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Exam

Build an Agent to conduct an oral exam

https://elevenlabs.io/app/home



Google ended the free Colab Pro for students

Anthropic temporarily removed Claude Code from $20 level



Moonshot Kimi K2.6

Released this week

General Agents

832 g27 837 859 91.3 "
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Humanity's Last Exam (Full) BrowseComp DeepSearchQA (f1-score) Toolathlon OSWorld-Verified
w/ tools

Visual Agents

96.1
!1 .4 l CI 4

767 778 769

Terminal-Bench 2.0 SWE-Bench Pro SWE-Multilingual MathVision w/ python V* w/ python
(Terminus-2)




OpenCode

https://opencode.ai

The open source Al coding agent
Free models included or connect any model from any provider,
Claude, GPT, Gemini and more.

Select model

g

® GPT-5.4 OpenAl

Gemma 4 26B MoE (local)

Big Pickle
MiniMax M2.5 Free
Nemotron 3 Super Free

Claude Haiku 3
Claude Haiku 3.5

Connect provider Favorite



OpenCode - Caveman Mode

https://github.com/JuliusBrussee/caveman

Explain the files in this directory

BandwidtherApp.swift: Main app entry point
ContentView.swift: Primary user interface
NetworkMonitor.swift: Network status monitoring
SparklineView.swift: Custom sparkline graph view




Al Resistance is Growing

https://stephvee.ca/blog/artificial intelligence/ai-resistance-is-growing/

r/PoisonFountain,
Encourage people to feed huge quantities of trash data (poison) to all of the
web crawlers out there that are scraping our work for Al training sets

Aim: serve one terabyte of poison per day



Lucebox

https://github.com/Luce-Org/lucebox-hub

Combine models kernels into one kernel to improve model’s performance

DFlash DDtree Qwen3.5 27B GGUF on RTX 3090

Up to 207 tok/s in the demo (207.6 tok/s DFlash vs 38.0 tok/s AR, 5.46x%)
129.5 tok/s mean on the HumanEval 10-prompt bench

3.43x faster than autoregressive (+15% over chain speculative decoding)
2.8x faster than SGLang AWQ on the same hardware

128K context in 24 GB (134.78 tok/s at ctx=131072)



Outplaying elite table tennis players with an

autonomous robot
https://doi.org/10.1038/s41586-026-10338-5

Nature Online April 22, 2026
Sony

AW T




Beyond TurboQuant

Sequential KV Cache Compression via Probabilistic Language Tries:
Beyond the Per-Vector Shannon Limit

April 10, 2026
Gregory Magarshak, New York College

=014 x better compression over TurboQuant



1-bit Bonsai: The First Commercially Viable 1-bit LLM

https://prismml.com/news/bonsai-8b
PrismML 1-bit Bonsai  Caltech startup

Size  Average r::"""l)’( MuSR GSMS8K H:"::: IFEval BFCLV3

Qwen 3 8B 16.38GB  79.3 83 55 93 823 815 81

RNJ 8B 16.63GB 73.1 755 504 937 842 738 61.1
Ministral3 8B 16.04GB 710 689 538 87.9 726 67.4 754
Olmo 3 7B 14.60GB 709 72 561 925 793 871 38.4
1-bit Bonsai 8B 1156B 705 657 50 88 738 798 65.7
LFM2 8B 16.68GB  69.6 727 495 901 61 822 62.0
Llama 3.1 8B 16.06GB 67.1 729 513 87  63.4 764 515
GLM 4 9B 18.80GB  65.7 819 532 89.4 787 693 219
Hermes 3 8B 16.06GB  65.4 67.4 522 829 512 693 69.6
Trinity Nano 6B 12.24GB  61.2 668 526 811 54 50 625
Marin 8B 16.06GB 56.6 648 426 861 559 63  27.9

DeepSeek R1 Qwen 7B 15.23GB  55.0 62.5 291 92.7 81.7 48.8 15.4

Device Tokens/Second
M4 Max Pro |31
RTX 4090 368

iPhone |7 Pro Max 44




X No Teacher

Embarrassingly Simple Self-Distillation

Apr 1, 2026

Apple, Zhang, Bai, Zheng, Jaitly, Collobert, Zhang

https://arxiv.org/pdf/2604.01193

Sample
0 P
T'.r.—'ail’l # 1
o Fine-tune
SFT on own outputs
Decode
>
Evaluate at Tgy
X NoRL X No Verifier

x No Execution

+12.9
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50 +7.5
¢ ) | ) .4 ° .
49 | i
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20
16
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Overall
GENERALIZES ACROSS
Instruct Thinking
Llama 8B +3.5
Qwen 4B +7.5 +3.3
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Improves Code Generation

LiveCodeBench V6

+14.2
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Embarrassingly Simple Self-Distillation
Improves Code Generation
SSD at high level

1 Sample
Freeze model
Coding prompts
One completion per prompt above normal temperature, top-k, top-p truncation
Keep everything, no filter, don’t correct answers

2 Fine-tune

Standard supervised fine-tuning on those raw outputs
Cross-entropy loss

3 Decode
Evaluate the fine-tuned model at a different, tuned temperature with truncation

https://medium.com/@michael.hannecke/your-lim-can-improve-itself-no-teacher-no-verifier-no-rl-
required-5d41f3f4a6b4



Embarrassingly Simple Self-Distillation
Improves Code Generation

Basic Pattern
Sample at a higher temperature than normal
Truncate
Train
Decode at a lower temperature

Exact temperatures depend on the model
Qwen3—4B-Instruct
T train=1.6 with top-k=20, top-p=0.8

T eval=1.1

https://medium.com/@michael.hannecke/your-lim-can-improve-itself-no-teacher-no-verifier-no-rl-
required-5d41f3f4a6b4



Embarrassingly Simple Self-Distillation
Improves Code Generation

The Precision-Exploration Conflict Hypothesis

Lock
Distribution is sharply peaked
Demand precision:
Commit to the dominant token and suppress the tail

Fork
Distribution is spread across multiple plausible tokens
Lead to meaningfully different downstream continuations
Demand exploration:
Spread mass across viable alternatives to avoid missing the good paths

https://medium.com/@michael.hannecke/your-lim-can-improve-itself-no-teacher-no-verifier-no-rl-
required-5d41f3f4a6b4



Embarrassingly Simple Self-Distillation
Improves Code Generation

The Precision-Exploration Conflict Hypothesis

Low temperature
Sharpens a peak at a lock, starves a fork

High temperature
Destabilizes a lock, improves a fork

Using one temperature forces a compromise

https://arxiv.org/pdf/2604.01193



Embarrassingly Simple Self-Distillation
Improves Code Generation

T, :, controls how strongly SSD reshapes the model distribution

T, controls how aggressively decoding exploits that reshaped distribution

*T

rain eval

Tf =Tt

e

I, ;- governs performance

https://arxiv.org/pdf/2604.01193



Comprehension Debt: The Hidden Cost of Al-
Generated Code

https://addyosmani.com/blog/comprehension-debt/

Technical Debt
In the Code

Comprehension Debt
In your Head

Working code vs Good code



Reasoning

Thinking ...
This style of intermediate-step generation is often referred to as chain-of-thought (CoT).

Researchers and engineers often say that the model "thinks" through the
problem step by step, meaning that it makes its intermediate reasoning process
explicit and easier to follow.

This does not imply that LLMs actually reason or
think in the same way humans do.

Build a Reasoning Model (From Scratch), Draft 8, Sebastian Raschka, 4-8-26



How to Train a Reasoning Model?

The main stages to develop
conventional LLMs

© nreinforcement learning enhance reasoning in LLMs

20



Stage 4: We cover two main

Stage 2: We implement Stage 3: We implement and w:r** .
evaluation methods that we apply reasoning-enhancing iques xﬂ
will use for evaluating the techniques that do not reasoning capabi

models throughout this book require training the LLM LLMs (chapters 6 to 8)

(chapter 3) )
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(chapters 4 and 5)
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21

)

r.um
Lm

~

J

4 R
Advanced text gen-
&erationandvoﬁngJ

4 R
Self-refinement

S —

learning




Mode Hardware Tokens/sec | GPU
memory

Regular Mac Mini M4 CPU 5 -
Regular compiled Mac Mini M4 CPU 6 -

KV cache Mac Mini M4 CPU 28 -

KV cache compiled Mac Mini M4 CPU 68 -
Regular Mac Mini M4 GPU 27 -
Regular compiled Mac Mini M4 GPU 43 -

KV cache Mac Mini M4 GPU 41 -

KV cache compiled Mac Mini M4 GPU 71 -
Regular NVIDIA H100 GPU 51 1.55 GB
Regular compiled NVIDIA H100 GPU 164 1.81 GB
KV cache NVIDIA H100 GPU 48 1.52 GB
KV cache compiled NVIDIA H100 GPU 141 1.81 GB

Compiled - torch.compile

22




Evaluaton Methods

A

L

evaluation

Benchmark-base;]

L o\

LLM Evaluation

t Multiple choice jf Verifiers j t

23

B
Judgment-based J

evaluation

Leaderboards Jt LLM judges J




Evaluating answer-choice accuracy

/“ “n”

LLM-generated answer text
(“prediction”)

4\

Compare given solution

—D
A pre-trained LLM that can LLM to LLM prediction

follow basic instructions and

generate text

Input text from
the MMLU dataset

\_' “How many ways are there to put 4 “”
distinguishable balls into 2 indistinguishable

boxes?

A 7

B 117 The correct answer from
g' ;6 the MMLU datast (not
Answer: ” shown to the LLM)

24



Measuring Massive Multitask Language
Understanding - MMLU

https://huggingface.co/datasets/cais/mmliu

957 subjects
16,000 questions

Find the sum of the given polynomials in the given polynomial ring. f(x) = 4x - |"2x"2 + 5",
5g(x) = 2x"2 - 4x + 2 in Z_8[x]. "6x"N2 + 4x + 6",
"O"’
“XAZ + I"
Mergesort works by splitting a list of n numbers in half, sorting each half "None",
recursively, and merging the two halves.Which of the following data "Il only",
structures will allow mergesort to work in O(n log n) time? I.A singly linked ["I and Il only",
list Il.A doubly linked list lll. An array “I, 11, and HI"
Naturalists who concentrated on natural elements and processes are "Daoism",
associated with which of the following? "Yin-Yang School”,
"Mengzi",
“Humanistic Buddhism"

25



A limitation of multiple-choice benchmarks like MMLU is that they only
measure an LLM's ability to select from predefined options and thus is not
very useful for evaluating reasoning capabilities besides checking if and

how much knowledge the model has forgotten compared to the base
model.

26



Leader Boards

https://arena.ai/leaderboard/text

B8 Overview
s View as
‘= Ranking b Pareto
= Rank by
Models Labs

& Categories (27)

g')
47

e
il

4

-

Overall

Expert Learn more

N Occupational

Math

Instruction Following

Multi-Turn

«

Chat ~ Code Image -~ Video v

Text Arena Y Overall

View overall rankings across various Al models in text-to-text tasks across math, coding, creative writing, and other
open-ended domains.

(S Apr19,2026 5,873,554 votes B 342 models

% Hide Filters

Rank Rank Spread Model Score . Votes Pri

claude-opus-4-7-thinking

1 106 1504 =9 3,898
A Anthropic - Proprietary

2 { o6 A\ claude.-opus-{l-6-th1nk1ng 1502 %5 18.888
Anthropic - Proprietary

3 107 2 aude-opua-S=d 1497 +9 4,646
Anthropic - Proprietary

4 106 A\ Cclaude-opus-4-6 1496 5 20,158
Anthropic - Proprietary

5 1 < 10 o MuBe=SparK 1493 +8 © Preliminary 5,877

Meta - Proprietary
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80 Overview Chat v Code Image ~ Video v Start Voting

«

o Viewas " Text Arena ™ Coding

View overall rankings across various Al models in text-to-text tasks across math, coding, creative writing, and other
‘= Ranking b Pareto open-ended domains.

(S Apr19,2026 1,061,233 votes B 337 models

‘= Rank by %
% Hide Filters Q 1]
Models Labs
Rank Rank Spread () Model Score . Votes Price $/M O
claude-opus-4-7-thinking
i A 1 14 1571 =19 933 57$25
8 Categories (27) A Anthropic - Proprietary 35/%
gb Overall claude-opus-4-7
2 16 A\ . . 1560 =16 1,233 $57 %25
Anthropic - Proprietary
@9 Expert Learn more
claude-opus-4-6-thinking
. 3 16 1554 +10 4193 57$25
4 Occupational > Anthropic - Proprietary 35/%
% Math ) e
4 106 A\ claude-opus-4-6 1549 +9 4,821 $5 / $25
Anthropic - Proprietary
./ Instruction Following
gpt-5.4-high
. b 2 - 19 1534 =11 2,809 250/ $15
v Multi-Turn @ OpenAl - Proprietary $ $
Zs Creative Writing muse-spark
6 2 o 27 1532 #15 © Preliminary 1424 N/A

Meta - Proprietary
! Coding v
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Evaluaton Methods

/[ LLM Evaluation ]\
A

Benchmark-based [ Judgment-based

W

evaluation evaluation

Multiple choice ]t Verifiers j t Leaderboards jt LLM judges j

Math Verifier

29



Math Verifier

¢ Load pre-trained LLM

¢ Ask LLM to generate answer

¢ Extract final answer box

¢ Normalize extracted answer

¢ Verify equivalence

Grade answers

30

Output
We use the identity
a’ 4+ b* = (a + b)* — 2ab.
R
Final Answer: ‘\
14
> N (1)
Answer generated by
C J the LLM
v
(14)/(3) 14/3
» Are equal? 4
v
True “Ground truth” is the
correct answer
Apply steps 2-6 to multiple provided in the dataset
examples from a larger
dataset (MATH-500)



Normalizing the extracted answer

\dfrac{14}{3}
\frac{14}{3}
14/3

$14/3%

(14)/(3)

31



4 Improving reasoning with inference-time scaling

* Prompting an LLM to explain its reasoning to improve answer accuracy
« Modifying the text generation function to produce diverse responses

* Improving reasoning reliability by sampling multiple responses

32



Prompting an LLM to explain

prompt_cot = prompt + " \n\nExplain step by step."

Large Language Models are Zero-Shot Reasoners
29 Jan 2023

33



Modifying the generation function to produce diverse responses

Change the temperature

40 - , ——Original logits
: T=0.5 (sharper)
; « » » T=5 (flatter)
30 - 7
Berlin i
20 - £ e B
& o 3
- g 1 : &
- . n N .*1 ‘
> V2 SHIAVE R 4 7 |
S 10 ' ’/"._' \ 4 o YA | | B {"', : ! ;
3 ' ' , 1 r“\ : 1 y ' ¥i # ' | .' ‘ :
h | | A : L
0 ® ’... e * .C. 4. ™Y ' 3
"R : ; Wit iy’
‘- { ! ' |
-10 - 5 ¥ :
19800 19820 19840 19860 19880 19900

Vocabulary index
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Adding a top-p filter to the text generation function

According to the common top-p
convention, the first token that exceeds
the threshold is still included

\
1.0+
v

T e S e G S G S S R G S S S S [ e S
g 0.6 - Cumulative sum
Fol ~== top_ p=0.8
% ----- Top-p cutoff at 3 tokens
a Sorted probabilities

0.4 -

0.2 -

0.0 . - , ' '

0 2 4 6 8

Token rank (sorted by probability)

35



Use Temperature and top-p to generate multiple answers and select the most frequent answer

Step 1: Sample multiple answers with

Input
Half the value of 3x-9 is 11N temperature greater than 0 and top-p
x+37. What is the value of x? LLM

; = |

an N A ~ )
Step 6: Simplify: Finally, we add 9 to both sides
of the equation to solve for
\ $x$:
x = 83 cen
\] $Sx = 8388
Therefore, the value of x is Therefore, the value of $x$ is §
\boxed{83}. \boxed{83}S.
\_ y,
l Output1 7 - l Output2 7 - l Output5 7

Step 2: Extract the final boxed
83 83 answer from each answer 5

v p~— Step 3: Choose the most frequent final answer
83

36



5 Inference-time scaling via self-refinement

« Scoring LLM answers with a simple rule-based scorer
« Computing an LLM's own confidence in its answers

» Coding a self-refinement loop where the LLM iteratively improves its answers

37



Scoring LLM answers with a simple rule-based scorer

Selecting the common answer only works with very short answers
Use a function to rank the answers

He use length and format of answer

38



Convert answer logits to probabilities -> log-probabilities -> log-probabilities of entire response

39



Self-refinement loop

Prompt
Half the value of 3x-9 is —— \boxed{14
x+37. What is the value of x? - X )
: -1.258
¥ Critique prompt o ~
estion: {raw prompt) TR
- . e The question seems to be asking for the
Oraft answer: {draft) ®««« value of X ... We score the LLM's
d However, the question itself is incomplete. answer
~ ﬁ LR R ’ h
Write a short critique ond bullet-point fix - the :u:::::“' FRTIRY SE. T
plon Cunder ~120 words),
Fix plan: ...
\('“‘M: ) k
 Critique " we also score the revised
: answer and only accept it
: if the score is better than
oooooooooooooooooooooooooooooooooooooooooooooooooooooooooo . m
° Refine prompt o ~N . '

Revise the answer using the critigue,
End with a final boxed result: \boxed{ANSWER)

Question: {row_prompt)
Previous answer: {draft)

Critigue: {(Critique) @ v nnnnnnnns °o e
Rwhz on:nr: - Revised onswer: \( \boxed{83) \)

= -  Revised anewer —

Critique: —
The question asks for the value of ...
Fix plon:

1. Remrite the equation as ... -
3

:

40



Baseline (chapter - - Reasoning | 48.2% 182.1
3) min
Self-refinement None 1 Reasoning | 56.6% 498.8
min
Self-refinement Heuristic 1 Reasoning | 57.8% 498.6
min
Self-refinement Avg. logprob | 1 Reasoning | 48.4% 499.7
min

500 samples in the MATH-500 test set using a "cuda" GPU (DGX Spark)

41




6 Training reasoning models with reinforcement learning

Use GRPO

1) A prompt is sampled and multiple outputs are generated.

2) Each output is scored using a verifiable reward.

3) Group-relative advantages are computed from these rewards.

4) The log-probability of each output under the current model is calculated.

5) Advantages and log-probabilities are combined to form the policy gradient loss.

6) A KL regularization term against a reference model is added, and the resulting total loss is used
update the model parameters.

42



Improving GRPO

\

Orange lines

L

shows a moving r

average

An increasing number of
spikes in later steps

Ll L

o
]

|

//(\‘

Average respon
length increases and
then starts to decrease

0

200 400
Step
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Improving GRPO

% —2000 -

-4000 A

1000 A

~
wn
o

avg_response_len
N "
wn o
o o

o
1

N

Orange lines
shows a moving

average

f

An increasing number of
spikes in later steps

(

Average response
length increases and
then starts to decrease

0

200
Step

400

1.00 -

reward avg

0.00 A

eval_acc
N w By
o o o
L

-
o o
L 1

0.75 A

0.50 A

0.25 A

0

200
Step

400

Average response length should initially increase, with an improvement in accuracy

The loss should remain relatively stable.

Average reward should also increase over time

Average reward of 1.00 means that all sampled responses are correct

Evaluation should increase
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1.00 - 0.050 -
2 0.75 - 0.025 -
> o
| E
2 0.50 - 5! 0.000 1
©
= ®
2 0.25 - -0.025 -
0.00 - Y ' T —0.050 - T T T
1.00 -
10.0 -
0.75 - S
B cul 7.5 -
) >
| -
% 0.50 g' 5.0 -
© +
0.25 - T 2.5-
0.00 . , , 0.0- . .
0 200 400 0 200 400
Step Step
The non-zero advantage standard deviation indicates After an initial phase of moderate entropy, the model
that there is a good training signal throughout the becomes much more random and higher-entropy

training run
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1.00 A 0.050 -
2 0.75 0.025 A
= o
| o
© 0.50 5! 0.000 A
®©
= ®
Y 0.25 1 —0.025 -
0.00 A : : : —0.050 - :
1.00 -
10.0 -
0.75 1 4
T ¢>0| 7.5
21 0.50 - 2
5 o 5.0
© -~
0.25 A o 2.5 -
/\‘
0'00 L T T T 0.0 L T T T
0 \ 200 400 0 200 400
Step Step
The non-zero advantage standard deviation indicates After an initial phase of moderate entropy, the model
that there is a good training signal throughout the becomes much more random and higher-entropy

training run

Average advantage stays at zero throughout training

As long as the advantage standard deviation remains nonzero and
reasonably stable there is still a usable learning signal and training
happening

Very low entropy can also be a sign of collapse
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Clipped Policy Ratio

Measures how much the LLM has changed relative to an earlier version of itself

If the LLM previously assigned a certain likelihood to this answer, how much more or
less likely does it consider the same answer after we adjusted its weights?

47



Prompt
“Half the value of 3x - 9
is x +37. What is the Logprobs for the current iteration are computed by passing the
valureoglf"::‘?nv\irg:;g(e)_hnal generated rollouts to the sequence_logprob
l { function we defined in (chapter 6)

LLM to train
“New" “Old” 4
Advantages Rewards l Logprobe Logprobs \

0.8659 1.0 boxed(83)" 7.9243 -10.9243 Additionally, we now also compute the
logprobs by passing the rollouts to an older
version of the model from a previous iteration

08659 4—— 10 ¢— .- The oormect —>  -20.1546 -20.3546

answer is \boxed{83)"

08659 «—— 00 — CoTholnaonswer  __, 166130 -14.6130
) Clip the ratio if it falls outside a
08659 —— 00 — ..We get

\boxed{38}" > -23.3677 -23.3677 certain range (here, if it is larger than
11 or smaller than 1/11)
Rollouts |

) J

R (4
Compute / e Ratio Clipped ratio

exponentiated
difference between exp

-7.9243 = -10.9243 = 20.0855 —% 11.0000

new and old logprobs
and

= 1.2214 —» 12214

-16.6130 — -14.6130 ) = 0.1353 —»  0.1353
-23.3677 - -23.3677 )

(

- (D - CB
(
(

Clamp the ratio to the range 1 + clip_eps.

DeepSeek-R1 used clip_eps =10

48



Using clipped Policy Ratios

The average rewards increase and then stay

The number of loss spikes does not suddenly increase relatively steady and stable
1.00 -
0 - ' 2 0.75 -
" ®) e
8 o g 0.50 -
=
£ 0.25 -
-4 -
) Ll L\l O'OO i L\l L\l 1
1000 -
5 40
|
o 750 -
’ 3 30°
O |
g}- 500 | o g 20 -
' -
o 250 10 -
©
0 - T T T 0 -
0 200 400 0 200 400
Step Step

While the accuracy stops increasing after the first

The average response length is now steadily increasi
ge respe g v "® 100 steps, it doesn’t suddenly decline
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Kullback—Leibler (KL) divergence

Measures how much the LLM deviates from the original model

Loss jumps to a very high value

30 {
20 -

a

O

= 10-
0

1000 -

avg response _len
N 9y ~
(9 o |
o o o
1 1 L

o

Model fails to fit its response
within the allowed token limit

200 400

Step

1.00 -
% 0.75 -
|
-% 0.50 - Rewards completely collapse
=
Y 0.25 -
0.00 - : " " :
40 -
9 30 N . .
O Model fails to answer anything
;' 20 - correctly
>
(@
10 - )
b
0 T T
0 200 400

Step

Several recent works report that models can train better without it
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Other Possible Improvements

. Zero gradient signal filtering (DAPO)

. Active sampling (DAPO)

. Switch from sequence- to token-level loss (DAPO)

. No KL loss (DAPO and Dr. GRPO)

. Clip higher (DAPQO)

. Truncated importance sampling (VERL)

. No standard deviation normalization (Dr. GRPO)

. KL tuning with domain-specific KL strengths; zero for math (DeepSeek-V3.2)
9. Reweighted KL (DeepSeek-V3.2)

10. Off-policy sequence masking (DeepSeek-V3.2)

11. Keep sampling mask for top-p / top-k (DeepSeek-V3.2)

12. Keep original GRPO advantage normalization (DeepSeek-V3.2)

13. Per-reward group-wise normalization before aggregation (GDPQO)

14. Sequence-level importance sampling and clipping (GSPO)

15. Clip importance-sampling weights rather than token updates (CISPO)

00 NO O WON -
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8 Distilling reasoning models for efficient reasoning

Hard Distillation
The student model is trained on the teacher model outputs

Soft Distillation

The student model is trained on the teacher’s probability distribution over the
vocabulary by minimizing the KL divergence
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