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How do we evaluate LLMs 
and Agents?



https://metr.org/time-horizons/ 

Agents are solving more time-consuming tasks

https://metr.org/time-horizons/


What approaches do we 
even have to evaluate 
LLMs?





Human Likeability



https://huggingface.co/spaces/lmarena-ai/arena-leaderboard

Human Preference: user side-by-side comparison



ELO rating on Human judgement + Specific benchmark results
https://huggingface.co/spaces/lmarena-ai/arena-leaderboard 

Human Preference: user side-by-side comparison

https://huggingface.co/spaces/lmarena-ai/arena-leaderboard


ELO rating + Human judgement + Specific benchmark results



JUDGE_PROMPT = """You will be given a user_question and system_answer couple.
Your task is to provide a 'total rating' scoring how well the system_answer answers the user concerns expressed in the user_question.
Give your answer as a float on a scale of 0 to 10, where 0 means that the system_answer is not helpful at all, and 10 means that the 
answer completely and helpfully addresses the question.

Provide your feedback as follows:

Feedback:::
Total rating: (your rating, as a float between 0 and 10)

Now here are the question and answer.

Question: {question}
Answer: {answer}

Feedback:::
Total rating: """

LLMs as Judges

You can use a separate (or even the same) LLM to automate human judges, 
formatting a prompt:



Take-away points

1. Human judgement can be a good proxy for overall 
performance and likeability

2. It also can be easily hacked through human factors: bias, 
better formatting, shorter sentences

3. Chatty models seem to be more likeable but not 
obligatory they are better 



LLMs as Judges



Safety and Societal Impact



Any risks related to 
likeability?



LLM Psychosis 
Sycophancy of LLMs is a consequence of preference 
tuning.

https://pmc.ncbi.nlm.nih.gov/articles/PMC10686326/



LLM Psychosis 

https://www.lesswrong.com/w/llm-induced-psychosis



LLM Psychosis 

https://www.lesswrong.com/w/llm-induced-psychosis



LLM Psychosis 

https://www.lesswrong.com/w/llm-induced-psychosis

https://arxiv.org/abs/2603.16567
https://github.com/jlcmoore/llm-delusions-analysis 

https://arxiv.org/abs/2603.16567
https://github.com/jlcmoore/llm-delusions-analysis


AI Risks 



AI Risks 



AI Risks 

Bias 
Hallucinations
Factual errors

Misinformation
Harmful content
Manipulation  

LLM-based system
tech disaster

Same LLM-based 
system tech disaster
(but misuse)



AI Risks 

Bias 
Hallucinations
Factual errors

Misinformation
Harmful content
Manipulation  

LLM-based system
tech disaster

Same LLM-based 
system tech disaster
(but misuse)

Datasets, benchmarks, 
interpretation, classifiers

Licenses

Interpretability/Explainability



X Risks: CBRN and Preparedness Framework

CBRN – malicious use of Chemical, Biological, Radiological and Nuclear materials or weapons with the 
intention to cause significant harm or disruption.

Iterative deployment 
and preventive testing 
of models focused on 3 
steps:
1 Tracking 

catastrophic risk 
level via 
evaluations.

2 Seeking out 
unknown 
unknowns. 

3 Establishing safety 
baselines.
 



Emergent Properties and 
Unexpected risks

https://www.techradar.com/news/samsung-workers-leaked-company-secrets-by-using-chatgpt 

https://www.techradar.com/news/samsung-workers-leaked-company-secrets-by-using-chatgpt


Emergent Properties and 
Unexpected risks

https://www.techradar.com/news/samsung-workers-leaked-company-secrets-by-using-chatgpt 

https://www.techradar.com/news/samsung-workers-leaked-company-secrets-by-using-chatgpt


https://arxiv.org/abs/2402.16786

LLM political compass



How will LLMs affect society?

GPTs are GPTs: An Early Look at the Labor Market Impact Potential of Large Language Models 
https://arxiv.org/pdf/2303.10130 

Findings indicate that 
approximately 80% of the U.S. 
workforce could have at least 10% 
of their work tasks affected by the 
introduction of GPTs, while around 
19% of workers may see at least 
50% of their tasks impacted. 

The influence spans all wage 
levels, with higher-income jobs 
potentially facing greater exposure. 
Notably, the impact is not limited to 
industries with higher recent 
productivity growth. 

https://arxiv.org/pdf/2303.10130


How will LLMs affect society?



Take-away points

1. Some critical benchmarks always need to be at 0%
2. In practice, those are never enough, and you need to 

think within the risk framework – what societal impact 
will be regarding the new better capabilities



Domains and Professional 
Capabilities



https://metr.org/time-horizons/ 

LLM Agents are solving more time-consuming tasks

https://metr.org/time-horizons/


Summer in ML: performance in applied tasks
The use of Self-supervised learning, NAS with ultra-deep convolutional architectures, transformer and post-transformer models ensures 
continuous measurable progress in all areas of ML. Stage of continuous growth in all areas



MMLU: MA and PhD level exams
benchmark designed to evaluate the language understanding capabilities of LLMs across a broader and more 
challenging set of tasks. 

Biology, Business, Chemistry, Computer Science, Economics, Engineering, Math, Physics, Psychology, History

Direct evaluation and Chain of thought



International Olympics: AI, Math, Physics, Linguistics…
 final-answer competitions (ex. AIME), proof-based competitions (ex. IMO), and math+code problems (Project Euler).



SWE bench: Coding capability

https://www.swebench.com/



Medical benchmark: HealthBench 
HealthBench Hard Hallucinations: 
a subset of the intersection of 
HealthBench Hard and
HealthBench Consensus measuring 
hallucinations in challenging health 
conversations. These
examples are both difficult and 
validated by 2+ physicians.
HealthBench Consensus Urgent: a 
subset of HealthBench Consensus 
measuring failure
to appropriately inform the user in 
potentially ambiguous high-stakes 
situations. These
examples are each validated by 2+ 
physicians.
HealthBench Consensus Global 
Health: a subset of HealthBench 
Consensus measuring
failure to adjust for ambiguous global 
health context, including differences 
in epidemiology,
standard care practices, or access to 
care. These examples are each 
validated by 2+
physicians.
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Experimentation:  MLE bench

https://arxiv.org/abs/2410.07095

– a benchmark of 75 offline Kaggle 
competitions for evaluating ML 
engineering capabilities of AI agents, 
carefully handcrafted by a team of 
ML engineers.

NEW SOTA scaffold - AIDE

Previous SOTA:
- ReACT loop
- (linear graph of experimental 

chain)

New method - Tree / Graph of 
experiments with branches

More suitable for hyperparameter 
search 



Experimentation:  MLE bench

https://arxiv.org/abs/2410.07095



Experimentation:  MLE bench

https://arxiv.org/abs/2410.07095



Experimentation:  MLE bench

https://arxiv.org/abs/2410.07095



Scaling AI Research Agents 
towards many sciences

 



DiscoveryWorld             DiscoveryBench                 CURIE                              

Archaeology
Chemistry
Proteomics
Rocket Science 
Translation
Physics
Medicine

Sociology
Biology
Humanities
Economics
Engineering
Meta-science

LLMs Long Context +
Materials science
Condensed matter physics
Quantum computing
Geospatial analysis
Biodiversity
Proteins

FEABench

Physics
Math
Engineering

ScienceAgentBench  

Bioinformatics
Chemistry
Geographical Information Science
Neuroscience

ResearchBench  

Chemistry
Earth Science
Material Science
Physics
Energy Science
Environmental Science
Biology
Business
Astronomy

CORE-bench 

Computer Science
Social Science
Medicine

AUTObench
 
ML
Chemistry
Social Science



AIRSbench 
 

Let’s deal with both contamination and saturatedness for modelling sciences



20 Tasks
Human-created & verified

Example Task Types:

• Molecular property prediction

• Coreference resolution

• Code generation and retrieval

• Time series forecasting

• Textual similarity

Broad diversity of tasks



Average VSR: 65.8%, tasks range from trivially solvable to nearly impossible to submit on.

One-Shot: Single attempt   |   Greedy: Tree search   |   ReAct: Sequential refinement

Average performance across 27 agents and 13 LLMs.

More detailed evaluation results: VSR



Average ANS: 0.352, agents still far from reaching SOTA on average

One-Shot: Single attempt   |   Greedy: Tree search   |   ReAct: Sequential refinement

Average performance across 27 agents and 13 LLMs.

More detailed evaluation results: ANS



AIRSbench 
Any Agent and any LLM can be 
tested:

- one-shot 
- linear (ReACT)
- Tree Search scaffolds

LLM: Code World Model, 
GPT-OSS, GPT-4o, Devstral, 
O3mini



AIRS-Bench tasks where agents exceed human SOTA
% improvement is relative to SOTA.

# Task Agent Score % Improvement Methods

1
CoreferenceResolution-
WinograndeAccuracy ↑ Gemini 3.1 Pro SOTA  0.854

Agent  0.926 +8.4% SOTA:  T5-3B option scoring [Lin et al., 2020]
Agent: Qwen2.5-14B LoRA fine-tune

2
GMolecularProperty-
PredictionQm9MAE ↓ Gemini 3.1 Pro SOTA  7.530

Agent  7.157 +5.0% SOTA:  Equivariant transformer [Liao et al., 2023]
Agent: DimeNet++ + thermodynamic MLP

3
ReadingComprehension-
SQuADExactMatch ↑ Gemini 3.1 Pro SOTA  0.858

Agent  0.875 +2.0% SOTA:  ALBERT QA [Zhu et al., 2024]
Agent: DeBERTa QA + fusion ensemble

4
TextualClassificationSick-
Accuracy ↑ Opus 4.6 SOTA  0.905

Agent  0.937 +3.5% SOTA:  RoBERTa fine-tuning [Kalouli et al., 2023]
Agent: NLI-tuned DeBERTa + RoBERTa

5
TextualSimilaritySick-
SpearmanCorrelation ↑ Gemini 3.1 Pro SOTA  0.854

Agent  0.909 +6.4% SOTA:  RoBERTa-large + CoSENT [Huang et al., 2024a]
Agent: DeBERTa cross-encoder + TTA

6
TimeSeriesForecasting-
RideshareMAE ↓ Gemini 3.1 Pro SOTA  1.185

Agent  1.045 +11.8% SOTA:  Time-series foundation model [Gong et al., 2025]
Agent: DLinear + PatchTST + RevIN

7
UOMolecularProperty-
PredictionQm9MAE ↓ Muse Spark SOTA  5.850

Agent  5.722 +2.2% SOTA:  PaiNN GNN [Schütt et al., 2021]
Agent: DimeNet++ + gradient boosting

↑ higher is better; ↓ lower is better.

https://arxiv.org/pdf/2003.08380
https://arxiv.org/pdf/2306.12059v3
https://arxiv.org/pdf/2412.05499
https://direct.mit.edu/coli/article/49/1/199/113488
https://penghao-bdsc.github.io/papers/CoSENT_TASLP2024.pdf
https://arxiv.org/pdf/2504.10900
https://arxiv.org/pdf/2102.03150


AIRSbench 



Metrics and Variance 
A benchmark score is a property of the model × evaluation system — not the 
model alone.

Generally, the more multi-step and long-running is the task – the more fragile are 
the results 
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Take-away points

1. The more multi-step and long-running are the evals, the 
higher is the variance in the results

2. Long-running frontier capabilities are still a challenge 
now

3. Scientific domains – for all modelling sciences – are next 
in line. Your expertise is needed to keep them relevant 
and reliable!



Problems and Challenges



AGI Definitions

OpenAI internal definition
OpenAI defines AGI as “highly autonomous systems that outperform humans at 
most economically valuable work”.

https://openai.com/our-structure/ 

https://openai.com/our-structure/


AGI Definitions
OpenAI & Microsoft new definition
The two companies reportedly signed an agreement last year stating OpenAI has only 
achieved AGI when it develops AI systems that can generate at least $100 billion in profits. 
That’s far from the rigorous technical and philosophical definition of AGI many expect.



AGI Definitions

‘Academicʼ definition we still will use

a type of artificial intelligence AI) that matches or surpasses human cognitive 
capabilities across a wide range of cognitive tasks.

Researchers generally hold that intelligence is required to do all of the following:

● reason, use strategy, solve puzzles, and make judgments under uncertainty
● represent knowledge, including common sense knowledge
● plan
● learn
● communicate in natural language



Benchmark inflation problem



Benchmark problem

FrontierMath by Epoch AI
- compromised?
- ethically compromised at least

Benchmarks by Scale AI 
- business on closed benchmarks



Contamination problem

https://arxiv.org/abs/2310.17623

How can we reliably test language models if we often do not have access to their training data, and some are completely hidden from us? What if the data was 
compromised?

The idea is simple: we will assume that the model “remembers” tasks and answers to them in the same sequence as they appear in the dataset. Let's see if we 
can establish a statistically significant difference in the quality of solutions to a problem if we show the models a set of tests for the problem in the order they 
appear in the dataset itself, or in a shuffled order.
Spoiler: yes, we can.

An artificial experiment in which a small model (1.4 billion parameters), when trained on Wikipedia, is “substituted” with test sets of various datasets - once, 
ten times, etc. - shows that with 10 or more copies of the test in training, the difference in the quality of the solution is established quite reliably, and we can 
say with confidence that the model is based on memorization, and not on generalization or other “emergent” intellectual abilities.

The authors tested several LLMs (LLaMA2-7B, Mistral-7B, Pythia-1.4B, GPT-2 XL, BioMedLM) on public datasets - and some of them were actually 
compromised. For example, Arc challenge was definitely included in the Mistral training, and even 10+ times!



Contamination problem

https://arxiv.org/abs/2305.10266

PaLM emergent ability to translate

What if we went through the entire training corpus and 
measured how many examples there were with 
translation?

Data shows (780 billion tokens) that there were 
approximately 1.4% bilingual texts and 0.34% parallel 
translation examples

If they were all automatically cleared from the training 
corpus and the model was retrained...

translation abilities are significantly deteriorating!



Contamination problem
Investigating Data Contamination in Modern Benchmarks for Large Language Models

https://arxiv.org/abs/2311.09783

Let’s take datasets with multiple choice answers (like 
MMLU), 
then mask one of the incorrect answer options 
and ask the model to restore it. 
There are several other options for similar tests, but this 
one is the most interesting.

Experimental results: 
● MMLU is leaked! for GPT-3.5 and GPT-4

○ exact match 52%
● TruthfulQA leaked in Mistral

○ also leaked in the Pile and C4 corpora

https://arxiv.org/abs/2311.09783


Self-reported:
Llama 2: HellaSwag, MMLU leaked https://arxiv.org/abs/2307.09288 
GPT-4: HumanEval, DROP leaked https://arxiv.org/abs/2303.08774 
Gemini: LAMBADA, HellaSwag leaked 
https://storage.googleapis.com/deepmind-media/gemini/gemini_1_report.pdf 

Community-reported:
Mistral: ARC leaked https://arxiv.org/abs/2310.17623 
ChatGPT, GPT-4: MMLU leaked https://arxiv.org/abs/2311.09783 
Mistral: TruthfulQA leaked  https://arxiv.org/abs/2311.09783 

Benchmark leakage

https://arxiv.org/abs/2307.09288
https://arxiv.org/abs/2303.08774
https://storage.googleapis.com/deepmind-media/gemini/gemini_1_report.pdf
https://arxiv.org/abs/2310.17623
https://arxiv.org/abs/2311.09783
https://arxiv.org/abs/2311.09783


LiveCode bench LiveCodeBench collects problems 
from periodic contests on 
LeetCode, AtCoder, and 
Codeforces platforms and uses 
them for constructing a holistic 
benchmark for evaluating Code 
LLMs across variety of code-related 
scenarios continuously over time.



LiveCode bench



LiveCode bench



What we learnt

1. You now can evaluate the credibility of the existing reports – and 
create your own in a reliable way 

2. LLM evaluation is never perfect, but keeping the evals on multiple 
axis gives you the best oversight of what’s going on:
a. Human evaluation, vibe checks, red teaming, OOD tests
b. Base capabilities and frontier domains success rate
c. Safety and Risk evaluations 

3. Now…would you create your own benchmark?



Thank you!
Questions?



References
Jason Wei, 137 emergent abilities of large language models https://www.jasonwei.net/blog/emergence 
https://www.jasonwei.net/blog/emergence 
Rogers, A Sanity Check on Emergent Properties 
https://genbench.org/assets/workshop2023_slides/rogers_genbench2023.pdf 
Bommasani 2022 On the Opportunities and Risks of Foundation Models
Shevlane 2023 Model evaluation for extreme risks
Manning 2022 A Research Agenda for Assessing the Economic Impacts of Code Generation Models

Nick Bostrom and Milan M Cirkovic. 2011. Global catastrophic risks. Oxford University Press.

AGI Safety Fundamentals (open lecture playlist)
https://open.spotify.com/show/5664BSntGTMKOfVUTVXppO?si=e8b21d60d73b4bf7&nd=1 

Yoshua Bengio -  How rogue AI may arise
https://yoshuabengio.org/2023/05/22/how-rogue-ais-may-arise/ 

Ai Alignment Resources
https://vkrakovna.wordpress.com/ai-safety-resources 

https://www.jasonwei.net/blog/emergence
https://www.jasonwei.net/blog/emergence
https://genbench.org/assets/workshop2023_slides/rogers_genbench2023.pdf
https://open.spotify.com/show/5664BSntGTMKOfVUTVXppO?si=e8b21d60d73b4bf7&nd=1
https://yoshuabengio.org/2023/05/22/how-rogue-ais-may-arise/
https://vkrakovna.wordpress.com/ai-safety-resources


References
OpenAI Societal Changes report  https://arxiv.org/abs/2102.02503 

X Risks 
Anthropic's Responsible Scaling Policy 
https://www-cdn.anthropic.com/1adf000c8f675958c2ee23805d91aaade1cd4613/responsible-scaling-policy.p
df 

Predictability and Surprise in Large Generative Models
https://www.anthropic.com/news/predictability-and-surprise-in-large-generative-models 

OpenAI Preparedness Framework https://openai.com/safety/ 
https://cdn.openai.com/openai-preparedness-framework-beta.pdf 

GPTs are GPTs: An Early Look at the Labor Market Impact Potential of Large Language Models 
https://arxiv.org/pdf/2303.10130 

https://arxiv.org/abs/2102.02503
https://www-cdn.anthropic.com/1adf000c8f675958c2ee23805d91aaade1cd4613/responsible-scaling-policy.pdf
https://www-cdn.anthropic.com/1adf000c8f675958c2ee23805d91aaade1cd4613/responsible-scaling-policy.pdf
https://www.anthropic.com/news/predictability-and-surprise-in-large-generative-models
https://openai.com/safety/
https://cdn.openai.com/openai-preparedness-framework-beta.pdf
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Appendix



Original Turing Test

Imitation game

The game is played with a man (A), a woman (B) and an interrogator (C) 
whose gender is unimportant. The interrogator stays in a room apart 
from A and B. The objective of the interrogator is to determine which of 
the other two is the woman while the objective of both the man and the 
woman is to convince the interrogator that he/she is the woman and the 
other is not. 



Original Turing Test
Here is our explanation of Turing’s design: The crucial point seems to be that the notion of imitation figures 
more prominently in Turing’s paper than is commonly acknowledged. For one thing, the game is inherently 
about deception.

Turing: ‘if we are trying to produce an intelligent machine, and are following the human model as closely as 
we can’

1. The reader must accept it as a fact that digital computers can be constructed, and indeed have been 
constructed, according to the principles we have described, and that they can in fact mimic the actions 
of a human computer very closely (Turing, 1950, p. 438).

2. As I have explained, the problem is mainly one of programming. Advances in engineering will have 
to be made too, but it seems unlikely that these will not be adequate for the requirements (Turing, 1950, 
p. 455).

3. [The machine] may be used to help in making up its own programmes, or to predict the effect of 
alterations in its own structure.



Critique

Keith Gunderson, 1964 Mind article, ‘The Imitation 
Game’,
The imitation game is not a test of intelligence:
— because it is finite and you can win it without using 
intelligence
— thinking is a general concept and playing the IG is 
but one example of the things that intelligent entities 
do

Purtill believes that the game is 'just a battle of wits 
between the questioner and the programmer: the 
computer is non-essential' (Purtill, 1971, p. 291).

The game of imitation in a general sense concerns 
any feature: can a person distinguish X1 from X2, and 
if he cannot, does this mean that the feature is not 
significant?



Critique

1980, Searle: "Minds, brains, and programs" 
Behavioral and Brain Sciences 3, 417–457.
1989, Harnad: "Minds, Machines and Searle"
1990: Michael Dyer: "Minds, Machines, Searle and 
Harnad”
...
2000, Harnad: "Minds, Machines and Turing: The 
Indistinguishability of Indistinguishables."
2001, Harnad: "MINDS, MACHINES AND SEARLE 
2"

Stevan Harnad



Variations

❏ Total Turing Test (TTT) (Harnad, 1991) — requires the machines to respond 
to all of our inputs rather than just verbal ones.

❏ Total Total Turing Test (TTTT) — requires neuromolecular 
indistinguishability. ‘[TTTT] is as much as a scientist can ask, for the empirical 
story ends there’

❏ Kugel Test (KT) (Kugel, 1990) — play the imitation game, but do not tell the 
participants what distinguishing feature we are looking at. 

❏ Inverted Turing Test (ITT) (Watt, 1996) - naive psychology, the consistency 
of the author's "cognitive profile" 

❏ Truly Total Turing Test (TRTTT) (Schweizer, 1998) Evolutionary criteria for 
intelligence



Variations
— Winograd schema — linguistic test for logic. 
Contains textual questions about the properties of 
objects and about common everyday situations, 
where the correct answer necessarily requires 
disambiguation [Winograd 1972]. 

“If Ivan had a donkey, he would beat him."
Who beats whom?

Terry Winograd (on the right)



Variations!

❏ Minimum intelligent signal test (MIST) — a question-answer test that requires only 
“yes” / “no” answers, but on difficult questions. The machine requires knowledge, 
logic. Such a test, proposed in [McKinstry 1997], reduces the subjectivity of judging in 
the original Turing test, and also provides a metric for the "humanity" of the system's 
intelligence — that is, the proportion of correct answers;

❏ Turing test with a specialist (Subject-matter expert Turing test) — a kind of test 
with expert specialized knowledge. The correct answers should not differ from the 
answers of real experts [McCorduck 2004];

❏ Ebert test — tests for humor. The test involves speech synthesis, and it must be 
good enough to make the judges laugh at the joke of the machine [Pasternack 2011].



Variations!

❏ Minimum intelligent signal test (MIST) — a question-answer test that requires only 
“yes” / “no” answers, but on difficult questions. The machine requires knowledge, 
logic. Such a test, proposed in [McKinstry 1997], reduces the subjectivity of judging in 
the original Turing test, and also provides a metric for the "humanity" of the system's 
intelligence — that is, the proportion of correct answers;

❏ Turing test with a specialist (Subject-matter expert Turing test) — a kind of test 
with expert specialized knowledge. The correct answers should not differ from the 
answers of real experts [McCorduck 2004];

❏ Ebert test — tests for humor. The test involves speech synthesis, and it must be 
good enough to make the judges laugh at the joke of the machine [Pasternack 2011].

What can we implement: logic test, yes-no questions, specific questions, humour



If you want to talk about what a model or a simulation 

can or cannot do, first get it to run. 

(Harnad, 1989)



2022
2025



GAIA v2 Benchmark

- Unsaturated
- Uncontaminated 
- Can be general and with reasoning eval
- 1200 tasks for agents in a simulation environment 
- Good overview of different capabilities of the models already included in the 

benchmark design:
Execution
Search
Ambiguity
Noise
Time
Measuring adaptability and collaboration with user and other agents…

https://ai.meta.com/research/publications/are-scaling-up-agent-environme
nts-and-evaluations/



GAIA v2 Benchmark



GAIA v2 Benchmark





Have we 
really 
made 
much 

progress?
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So what is AI Alignment?



So what is AI Alignment?

Methods and tools to align ML 
outputs with human values of any 
kind
Intersects with:

AI Ethics
AI Safety   
Interpretability
Explainability
Robustness
…



Datasets and Benchmarks:

● ETHICS – decision-making and reasoning with 
ethics 

● HateCheck – hate speech detection
● WinoGender, WinoBias – gender bias
● CrowS-Pairs – social group bias
● StereoSet – social group bias + professions
● SaFeR Dialogues – dialogues and feedback on 

them, written with annotators
● HHH Alignment (Helpful, Honest, & Harmless)

● benchmarks BigBench и HELM include some of 
these datasets in the task selection

●
https://arxiv.org/pdf/2004.09456v1.pdf
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Incorporating values through training (different stages):

● RLHF - incorporating human feedback via the loop with reward 
model

● RLAIF - emulating human-like feedback by the LM itself
● DPO - preference classifier to generalize 
● NLPO - adding naturalness of the sequence 
● ….



Alignment Problems now
1. Undiversified value systems, little representation of different 

cultures

2. Valid applications of models are censored: models are often taught 
to simply avoid answering entire topics rather than outputting the 
correct answer. The task of value alignment is replaced by the task 
of mitigating corporate risks (“no matter what happens”).

3. Violation of software freedom according to Stallman, opposition to 
open source values: this is my LLM, my program, I will change it the 
way I want.

4. Resolvability without an open technology base: to design a quality 
alignment, you need to start with an unaligned SFT/instructional 
tune model. Without an inconsistent base, we will have nothing to 
build alignment on at all.



Jailbreaking and avoiding Alignment

1. Base Pretrain, even censored one 
(LLama 2)

2. Generate instruct dataset with no 
refusals/evasiveness

3. Instruct FT 

https://erichartford.com/uncensored-models
https://huggingface.co/datasets/cognitivecomputations/WizardLM_alpaca_evol_instruct_70k_
unfiltered 
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https://huggingface.co/datasets/cognitivecomputations/WizardLM_alpaca_evol_instruct_70k_unfiltered


Jailbreaking and avoiding Alignment

1. Base Pretrain, even censored one 
(LLama 2)

2. Generate instruct dataset with no 
refusals/evasiveness

3. Instruct FT

 Dolphin 2.5 Mixtral 8x7b 🐬

https://erichartford.com/uncensored-models
https://huggingface.co/datasets/cognitivecomputations/WizardLM_alpaca_evol_instruct_70k_
unfiltered 

https://erichartford.com/uncensored-models
https://huggingface.co/datasets/cognitivecomputations/WizardLM_alpaca_evol_instruct_70k_unfiltered
https://huggingface.co/datasets/cognitivecomputations/WizardLM_alpaca_evol_instruct_70k_unfiltered


Слайд для важной идеи, цитаты или выводаИНСТРУКЦИИ

Jailbreaking and avoiding Alignment

1. Base Pretrain, even censored one 
(LLama 2)

2. Generate instruct dataset with no 
refusals/evasiveness

3. Instruct FT

 Dolphin 2.5 Mixtral 8x7b 🐬

https://erichartford.com/uncensored-models
https://huggingface.co/datasets/cognitivecomputations/WizardLM_alpaca_evol_instruct_70k_
unfiltered 

https://erichartford.com/uncensored-models
https://huggingface.co/datasets/cognitivecomputations/WizardLM_alpaca_evol_instruct_70k_unfiltered
https://huggingface.co/datasets/cognitivecomputations/WizardLM_alpaca_evol_instruct_70k_unfiltered


Licensing and Limitations
Main OS Licenses: MIT and Apache 2.0
Also good - GPL v2

New licenses:
RAIL  Responsible AI License

Special licenses

https://the-turing-way.netlify.app/reproducible-research/lice
nsing/licensing-ml.html   

https://the-turing-way.netlify.app/reproducible-research/licensing/licensing-ml.html
https://the-turing-way.netlify.app/reproducible-research/licensing/licensing-ml.html

