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Thesis
Modern AI systems are not just static predictors. They 
are learned behavioral systems.

So, I argue that evaluation should similarly not be static, 
and moreover, should ask:

1. What behavior(s) is/are present?
2. Is it stable?
3. Is it causally meaningful?
4. Moreover, can we design learning algorithms to 

shape it?

In this work, we take the research approach of Wallach et al. 2025.

We follow the position outlined by Rahwan et 
al. 2019, that machine behavior is a 
interdisciplinary field of scientific study worthy 
of study in order to ensure machine behavior is 
aligned with the goals of society.



Why “machine behavior”?
AI systems now reason, sample, revise, act, and 
mediate institutions.

Benchmarking, while a great way to capture 
average model performance, fails to sufficiently 
evaluate the diversity of model behavior. And, 
we need behavioral evaluation for: 

● Exploration: what alternatives does the system 
consider?

● Stability: does behavior persist across prompts, 
samples, and seeds?

● Alignment: do observed behaviors match human 
and institutional needs?

Sutton & Barto 2018 

Rahwan et al. 2019.



Machine Behavior → Cognitive science connection

Human insight is often framed as restructuring 
a problem representation.

But for models, we need to distinguish:

● behavioral resemblance,
● functional equivalence,
● internal mechanism,
● causal contribution to performance.

Griffiths et al. 2009.

Binz & Schulz 2023



Overview: A Tale of Two Papers
(This analogy makes sense because we are going to look at two very different ways to study machine behavior that are two reflections of the same task.) 



Aha Paper: One “So What” – Compelling Stories vs 
Quantifiable Narratives
Qualitative story-telling about/ hand-selected examples of model behavior is narratively seductive.

Guo et al. 2025.

But, using one-off exemplars to 
define the “emergent” capabilities of 
models is neither scientific nor 
consistent with actual model 
behavior.* 

*I recognize the inherent irony of my qualitatively 
exemplifying the problem of “qualitatively 
exemplifying” in machine behavior. Let’s not get too 
“inception”-y / meta about it?



Behavioral Claims as Measurement Claims

A claim like “the model had an Aha moment” is not just descriptive.
 It implies a causal and measurement structure.

For each behavioral claim, we need:

● Construct: what behavior are we claiming exists?
● Operationalization: what observable pattern counts?
● Comparison: compared to what baseline?
● Alternative explanations: prompting, sampling, optimization, difficulty, or interpretation?
● Estimand: what effect are we actually trying to measure?

Wallach et al. 2025; Huntington-Klein 2021; Messeri & Crockett 2024.



Case study: “Aha!” Moments (d’Aliberti & Ribeiro; 2026)

Central question: Do reasoning models exhibit intrinsic “Aha!” moments?

Following Wallach et al. 2025, we aim to carry out rigorous evaluation of the behavior through systemization, 
operationalization, application, and interrogation. 

Definition / Systemization

Idea comes from psychology / study of “Eureka 
Moments” - Jones 2003, Kohler 1921, which we 
formalize for study in LLMs as:

1. At all earlier model checkpoints, the model 
failed on the problem.

2. Earlier checkpoints of the model did not 
show evidence of mid-trace shifts.

3. The current checkpoint does show:
a. A detectable shift
b. Correct output

Background Conceptualization



So What? – Why Does This Behavior Matter?

If a model can reliably reconsider mid-inference, that matters for alignment: it changes 
how we think about monitoring, self-correction, strategic behavior, and whether traces are 
faithful evidence of internal computation.

Additionally, if in training a model is able to reconsider its position, then work using RL 
Alignment would be intractable / made much more difficult. The model could be learning 
to “fake” its position.

Concern: Traces can create the illusion of understanding (Messeri & Crockett; 2024)



Others Work in the Space – Liu et al.; 2025 (Base Model Analysis )



Others Work in the Space – Illusion of Thinking (Apple Paper); Trained Model Analysis



Our Direction
Perhaps Reasoning / “Aha” is not achievable in inference, but…  

Maybe “Aha” Moments take place during the finetuning / learning 
process? This would make sense, as humans exhibit moments of insight 
during learning rather than either before or after the learning experience.

Why this is hard:

1. No access to intermediate fine-tuned weights for DeepSeek-R1/ OpenAI Models.
2. Definitely not enough compute to re-finetune.
3. How do we separate the LLM from the deployed product / operational system?



Our Method of Study

1. Look at Intermediate Performance fine-tuning smaller LLMs. Smaller open models give us an instrumented 
testbed: we can inspect intermediate checkpoints, vary temperature, and test whether the claimed behavior 
appears under controlled training conditions.

2. Evaluate final performance on the same validation sets on large models.



Need Intermediate Checkpoints

We finetune 2 architectures:

1. Qwen Family (base for DeepSeek-R1)
2. Llama Family (U.S. trained base 

model by Facebook) 

At 2 scale sizes:

1. 1.5B Base
2. 7/8B Base 

Take Checkpoints every 50 optimizer steps



Example Template

And we keep a highly minimal reward 
template (to avoid discussions about 
rewarding).

Model received 1 if:
1. Formatted Correctly
2. Correct Answer

Model receives 0 otherwise



And… Eval over the Same Set of Questions per Domain
1. Only a handful of examples of “Formal Aha 

Moments” (per described definition).
2. But, broader evidence of reasoning shifts – i.e. 

Moments like “Wait, Wait”. This finding mirrors 
research findings of Liu et al:

So, adopting a loose definition (for experimental 
tractibility) we find:

Result 1: shifts are rare

Result 2: shifts usually do not help



We Note the Same Final Patterns in Deployed Models 
(Mirroring Apple’s Findings)



And Holds Across Different Definitions of “Reasoning Shift”



Moreover, no pattern variation across training steps.

No pattern of changing rates of “Reasoning 
Shifts”, but… notable variation with model 
temperature during inference.

But, across our domains the same base 
model at different temperatures behaves 
quite differently. Perhaps there is an impact 
surrounding model uncertainty?



Temperature as a Proxy for Uncertainty

We measure the uncertainty of the 
model (via entropy per token) to 
determine whether there is a 
relationship between uncertainty and 
reasoning shifts… and again, mixed 
results. 



But certainly not helpful

When we’re most uncertain, a “wait, wait” should not be 
treated as an indicator that the model has finally figured 
“something out” – and yet, this is likely not the case.

It is “pattern matching”, mimicking the way humans 
discuss coming up / being on the cusp of something – 
rather than genuinely “being on the cusp of something”.



So where does this leave us?

Perhaps, for items on the “cusp” of 
getting it right – simply asking again 
(and showing what didn’t work) will 
result in the model getting it right.

I.e. The model contains the core 
understanding, but it did not surface 
in this particular trace.

Result 3: uncertainty matters, but differently

Externally triggered reconsideration does help, 
especially in high-uncertainty cases.



We Find Substantial Gains in “Re-Asking”

That’s great – re-asking when the model does know, but isn’t correct is a great strategy. 
However, certainly not scalable / useful for the goal of obtaining new knowledge.

A trace that looks like insight is not enough evidence for intrinsic self-correction.

Self-consistency shows that sampling multiple reasoning paths can improve chain-of-thought performance. (Wang et 
al.; 2023)

Our Aha results suggest a related but different lesson:

The useful object may not be a spontaneous mid-trace revelation, but a distribution over candidate solutions 
under uncertainty.



Shifting Gears: From insight to stability

The “Aha!” paper asks:

Is this behavior really present?

My second work on Behavior-Consistent Deep Reinforcement 
Learning (Hussing et al.) asks:

Even when performance is good, is behavior stable?

Same measurement philosophy, different learned agents.



Problem in RL

Standard RL asks for high expected return.

But two runs can get similar return while 
learning different behaviors:

● different gaits,
● different recovery strategies,
● different failure modes,
● different deployment risks.

RL algorithms are notoriously brittle. Even when we use the 
same algorithm in the same environment, independent runs 
can produce dramatically different behavior. This makes it 
hard to audit, compare, and reliably update learned policies.

Henderson et al. 2018



We Propose an Algorithmic Solution to the Problem

In Behavior-Consistent Deep RL, we study consistency in continuous state-action spaces, such as those that arise in 
robotics. The goal is to make independent training runs produce behaviorally similar policies, not just high-performing 
ones.



Core Challenge & MaxEnt Solution
The core challenge is that, during training, two independent runs cannot directly compare their learned policies. Each run only has 
access to its own data, critics, and policy. So we need a signal within a single run that predicts when executions may diverge.

Our main observation is that maximum-entropy RL already gives us a mechanism for controlling this divergence. Entropy regularization 
anchors policies toward a shared prior, which can reduce the space of behaviors discovered across independent runs.

To prove, take Reinforcement Learning with Deep Energy-Based Policies proof for Soft Bellman Equation and Soft Value Iteration & select alpha != 1 shows 
per-state bounded q function. Which then can be used to show the regular bounded relationship between q function and actor policy via boltzmann.



Single Agent Critic Disagreement Lends itself to Cross-Agent 
Behavioral Similarity 

QED uses disagreement between two critics in a single 
training run as a practical proxy for the disagreement that 
would be observed between independently trained runs. In 
particular, we argue that if the disagreement between the 
two critics is representative of cross-run disagreement 
initially, the distribution from which we sample our data 
stays continuously close as we ensure our policies stay 
close.

 This suggests that tasks where the two critics disagree 
(early in training) strongly correlates (R2 = 0.77) with 
evaluation Q1 dispersion after training, which supports our 
use of in-run Q-function disagreement as a practical proxy 
for cross-seed variability.



So Why Not Increase Entropy Forever?
But simply increasing entropy is not enough. Too much entropy can hurt optimization and amplify off-policy error, especially 
when the critic is queried on actions that are poorly supported by the data.

Theory shows that if we set alpha high 
enough, divergence between two q 
functions should be small. 

However, in practice, given we don’t have 
perfect data – high entropy risks 
amplifying off-policy extrapolation error. 

So, in practice, we don’t want to grow 
entropy forever.



Q-value Expectile Disagreement (QED)
QED uses critic disagreement per-state as a proxy for likely behavioral 
divergence. When disagreement is high, QED raises temperature and 
keeps the policy exploratory and consistent. When disagreement is low, 
the policy can specialize.

On standard benchmarks, QED reduces policy divergence across 
independent runs by up to two orders of magnitude while maintaining 
competitive performance.

In this process, we take inspiration 
from Lieder & Griffiths, 2020



From Proof to Experimentation

We take the trained MAD-SAC policies and roll them out 
for 20 evaluation trajectories of 100 steps. In each task, we 
compute the pairwise (L2) action distance between all 
policies trained on that task at every step. We report the 
cumulative distance over all steps and take the mean over 
all environments. 

Figure shows that QED produces a large drop in action 
distance, providing quantitative evidence that lower KL is 
not merely due to higher-variance action distributions but 
rather because the distribution means are closer in 
aggregate.



From Proof to Experimentation

Stability in the highly variable DM-Control 
hopper_hop task. Across various state-of-the-art 
algorithms, the return variance on this task is very 
high and reported mean performance ranges from 
250-500 with confidence intervals often half as large 
as the mean returns over a few trials (D’Oro et al., 
2023; Lee et al., 2025; Palenicek et al., 2026). 

An interesting phenomenon occurs when the QED 
constraint is strong enough at k = 0.2, as all runs 
converge to an identical behavior. This suggests that 
QED shapes exploration, with stronger constraints 
aligning executions in policy space.



Connecting the Two Projects

Both projects reject “average score only” evaluation

Project Behavioral claim Measurement move

Aha moments models self-correct 
intrinsically

operationalize shift + test 
causal benefit

Behavior-consis
tent RL

agents learn stable 
behavior

measure cross-run policy 
divergence

Alignment implication: Alignment is not only “did the model satisfy the benchmark?”

It is also:

● whose behavior is represented,
● whose behavior is flattened,
● whether the system is stable under institutional use,
● whether our measurements create illusions of capability.

Wang, Morgenstern & Dickerson 2025; Messeri & Crockett 2024.



So – what? We propose a Science / Measurement of Learned Machine 
Behavior.

1. Construct validity: define the behavior before interpreting it.
2. Stability: test whether behavior survives prompts, samples, and seeds.
3. Design: build learning algorithms that make desirable behavior reliable.

Final line:

The goal is not to deny interesting machine behavior.
 The goal is to tell the difference between behavior, artifact, and story.

Future works will attempt to practice this science and final PhD presentation will be a 
set of measurement techniques / practices to standardize the measurement of how 
machines behave.



Dissertation Arc – What you will See in 3 Years

My dissertation asks how to measure and shape learned machine behavior.

● Reasoning models: measure apparent insight.
● Classic RL agents: stabilize behavior across runs.
● LLM fine-tuning: design exploration at the right behavioral level.
● Alignment: connect behavioral measurement to human and institutional 

consequences.

Four different types of modelling, four different ways to evaluate behavior, the connected 
thread of measurement and algorithmic design. 



Backup Material: Source Map

Machine behavior / measurement
● Rahwan et al. 2019
● Wallach et al. 2025
● Huntington-Klein 2021
● Messeri & Crockett 2024

Reasoning models
● Wang et al. 2023
● Binz & Schulz 2023
● Hochlehnert et al. 2025
● Liu et al. 2025
● Apple “Illusion of Thinking”

Reinforcement learning / stability
● Sutton & Barto 2018
● Henderson et al. 2018
● Lieder & Griffiths 2020

Human cognition / formal modeling
● Griffiths et al. 2009
● Köhler 1921
● Jones 2003

Alignment / social consequences
● Wang, Morgenstern & Dickerson 2025
● Messeri & Crockett 2024


