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What is a foundational model?

—i A foundational model is a large, versatile Al model that serves as a base for a wide
B TERETIEZATTM?] ¢ " '
. . range of tasks across domains and applications. These models are trained on vast
amounts of diverse data, often with hundreds of billions of parameters, enabling

LI_M /C h OtG PT ' : j"s ('j- é é @J: them to learn general patternsi Ia.nguage struc‘tures‘.and representationshthat can

then be adapted to many specialized tasks. Foundational models are typically pre-

trained on extensive data and then fine-tuned for specific tasks or domains,

ChatGPTIZ rgﬂx;E —“)[/t‘i1ﬂ-._6_d._ P Jt%né making them efficient and adaptable.

Key features of foundational models include:
— i ﬁ é I . é T 1. General-purpose capabilities: They are trained to handle a wide array of
)l/ 'j: 9 < @ |'7 Ij -U- /r I\ b K —C JII UL —C L ) = language, vision, or multimodal tasks, making them versatile for downstream
i S - 3 =3z applications.
&)x EREETIANMITHINEFELTRY., TNnZER .

2. Transferability: Foundational models can be fine-tuned for various specialized

E — & 75“ \\% tasks, allowing developers to adapt a single model for different use cases

without building new models from scratch.

3. Scalability: These models can often improve performance simply by increasing

%_,_ LY g%’] E= Eﬂ Lj]l] 1)) nErEff\H] U A |~ j:b J: U{gl] % &t} 'ﬂ:z :T-_t data and computational resources, making them scalable to new levels of

sophistication.

i < . E ‘b d < O T" E % é (. & b\ z % é 4. Few-shot or zero-shot learning: Some foundational models can perform

certain tasks without task-specific training data, thanks to the general patterns

EFLOBEL. BE. AOYOT VR THEE RS

== Examples
-d— é J: j EQ E-I- é*l'-t ll \ é Popular examples of foundational models include:

N
® GPT models (like GPT-4) for languaye tasks

|Message ChatGPT
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& without building new models from scratch.

3. Scalability: These models can often improve performance simply by increasing

.= <LK
= JT;'F'X I~l‘74/ I~ I'b data and computational resources, making them scalable to new levels of

sophistication.

E Fl:ﬂ . r%h [imo) mm%a :Ej_:) l/ & E o) J:a ':;t ") *j- 4. Few-shot or zero-shot learning: Some foundational models can perform

certain tasks without task-specific training data, thanks to the general patterns

b\ ? J learned in pre-training.

Examples
LLM /C hatGPTIZ 3'3 H' é é EJJ . Popul:examples of foundational models include:

® GPT models (like GPT-4) for language tasks

° 77_|_I:| 7‘/7 @ﬁﬁ:ﬁ‘i uﬁua)ﬁﬁzﬁ,bm %%lﬂl@j—é e BERT and its variants for NLP tasks

— t 75\ -t % :E _\\) l/ ‘i IE,T:E O) E% EH:H O) IHJR% Egﬁg-d— é e DALL-E for text-to-image generation

Foundational models are shaping many current Al applications, especially in natural

[ ) r %*L [i1‘m 0) %m % E‘ :E _\\) l/ t 8 0) J: 5 (: Ef; L) i T language processing, computer vision, and multimodal Al (handling multiple types

W7 IEBMTdE FrybRybIXARICEDE £ ] oo et endimgeseseed

75\ Eﬂﬁ:E _\\) [,% *EI L'C LY é t% =5 n‘é‘kj" é JTav Sk How are they different from other machine learning

models?

o
I/XI \/x @  Foundational models differ from traditional machine learning models in several
ways, especially in terms of scale, versatility, and training approach. Here are some

key distinctions:

v

1. Scale and Training Data

O Message ChatGPT
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System instructions + @
User

What is reduced Langevin recombination in organic solar cells, and what are the
proposed mechanisms that cause it? Provide references to recent academic review
papers for further reading about the mechanisms. Then provide a few examples of active
layer materials that have reduced Langevin recombination and their associated reduction
factors as well as references to publications that report these values.

Assistant

Reduced Langevin recombination in organic solar cells refers to a phenomenon where
the recombination rate of charge carriers (electrons and holes) is lower than predicted by
the classical Langevin model. The Langevin model assumes that charge carrier
recombination in disordered organic semiconductors is primarily dictated by diffusion.
However, experimental observations often report recombination rates significantly lower
than the Langevin prediction, which is beneficial for improving the efficiency of organic
solar cells.

### Proposed Mechanisms for Reduced Langevin Recombination:

1. **Phase Separation and Nanomorphology:**

- In organic solar cells, the morphology of the active layer can lead to spatial separation
of electrons and holes into different material phases. When phase separation is
optimized, it can reduce the probability of electrons and holes meeting and recombining.

2. **Carrier Mobility Imbalance:**
- A significant difference in mobility betwee v =ctrons and holes can result in the more

... ~e of recombination.

mobile carriers quickly being extra 0)11.006as 180t 4658t
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System instructions ¢ Generate A

Answer chemistry and materials science questions for a PhD-level scientist, providing detailed
explanations supported by at least 3 references to relevant research papers.

Make sure your response is logically structured, with clear reasoning leading to conclusions. For
each reference, include the key points from the paper that relate to the question being asked.
Extract critical information from the paper, such as experimental findings, methodologies, or
theoretical discussions, and explain how it supports your answer.

# Steps

1. **Understand the Question:** Carefully read and understand the question. Identify the main
components, such as the specific chemical concept, material property, or experimental process
involved.

2.**Background Explanation:** Provide a brief background or explanation of the primary
concept before diving into the specific question. This helps in making the answer more
comprehensive and easy to understand.

3. **Detailed Answer:** Expand upon the given subject with the relevant information gathered
from your knowledge base. Address all relevant aspects, considering different possibilities or
perspectives if applicable.

4. **Reasoning Steps:** Ensure that your reasoning is logically explained before finalizing an
answer. Step-by-step reasoning is crucial to arrive at accurate conclusions.

5. **Provide References:** Cite at least three papers or sources where the user can verify the
information. For each reference, include a brief discussion of key findings or theoretical points
and explain how these relate to the answer given. Prioritize foundational or highly-cited research

naners that are directlv relevant tn the niieatinn

User

What is reduced Langevin recombination in organic solar cells, and what are the
proposed mechanisms that cause it? Provide references to recent academic review
papers for further reading about the mechan ™ s. Then provide a few examples of active

Lns o mnataviala $hat havin cadiiand Lancman cananchinaticnn andthaicanaaaintad codoadine
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