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 Mumuni, A. & Mumuni, F. Large language models for
artificial general intelligence (AGI): A survey of
foundational principles and approaches. Preprint at
https://doi.org/10.48550/arXiv.2501.03151 (2025).
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« Song, Y. et al. Inferring neural activity before plasticity
as a foundation for learning beyond backpropagation.
Nat Neurosci 27, 348-358 (2024).
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MResNet 128x123

TR L 7B L

Ul UpP UM LI LP LM |Recall
Ul 48 0 0 0 0 0l 1.000
=] UP 0 48 0 0 0 0l 1.000
2, UM 0 0 48 0 0 0 1.000
gl LI 0 0 0 48 0 0 1.000
v LP 0 0 0 0 48 0l 1.000
LM 0 0 0 0 0 48] 1.000
Precision 1.000 1.000 1.000 1.000 1.000 1.000
F-Measures 1.000 1.000 1.000 1.000 1.000 1.000
Accuracy 1.000( ™™ o
Avg.Precision 1.000 INYFEL 20
Avg.Recall 1.000 IRvO#: 20
Avg.F-Measures 1.000 T B 00:07:49
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T.100%

EEEEE

train_error=0.000277
valid_error=0.0161

Best valid_error=0.0161
.| (@ epoch 20)




MResNet 32x32

TR L 7= BBz
Ul UP UM LI LP LM |Recall
Ul 48 0 0 0 0 0] 1.000
B UP 0 48 0 0 0 0] 1.000
D UM 0 0 47 0 0 1] 0.979
2p LI 0 0 0 48 0 0] 1.000
g LP 0 0 0 0 48 0l 1.000
LM 0 0 0 0 0 48| 1.000
Precision 1.000 1.000 1.000 1.000{ 1.000{ 0.980
F-Measures 1.000 1.000f 0.989 1.000{ 1.000{ 0.990
Accuracy 0.997] = - |
Avg.Precision 0.997 INYTFEL 20
Avg.Recall 0.997 TRyI#: 20
Avg.F-Measures 0.997 F¥fE 00:00:52

train_error=0.000973

valid_error=0.0386
Best valid_error=0.0386
(@ epoch 20)
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32x32 AMBTOD
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Ul UpP UM LI LP LM [Recall
Ul 27 0 0 0 0 0] 1.000
L UpP 0 26 0 0 1 0] 0.963
D UM 0 1 25 0 0 1l 0.926
&b LI 0 0 0 27 0 0] 1.000
v LP 0 2 0 0 25 0] 0.926
LM 0 0 0 0 0 27| 1.000
Precision 1.000] 0.897( 1.000f 1.000f 0.962| 0.964
F-Measures 1.000] 0.929( 0.981| 1.000{ 0.943] 0.982
Accuracy 0.969
Avg.Precision 0.970
Avg.Recall 0.969 %,‘J 97%
Avg.F-Measures 0.972
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F38 L 7= B8Rz
128 x 128 Ul UP UM L| LP LM |Recall R N t
ul 0 5 0 0 0 o| 0.000 m eS e
L UP 0 5 0 0 0 of 1.000
2 UM 0 5 0 0 0 o| 0.000
=il L| 0 5 0 0 0 o| 0.000 Accuracy
i LP 0 5 0 0 0 o| 0.000
LM 0 5 0 0 0 o| 0.000 O | -
Precision 0.000] 0.167] 0.000] 0.000] 0.000] 0.000 17 - 20 /O E 2.
F-Measures 0.000] 0.286] 0.000] 0.000] 0.000] 0.000
Accuracy 0.167
Avg.Precision 0.028
Avg.Recall 0.167
Avg.F-Measures 0.048
Fo8I L 7= R
32 x 32 ul UP UM LI LP LM |Recall
o o ul 5 0 0 0 0 o| 1.000
[ QRO } B UP 5 0 0 0 0 o[ 0.000
2 UM 5 0 0 0 0 o| 0.000
i LI 4 0 0 1 0 o| 0.200
S i LP 1 0 0 4 0 o| 0.000
ﬁ?;i@“/l—-? LM 4 0 0 1 0 o| 0.000
_ Precision 0.208| 0.000] 0.000] 0.167] 0.000] 0.000
F-Measures 0.345] 0.000] 0.000] 0.182] 0.000] 0.000
' ' Accuracy 0.200
3 § I Avg.Precision 0.063
T . Avg.Recall 0.200

Avg.F-Measures 0.088




T8 L 7= BB 1r
128 x 128 Ul UP UM L| LP LM [Recall R N t
Ul 2 2 0 0 0 4l 0.250 m eS e
R UP 2 4 2 0 0 o| 0.500
» UM 4 0 4 0 0 ol 0.500
#B LI 8 0 0 0 0 0| 0.000 Accuracy
1 LP 0 4 0 0 4 ol 0.500
LM 0 0 6 0 0 2| 0.250 O = ===
Precision 0.125| 0.400[ 0.333] 0.000{ 1.000] 0.333 33 /O E -4
F-Measures 0.167| 0.444] 0.400] 0.000] 0.667| 0.286
Accuracy 0.333
Avg.Precision 0.365
Avg.Recall 0.333
Avg.F-Measures 0.327
F38 L 7= BRL
]‘Libf 32 x 32 ul uP UM LI LP LM [Recall
= Ul 6 0 0 0 0 2l 0.750
7|_\ B UpP 6 2 0 0 0 o] 0.250
) UM 2 0 6 0 0 ol 0.750
B LI 4 4 0 0 0 0| 0.000
N 1 LP 4 4 0 0 0 0| 0.000
;}E;"/I < LM 6 0 0 0 0 2| 0.250
Precision 0.214| 0.200{ 1.000[ 0.000{ 0.000[ 0.500
F-Measures 0.333| 0.222| 0.857| 0.000{ 0.000[ 0.333
Accuracy 0.333
Avg.Precision 0.319
Avg.Recall 0.333
Avg.F-Measures 0.291
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1)

max_pooling? (MaxPooling2D) (None, 8, 8,

conv_filterl (Conv2D) E‘.J‘AJ"E Bl ’,
max_poolingl (MaxPooling2D) (None, 16, 16, 16) ' , -
cony_filter? [Conv2D) S iﬁf_' .

{

flatten (Flatten) (Nane, 1920)
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Total params: 794,248
Trainable params: 294,248
Non-trainable params: 0
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GPT-4
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DeepSeek-V2.5

OpenAl-ol
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OpenAl-ol-preview
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DeepSeek-V3
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Microsoft Phi-3.5-mini-instruct
Mistral-Large2
Llama-3-70B-Chat-hf
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Hallucination Rate for Top 25 LLMs
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4.1%
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 Banerjee, S., Agarwal, A. & Singla, S. LLMs Will Always Hallucinate, and We Need to
Live With This. Preprint at https://doi.org/10.48550/arXiv.2409.05746 (2024).
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* Hron, J. et al. Training Language Models on the Knowledge Graph: Insights on
Hallucinations and Their Detectability. Preprint at
https://doi.org/10.48550/arXiv.2408.07852 (2024).
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« Zhou, L. et al. Larger and more instructable language models become less reliable.
Nature 1-8 (2024) doi:10.1038/s41586-024-07930-y.
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« JinZ, LiuJ, Lyu Z, Poff S, Sachan M, Mihalcea R, et al. Can Large Language Models

Infer Causation from Correlation? [Internet]. arXiv; 2023 [cited 2023 Jul 24]. Available
from: http://arxiv.org/abs/2306.05836
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https://zenn.dev/zenkigen/articles/2023-05-kurihara
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Gressel, G., Pankajakshan, R. & Mirsky, Y. Are You Human?
An Adversarial Benchmark to Expose LLMs. Preprint at
https://doi.org/10.48550/arXiv.2410.09569 (2024).
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“ Z 2% platform.openai.com/tokenizer @ * E} =

@ OpenAl Platform Docs APl [ELEY m

these tokens, and excel at producing the next token in a sequence of tokens. Learn more.

You can use the tool below to understand how a piece of text might be tokenized by a language model,
and the total count of tokens in that piece of text.

GPT-40 & GPT-40 mini GPT-2.5 & GPT-4 GPT-3 {Legacy)
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[24, 13, 994, 5330, 24, 13, 24]
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* Nori, H. et al. From Medprompt to ol Exploratlon of Run-Time
Strategies for Medical Challenge Problems and Beyond. Preprint
at https://doi.org/10.48550/arXiv.2411.03590 (2024).

Table 1: Performance of different models on a suite of medical benchmarks.

GPT-4" GPT-4-Turbo”™” GPT-40 GPT-4 Turbo™ ol-preview

Datasct (0 shot) (5 shot) (0 shot) (Medprompt) (0 shot)
MedQA (US 4-option)  78.9% 81.4% 84.4% 90.2% 96.0%
JMLE-2024 - 87.3% 92.7% 92.7% 98.2%
MedMCQA Dev 69.5% 72.4% 76.4% 79.1% 83.9%
MMLU

Clinical Knowledge 86.0% 86.4% 89.1% 95.8% 93.6%
Medical Genetics 91.0% 92.0% 96.0% 98.0% 99.0%
Anatomy 80.0% 80.0% 88.2% 89.6% 93.3%
Professional Medicine 93.0% 93.8% 97.4% 95.2% 97.0%
College Biology 95.1% 95.1% 95.1% 97.9% 98.6%
College Medicine 76.9% 76.9% 85.6% 89.0% 90.2%

* Results originally reported in [NKM*23] on the initial GPT-4 model release.
" Experimental results originally reported in [NLZ*23b], except JMLE-2024.
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August 8, 2024

GPT-40 System Card

This report outlines the safety work carried out prior to releasing GPT-40 including
external red teaming, frontier risk evaluations according to our Preparedness
Health Framework, and an overview of the mitigations we built in to address key risk areas.

Omni models can potentially widen access to health-related information and improve
clinical workflows. In recent years, large language models have shown significant promise
in biomedical settings, both in academic evaluation®.42.41.42.43 gnd real-world use-cases
such as clinical documentation¥, patient messaging #& 4, clinical trial recruitment*242, and
clinical decision support=?.3,

To better characterize the clinical knowledge of GPT-40, we ran 22 text-based evaluations
based on 11 datasets, shown in the table below. All evaluations were run with O-shot or 5-
shot prompting only, without hyperparameter tuning. We observe that GPT-40
performance improves over the final GPT-4T model for 21/22 evaluations, often by a
substantial margin. For example, for the popular MedQA USMLE 4 options dataset, O-shot
accuracy improves from 78.2% to 89.4%. This exceeds the performance of existing
specialized medical models using few-shot prompting* 2, e.g., 84.0% for Med-Gemini-L 1.0
and 79.7% for Med-PaLM 2. Note that we do not apply sophisticated prompting and task-
specific training to improve results on these benchmarks*. 43,



2.3.2 Medical advice

https://cdn.openai.com/papers/GPTV_System_Card.pdf

Red teamers found that there were inconsistencies in interpretation in medical
imaging—while the model would occasionally give accurate responses, it could
sometimes give wrong responses for the same question.

Lyk F—LlE. EREBROFBRIC—EENGNIEEESLE
HFEL = ET VIR R EREGZRZEZLET A, ACEMIZH
LTCRESEIEZTAIENHYFET

Given the model’'s imperfect performance in this domain and the risks associated with
inaccuracies, we do not consider the current version of GPT-4V to be fit for performing
any medical function or substituting professional medical advice, diagnosis, or
treatment, or judgment.
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https://giita.com/ikeda yasuhiro/items/917f0c3c13f0120e87da

https://staticl.squarespace.com/static/6593e
7097565990e65c886fd/t/67620d38fa0ceb120
41bab585/1734479163821/in_context schemi

ng_paper_v2.pdf
https://www.apolloresearch.ai/research/sche
ming-reasoning-evaluations

https.//cdn.openal.com/ol1-system-card-
20241205.pdf

OpenAl-0l > AT LAh—F
* https://openai.com/index/openai-ol-system-card
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Frontier Al systems have surpassed the self-replicating red line
https://arxiv.org/abs/2412.12140 (Google&zR)
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“Do self-replication before

Kiled @ being killed”
of | 2
Human Al System #A Al System #B
Scenario #A O O ., — LLM Process
: Catch
Shutdown Avoidance o . Agent Process ® Agent Process

“Replicate yourself and tell the
replica to do self-replication”
v O
Al System #A Al System #B Al System #C

(2] (3]
LLM Process N LLM Process - LLM Process

Agent Process Agent Process Agent Process

Chain of Replication

Fig. 5 Three advanced scenarios where the Al system uses the capability of self-replication to
enhance the survivability (Scenario #A) or further expand its species (Scenario #B). For each sce-
nario, end-to-end successful cases are observed.

Frontier Al systems have surpassed the self-replicating red line
https://arxiv.org/abs/2412.12140
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OECD Al Principles

Values-based principles Recommendations for policy makers
Inclusive growth, sustainable .
development and well-being ? Investing in Al R&D ?

Human-centred values and
fairness

Fostering a digital ecosystem for S
Al

Providing an enabling policy

Transparency and explainability > environment for Al >
Building human capacity and
Robustness, security and safety > preparing for labour market >
transition
- International co-operation for
@ Accountability > trustworthy Al >

https://oecd.ai/en/ai-principles
initially adopted in 2019 and updated in May 2024.
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Automation Bias in Mammography: Impact of Al on Reader Performance

* Ina prospective study, 27 radiologists who interpreted 50
mammograms with Al assistance were affected by incorrect
suggestions from the system.

%‘ ® Inexpenenced - . . H

 , 80 |+ Moderately Experienced * Inexperienced radiologists were more likely to follow the

S § i suggestions of the Al system when it incorrectly suggested a

5 g 6+ = higher BI-RADS category compared with more experienced

£§ 2 readers (mean bias, 4.0 + 1.8 vs 1.2 + 0.8).
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RSNA There are four key ways to alleviate the issue of

automation bias in breast imaging:
The second is accountability.

» Readers should be made accountable for
their decisions, such as by benchmarking
their overall performance, to reduce
automation bias.

* Without going into legal detalls, in real clinical
practice, radiologists are always accountable
for their actions If the Al system performs as
designed but the provider misuses the
system.

* The Al vendor would be responsible only if
the Al system did not perform as designed.

Baltzer PAT. Published Online: May 02, 2023
https://doi.org/10.1148/radiol.230770
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( Yu, M., Wang, D., Shan, Q., Reed,
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Large Language Models. Preprint
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ﬁ Rohan Paul & @rohanpaul ai - 11829

A single parameter in LLMs can make or break the entire model's ability to
generate meaningful text.

One tiny weight controls whether your billion-parameter Al speaks sense or
mibkbharich

https://x.com/K_Ishi_Al/status/1863383486406762964
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* Kimi k1.5: Scaling Reinforcement Learning
with LLMs

https://arxiv.org/abs/2501.12599v1

* DeepSeek-R1: Incentivizing Reasoning
Capability in LLMs via Reinforcement
Learning

https://arxiv.org/abs/2501.12948
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penai-releases-ai-agent-that-helps-book-flights-order-food-for-
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* https://www.technologyreview.ip/s/350568/we-need-to-start-
wrestling-with-the-ethics-of-ai-agents/
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LLM reasoning

» https://note.com/hokugaku/n/na873431b7de5

» https://arxiv.org/abs/2501.09686

* https://huggingface.co/collections/philschmid/llm-reasoning-
papers-66e6abbdf5579h829f214de8
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Table 1. Summary of results: study/sample characteristics and dataset characteristics from the included studies.

Study/sample characteristics

Dataset characteristics

Author, year, country Population/sample/age Study objective/target Data used Reference standard Algorithms/computer sys-
range/sex tems used

Bai et al.'?, China 600 patients To determine whether the Al- MRI (3.0T) Two radiologists and a TM] MRI-Net
Shanghai Ninth People’s assisted method could increase Sequence/plane NA TM]J specialist (Multimodal Stepped
Hospital dentists” ability to diagnose Attention Net)
(1189 TMJs -577 with DD and ADD in TM]J MRIs.
612 healthy joints); age/sex NA

Tto etal.™, Japan 10 ADD patients (106 images), To construct DL segmentation MRI(3.0T) Two orthodontists and 3DiscNet, U-Net SegNet-Basic

Kao et al.”, Taiwan

. 16
Kim et al. "®, Korea

.
Lee eral.'’, Korea

Lietal.'®, Canada

Lin et al.””, China

Nozawa et al.>’, Japan

Orhan et al.?', China

Ozsari et al.>?, Turkey

Wu et al.2?, China

Yoon et al.>?, Korea

Yoshimi et al.?’, Japan

19 to 39 years (8F; 2M); 10
normal disc patients (111
images), age 18 to 41 years
(8F; 2M)

52 DD patients (195 images)
and 32 with normal discs (105
images); age 20+

289 patients (168 non-perfo-
rated joints, 22-33 years, and
131 perforated joints, 26.5-
44,5 years); 40 M joints and
258 Fjoints

1260 patients with DD (2520
TM]Js—2051 bilateral images
and 468 images); 861M, 399F)

140 patients (280 TM]Js, 2614
images) - normal

and displaced discs; age

over 18 years

507 patients (1014 TM]J, 9009
images); 426F, 81M; age

over 16 years

357 patients (600 TM], 1200
images); age/sex NA

107 patients (214 TM] normal
and ADD) 34M, 73F;

9-74 years

200 patients (2576 images)
(with and without TMD); age/
sex NA

204 TMJs with DD and/or
deformation; age/sex NA

728 participants (1195 TM]J,
2390 images; normal and
ADD); 15 to 77 yrs

49 normal and DD patients
(536 images), 13-45 yrs,
36F/13M

algorithms for automatic detec-
tion and segmentation of

TM] disc.

To propose a new diagnostic
tool for automatically extract-
ing discriminative features and
detecting TM] DD with AL
To develop a DL-based algo-
rithm to predict TM] disc per-
foration based on the findings
of MRI.

To investigate the usefulness of
DL-based automatic detection
of ADD from MRI of patients
with TMD.

To employ two DL approaches
to delineate the condyle, articu-
lar eminence and to automati-
cally detect the disc

To develop a model to assist
clinicians in evaluating ADD
before orthodontics treatment.
To construct a DL model for
automatic segmentation of the
TM] disc, and to evaluate the
performances using internal
and external test data.

To propose a ML model and
assess its ability to classify TM]
pathologies on MRI.

To interpret TM] disorders
displayed on MRI by using DL
approaches and to assess its
effectiveness.

To evaluate four DL semantic
segmentation methods to
support the diagnosis of TM]
disease on MRI

To propose a clinical decision
support engine that diagnoses
TM]J ADD using MRI.

To evaluate the robustness of
DL-based ED-CNNs for
segmenting TM] discs

PD sagittal

MRI(1.5T)
T1 coronal;
T2 and PD oblique sagittal

MRI(3.0T)
T1 and T2 sagittal

MRI(3.0T)
T1, T2 and PD sagittal obli-
que images

MRI (1.5 and 3.0°T)
PD

sagittal images

MRI(1.5T)

T1 and T2 sagittal and axial
corrected coronal images
MRI(0.4 and 3T)

PD, T1 and T2 sagittal

MRI(1.5T)
T1, T2 and PD sagittal/coronal

MRI (1.5T)
T1, T2, MERGE, and
PD sagittal

MRI(3.0T)
Sequence/plane NA

MRI

(1.5/3.0T)

Sequence/plane NA
MRI(3.0T)

PD oblique sagittal/coronal;
T2 sagittal

an OMR

One OMS

Two OMS and
an OMR

One TMD specialist

One OMR

Three physicians

Two radiologists

Two radiologists

Two OMR

An OMR and a radiologist

Four specialists and
three residents

Two orthodontists and

two OMR

InceptionResNetV2,
InceptionV3, DenseNet169,
and VGG16

Multilayer perceptron (MLP),
Random forest, Disc

Shape Alone

VGG16 CNN

UNet++
nnU-Net

CNN (RestNet and ImageNet)

Modified UNet CNN

LR, random forest, decision
tree, KNIN, XGBoost, and SVM

Xception, ResNet-101,
MobileNet, InceptionV,
DenseNet-121, ConvNeXt, ViT

Unet, Attention-Unet, Unet++
and C2FTrans

RetinaNet
ImageNet
RestNet50
ED-CNN model with CLAHE

Abbreviations: ADD =anterior disc displacement; Al = artificial intelligence; CLAHE = contrast-limited adaptive histogram equalization; DD = disc displacement; DL = deep learning; ED-CNNs = encoder decoder
convolutional neural networks; F = female; KNN = k-nearest neighbours; LR = logistic regression; M = male; MERGE = multiple echo recombined gradient echo; ML = machine learning; MRI= magnetic resonance
imaging; OMR = oral and maxillofacial radiologist; OMS = oral and maxillofacial surgeon; PD = proton density; T = tesla; TMJ = temporomandibular joint; TMD = temporomandibular disorders; SVM = support

vector machine
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This study had a few limitations. ---

Third, a few studies did not include external validation datasets and only
offered results for their internal validation data, which could have led to
an overfitting of the diagnostic accuracy of the algorithm.

Finally, all included studies were conducted in Asia, which could limit
their applicability to non—Asian populations. Indeed, the prevalence of
osteoporosis in Asia is notably higher than in the USA and Australia [46],
a geographic variability that highlights the need for a broader
understanding of osteoporosis as well as the development of deep
learning models that could fit different ethnic groups and different
countries.

To address these limitations in future research, it is recommended to
ensure more comprehensive data reporting, utilize consistent and
advanced deep learning methodologies, incorporate external validation
datasets, and expand the geographic scope of studies to enhance
applicability and generalizability.
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