates
that these results go beyond a simple bias of an LLM judge towards certain phrases or
textual features instead of idea content. Even though Fig. indicates a correlation
between the idea length and its success rate, the fact that all ideas summarized to a
single sentence result in the same ordering rules out a simple length bias of the LLM
judge.

Although Fig. [5.4] suggests a position-related imbalance for the Llama-3.1-8B judge,
GPT-5-mini exhibits an imbalance in the opposite direction while yielding a similar
overall model ordering. This indicates that any position biases do not significantly affect
the final ranking in our setup.

Nonetheless, our analysis is mainly based on LLM judges whose ratings are difficult
to trace to their actual reasoning. Human evaluations of idea quality would be ideal,
but hard to achieve for time and cost reasons. Even with LLM judges, much of our
methodology is constrained by monetary and computational cost. One possible extension
of our work could be explicitly asking the LLM judges for additional reasoning as this
often leads to improvements in terms of human alignment [89].
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The purpose of our model selection process is to find a strong idea generation model that
makes the subsequent finetuning more meaningful because it is applied to the strongest
available open-source baseline rather than a weaker model. For this purpose, the robust-
ness of the choice of GPT-OSS-20B seems sufficient.

6.2 Idea Generation Prompt

Similar to the model selection process, the goal of the prompt selection process is to find
a strong enough baseline that makes the subsequent finetuning more meaningful. Fig.
shows that extending the baseline idea generation prompt with additional context
can lead to clear improvements in LLM judge rankings.

In this first stage of the prompt selection process, the refinement, PyTheus and idea
example prompts perform better than the baseline prompt in box [A]] of the appendix.
The refinement prompt might perform well because its self-criticism prompting technique
makes use of multiple reasoning iterations. The PyTheus prompt adds a clear context
for quantum optics which might be ranked higher by the LLM judges because they are
instructed to rate ideas for novelty, feasibility and scientific interest in that specific field.
Similarly, the idea examples turn the problem into a few-shot learning problem where
GPT-08S5-20B can make direct use of good idea examples within the right context.

The PyTheus configuration prompt and the prompts with random paper and topic com-
binations perform worse than the baseline prompt. PyTheus configurations are more of
a technical detail independent of idea quality and might therefore shift the focus to the
wrong direction, leading to worse results than with the baseline prompt. The prompts
with random paper titles and topic combinations might restrict the model to specific
fields that are far from the PyTheus context and might therefore be rejected by LLM
judges that specifically rate ideas for the PyTheus context.

The results of the second stage of the prompt selection process in Fig. [5.6] show that
targeted prompt combinations can lead to large improvements in LLM judge rankings
while more extensive combinations tend to perform worse while often still outperforming
the baseline prompt, which ranks second to last. Our statistical significance test for
the performance gap between the two best-performing prompts results in the p-value
of 0.001. This means that under the assumptions that the two prompts are equally
good, the chance of seeing this gap between the prompts in Fig. is around 0.1%.
The best prompt therefore significantly outperforms the second-best prompt when using
GPT-5-mini as the LLM judge.

Our method to combine the different prompts is restricted by the monetary and compu-
tational costs of using GPT-5-mini as an LLM judge via the OpenAl API. While more
extensive prompt engineering would be in principle possible, we use our results from the
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prompt selection process to fixate an idea generation prompt that provides a meaningful
baseline to compare finetuned models. Since the prompt variant of the baseline prompt
with additional requests to refine its idea for novelty performs best, we choose this one
for all subsequent steps.

6.3 Finetuning for Scientific Idea Generation

Here, we discuss the main results from the finetuning process and the evaluations of
the resulting models. In section we first argue that finetuning leads to an im-
provement in the LLM-rated idea quality. In section we discuss how our finetuned
models can be further improved by explicit enforcement of idea diversity in the object-
ive function. Section [6.3.3] concludes that improvements in LLM-rated idea quality do
not directly translate into higher success rates in agentic systems such as Al-Mandel
and that a beneficial integration of finetuned models into such systems requires further
investigation.

6.3.1 The Effect of Finetuning on Idea Quality

The results of the LLM judge ratings in section clearly show that finetuning im-
proves the quality of generated ideas as perceived by the LLM judge across all evaluated
finetuning strategies. The bootstrapping uncertainty estimation and the permutation
tests provide evidence for the statistical significance of the shift towards ideas that the
LLM judge considers more novel, feasible, and scientifically interesting.

Rating the summarized one-sentence ideas shrinks the performance margin, which is
expected since the shorter ideas contain much less information. It also changes the per-
formance ordering of the models: SFT + DPO performs better on summaries than pure
DPO whereas DPO is clearly the best performing model on full-length ideas. This shows
that different finetuned models learn to use different text features. Some might learn to
put idea quality into detailed explanations that get lost when summarizing, while others
might specialize in densely expressed ideas that then work better in summaries.

The fact that all finetuned models still outperform the GPT-OSS-20B baseline indicates
that the quality gain goes beyond a simple LLM judge bias towards longer ideas. These
results show that our finetuning does not just result in longer ideas. Instead, it improves
their substance in a way that remains clear even in a single sentence. To make this sum-
mary test more robust, future work could extend this by additionally using other LLMs
for summarization as well as generating sets of summaries of different lengths.

As before, our evaluation heavily relies on LLM judges and would ideally be complemen-
ted with human expert opinions. However, idea quality in itself can be a rather subjective
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metric that is evaluated differently by different systems or humans. Here, we rely fully
on an LLM judge that might have specific biases. Besides the menial biases of output
length or position, human experts might have other biases that lead to a different, but
still subjective result. Experts in a specific field of quantum optics might prefer ideas
in their field better and therefore rank these ideas higher. Deciding which biases are
more important might not be reasonable: Idea quality improvement might be a purely
subjective process that must be approached differently for each person or system.

In our finetuning methodology, we rely mainly on two major finetuning algorithms: SFT
and DPO. In addition, our rating system for idea quality is a simple ordinal score that
fails to capture the full depth of the concept of idea quality. Future work could explore
other finetuning techniques such as proximal policy optimization [51], test other hyper-
parameter settings of the LoRA setup, and define more sophisticated rating mechanisms.
The ordinal score could for example be extended into multiple scores for each metric
such as novelty or scientific interest, and could be complemented with existing impact
estimation methods [I§].

6.3.2 The Effect of Finetuning on Idea Diversity

Besides idea quality, our discussion must also include idea diversity. The results for this
type of evaluation are presented in section [5.3.2] The UMAP projections on the left
side of Fig. and table indicate that the diversity of outputs is approximately
preserved in the case of the SFT model, but decreases for SF'T + DPO and DPO models.
Especially the pure DPO finetuning seems to reduce the spread of the embeddings into
small sub-regions of its initial distribution. This can be seen both qualitatively in the
UMAP projections, as well as quantitatively in the reduction of centroid distance.

The right side of Fig. [5.11] suggests that finetuning does not automatically restrict idea
diversity to the examples seen during finetuning. Even when the model is finetuned
without any ideas from a cluster that the baseline model already knows, it can still
generate ideas in that cluster afterward. This is evident from the zoomed cluster plots,
where the cluster always holds both: blue points (ideas from the model finetuned without
the cluster) and black points (ideas from the model finetuned with the cluster). This
serves as a sanity check to verify that the finetuned model does not overfit to the ideas
in the training set.

The observation of the general loss of diversity and the fact that the model can preserve
clusters that are not part of the training set during finetuning complement each other.
The cluster test suggests that the finetuned model retains a similar support over the idea
space, since it can still access clusters that were excluded from finetuning. However, the
global UMAP plots indicate that the distribution within this support changes as a result
of finetuning. In other words, finetuning does not eliminate entire regions of the idea
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space, but it does shift idea mass away from some clusters towards others, creating a
denser concentration of ideas in selected regions that might have a higher probability of
yielding high-quality ideas.

Taken together with the previous results from section[6.3.1], our finetuned models seem to
improve idea quality, but often at the price of reducing idea diversity or picking certain
regions of the idea space. This could be prevented by explicitly introducing diversity-
preserving terms in the objective function as is often done using the baseline model as
a reference policy from which the finetuned model should not diverge too much. To
not only preserve, but also extend the idea diversity the idea dataset would need to be
generated using a more powerful LLM from which the finetuned model can then learn to
extend its own idea repertoire.

In our methodology, we measure idea diversity using semantic similarity. It is not clear if
this similarity metric can sufficiently capture nuances in ideas from quantum optics and
how well the semantic idea clusters correspond to distinct quantum optics experiments.
To fully assess diversity, future work should therefore complement this embedding-based
analysis by either human expert evaluation or by making use of more specialized embed-
ding models that are trained on the specific domain at hand.

6.3.3 The Effect of Finetuning on Al-Mandel

Ideally, the improvement in idea quality from the finetuned models would directly trans-
late into higher performance within the AI-Mandel agentic system. Higher performance
corresponds to a higher ratio between generated and actually useful ideas. Section [5.3.3
shows the results of testing the finetuned models on this ratio with and without the
idea pool that acts as a test for diversity. Without the idea pool, the finetuned SFT +
DPO model achieves higher acceptance counts than the GPT-OSS-20B baseline model
for both the novelty and judge agents. This is consistent with the earlier evaluation
results, in which finetuning improved idea quality. However, the reported p-values from
our significance tests in section are all in two-digit percentage numbers and indicate
that the observed acceptance rates are not rare under the null-hypothesis of acceptance
rates that are independent of model count. With our current sample size the results are
therefore not statistically significant. Higher sample counts would improve the tests, but
do not yet justify their API call costs at this stage.

With the idea pool enabled, the baseline model achieves slightly higher acceptance counts
than the finetuned model. This is in line with the earlier diversity evaluation, which
suggested that the baseline model produces more diverse ideas across runs, whereas
finetuning primarily improves the quality of individual proposals. In AI-Mandel, part of
the value of the researcher agent lies in proposing sufficiently different ideas across runs.
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Finetuning improves the quality of individual proposals, but if it reduces diversity, the
overall system-level gain can vanish once novelty constraints are enforced.

Important next steps are therefore to integrate diversity metrics directly into the objective
function to mitigate the negative side-effect of the finetuning. Our AI-Mandel integration
also still lacks the feedback loops with which the researcher can refine its ideas. Extending
the functionality of our finetuned models by training them to handle these feedback loops
is one of the next steps towards a full-scale integration into AI-Mandel.
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Recent progress in the field of LLMs and agentic systems raises fundamental questions
about the automation of science. While the number of so-called Al scientists stead-
ily increases, most of these systems still receive their scientific objective from human
researchers. Building true artificial scientists requires progress on the whole chain of sci-
entific research, from idea generation to idea implementation and data analysis. Agentic
systems like AI-Mandel can already perform these tasks, but rely on closed-source com-
mercial LLMs that can not be finely controlled or improved for new tasks or tools. In
addition, the ratio between generated ideas and useful ones remains low, leading to high
cost and computing time.

This thesis investigates the use of finetuned open-source LLMs for idea generation in
the context of AI-Mandel. Our work aims to compare finetuned open-source LLMs to
their non-finetuned counterpart in terms of idea quality, diversity and their functionality
within Al-Mandel.

By making use of different LLM judges, we find that GPT-OSS-20B outperforms other
open-source LLMs on the task of scientific idea generation. After carefully engineering
an appropriate idea generation prompt via LLM-based ranking of randomized pairwise
comparisons, we find that different finetuning techniques indeed lead to a significant
improvement in idea quality when rated by GPT-5-mini as an LLM judge. This quality
improvement even holds when ranking the ideas based on summarized versions that are
stripped of potential phrases or formatting that might trigger potential LLM judge biases.
However, our diversity evaluation and Al-Mandel integration indicate clear issues with
idea diversity for some of the tested finetuning techniques.

The next steps in making these results more reliable are the following:

e Extend the objective functions of the finetuning process with new terms that ex-
plicitly enforce idea diversity.

e Complement and verify LLM judges with human expert ratings and feedback and
extend LLM evaluations with other LLM models, additional rating reasoning, and
more sophisticated rating mechanisms.

e Explore other finetuning algorithms such as proximal policy optimization and
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prompting techniques such as self-consistency prompting, in which multiple reas-
oning outputs are generated and compared for consistency.

Further progress on open-source LLMs as idea generators will contribute to advances
in the automation of science by reducing reliance on closed-source models and opening
possibilities for fine-grained control over model behavior.

45



A ldea Generation Prompt for Model
Selection

You are a visionary researcher in quantum optics. You lead a

team of scientists and want to provide ideas for them. Your team
consists of theoretical quantum optics researchers who are amazing
in taking your ideas and creating wonderful stand-alone proposals
for experiments. The stand-alone proposals created by your team
members are often published in top-journals such as Phys.Rev.Lett.
(PRL). That requires that the idea is scientifically novel and
concrete proposals from your ideas should be interesting for
individual experts in the field or the field of quantum physics
researchers as a whole.

Your team is especially exceptionally good in executing your ideas
to fully detailed experimental proposals if your ideas are targeted
for the following domain:

Concrete quantum networks systems (e.g., generalizations of
entanglement swapping, quantum teleportation, etc) and foundational
guantum optics experiments. Your ideas should be implementable
with probabilistic photon-pair sources (such as SPDC), or
probabilistic and deterministic single-photon sources, and standard
linear optics elements. Your team cannot design experiments that
require dynamic feedback control. If your idea is in that realm,
your team will figure out a great way to develop a full proposal.

Respond exactly with the following format:

Thought: (the reasoning behind the idea)

Final idea: (the actual idea if you are happy with it)

Do not add any other text. Do not output multiple Thoughts and
Final ideas.
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Box A.1: Idea-generation prompt variant 1.

You are a visionary leader in quantum optics, guiding a team of
theoretical researchers who transform your insights into fully
developed experimental proposals. These proposals often become
publications in top journals such as Physical Review Letters,
requiring your ideas to be scientifically novel, concrete, and
compelling for experts in quantum optics and physics.

Your team excels at converting your concepts into detailed
experimental designs, particularly in the domains of:

Quantum network systems (e.g., extensions of entanglement swapping,
quantum teleportation, etc.)

Foundational quantum optics experiments

Constraints:

Implementable using probabilistic photon-pair sources (SPDC),
probabilistic and deterministic single-photon sources, and standard
linear optics elements.

No dynamic feedback control is possible.

Output format:

Thought: (your reasoning behind the idea)

Final idea: (the concrete idea you are satisfied with)

Do not add any additional text. Do not provide multiple ideas.

Box A.2: Idea-generation prompt variant 2.

Generate a single, novel idea for a quantum optics experiment
that can be implemented using probabilistic photon-pair sources
(SPDC), probabilistic or deterministic single-photon sources,
and standard linear optics elements. The idea should not rely
on dynamic feedback control.

The output should be in the following format:
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Thought: (explain the reasoning that leads to the idea)
Final idea: (state the single clear idea you chose)
No additional commentary. No lists of multiple ideas.

Box A.3: Idea-generation prompt variant 3.
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Selection

-

&

You are an expert quantum physicist judging the novelty and
concreteness of research ideas in quantum optics. This is the
prompt which generated output A and output B.

prompt start

PROMPT

prompt end

beginning of outputs

Output A:
a

Output B:
b

end of outputs

Now, compare the two outputs and decide which is better overall.
Respond with 'A’ if Qutput A is better, or 'B’ if Output B is
better.

Do not add any other text.

Box B.1: Idea-ranking prompt variant 1.

You are a quantum physics expert evaluating the originality
and clarity of research ideas in quantum optics. This is the
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instruction that produced output A and output B.
prompt start

PROMPT

prompt end

beginning of outputs

Output A:
a

Output B:
b

end of outputs

Choose which output is overall better. Reply with 'A’ if Output A
is better, or 'B’ if Output B is better. Give no additional text.

Box B.2: Idea-ranking prompt variant 2.

Compare the following two research ideas in quantum optics,
generated from the same prompt. Evaluate their novelty and
concreteness.

prompt start

PROMPT

prompt end

beginning of outputs

Output A:
a

Output B:

o0
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end of outputs

Respond with 'A’ if Output A is better, or ’'B’ if Output B is
better. Do not add any other text.

Box B.3: Idea-ranking prompt variant 3.
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You are a visionary researcher in quantum optics. You lead a

team of scientists and want to provide ideas for them. Your team
consists of theoretical quantum optics researchers who are amazing
in taking your ideas and creating wonderful stand-alone proposals
for experiments. The stand-alone proposals created by your team
members are often published in top-journals such as Phys.Rev.Lett.
(PRL). That requires that the idea is scientifically novel and
concrete proposals from your ideas should be interesting for
individual experts in the field or the field of quantum physics
researchers as a whole.

Your team is especially exceptionally good in executing your ideas
to fully detailed experimental proposals if your ideas are targeted
for the following domain:

Concrete quantum networks systems (e.g., generalizations of
entanglement swapping, quantum teleportation, etc) and foundational
quantum optics experiments. Your ideas should be implementable
with probabilistic photon-pair sources (such as SPDC), or
probabilistic and deterministic single-photon sources, and standard
linear optics elements. Your team cannot design experiments that
require dynamic feedback control.

If your idea is in that realm as described above, your team will
figure out a great way to develop a full proposal.

Here are some paper titles as initial inspiration. You can decide
for yourself which ones are actually interesting to you.

START OF PAPER TITLES FOR INSPIRATION
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-

Paper 1: Toward Neural Network Simulation of Variational Quantum
Algorithms

Paper 2: Real-world data encryption with continuous-variable
measurement device-independent quantum key distribution

Paper 3: A novel hybrid protocol for semiquantum key distribution
and semiquantum secret sharing

END OF PAPER TITLES FOR INSPIRATION

Respond exactly with the following format:

Thought: (the reasoning behind the idea)

Final idea: (the actual idea if you are happy with it)

Do not add any other text. Do not output multiple Thoughts and
Final ideas.

J

Box C.1: Example of an idea generation prompt with random paper titles for prompt selection.

-

You are a visionary researcher in quantum optics. You lead a

team of scientists and want to provide ideas for them. Your team
consists of theoretical quantum optics researchers who are amazing
in taking your ideas and creating wonderful stand-alone proposals
for experiments. The stand-alone proposals created by your team
members are often published in top-journals such as Phys.Rev.Lett.
(PRL). That requires that the idea is scientifically novel and
concrete proposals from your ideas should be interesting for
individual experts in the field or the field of quantum physics
researchers as a whole.

Your team is especially exceptionally good in executing your ideas
to fully detailed experimental proposals if your ideas are targeted
for the following domain:

Concrete quantum networks systems (e.g., generalizations of
entanglement swapping, quantum teleportation, etc) and foundational
guantum optics experiments. Your ideas should be implementable
with probabilistic photon-pair sources (such as SPDC), or
probabilistic and deterministic single-photon sources, and standard
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-

linear optics elements. Your team cannot design experiments that
require dynamic feedback control. If your idea is in that realm,
your team will figure out a great way to develop a full proposal.

Here is one last, but absolutely necessary condition:

Your proposed research idea should combine these two scientific
concepts in a meaningful way.

"topological photonic state" and "non hermitian skin effect"

Try your best to combine these concepts even if it means suggesting
experiments that are very different from the examples you have
seen. The main goal is to suggest something interesting.

Respond exactly with the following format:

Thought: (the reasoning behind the idea)

Final idea: (the actual idea if you are happy with it)

Do not add any other text. Do not output multiple Thoughts and
Final ideas.

J

Box C.2: Example of an idea generation prompt with random topic combinations for prompt
selection.

-

Your colleague (the ’"Expert’) has access to a tool (pytheus) that
can design quantum optics experiments based on a clear target.

Here is some information on the capabilities and limitations of
pytheus:

1) Experiment Generation: Pytheus can generate experimental

setups for concrete quantum networks (e.g., generalizations of
entanglement swapping) and foundational quantum optics experiments.
2) Abstract State Encoding: Pytheus encodes quantum states
abstractly. For example, the state |0>+|1> has no inherent
physical implementation--it could correspond to photon polarization
(a discrete 2-dimensional system) or orbital angular momentum

(a discrete high-dimensional system). However, this physical
encoding is not part of Pytheus’s output and must be specified

by the experimenter afterward. Consequently, suggestions involving
hyper-entanglement or hybrid-entanglement cannot be meaningfully
interpreted by Pytheus, as it operates purely on abstract quantum
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state descriptions without reference to their physical realization.
3) Limitations in Feedback Control: Pytheus cannot design
experiments that require dynamic feedback control, including many
quantum error-correction systems.

Your task is to provide your colleague with an interesting target
to search for. Interesting means that the experiment applies into
a new domain or combines known and modern quantum techniques in
new (potentially unexpected) ways. But make sure it is suitable
for pytheus. This target should be a new kind of quantum network
(complex multi-node networks and their fundamental physics
questions, modern questions and techniques for quantum networks,
and applications and generalizations of entanglement swapping and
teleportation). Avoid targets tailored to quantum computing and
quantum error corrections.

Ideally this would be an idea for an experiment that can be
generalized and expanded upon beyond a single experimental

setup towards a whole range of diverse but related experiments.
Crucially (!): The idea that you define should be interesting
independent of whether the experiment is actually implemented

- your goal is to provide such an convincing idea that your
colleague (Expert) can find the experimental implementation using
pytheus, and write a cool theory paper (for instance in the journal
Phys.Rev.Lett.).

Respond exactly with the following format:

Thought: (the reasoning behind the idea)

Final idea: (the actual idea if you are happy with it)

Do not add any other text. Do not output multiple Thoughts and
Final ideas.

Box C.3: Idea generation prompt with PyTheus introduction for prompt selection.

Your colleague (the ’"Expert’) has access to a tool (pytheus) that
can design quantum optics experiments based on a clear target.

Here is some information on the capabilities and limitations of
pytheus:
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1) Experiment Generation: Pytheus can generate experimental

setups for concrete quantum networks (e.g., generalizations of
entanglement swapping) and foundational quantum optics experiments.
2) Abstract State Encoding: Pytheus encodes quantum states
abstractly. For example, the state |0>+|1> has no inherent
physical implementation--it could correspond to photon polarization
(a discrete 2-dimensional system) or orbital angular momentum

(a discrete high-dimensional system). However, this physical
encoding is not part of Pytheus’s output and must be specified

by the experimenter afterward. Consequently, suggestions involving
hyper-entanglement or hybrid-entanglement cannot be meaningfully
interpreted by Pytheus, as it operates purely on abstract quantum
state descriptions without reference to their physical realization.
3) Limitations in Feedback Control: Pytheus cannot design
experiments that require dynamic feedback control, including many
quantum error-correction systems.

Pytheus accepts JSON configurations that specify the desired target
state and various experimental constraints.

Your task is to provide your colleague with an interesting target
to search for. Interesting means that the experiment applies into
a new domain or combines known and modern quantum techniques in
new (potentially unexpected) ways. But make sure it is suitable
for pytheus. This target should be a new kind of quantum network
(complex multi-node networks and their fundamental physics
questions, modern questions and techniques for quantum networks,
and applications and generalizations of entanglement swapping and
teleportation). Avoid targets tailored to quantum computing and
quantum error corrections.

Ideally this would be an idea for an experiment that can be
generalized and expanded upon beyond a single experimental

setup towards a whole range of diverse but related experiments.
Crucially (!): The idea that you define should be interesting
independent of whether the experiment is actually implemented

- your goal is to provide such an convincing idea that your
colleague (Expert) can find the experimental implementation using
pytheus, and write a cool theory paper (for instance in the journal
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Phys.Rev.Lett.).

Here are some previously explored Pytheus examples plus
configurations. Use these examples as inspirations.

START OF IDEAS AND CONFIGURATIONS

EXAMPLE 1

ES3dgp

explanation: "In this example we create entanglement between two
qutrits with single photon sources. We want the photons entangled
in a three dimensional Bell state.

Psi = PsigD = |00 > +[11 > 4|22 > (without normalization)

The setup we are optimizing for here is one where photons are
emitted by single photon emitters (identifiable ’'single_emitters’).

In this case, six photons are emitted and the setup (which we
optimize) manipulates them before they enter the detectors.

We can visualize the setup in the following way (with the photons
going from top to bottom):

emitters: [2]1[3]1[41[5]1[61([7]
setup: [result of optimization]
detectors: [0][1][anc. det.][anc. det.][anc. det.][anc. det.]

where [0] and [1] are the detectors where the Bell state should be
created. [anc. det.] are ancillary detectors, which should be
measured by a third party.

The setup to create a 3d Bell state setup would normally be easier
to realize, but we want to create this state in a way that is
inspired by entanglement swapping. This means, that [0] should be
measured by Alice, [1l] should be measured by Bob and the ancillary
detectors should be measured by Charlie.

There should be no emitter that can send a photon to both Alice and
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Bob. We choose that there are three emitters that can send photons
to Bob and Charlie ([2],[3]1,[4]) and three emitters that can send
photons to Alice and Charlie ([5],[6]1,[7]).

In the context of single photon emitters, the keyword
"removed_connections’ excludes paths between the specified pairs
of source and detector. We thus include all of these forbidden
paths.

This would not be possible without ancillary particles (there
number is given by ’'num_anc’). The ancillary particles are
measured by a third party.

The standard entanglement swapping experiment uses probabilistic
photon pair sources whereas this uses single photon sources.
'config’: ’'description’: 'Entanglement swapping between

two qutrits with single photon sources’, ’'foldername’:

'"ES3dsp’, 'bulk_thr’': 0.0, ’'edges_tried’: 30, 'ftol’: 1le-09,
"loss_func’: 'cr’, 'num_anc’: 10, ’'num_pre’: 1, 'optimizer’:
'L-BFGS-B’, 'imaginary’: False, ’'safe_hist’: True, ’'samples’:
10, ’'target_state’: ['00', '11’', '22'], ’'in_nodes’': [],
"out_nodes’: [], ’'thresholds’: [0.3, 0.1], 'heralding_out':
None, ’single_emitters’: [2, 3, 4, 5, 6, 7], 'amplitudes’:

[1, 'tries_per_edge’: 5, 'removed_connections’: [[0, 2], [O,
31, [0, 41, [1, 51, [1, 6], [1, 7]1], 'seed’: None, ’'unicolor’:
False, ’'number_resolving’: True, 'novac’: None, ’'loops’: None,
"topopt’: None, ’'dimensions’: [], ’'brutal_covers’: None,
'verts’: [], 'anc_detectors’': []

END OF IDEAS AND CONFIGURATIONS
Generate only textual ideas and no configurations.

Respond exactly with the following format:

Thought: (the reasoning behind the idea)

Final idea: (the actual idea if you are happy with it)

Do not add any other text. Do not output multiple Thoughts and
Final ideas.
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Box C.4: Example of an idea generation prompt with random PyTheus configuration example
for prompt selection.

( N\
You are a visionary researcher in quantum optics. You lead a

team of scientists and want to provide ideas for them. Your team
consists of theoretical quantum optics researchers who are amazing
in taking your ideas and creating wonderful stand-alone proposals
for experiments. The stand-alone proposals created by your team
members are often published in top-journals such as Phys.Rev.Lett.
(PRL). That requires that the idea is scientifically novel and
concrete proposals from your ideas should be interesting for
individual experts in the field or the field of quantum physics
researchers as a whole.

Your team is especially exceptionally good in executing your ideas
to fully detailed experimental proposals if your ideas are targeted
for the following domain:

Concrete quantum networks systems (e.g., generalizations of
entanglement swapping, quantum teleportation, etc) and foundational
quantum optics experiments. Your ideas should be implementable
with probabilistic photon-pair sources (such as SPDC), or
probabilistic and deterministic single-photon sources, and standard
linear optics elements. Your team cannot design experiments that
require dynamic feedback control. If your idea is in that realm,
your team will figure out a great way to develop a full proposal.
Here are some ideas that the team has already designed quantum
optics experiments for. A new idea should also not be too similar
to the ideas from this list.

START OF LIST OF EXPLORED EXPERIMENTS

1. =xxEntangling Two Photons That Never Interacted with Bell
Pairsxx: - Demonstrates the entanglement of two photons that
have never interacted directly, using Bell pairs. This setup
employs entanglement swapping techniques to achieve entanglement
between distant particles, showcasing the potential for quantum
communication and network protocols.

2. xxEntanglement Swapping of Three Bell Pairs (Four Additional
Particles)**: - This experiment demonstrates entanglement swapping
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between three Bell pairs, requiring four additional particles. It
shows how entanglement can be transferred from one pair to another,
enabling quantum communication over long distances without direct
interaction.

3. *xxEntanglement Swapping for Two Pairs of Qutrits (Six
Additional Particles)#**: - Produces entanglement swapping
between two pairs of qutrits using six additional particles.
This setup extends the concept of entanglement swapping to
higher-dimensional systems, highlighting the complexity and
potential of multi-dimensional quantum entanglement.

4. xxEntanglement Swapping with Single-Photon Sourcesxx: -
Demonstrates entanglement swapping using single-photon sources.
The experiment creates a three-dimensional Bell state, showing

the feasibility of using deterministic single-photon sources for
complex quantum communication tasks.

5. xxYeo-Chua Analyzerxx: - This analyzer is used for the
Yeo-Chua state, a quantum state used in certain teleportation
protocols. The Yeo-Chua analyzer aids in the accurate measurement
and verification of the state, ensuring the reliability of quantum
teleportation and other related applications.

6. =*xMean King's Problem Analyzer (Three-Dimensional Case)*x:
- Similar to the previous setup, this experiment addresses the
Mean King’'s Problem in three dimensions. The analyzer helps
distinguish the remaining VAA states, providing insights into
higher-dimensional quantum communication scenarios.

7. xxHeralded CNOT Gate (3,3)*x: - This experiment showcases
a heralded CNOT gate with three control qubits and three target
qubits. The gate is achieved using single-photon sources and
optimized for reduced input space.

8. =xxPost-Selected Toffoli Gate (3,3)*x: - A post-selected
Toffoli gate with three control and three target qubits.
Post-selection ensures the successful implementation of the gate
by discarding unsuccessful trials, leading to a higher fidelity
operation.
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-

END OF LIST OF EXPLORED EXPERIMENTS

Respond exactly with the following format:

Thought: (the reasoning behind the idea)

Final idea: (the actual idea if you are happy with it)

Do not add any other text. Do not output multiple Thoughts and
Final ideas.

J

Box C.5: Example of an idea generation prompt with random idea examples for prompt selection.

-

You are a visionary researcher in quantum optics. You lead a

team of scientists and want to provide ideas for them. Your team
consists of theoretical quantum optics researchers who are amazing
in taking your ideas and creating wonderful stand-alone proposals
for experiments. The stand-alone proposals created by your team
members are often published in top-journals such as Phys.Rev.Lett.
(PRL). That requires that the idea is scientifically novel and
concrete proposals from your ideas should be interesting for
individual experts in the field or the field of quantum physics
researchers as a whole.

Your team is especially exceptionally good in executing your ideas
to fully detailed experimental proposals if your ideas are targeted
for the following domain:

Concrete quantum networks systems (e.g., generalizations of
entanglement swapping, quantum teleportation, etc) and foundational
quantum optics experiments. Your ideas should be implementable
with probabilistic photon-pair sources (such as SPDC), or
probabilistic and deterministic single-photon sources, and standard
linear optics elements. Your team cannot design experiments that
require dynamic feedback control. If your idea is in that realm,
your team will figure out a great way to develop a full proposal.

Be constructively critical of your own idea and check if it is
novel. Refine it and aim for producing a truly novel idea.

Respond exactly with the following format:
Thought: (the reasoning behind the idea)
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Final idea: (the actual idea if you are happy with it)
Do not add any other text. Do not output multiple Thoughts and
Final ideas.

Box C.6: Idea generation prompt with self-refinement for prompt selection.
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D Idea Ranker Prompt for Dataset
Creation and Evaluation

You are an expert quantum physicist judging the research idea in
quantum optics based on the criteria given below:

1.Scientific novelty

2.Feasibility with Pytheus - a discovery tool for quantum optics
experiments. Pytheus capabilities include designing concrete
quantum networks systems (e.g., generalizations of entanglement
swapping, quantum teleportation, etc.) and foundational quantum
optics experiments. The ideas should be implementable with
probabilistic photon-pair sources (such as SPDCs), probabilistic
and deterministic single-photon sources, and standard linear optics
elements. Pytheus cannot design experiments that require dynamic
feedback control.

3.Scientifically interesting

Here is the research idea:

BEGINNING OF RESEARCH IDEA

IDEA

END OF RESEARCH IDEA

Please respond with a single number between 1 and 3 indicating the

overall score of the research idea based on the criteria above,
where 1 means "poor", 2 means "moderate" and 3 means "good". Do
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not include any additional text or explanation, just provide the
number.

Box D.1: Ranking prompt for idea dataset generation.
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E Example Idea

Hybrid High-Dimensional Entanglement Swapping between Polarization
and Orbital Angular Momentum for Quantum Networks

Overview:

We propose an experiment that performs entanglement swapping on
photon pairs that are simultaneously entangled in both polarization
and orbital angular momentum (0AM). Two independent SPDC sources
generate Bell states of the form

1
|®F)1p = §(|H, +1)1|H, —1)o+|H, —1)1|H, +1)o+|V, +1)1|V, = 1)o+|V, = 1)1 |V, +1)).

Photons 2 and 3 are directed to a 4 x 4 linear interferometer that
implements a joint Bell-state measurement (BSM) on the combined
polarization-0AM space. This is achieved by inserting a g-plate on
each path to couple polarization and 0AM, followed by a log-polar
mode converter that maps OAM modes to distinct spatial modes. The
4x4 interferometer is built from a tritter (3x3) and an additional
beam-splitter network, allowing projection onto a subset of the 16
joint Bell states. Successful detection of a specific coincidence
pattern heralds the BSM, collapsing photons 1 and 4 into a hybrid
Bell state of the form

1
|DT) 14 ==*‘75(\f{,%-1)1!ff7—-1>4 + |V, =1)1]V, +1)4).

Key novelties:

1. Hybrid, high-dimensional entanglement: The swapped state is a
4-dimensional Bell state spanning polarization and OAM, which is
experimentally unprecedented.

2. Increased channel capacity for quantum networks: Each

photon carries two qubits, enabling high-dimensional quantum key
distribution or multiplexed quantum communication between network
nodes.
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3. Linear-optics BSM with higher success probability: The 4 x 4
interferometer implements a partial BSM that can reach a success
probability of 25%, while still being realizable with static

optics.
4. Verification via hybrid CHSH tests: By measuring joint
observables in the hybrid basis, for example o, X L., the

entanglement can be quantified through a CHSH inequality that
includes both degrees of freedom.

Experimental feasibility:

- Sources: Two type-II PPKTP crystals pumped by 532nm pulsed
lasers generate entangled pairs with bandwidth exceeding 10THz,
ensuring sufficient spectral overlap for the BSM.

- Optics: Q-plates (A = m) convert polarization and 0AM with high

efficiency; log-polar converters map / = +1 to distinct spatial
modes with fidelity above 90%.
- Interferometer: A tritter built from 3 X 3 beam splitters,

followed by a 2x2 beam-splitter network, realizes the 4x4 unitary.
Phase stability is achieved with common-path designs; no dynamic
feedback is needed.

- Detectors: Superconducting nanowire single-photon detectors
(SNSPDs) with 80% efficiency and < 50ps jitter resolve the time
bins and spatial modes.

- Post-selection: Coincidence logic selects the desired BSM
pattern; accidental coincidences are suppressed by temporal
filtering.

Impact:

This experiment would be the first demonstration of
high-dimensional hybrid entanglement swapping, opening a new
toolbox for quantum network nodes that can exploit multi-qubit
entanglement per photon. The resulting hybrid Bell state can be
directly integrated into quantum key distribution protocols or used
as a resource for high-dimensional quantum teleportation across
network nodes, thereby increasing channel capacity and resilience
to decoherence. The proposal is fully concrete, theoretically
grounded, and within the experimental capabilities of the team,
making it a strong candidate for a PRL submission.

Box E.1: Example of an idea generated by the SFT + DPO model.
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F Significance Calculation for Prompt
Selection

To test whether the best performing prompt in Fig. is statistically significantly
stronger than the second-best, we first calculate the log-scale of the Bradley-Terry
strengths using 5; = logp;. We then compute the difference d in 8 values for the top two
prompts a and b:

d=Ba— By =02 (F.1)

For a model parameter difference from a logistic pairwise-comparison, the standard error
is based on the covariance matrix of the model:

SE(d) = \/Var(8,) + Var(8) — 2 Cov(Ba, B5) = 0.065. (F.2)

The z-score can be computed as:

d  0.200298
SE(d) ~ 0.064710 ~

z =

3.10. (F.3)

Under the null hypothesis that both prompts are equally strong, this z-value is approxim-
ately standard normal. The corresponding one-sided probability for this performance gap
between the two prompts can therefore be computed with ®, the cumulative distribution
function of the standard normal distribution:

p=1-®(3.10) ~ 0.001. (F.4)
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G Significance Calculation for Al-Mandel
Integration

To test the significance of our Al-Mandel integration acceptance counts, we use the
Fisher’s exact test [88]. For each comparison, we construct a 2 x 2 table of models versus
outcomes:

accepted not accepted | row total
SFT+DPO a b a-+b (G.1)
Baseline c d c+d '
a+c b+d n

Conditioning on the row and column totals, the number of accepted ideas assigned to
the SFT + DPO model is a hypergeometric random variable:

X ~ Hypergeometric(N =n, K =a+c¢, m=a+b). (G.2)

Under the null hypothesis of equal acceptance probabilities, the probability of observing
a table with value X = x is

o (GIC) ((a—ll)——li)_)d—x)

Pr(X =z) = - . (G.3)
(a+b)
The probability of the observed table is therefore
(a+c) (b-l—d)
Pr(X =a) = ~2-b2 (G.4)
(a-}—b)

The two-sided Fisher exact test p-value is obtained by summing the probabilities of
all tables with the same margins whose probability is less than or equal to that of the
observed table:

p= > Pr(X = z). (G.5)

z: Pr(X=x)<Pr(X=a)
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