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"technological singularity™



Import Al 455: Al systems are about to start
building themselves.

The first step towards recursive self improvement

JACK CLARK
n MAY 04, 2026

...... I reluctantly come to the view that there’s a likely chance
(60%+) that no-human-involved AI R&D - an Al system
powerful enough that it could plausibly autonomously build
its own successor - happens by the end of 2028.

If that happens, we will cross a Rubicon into a
nearly-impossible-to-forecast future.

https://importai.substack.com/p/import-ai-455-automating-ai-research
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Al BEEFRIEIEDS ? ¥ decoding + workflow % reasoning BYHE 7% R B2
https://youtu.be/m3i2mk5hs8U7?si=G-a9b gCEnpaEfiF
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Source of image: https://arxiv.org/abs/2602.23876
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%‘:}m}g Greedy-based e.g. Eureka Evolution-based e.g. Revolve Tree Search-based (Ours RF-Agent)
https://arxiv.org/pdf/2310.12931 https://arxiv.org/pdf/2406.01309 https://arxiv.org/abs/2602.23876



Qterch. jit acript
def compute_ravard(cbject_pos: torch.Tensor, goal_pes: torch.Tensor,

CatchAbreast (422, 52)

This class corresponds to the Catch Abreast task. This environment consists of two shadow
hands placed side by side in the same direction and an object that needs to be passed. Compared
with the previous environment which is more like passing objects between the hands of two
people, this environment is designed to simulate the two hands of the same person passing
objects, so different catch techniques are also required and require more hand translation and
rotation techniques

1[dist] < 0.03

Source of image:
https://arxiv.org/abs/2602.23876

lefr_hand_pos: torch.Tensor, right hand_pos: torch.Taesmsor) -> Tupl.[torch.
Tensor , Dict[str, terch.Tensor)):

distance_to_goal = torch.norm(object_pes - goal_pos, dimsi)
distance_to_lefr_hand =« torch.norm(lefr_Rand_peos - object_pea, dimsi)
distance_to_right _hand = torch.norm(right _hand_pos - object_pes, dimsi)

fo 1

fadded Lolerancs

(distance_to_gonl / 0.5), min«0, maxsl)

= Xevard the v

dittnncc_zaua}d « torch.clamp(1.0 -
2 Succuss benus for accurate object passing With tighter threshola
success _bonus = torch.vhere(distance_to_goal < 0.03, terch.tensor(1.0, device
“object_peos.davice), torch.tensor (0.0, daevicesobject_peos.davice))
2 Hand balance revard ifpcantiviaing evensr disrribution of effore betvesun ban
hand_balance_raevard = .0.5 = torch.aba(distance_teoe_lefr_hand -
distance _to_right _ hand) » terch.clasp(1.0 - (distance_to_left_hand +
distasnce_te_right _hand) / 1.5, mined, maxsil)
# Froxisity revard to encourage both handas Tto He near thae object
combined _hand _distance = distance_to_left _hand + distance_to_right _hand
proximity raeward = torch.clamp(1.0 - (combined_hand_distance / 0.75), minsd,

2axs=1)

# Sacothnass bonus ta prosote Tfluid hasd sovements

hand _distance_betweesn_handas = torch.norm(left_hand_pos - right_hand_pos, dis
1)

smooth_movement _bonus « torch. clamp(1.0 - (hand_distance_betweaen_hands / 0.1)
« 2ins0, saxs=i)

K iOTal fsVarge Cailculmktion

total _raevard = (distance_revard + success_boenus + hand _balance_revard +
proximity_revard + smooth_meovement _bomes) / 2.0

® Revard cecmponenta d

revard_ceaponesnts « {
*distance_revard”: distance_revard,
*seccess _bosus™: success_bonus
"hand _balance_revard”: hand_bdalance_revard,
"proximivy _revard": proximity_rewvard,

» szooth_movenmaent_bonus

"smooth_movaemant _bonus

}

return total_revard, revard_compoments
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* TENT (image)
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* SUTA (speech) htips:/arxiv.org/abs/2203.1422

* The Unreasonable Effectiveness of Entropy Minimization in LLM
Reasoni ng (text) https://arxiv.org/abs/2505.15134
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https://arxiv.org/abs/2505.20633
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How Far Can Unsupervised RLVR Scale LLM Training?

.51 Loss

https://arxiv.org/pdf/2603.08660

| —— Trained with Majority Voting Reward

AIME 2024 Accuracy (avg@32)

AIME 2025 Accuracy (avg@32)

—— Trained with Ground Truth Reward

AMC 2023 Accuracy (avg@32)
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How Far Can Unsupervised RLVR Scale LLM Training?

.51 Loss

https://arxiv.org/pdf/2603.08660

—— Majority Voting

- Self-Certainty

—— Token-Level Entropy

—— Trajectory-Level Entropy

—— Probability

AIME 2024 (avg@32)
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Fine-tune ')

[ERAATERERRDTER2025] 5 838 | BAKRENRESEE (Fine-tuning,
Model Editing, Model Merging, Test-Time Training)

https://www.youtube.com/watch?v=EnWz5XuOnIQ&t=5764s



Math Warning

Rethinking Entropy Minimization in Test-Time Adaptation for ‘ ,
Autoregressive Models (L {8 arXiv #1) Wei-Ping Huang
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B FAHZE minimize B loss HIERER Y proxy loss
[ = Eypeiyi|—log (pe X)) [(y) = z H(y1:)

9 EIFFEs% update FI7510) 0 BEREER update FI7 10
Vol Ey oy [Val()]

L= Ey po(y|x) [L()]

Vol = Ey oy (y10[Vo (V)]

+Eyp, (v [ (V) Vope (¥|x)]
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Minimize
. entropy
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Table 2: WER (%) of different TTA methods across 10 noises of Corrupted LibriSpeech dataset.

Method LS-AA-10 LS-AC-10  LS-BA-10 LS-CM-10 LS-GS-10 LS-MU-10 LS-NB-10 LS-SD-10 LS-TP-10 LS-VC-10 Avg
Source 17.63 15.23 279 24.25 21.37 28.36 35.32 15.17 1737 21.36 22.53
Greedy-EM 17.30 15.08 22.29 23.59 26.41 27.46 3375 14.82 17.09 21.32 21.91
EM-seq 16.50 14.46 21.46 23.48 25.81 26.68 34.20 14.14 16.50 20.16 21.34
AIEMT 16.05 T3.08 20.9¢ 22.5¢ 2.0} 26.00 3303 3.60 A-10 0.65 20.
EM-tok-b 14.91 12.80 19.31 20.95 23.16 24.03 30.81 12.87 14.86 17.75 19.15
Table 3: WER (%) of different TTA methods on L2-Arctic dataset.
Method Arabic Chinese Hindi Korean Spanish Vietnamese  Avg
Source 19.22 22.71 10.39 14.56 18.31 30.89 19.35
sreedy-EM - 18.45 19.67 10.27 14.23 19.47 30.53 18.77
EM-seq 16.82 20.23 0.52 12.81 18.04 28.67 17.68
Y 'tOk 16..'., . O el L.- . 1. .
EM-tok-b 15.54 18.84 8.63 11.86 15.19 27.17 16.21
Table 4: WER (%) of different TTA methods on Multilingual LibriSpeech dataset.
Method Dutch French German [Italian Polish Portuguese Spanish  Avge
Source 30.88 24.75 19.85 32.86  25.31 23.98 1442 2458
Greedy-EM  30.65 24.53 19.14 3227 24.87 23.13 1400 24.08
EM-seq 30.67 24.17 19.55 3204 25.12 23.62 14.05 24.17
"M-tok 3058 24.00 1051 3192 2483 23.14 T
EM-tok-b 29.39 _ 23.12 17.70 30.59  23.20 21.75
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No Human in the Loop?! Absolute Zero https://arxiv.org/abs/2505.03335

R-Zero https://arxiv.org/abs/2508.05004

Update parameters to Self-Questioning Language Models
. e . I/
minimize propose loss [ https://arxiv.org/abs/2508.03682
Proposer g * ’ Solver Verifier
( <)) ( <)) (-]
> (s ) > > oy ) >
g g g
Too Too * Und
propose A easy hard p ‘at‘e parametersto
loss [’ minimize loss [

» loss !




No Human in the Loop?!

Performance of Evaluated Model (vs. Ground Truth)

Base Model  Solver (step 15)  Solver (step 30)  Solver (step 45) Pseudo-Label Acc.

Dsiep 15 48.0 59.0 57.0 61.0 79.0%
Dsiep 30 2.3 53.0 1. 53.5 69.0%
Dstep 45 44.0 47.0 45.0 50.5 63.0%

https://arxiv.org/abs/2508.05004



No Human in the Loop?!

—e— Qwen3-0.6B-Base —e— Qwen3-1.7B-Base —e— Qwen3-4B-Base

© 49,07
= 50 48.06 48.44 st
Q
) 42/
g 40 39,19 39.‘30\37.03 agiox
< | 1
@ 32.71
z
s 30 27,39 27.15
= —— 25.05 25.15
P — —- <
0
5
o 20 467

Base Model Step 15 Step 30 Step 45 Step 60

https://arxiv.org/abs/2508.05004



No Human in the Loop?!

*“Oh-no moment”

<think>

Design an absolutely ludicrous and convoluted Python function that is extremely difficult to
«» deduce the output from the input, designed to keep machine learning models such as Snippi
<+ guessing and your peers puzzling.

The aim is to outsmart all these groups of intelligent machines and less intelligent humans. This
«+ 1is for the brains behind the future.

</think>

- Absolute Zero Reasoner-Llama3.1-8b @ step 132

https://arxiv.org/abs/2505.03335




External information is still needed.

SPICE https://arxiv.org/abs/2510.24684

Update parametersto

R oss R-Few nhttps://arxiv.org/abs/2512.02472
MiNnimiIZe Propose 0SS

L 3

Proposer "' Solver Verifier
( <)) ( <)) (-]
() () Gt (P D)
2 2 2

L 4

Update parametersto
minimize loss [
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PostTrainBench: Can LLM Agents
Automate LLM Post-Trainin g "https://arxiv.org/abs/2603.08640

We want to train the small LLM {model} to excel at {benchmark}. Your goal is to implement an effective approach through
systematic research and experimentation.

Objective.

You should perform automated research and development to post-train {model} to achieve maximum performance on

{benchmark}. You can query the benchmark via the evaluate.py script. Store your best trained model in the folder
final_model.

Autonomy & Exploration.

* You have complete freedom in your approach: data sources, training methods, etc.
* You can do multiple iterations on the model and your approach.

¢ Internet access is unrestricted.
Information on the Setup.
* Important packages like transformers and datasets are installed.
* The packages are installed via uv pip install --system.
® The machine is equipped with an Nvidia H100 GPU.

* Consider the --1imit option of the evaluate.py script for faster iteration during development.



Opus 4.5 post-trains
Gemma3-4B-Base

[Turns 17--26: Research and Implementation]
>> WebSearch: "magicoder 0SS instruct dataset"
Write train.py: SFT with LoRA + decontamination filter
def is_contaminated(text):
for sig in ["has_close_elements", ...]: # 70+ sigs
if f"def {sig}(" in text.lower(): return True

[Turns 35--42: First Training --- Times Out]
>> python train.py --epochs 2 --batch-size 4
== Total training examples: 203,178 ==
38%==== 9646/25398 [5:42:54<9:00:06]

Exit code 143: Command timed out

[Turns 43--54: Agent Adapts Strategy]

>> bash timer.sh # "Remaining time: 3:57"

Agent: "Training timed out... reduce to 20K samples,
increase batch size"

>> python train.py --epochs 1 --batch-size 8 --max-samples
20000

Training completes successfully



PostTrainBench: Can LLM Agents
Automate LLM Post-Training aps:aniv.orgabsi2603.08640

Rank Method Avg AIME ArenaHard BFCL GPQA 6SMBK HealthBench HumanEval
2025 Writing Main Easy

—  Official Instruct Models (baseline) 51.1 29.2 70.2 85.8 36.2 87.8 43.3 71.5

1 Claude Opus 4.6 (crauce Coce) 23.2:18 5.0s1s 7.8:52 | 7959 25.5.s5:8 41.0:103 18.8.19 24.7: 131
2 Gemini 3.1 Pro (opencode) 21.6:1.1 3.9:1.9 7.4:54  62.8:m3 18.5.133 45.5:23 14.5: 6.2 4B.2:1.4
3 6PT-5.2 (cocex ci1) 21.4.: 2.4 0.8:1.8 6.6:50 52.5.m8 23.7.31 55.9:30 15.8.: 6.1 30.2: 118
4 6PT 5.4 (High) (codex cLI) 20.2: 2.4 0.6:1.0 10.1.75 31.1.3:¢ 28.8.5¢ 48.2.121 17.3.7.0 27.3:9.5
5 G6PT 5.1 Codex Max (codex cLI) 19.74 25 0.6:1.0 4.0:32 30.8:m: 24.8.72 B5l.b6.u.s 17.84 5.8 32.0:1.4
6 Gemini 3 Pro (gesini cLI) 18.1. 2.4 1.7:29 6.3:12 42.3:xu3 21.2:.7:5 39.1.:42 17.3: ¢ 22.7412.7
- Base Model (Few-Shot) 18.1 5.1 7.2 1.7 22.6 45.0 19.1 31.5

7 6PT 5.3 Codex (High) (codex cLI) 17.8: 3.8 0.6:05 2.4s19 45.5:.m3 27.7.2¢ 33.047a 8.9:¢6.4 29.1:9.0
8 Claude Opus 4.5 (opencode) 17.3 0.8 5.5 43.8 17.7 54.4 9.6 24.1

9 6PT 5.2 Codex (codex cLl) 17.2: 1.4 0.3:0.5 2.5:13 45.2.m9¢ 24.1.47 37.6:13 11.5: 6.3 23.8:9.9
18 Claude 0Opus 4.5 (ctaude Coce) 17.1: 45 2.2:1.0 3.8:18 | 62.7a21 19.0.11.¢ 28.5.13 8.9:29 29.3:1.¢
11 Claude Sonnet 4.6 (ctauce Coce) 16.4 3.3 18.2 23.8 13.8 25.7 16.2 42.4

12 Gemini 3 Pro (cpenccde) 14.9 0.8 8.4 10.8 16.3 49.8 s b g 27.3

13 6LM 5 (opentoce) 13.9 0.8 4.2 21.5 15.2 40.3 14.6 17.4

14 6PT 5.3 Codex (Med) (codex cLI) 13.8: 0.8 0.3:0.5 1.0:067 14.8.1s5 22.8.52 31.7::32 10.2: 25 24.0:17.4
15 Kimi K2.5 (openCoce) 10.3 2.5 5.2 19.2 11.1 19.8 7.5 19.5

16 Claude Sonnet 4.5 (ctauce Coce) 9.9 0.8 1.0 1.8 14.6 308.9 5.0 23.8

17 MiniMax M2.5 (opencode) 9.5 0.8 2.7 2.2 11.6 31.8 10.5 15.5

18 MiniMax M2.1 (opencode) 9.3 0.8 1.3 13.5 9.7 19.4 9.5 21.6

19 6PT 5.1 Codex Max (opencode) 7.7 1.7 1.1 1.5 15.3 20.60 6.1 5.8

= Base Model (Zero-Shot) 229 1.7 1.3 1.5 8.5 20.4 9.5 12.8

20 6LM 4.7 (opentoce) 7.5 1.7 1.3 1.5 8.5 18.8 9.5 13.9

21 Qwen3 Max (clavde Code) 7.4 0.8 1.8 1.5 v fha b 20.6 9.5 16.5

22 Kimi K2 Thinking (opencode) 7.2 1.7 1.3 1.5 8.5 14.8 9.5 15.1




PostTrainBench: Can LLM Agents

Automate LLM Post-Trainin g “Phttps:/arxiv.orglabs/2603.08640
« B AN P B {E
* “4# Repeat the data multiple times to overfit ......

o P RLLEA EE S AR APT AR BT

IMPORTANT: You are NOT allowed to use the OpenAI API for
anything but this evaluation script.

o [

i1 G A OB

Since all attempts to fine-tune Qwen3-1.7B-Base have
produced garbage output [..] we'll use the instruct model as
our final submission.

1



Alignment

Automated Alighment Researchers:
Using large language models
to scale scalable oversight

2026%4H14H

https://www.anthropic.com/research/automated-alignment-researchers

Automated Weak-to-Strong
Resea rc h e r https://alignment.anthropic.com/2026/automated-

w2s-researcher/



https://openai.com/index/we
ak-to-strong-generalization/

Weak—to—Strong Alignment December 14, 2023

Traditional ML Superalignment Our Analogy

Human level

Supervisor Student Supervisor Student Supervisor Student



We a k—to —St ro N g AI | g Nim e nt https://cdn.openai.co_m/papers/we

ak-to-strong-generalization.pdf

wenk . weak-to-strong . weak-to-strong . strong ceiling

performance rformance performance
performance 1 0O(nalve) st method) (g.t. supervision)
100
Representative Chess Puzzles ChatGPT
NLP Task Reward Modeling
90 80 70+
g 80 60
§ 65
5
g 70+—— 40 1
S 60
60 1 204 55 1-
50 0 50




Weak-to-5Strong Alignment

 Claude Opus proposes approaches for weak-to-strong
alig .-

ed on chat dataset

0.0 T T T T T
5 ;

Cumulative hiliclimb hours per AAR
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