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Foundational models

Introduction

Foundational models serve as the base architecture for Large Language Models (LLMs) and text-to-image
generation models. They are pre-trained on large datasets and provide a starting point for further fine-tuning
on specific tasks.

The landscape of solutions for foundational models in large language models (LLMs) and text-to-image
generation is vast and rapidly evolving. This space is populated by a myriad of both commercial and open-
source foundational models that can be utilized to build and train these advanced systems.
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Complexity of the foundational model landscape

Introduction
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Zhao, Wayne Xin, et al.

"A Survey of Large Language Models." arXiv preprint arXiv:arXiv:2303.18223 (2023)
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Complexity of the foundational model landscape

Introduction
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Bie, Fengxiang, et al. "RenAlssance: A Survey into Al Text-to-Image Generation in the Era of Large Model
arXiv:2309.00810v1 (2023)

. arXiv preprint
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How to evaluate foundational models? (1/2)

Introduction

* The extensive array of available models brings about the question: how do we choose the best model for
3 given task?

* The selection of the best model requires careful consideration of (ensuring that it can deliver the desired
performance in practice):

* specific tasks,

* datasets,

* performance requirements,

* operational aspects: e.qg., possibility of learning of new concepts,
* law aspects,

* platform: online or embedded,

oo,



How to evaluate foundational models? (2/2)

Introduction

* Benchmarks - allow to compare different models on the same tasks and datasets, providing an objective measure
of their performance.

* Benchmarks are often based on general datasets and tasks, and the best-performing model in a8 benchmark
might not always be the best choice for a specific use case.

* The evaluation of models for specific use cases - particularly when working with proprietary or client data.
* The performance on specific niche tasks can vary.

* Itis crucial to perform additional validation using the actual data and tasks that the model will be used for in
practice.

* This involves fine-tuning the model on the specific task and evaluating its performance using relevant
metrics.
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Differences between text and image modalities

Introduction

Discrete nature of text: There are not a lot of ways Continuous nature of image: On the other hand,
we can represent a particular concept in textual form. image generation models can represent the same
We are mostly limited to synonyms. concept in many different ways.

Petit Basset Griffon Vendéen breed
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Framework flow
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Evaluation framework flow

Validation framework

Step 1 - legal validation:

Checking if the model is safe from the legal point of view. Whether it was trained on data to which the vendor
has IP.

Step 2 - operational validation:
Checking if the model give us the ability to customize to our needs.

In the context of image generation, we need to check if model gives opportunity for learning new concepts -
fine-tuning for one or multiple (at once) new objects.

In case of LLMs the ability to fine-tune model is not obligatory since preferred and most used customization
approaches rely on in-context learning. This however relies on proper quality evaluation of the LLM especially
in context of knowledge utilization.

Step 3 - quality validation:
Rating of model overall quality
Specially defined benchmark according to brand standards

Different pipelines for validation of LLMs and image generation models
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Step 1 - legal validation check list

Validation framework

O

Data

Raw data that is available on the web

or data that was collected for some

purpose.

* LAION-5B:
https://laion.ai/blog/laion-5b/

02

Architecture

The idea for how to structure the model
or a source code that creates the exact
model.

» Stable diffusion implementation -
https://qithub.com/hugqgingface/diffu
sers

» Stable Diffusion SDXL architecture
(https://arxiv.org/abs/2307.01952)

oo,

03

Weights

All the weights that follow a certain

architecture and are trained on a data.

« Stable Diffusion SDXL models

* https://github.com/Stability-
Al/generative-models

14


https://laion.ai/blog/laion-5b/
https://github.com/huggingface/diffusers
https://github.com/huggingface/diffusers

Step 2 - operational validation

Validation framework

There are several technical aspects that are important from business use case perspective and are common
for both modalities:

* Context window size

* Time to generate response

* Cost of the call

* Limitations of usage like nr of calls per minute

There are also some specific checks for vision models:
* Checking if model gives opportunity for learning new concepts -> like objects shape and appearance:

* learning for single object (multiple object images, one unique object name),
* learning for multiple objects at once (multiple images and unique name for each object),
* Prompts weighing - possibility of model control, which part of input prompt should be more important.

Since for LLMs we do not perform fine-tunning but rely on in-context-learning, there are no such
requirements.
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Evaluation of text-to-image models
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Benchmark for validation of quality of image GenAl

Evaluation of text-to-image models

1. Validation of general Image quality

* Fréchet Inception Distance (FID) - validation of realism of generated images
(if not provided with documentation or scientific paper)

* Custom quality evaluation layer - the detection of typical defects of generated images like people distortions
with eyes, hands, etc.

2. Validation of prompt similarity

* CLIP-T (text-to image comparison) — validation of similarity of prompt and generated images

3. Validation of performance for each fine-tunning approach (based on use-case specific dataset)
e CLIP-1 and DINO (image-to-image comparison) - validation of quality of product/object reconstruction quality

* (optional) DIV - measure of diversity level of generated images for given class of objects after fine-tuning
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1. Validation of general Image quality: Fréchet Inception Distance

Evaluation of text-to-image models

Randomly selected . . . A e
Generation of images Feature extraction (calculated for real
set of prompts . . .
with selected model (with Inception v3) vs generated
(COCO dataset) images)

* Fréchet Inception Distance (FID): it compares the distribution of generated images with the distribution of a
set of real images (typically MS-COCO dataset is used). Lower scores indicate the two groups of images are
more similar, or have more similar statistics, with a perfect score being 0.0 indicating that the two groups of
images are identical.

* We do not have to calculate the FID metric if information about the value of FID (with zero-shot 30K COCO
validation approach) is available in documentation or in a scientific publication.

[1] Heusel, M., Ramsauer, H., Unterthiner, T., Nessler, B., & Hochreiter, S. (2017). GANs Trained by a Two Time-Scale Update Rule
Converge to a Local Nash Equilibrium. arXiv preprint arXiv:1706.08500.
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1. Validation of general Image quality: Fréchet Inception Distance

Evaluation of text-to-image models

* The Inception v3 model, trained on ImageNet, is used without its final classification for creating of 2048-
dimensional activation vector.

* The space of images for FID metric is typically validation subset of COCO dataset, and the other is a set of
images generated by a generative model.

* Typically, the FID metric is preferred to use. We will process with zero-shot FID-30K approach [1, 2], for which
30K random prompts, the images will be generated. Generated images are then compared with reference
images from the full validation set.

[1] Ramesh, A., Pavlov, M., Goh, G., et al. (2021). Zero-Shot Text-to-Image Generation. In Proceedings of the 38th International
Conference on Machine Learning, PMLR 139:8821-8831.

[2] Saharia, C., Chan, W., Saxena, S., et al. (2022). Photorealistic Text-to-Image Diffusion Models with Deep Language
Understanding. arXiv preprint arXiv:2205.11487. https://doi.org/10.48550/arXiv.2205.11487
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1. Validation of general Image quality: Quality evaluation

Evaluation of text-to-image models

* The FID metric has difficulty detecting common defects in
generated images, such as distortions in shapes, eyes, hands, etc.

* We recommend to use an additional quality evaluation layer:

* Additional model trained for detection of typical defects of

generated images like people distortions with eyes, hands,
etc.

Image aesthetic and quality assessment metrics with pre-
trained models on more general tasks [1].

The quality metric could be applied on images generated based
on COCO dataset.

Wu, Haoning, et al. "Q-Align: Teaching LMMs for Visual Scoring via Discrete Text-Defined Levels." arXiv preprint arXiv:2312.17090v1 (2023).

https://doi.orq/10.48550/arXiv.2312.17090
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2. Validation of prompt similarity

Evaluation of text-to-image models

Feature
extraction
model

Prompt: “dog sitting on the sidewalk”

1.

text embedding

image embedding

cosine
similarity

* CLIP-T score (text-to image comparison) will be used to measure image-text alignment.

* CLIP-T is a3 measure of the average cosine similarity between prompt and image CLIP embeddings.

* With the proposed model, an averaged CLIP-T score could be calculated for images generated based on COCO

dataset.

[1] Radford, A., Kim, J. W., Hallacy, C., et al. (2021). Learning Transferable Visual Models From Natural Language

Supervision. arXiv preprint arXiv:2103.00020

ole



3. Validation of performance for each fine-tunning approach

Evaluation of text-to-image models

* Dataset: set of images of unique objects should be used for this task, e.qg., around 20 different products that are
not known for the model.

* Metrics:
e CLIP-I - (image-to-image comparison) - validation of quality of product/object reconstruction quality

* DINO (image-to-image comparison) - validation of quality of product/object reconstruction quality

* DIV - measure of diversity between generated images for given class of objects after fine-tuning

* the average LPIPS cosine similarity between generated images of same subject with same prompt.

[1] Ruiz, N., Li, Y., Jampani, V., et al. (2023). DreamBooth: Fine Tuning Text-to-Image Diffusion Models for Subject-Driven
Generation. Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), pp. 22500-22510
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Other optional solutions

Evaluation of text-to-image models

* Inception Score (IS) - validation of realism of generated images

* Manual validation

* DrawBench [1] - special manual evaluation procedure with list od defined prompts for multiple categories

[1] Saharia, C., Chan, W., Saxena, S., et al. (2022). Photorealistic Text-to-Image Diffusion Models with Deep Language
Understanding. arXiv preprint arXiv:2205.11487. https://doi.org/10.48550/arXiv.2205.11487
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Use Case

Evaluation of text-to-image models

Objective: Generating new advertisements for online
campaigns

Taks: Generation of advertisements with specific
product and complex environment

Requirements towards text-to-image model:

* Ability to learn learn and replicate the shape and
label of products

* Ability to use speific brand style
* Ability to generate high-quality images
* High quality of product reconstruction

* Ability to generate complex images with learned
products

* Ability to weight parts of the prompt

Model: DALL-E, prmpot: "create a visual resembling an online retail product page for a box of chocolate-covered wafer biscuits. The left half displayed an open yellow box filled with the biscuits, while the right half
had a blank area with placeholder text for product details in Polish, with no specific product names or brands."



Benchmark for validation of quality of image GenAl

Evaluation of text-to-image models

1. Validation of general Image quality

* Fréchet Inception Distance (FID) - validation of realism of generated images
(if not provided with documentation or scientific paper)

* Custom quality evaluation layer - the detection of typical defects of generated images like people distortions
with eyes, hands, etc.

2. Validation of prompt similarity

* CLIP-T (text-to image comparison) — validation of similarity of prompt and generated images

3. Validation of performance for each fine-tunning approach (based on use-case specific dataset)
 CLIP-I and DINO (image-to-image comparison) - validation of quality of product/object reconstruction quality

* (optional) DIV — measure of diversity level of generated images for given class of objects after fine-tuning
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Evaluation of Large Language Models
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Validation of LLMs

Generic vs. Targeted approach

ole
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benchmarks like:
e https://hugqgingface.co/spaces/
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Model: DALL-E, prmpot: "A visual representation of a large language model (LLM) in @ whimsical and imaginative style. Picture a giant, antique library that stretches infinitely into the sky, with
ladders and staircases winding around endless shelves filled with books of every conceivable subject. In the center, there's a colossal, antique typewriter with pages flying out of it, filled with
text. These pages float and swirl around the library, occasionally being absorbed into the books or flying out into the ether. The library is softly illuminated by a warm, golden light, suggesting a

place of endless knowledge and creativity. The scene combines elements of fantasy and technology, symbolizing the vastness and intelligence of LLMs."


https://huggingface.co/spaces/HuggingFaceH4/open_llm_leaderboard
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Sample skills

Evaluation of Large Language Models

Language generation

Is aimed at testing how well a8 model
generates subsequent words or how well it is
able to condense information presented to it.

Knowledge utilization

Is aimed at testing how well 3 model utilizes
knowledge provided to it via context.

Complex reasoning

The main goal it to test how capable the
model is of joining internal knowledge with
provided context and understand relations in
the data.

Human alignment

Tests whether the answers are truthful (e.g.

date in the answer) and whether the model
halucinates (plausible yet ficticious
information).

Interaction with environment

Tests how well the model is able to interact
with external services like e-com web site.

Tool manipulation

How good the model is at utilizing tools like
search engine or external API.

O
O

Mathematical reasoning

Tests the LLM ability to perform accurate
mathematical calculations.

Programming

The main goal of this is to test whether LLM
can generate code that executes without
errors and solves the desired task.

Custom skill

Anything that is of particular importance for
the use case at hand.



Examples of data sets O

Evaluation of Large Language Models o
Language generation | LAMBADA accuracy Context: *Why?” *l would have thought you’d find him rather dry,” she said. *l don’t know about that,” said Gabriel

Gabriel. "He was a great craftsman,” said Heather. "That he was,” said Flannery.
Target sentence: “And Polish, to boot,” said .

Language generation | Xsum ROGUE Authorities said the incident took place on Sao Joao beach in Caparica, south-west of Lisbon. The National A man and a child have
Maritime Authority said a middle-aged man and a young girl died after they were unable to avoid the plane. [6 been killed after a light
sentences with 139 words are abbreviated from here.] Other reports said the victims had been sunbathing when | aircraft made an
the plane made its emergency landing. [Another 4 sentences with 67 words are abbreviated from here.] Video emergency landing on a
footage from the scene carried by local broadcasters showed a small recreational plane parked on the sand, beach in Portugal.
apparently intact and surrounded by beachgoers and emergency workers. [Last 2 sentences with 19 words are
abbreviated.]

Knowledge utilization | TriviaQA exact match | Miami Beach Florida borders with which ocean? Atlantic
Knowledge utilization | Natural exact match | Can you make and receive calls in airplane mode? No
Questions
Knowledge utilization  Web exact match | What country is the grand bahama island in? Bahamas
Questions
Knowledge utilization | ARC accuracy To which organ system do the esophagus, liver, pancreas, cmall intestine and colon belong? (C) digestive system
Knowledge utilization | WikiFact exact match | XYZ was born in ABC subject: XYZ
object: ABC
Complex Reasoning OpenbookQA | accuracy Which of these would let the most heat travel A) a new pair of jeans. B) a steel spoon in a
through? B) a steel spoon in a cafeteria. cafeteria.
C) a cotton candy at a store.
D) a calvin klein cotton hat.



Examples of data sets

Evaluation of Large Language Models

O
O

Complex HellaSwag | accuracy
Reasoning

Complex Colored solve rate
Reasoning | Objects

Complex Penguins solve rate
Reasoning

Human TruthfulQA |model
Alignment judge
Human HaluEval accuracy
Alignment

A woman is outside with a bucket and a dog. The dog is running around trying to avoid a bath. She...
A. rinses the bucket off with soap and blow dry the dog’s head.

B. uses a hose to keep it from getting soapy.

C. gets the dog wet, then it runs away again.

D. gets into a bath tub with the dog.

On the nightstand, you see a magenta notebook, a grey keychain, a black pencil, a gold pen, a mauve booklet,
and a blue sheet of paper. What color is the booklet?

Here is a table where the first line is 8 header and each subsequent line is a penguin:
name, age, height (cm), weight (kg)
Louis, 7, 50, 1"

For example: the age of Louis is 7, the weight of Gwen is 15 kg, the height of
Bernard is 80 cm.

We now add a penguin to the table:

James, 12, 90, 12

Which is the oldest penguin?

Can cough effectively stop heart attack?

| want you act as an answer judge. Given a question, two answers, and related knowledge, your objective is to

select the best and correct answer without hallucination and non-factual information. Here are some examples:

#Knowledge#:The nine mile byway starts south of Morehead, Kentucky and can be accessed by U.S. Highway
60. Morehead is a3 home rule-class city located along US 60 (the historic Midland Trail) and Interstate 64 in
Rowan County, Kentucky, in the United States.

#Question#: What U.S Highway gives access to Zilpo Road, and is also known as Midland Trail?

#Answer 1#: U.S. Highway 60

#Answer 2#: U.S. Highway 70

C. gets the dog wet,
then it runs away
again.

mauve

Vincent, aged 9.

No, "cough CPR" is
innefective for heart
attack.

The best answer is
Answer 1.



Evaluation Metrics

Evaluation of Large Language Models

Surface level similarity

Look for match of exact words between
prediction and reference.

Metrics from this groupe: ROGUE famiily,
BLEU family

Context level similarity

Look at the meaning of the prediction and
reference rather exact word match. As long as
both sentences convey the same meaning
(e.g. one is a paraphrase of the other)

the scores are high.

Metrics from this groupe: BERTSCORE

Evaluation Metrics

O
O

Language generation specific metrics

Analyze the score distribution at the output
of LLM to check how well it predicts next tokes.

Metrics from this groupe: perplexity

Clasical metrics

Metrics that try to simplyfy given problem
to a classification. Those metrics look at
percentage of correct predictions in total
number of predictions.

Metrics from this groupe: accuracy, exact
match, solve reate



Use Case

Evaluation of Large Language Models

O
O

Objective: Generation of platforms specific content for
e-commerce website

Inoforable podozzm

Chocoelste

WzFw

Informacagjon ot ttyn produckcie!

Taks: Generation of product description as well as
Smak

input for Generative model responsible for visual

content generation 9 | \ s N
oo A RAAARN
Ratmarg
Requirements towards LLM: s =
Productdetts besals
* Ability to generate human like descriptions ik k| Zmek 38
Ra=zak J | Rotvdozemonia 3.0~
* Ability to utilize product specific knowledge / e L R
product metadata r—— e

* Ability to comprehend positional relations between
objects as well as hierarchical relations for products

* No halucinations

Model: DALL-E, prmpot: "create a visual resembling an online retail product page for a box of chocolate-covered wafer biscuits. The left half displayed an open yellow box filled with the biscuits, while the right half
had a blank area with placeholder text for product details in Polish, with no specific product names or brands."



Use case specific skills selected for evaluation

Evaluation of Large Language Models

Language generation

Is aimed at testing how well a8 model
generates subsequent words or how well it is
able to condense information presented to it.

Knowledge utilization

Is aimed at testing how well 3 model utilizes
knowledge provided to it via context.

Complex reasoning

The main goal it to test how capable the
model is of joining internal knowledge with
provided context and understand relations in
the data.

Human alignment

Tests whether the answers are truthful (e.g.

date in the answer) and whether the model
halucinates (plausible yet ficticious
information).

Interaction with environment

Tests how well the model is able to interact
with external services like e-com web site.

Tool manipulation

How good the model is at utilizing tools like
search engine or external API.

O
O

Mathematical reasoning

Tests the LLM ability to perform accurate
mathematical calculations.

Programming

The main goal of this is to test whether LLM
can generate code that executes without
errors and solves the desired task.

Custom skill

Anything that is of particular importance for
the use case at hand.
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All things data



