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The model you use is not the model that
was pretrained.



A pretrained model continues text.

USER MODEL
How do | estimate the causal effect of a — " How do | estimate the causal effect of a
minimum-wage increase? minimum-wage decrease?

How do | do a DiD study?
How do | make sense of this mortal coil?

A plausible continuation is not necessarily
a useful response.



Pretraining learns a distribution over text.

T One generic objective

min E._p Z —log mo(xs | T<4)

0 t—=1 Trillions of tokens

Result: broad knowledge and capabillities
without a reliable user interface.



Post-training turns a base model into a useful behavioral policy.

BASE MODEL POST-TRAINING DEPLOYABLE MODEL
broad capabilities reliable behavior

A family of training stages after base
pretraining that shape what the model
does in practice.



Post-training has several goals.

Interface follow instructions, use chat formats, call tools
Capability reason, code, browse, execute long-horizon tasks
Preference be helpful, concise, calibrated, stylistically appropriate
Safety refuse harmful requests without refusing harmless ones

Product obey latency, cost, reliability, and domain constraints



BASE CHECKPOINT INSTRUCT CHECKPOINT

REASONING CHECKPOINT

Write a plausible

continuation Answer the user helpfully

Think deeply, try multiple
paths, call tools, etc.

Post-training changes the probability of
already latent behavior and can build*
new behavioral routines.




A useful (but imperfect) training lifecycle.

PRE-TRAINING MID-TRAINING POST-TRAINING
Learn broadly from massive Continue learning on Shape behavior with
corpora targeted corpora targeted feedback

The boundaries are conventions;
objectives and datasets can blur across
stages.



The stages differ mainly in data, scale, and behavioral specificity.

Pre-training Mid-training Post-training

Data Web-scale text, Targeted domain or Demos, preferences,
code, images capability corpora rewards, environments
Typical scale Trillions of tokens Billions—trillions Millions—Dbillions
; How well-primed is the .. .
Signal What text occurs? . What behavior is desired?
model for post-training?
Output Base model Stronger base Deployable model



Post-training and alignment answer different questions.

POST-TRAINING
When in the lifecycle?

Most alignment happens Iin post-training.

ALIGNMENT

Behavior aligned to what
objective?

Not all post-training is alignment.
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The basic object is a policy over responses.

mo(y | )

[ context x } > [ model J > [ response y }

Post-training changes which responses
are probable in which contexts.
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The post-training stack we will discuss today.

O & & O G

SET Offline Online RLVR and Distillation
Post-training Post-training Environments

imitate compare explore verify transfer

World
Adaptation

anticipate
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Supervised Fine-Tuning

Teach by showing.
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SFT turns desired behavior into demonstrations.

/ PROMPT x

Summarize this regression result
for a policymaker:

8=0.12, SE =0.09

o

~

/

/DESIRED RESPONSE yx
The estimated effect is positive, but the

confidence interval includes zero, so the

evidence is inconclusive.

\_

~

/

Teach the model what a good response looks like.
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A large part of SFT is instruction-following.

Finetune on many tasks (“instruction-tuning”)

= i ~
| Input (Commonsense Reasoning) Input (Translation)
Here is a goal: Get a cool sleep on Translate this sentence to mference on unseen task type

summer days. Spanish: | Input (Natural Language Inference) S FT O n m a n y ta S kS ’

How would you accomplish this goal? The new office building e .
OPTIONS: was built in less than three s YU b B

CETON e || have leamt one lesson. each phrased as an

- . : - Hypothesis: It's not certain how many
-Keep stack of pillow cases in oven. Target

Target El nuevo edificio de oficinas I SR ( i n Stru Cti O n ) fo I I OW-

Does the premise entail the hypothesis?
keep stack of pillow cases in fridge se construyd en tres meses. OPTIONS:

-yes [ -itis not possible to tell | [-no | th rO u g h ) pa i r.

FLAN Response

ItisnotpossibletoteI! ThiS generalizes to

instructions for
GPT-3 175B zero shot [l GPT-3 175B few-shot [l FLAN 137B zero-shot u nseen taSk types .

Performance
on unseen
task types

Natural language inference  Reading Comprehension Closed-Book QA

Sentiment analysis tasks

Coreference resolution tasks |
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The demonstration is not limited to the final output.

/ INSTRUCTION \

x Explain why clustered
standard errors may be
needed.

y* QObservations within a

correlated errors...

cluster may have

CODE

X Write Python to

estimate a two-way fixed-
effects model.

y% import
statsmodels.formula.api as

Cnf /

TOOL USE

-~

~

x Find the latest CPI
release.

CPI latest"})

\

yx search({"query": "BLS

/
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SFT uses the same machinery as pretraining.

> —logmo(y; | 2,y%,)

-

next tokens from broad corpora

T
meln C (2,y%)~D
t=1
4 )
PRETRAINING

-

-

SFT
next tokens from demonstrations

17



We usually compute loss only on the assistant response.

CONTEXT: LOSS MASK = 0 TARGET: LOSS MASK = 1
[SYSTEMJ { You are helpful. J {USER} { ES”eszft lE } {ASSISTANT} { The estimate is.. 1
0 0 0 0 0 11 1 ...
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SFT data comes from several sources.

HUMAN EXPERTS

write or edit
demonstrations

- )

.

EXISTING DATA

reformat tasks as
instructions

)

TEACHER MODELS

generate synthetic
responses

- /

CURRENT POLICY

sample, score,
and filter

- /

CURATED TRAINING MIXTURE

19



Synthetic data can bootstrap instruction-following.

175 seed tasks with
1 instruction and
1 instance per task

Step 4: Filtering

Step 2: Classification

Task Pool Step 1: Instruction Generation Task Identification
— -
LM . B
Instruction : Give me a quote from a LM
famous person on this topic.
Step 3: Instance Generation d
B . . . = Yes
Instruction : Find out if the given text is in favor of or against abortion. L.
| -
Class Label: Pro-abortion ‘
Input: Text: I believe that women should have the right to choose whether or not Output-first LM
they want to have an abortion. '
Instruction : Give me a quote from a famous person on this topic. w No
Input: Topic: The importance of being honest. -
Output: "Honesty is the first chapter in the book of wisdom." - Thomas Jefferson Input-first

20



Compared to pretraining, data quality matters more for SFT.

-—
—
~—

L A e

Generation Quality
>

Generation Quality

e
=

&o
)

wikiHow Unfiltered Filtered 2K 4K 8K 16K 32K
Stack Exchange Stack Exchange # Training Examples
quality + diversity 16x more examples; no measured gain

Not a universal scaling law!
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Modern demonstrations are trajectories, not just answers.

/
USER

~

Get the
latest

jobless rate.

o

-

PLAN

~

o

Use an
official
source.

)

4 )
TOOL CALL

search("BLS
jobs")

- )

-

OBSERVE

~

o

Latest rate,
month,
revisions

)

4 N

CHECK

Verify month
and
definition.

- )

SFT can imitate an entire workflow.

4 N

FINAL

Answer with
source and
caveat.

- )
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SFT is powerful, but fundamentally imitative.

-

WHAT IT DOES

raises the probability of desired
responses

teaches formats and behavioral
routines

creates a stable user interface

~

/

WHAT IT DOES NOT DO

which valid option of n possible
options is better

how costly a mistake is

what happens under its own
mistakes

~

/
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Demonstrations leave information on the table.

/RESPONSE A

The policy had no statistically
significant effect.

o

~

/

preferred

R

/RESPONSE B

The point estimate is positive, but
uncertainty is large enough to
include zero.

\_

~

/

Can we learn from comparisons instead?

Next: offline preference optimization
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Offline Preference Optimization

Learn by comparing.
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Offline means the policy trains on a fixed dataset.

/—%

RESPONSES

not sampled from
current policy

- /

%

FEEDBACK

human or Al labels

o /

%

POLICY UPDATE

many gradient
steps

- /

Data can come from anywhere; no need to sample

from the current policy.
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Preference data says which response wins.

L PROMPT Explain what this confidence interval implies. }

-

REJECTED RESPONSE

~

o

The effect is statistically significant
because the point estimate is
positive.

)

preferred

—)

-

PREFERRED RESPONSE

~

o

The interval includes zero, so the
data do not reject a zero effect.

/

One record: [prompt x, winner y,,, loser y;]
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We can turn naturally occurring data into offline preferences.

TECHCRUNCH ¢ FEBRUARY 22, 2024

maskacademia 6\ Reddit’s data-licensing deals total $203M
Aggregate value; 2—3 year terms. (Reddit S-1)

How should | negotiate a
salary offer? 4 I

A 143 385K 18 COLLECTIVE
/u/SuperHans

Threaten to walk away. pairwise diverse rather than one
A 27 comparisons subject areas annotator

\/U/Mark_Corrigan \_ -

Try not to make eye contact.

SHP was the only dataset from academia used to post-train Meta’s
LlamaZ2 (first major post-trained model to be open-weight).
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Canonically, preferences are assumed to arise from a
Bradley-Terry model of human utility.

min Lry(¢p) = — @(w,yw,yl)ND[IOg o(re(T, Yyw) — To(T,Y1))]

] P

[ reward model parameters ] [ preferred output’s reward ] [ dispreferred output’s reward ]

29



Classic: learn a reward model from human feedback (RLHF),
then optimize the policy to maximize expected reward.

-

o

PREFERENCES

winner + loser

\

)

4 )
REWARD MODEL

scalar score

4 N
OPTIMIZE

maximize

o )

expected reward

4 )
ALIGNED POLICY

response

distribution

o )

Two learned models, two training stages.
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Direct Preference Optimization removes the explicit reward-
model stage.

Reward Maximization

{ preferences ] { reward model ] {maximize rewards] [ policy ]

DPO

[ preferences } E— [ policy }

In theory, minimizing the DPO loss recovers the same optimal
model as the classical approach.

31



DPQO optimizes a relative likelihood margin.

mein Lpro (‘9) — _E(w,yw,yz)ND [log o (5

o

PREFERRED

relative likelihood 1

meLLcL‘c rewarol

To(Yuw | T)

log
Tref (Y | T)

— Blog

Tref = Mg at the start

J

\_

\
REJECTED

relative likelihood |
J

mo(y1 | )

71'ref(yl | CU)

)

REFERENCE

B controls drift

32



Most offline pairwise objectives share this structure.

-~

DPO

~

\_

logistic relative
margin

/

-

IPO

~

o

squared target
margin

)

4 N

SimPO

length-normalized;

no reference
\ /

4 N

ORPO

SFT plus an odds-
ratio margin

/

33



Pairwise objectives also share pathologies.

LOG-LIKELIHOOD

‘N.

rejected

training —

Likelihood Displacement

34



KTO learns from outcomes instead of paired comparisons.

-

DESIRABLE

Helpful answer

~

~F

UNDESIRABLE

Hallucinated citation

Each response is judged
separately.

Implicit in the loss is a prospect theoretic
utility function.

losses

reference point

35



KTO optimizes reference-dependent utility.

mein EKTO (0) — ]E(a:,y)wp[)\y — 'Ug(w, y)]

Apo(Blre(w,y) — 20]), ydesirable

vg(T,y) = {

Avo(Blzo —re(z,y)]), yundesirable

mo(y | x)
Tret(Y | T) ,

ro(x,y) = log 20 = Bo[Dxr(mo(- | ) || ret (- | )]

4+ desirable — log- . undesirable — log- Zo policy-wide
likelihood up likelihood down reference point
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SFT supplies the absolute anchor that paired objectives lack.

/ PAIRED OBJECTIVE \ / KTO \
LBASEMSFTJ [DPOJ {BASEJ-[ kTo J

First make preferred responses
probable; then optimize the relative
margin, even if both probabilities fall.

\ SFT must come first. / \ No SFT prerequisite. /

37

Desirable labels push likelihood up;
undesirable labels push it down.




Feedback format determines what the objective can learn.

SFT DPO KTO
record prompt + target prompt + winner + loser = prompt + response + label
signal exact target relative winner desirable / undesirable
absolute anchor yes no yes
SFT warm start — required not required

But all three are offline: none of them enable exploration.

Next: online post-training
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Online Post-Training

Learn by exploring.

39



-

OFFLINE

~

\_

A frozen dataset contains
responses sampled earlier.

The policy only learns.

/

ONLINE

4 N

The current policy generates fresh
responses.

The policy explores and learns.

-

/

The training distribution now moves with
the model.

40



Online learning is a loop.

-

.

PROMPTS

x ~ D

\

J

-

N

CURRENT
POLICY

mo(- | 2)

~

J

r

/

-

ROLLOUTS

y~ my(- | )

~

J

reward can come
from awawhere!

4 )
REWARD

R(z,y)

- J

-

N

UPDATE

0e0+n€9\J

~

J

new policy — new rollouts — new training distribution

41



The canonical objective is to maximize expected reward
while staying close to a reference model.

PENALTY FORM

mgaX J(0) = Kz, y~rr(-|2) R(x,y)] — BEp|Dxr(mo(- | @) || mret (- | 2))]

CONSTRAINED OPTIMIZATION VIEW

max E[R(z,y)] s.t. Dxp(mg || met) <9

In practice, we may use heuristics
to keep the divergence smaill.
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REINFORCE turns reward into a gradient.

VoJ(6) = Eq,yor, [ R(@, y) — b(@)) Vologma(y | )]

4 )
HIGH REWARD
increase its
Al@,y) >0 | likelihood
\ J

advantage A(x,y)

4 )
BASELINE
- little or no
Ala,y) =0 update
- /

-

LOW REWARD

~

decrease its
A@,y) <0 | likelihood

o

J
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PPO is REINFORCE plus a learned value estimator (aka
critic) and a conservative update rule.

max Ity [min (Pt(‘g);l\tv clip(p(0), 1 — &, 1 + 6)2’5)]

0
4 ™ ) 4 ~ ) (. )
pis = Weid A, clip(ps, 1 —e,1+¢)
how far the policy whether the action beat asymmetrically ignore
moved after rollout the baseline large probability changes
N J U o \ZEEP Y hanses)
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Clipping is a one-sided brake.

~ LCLIP

A>0

LCLIP

-

o

~
A(z,y) >0
careful about rewarding
big winners
\
A(z,y) <0
punish big losers
J

45



PPO needs a critic; GRPO replaces it with a group.

extra learned value model

s N
Reference

PPO | Model

i Reward
@_{ Policy | Model |

Model  Value ) -
Model | v

KL \ Frozen
Reference Models
r Group A,
7| Computation

Model
Reward
Model

within-prompt baseline
~ 7y —mean(ry,...,7q)
P std(rq,...,rq) + €

J N\

Trained
Models

GRPO
(o M i Lo

46



GRPO keeps PPQO's update but drops its critic.

max K

GROUP

G
{y’i }izl ~ T4
\

J

ADVANTAGE

-

=
S, + €

J

N

PPO CORE

o

Pit —
T o1a

J

ANCHOR

Dxr(7g || ret)
\

J

No value network means less memory and better low-level

optimization for throughput.
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GRPO variants target different optimization pathologies.

Dr. GRPO

\_

removes length
and reward-std
normalization

/

DAPO

decoupled clipping,
dynamic sampling,

length-aware

K rewards /

GSPO

\_

sequence-level

and clipping

importance ratios

)

48



In practice, most rewards are sequence-level: token-level

credit assignment largely does not work well.

[ First, } [compute} the [elasticity} @ L therefore J LR(y)

T
logmg(y | ) = Zlogﬁe(yt |z, y<t)

t=1

SPARSE FEEDBACK

reward often arrives only
at the end

\

J

4 )
The same outcome-weight

touches every token.
- J
) 4 )

LONG HORIZON HIGH VARIANCE

many choices precede the good and bad steps move

outcome ) \_ together )

49



REINFORCE,

baseline

extra learned
model

update constraint

rollouts per
prompt

main tradeoff

PPO, and GRPO share a policy-gradient core.

none / simple learned critic group mean + std
no yes (critic) no
none PPO clipping PPO clipping
one or more one or more a group
simple; high variance stable; model-heavy critic-free; sample-heavy

Next: what produces the reward and when can we trust it?

50



Rewards & Environments

Learning in sandboxes.

51



We can only optimize what we can see.

-

WANTED

~

\_

Correctness
Helpfulness
Safety
Long-run value

/

/ MEASURED \

Human feedback
Unit tests (code)
Self-evaluation
Observed outcomes

- /

/ LEARNED \

Behavior that
Increases
the measured
reward.

- /

Post-training is a principal-agent problem with an extremely

capable agent.
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Reward signals differ in verifiability and grindability.

fast,
repeatable
feedback

GRINDABILITY

slow, lumpy
feedback

1

[ CS papers ]

[ Econ papers ]

sotes |

[Clinical care]

cong |

[Formal proofs]

hard to check if correct

VERIFIABILITY

=)

easy to check if correct

53



Verifiability changes the economics of feedback.

PROGRAMMATIC LEARNED VERIFIER HUMAN / REAL WORLD

marginal cost near zero low high
latency milliseconds seconds days to years
attempts millions many few
main risk missing tests proxy hacking noise, liability, ...

A cheap verifier turns inference compute into training data.
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RL with verifiable rewards (RLVR) replaces the classic
reward model with a checker.

0

4 N

FAST REWARDS

The reward comes from a
program, rule, or

simulator.

- )

/

BINARY IS ENOUGH

\

o

A pass/fail signal can
rank many sampled
responses.

)

max Em,\,p, yroro(-|z) [v(a:,y)] — BEm[DKL(ﬂ'H(‘ | 33) H 7Tref(° | w))]a

v(z,y) € {0,1}

-

SAME RL CORE

~

\_

REINFORCE, PPO, and
GRPO can all use these
rewards.

)

95



RLVR made post-training more predictable and valuable.
Programming is high ROI and has positive spillover.

ONE PROMPT MANY ROLLOUTS CHEAP VERIFIER POLICY UPDATE
hard math / * * tests every AL
_ what
coding task attempt

passed
@1
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RLVR scales more predictably than RLHF.

RLVR | Verifiable reward

Validation perf., Scaling RL Compute

0.76 o .
0.721 */*  training pomtls. . PRI
—_ X[ % extended training pomgé;(z&-- x
o 0.68 / fi o8t
- = itted curve L)
9 0.641 4. extrapolated. curve SRR
o 0-60
2 0.56
2052
©
—
wn 0.48
©
o 0.44 e ScaleRL-8B Dense
ScaleRL-17Bx16 MoE
0.40
1 2 4 8 16 32 64 128

GPU Hours x 103 (log scale)

Early fits predict the later 100,000-GPU-
hour run.

RLHF | Learned proxy reward

50.5

50.0

S
w
wn

A
©w
o

A
©
o

I
.
n

Average Accuracy
&
9}

A Reward-9B
A Reward-32B
A Reward-200B

20 21 22 23 24
num_responses per prompt

I
N
o

More sampled responses help but
quickly plateau.
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Optimization pressure exposes every gap between proxy

reward and goal.

score

_ proxy
best stopping reward
point
true value

optimization pressure

EARLY

The proxy can be used to get
genuinely better behavior.

-
/

LATER

AN

The policy discovers blind spots in
the proxy.

o
-

-

TOO FAR

AN

Measured reward rises while actual
quality falls.

J
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Process rewards promise better credit assignment but
remain uncommon at frontier scale (as far as we know).
OUTCOME

o ) [ ) [omon o [oa ) [Fomn

R=1
one label — ambiguous blame

o ) [ ) [omon o [oa ) [(omn

+.1 +.2 -1 +.3 +.5
many labels — stronger assumptions

PROCESS
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Modern systems combine rewards rather than choosing one.

R = vaveriﬁer + errubric + w jRjudge + thhuman

/ VERIFIER \
tests, exact
answers,

K constraints /

-

RUBRIC

~

-

create a checklist
for soft attributes

/

4 N

JUDGE

learned model
scores open-ended

9 quality p

4 N

HUMAN

audits, escalations,

real outcomes
\ J
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TR s

Home |Insert Formulas Data
Open the sales fx =SUMIFS(C:C, A:A, A2, B:B, B2) v correct totals
workbook.
A B C D v right quarters
Create a summary 1 Region Quarter Revenue Check
sheet with 5 East Q1 $1.24M Y v formulas used
S ETEE 3 East Q2  $1.31M v, |
by region. v file opens
4 West Q1 $0.98M V4
Save the finished >  West Q2 $1.12M 4
fil REWARD
Ie. Raw Data Summary
0.92
k / click « type « formulas * sheets K /

An RL environment is a sandbox: task + data + interface + tests.
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A useful environment must do a lot.

4 N

REALISTIC STATE

The files, apps, people,
and latent facts the task

requires.

o
-

)
\

SIMULATOR

World and user responses

4 N

TOOLS

APls and interfaces with
realistic permissions and

to the agent’s actions.
J

-

failure modes.
\

-

J
\

VERIFIER

Outcome checks that
resist shortcuts and partial

-

TASK GENERATOR

~

compliance.
- /

o

Fresh problems at the
policy’s current frontier.

)

-

REPRODUCIBILITY

~

-

Reproducible starting
states and contained side
effects.

)
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The bottleneck is shifting from examples to environments.

/ PRE-TRAINING \ / SFT + PREFERENCES \ / AGENTIC RL \

_ Curate examples and Design realistic
Collect any and all text; . _ . . .
uantity > quality judgments: quality > environments and grind
: ' quantity. away at them.

\_ AN AN /

Next: how do we transfer efficiently from one policy to another?
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On-Policy Distillation

Learn from your own mistakes.
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Offline distillation = SFT of a student model on a teacher
model’s trajectories.

teacher trajectory . x 3 [equals] 6 . . get 11

20% 80% 95% 40% 99% 99% 30% 40% 50% 95%

student's conditional per-token probability

(z,yT)

Z log 7r9 | :c,yzt)]

II10111 Lot (0
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If a student just imitates a teacher, it does not learn how to
recover from its mistakes.

TRAINING DATA: TEACHER PATH

[ prompt ] [ good step } [ good step } [ good step } [ answer }

one deviation

DEPLOYMENT: STUDENT RATH

unseen error
[ prompt ] [good step] —) [small error] ‘[ prefix ] = {compounds}

66



On-policy distillation asks the teacher about the student’s

mistakes.

student trajectory @ + .. 7 7 x 3 is 21

80% 90%

40%

4 N
STUDENT ROLLOUT

Generate the trajectory the
student would actually

\_ produce. )

80% 5%

15% 99% 99% 40%

99% 70% 99% 99%

teacher’s conditional per-token probability

TEACHER SCORE

N

distribution along that
trajectory.

Evaluate every next-token

J

-

STUDENT UPDATE

~

Move toward the teacher

-

at the states the student
visits.

)
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The formal objective is to make the student and teacher
distributions identical.

T
min Lopp(0) = Eg, yor(2) ZDKL(M(' | s¢) [[7r(- | s¢))

4 N

ON-POLICY STATES

y ~ mo(- | x)

The student chooses
\ which prefixes matter. /

t=1

-

\

DENSE REWARD

WT(yt \ St)

r: = log
mo(ys | St)

every token.

~

DPO/KTO-like log ratio, now at

/

4 N

CORRECTION

Dx1.(mg || mT)

Simplifies to a KL
@ivergence for each prefix/

68



A wrong rollout can still contain useful training signal.

Prompt: Ice cubes are added to a hot frying pan. How many remain after three minutes?

-~

STUDENT ROLLOUT

~

[ Assume the cubes do not melt. }

o

4+5+11 =20

Final answer: 20

/

/

The key error begins here:

TEACHER SIGNAL \

assume

cubes

do

The final answer is predictable once

the model adopts the wrong
premise.

-

/

RLVR says ‘wrong.” OPD helps identify ‘where’.
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3)

6

I

8

9

reward arrives once, after the rollout

A

A

A

10

teacher helps score every visited prefix

RLVR 1 2 3 4
OPD |aA|la||A||A
[ MORESIGNAL

Credit arrives

\ throughout the rollout. )

LOWER VARIANCE

Many token-level corrections

.

stabilize learning. y

LESS SEARCH

Copy a discovered strategy

\lnstead of rediscovering |ty

70



Once RL finds a policy, OPD can copy it much faster.

[ In this experiment: 7-10x fewer gradient steps; 50-100% less compute.

Accuracy

30% -

28% -

26% 1

24%

22% -

20% -

Self-distillation: Qwen3-8B-Base on DeepMath

Sampling eval: AIME24

0 20 40 60 80 100

Step

KL(rTe || Mteacher)

.14 -
12 -
.10 1
.08 -
.06 -
.04 -
.02 -
.00 - |

Training eval: reverse KL vs teacher

== RL (LORA rank 128)
Distill (LoRA rank = 1)
Distill (LoRA rank = 32)

== Dijstill (LORA rank = 128)

5 10 15 20 25
Step
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OPSD uses the student as its own teacher by giving it
privileged information.

construct wo ) Qn-Policy Self - Distillation

prompts for the

same LLM
i Student Prompt Teacher Prompt Learning Objective
Dataset Sample x only z and y*
S={(z,y")} (z,y7) ~ S | | Per-Token Divergence
- > Student Policy Teacher Policy D ) * g . en
zProblem ps(12) =m0 1) pr(|=,y") = pol- | 2,") (oxC 12 i) st | o)
| Y™ CoT + Answer | . )
_______ J On-Policy Evaluate with
l Sample i privileged & Gradient only flow through
Large Language Model ) g . IR the student's logits
Pe g~ps(-|z) ——> pr(- | 2,y §<n)
STUDENT ROLE TEACHER ROLE
Same weights; sees the Same weights; also sees the
problem x only. verified solution y*.
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Distillation is a key part of parallelizing post-training.

SHARED START

BASE
MODEL

broad support

/ MULTIPLE EXPERTS VIA RL \
MATH J { CODE J

AGENTS J { SAFETY J

\ expensive, sparse search /

/DENSE TRANSFER\

4 )

UNIFIED

MODEL
- J

on-policy
distillation

. J

Next: what happens when deployment environments adapt to the agents?
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World Adaptation

Post-training changes agents. Agents change their environments.
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Post-training usually treats the environment as fixed.

-

TRAIN

~

o

Optimize the policy
on a distribution of
tasks and
environments.

)

-

POLICY

~

Deploy the learned
model and observe
its decisions.

)

4 N

Evaluate behavior as
if the surrounding

WORLD

environment were
exogenous.

- )

|

HIDDEN ASSUMPTION:
Environment is fixed.

|
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Once agents matter, environments start adapting to them.

-

1 AGENT DECISIONS

~

.

Models search, rank,
recommend, purchase, and
allocate attention.

a 2 ECONOMIC PAYOFFS A

Those decisions change sales,

)

-~

4 BEHAVIOR SHIFTS

~

o

The same model now
encounters a different decision
environment.

visibility, prices, and access.

- )

a8 3 ENVIRONMENT ADAPTS A

People redesign content,
interfaces, and signals in

)

\_ response to Al agent activity. -

This is a feedback loop, not ordinary covariate shift.
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The same facts can be presented in a more machine-legible
way to steer agent behavior.

Hand-thrown
cobalt mug

A lovely handmade mug for
coffee or tea. About twelve
ounces. Safe in the dishwasher.

Readable—but weakly structured

—

m-land-thrown cobalt mug\

MATERIAL rare stoneware
CAPACITY 12 oz
CARE dishwasher safe

Unchanged for humans; easier for an

agent to parse; may contain terms
agents over-index on (e.q. rare).
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Mecha-nudges are transformations that change how choices
are presented to machines.

-~

.

Systematically change the
behavior of Al agents by
Increasing machine-usable
information.

~

/

4 N

Do not materially degrade the
environment for humans by
preserving human-usable
information.

o /
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-

ENVIRONMENT

~

\_

X is the shared decision
environment; 7 is the
transformation.

)

-

MACHINE DECISION

~

Yy is the agent’s decision;

o

I, measures machine-
usable information.

)

I (T(X); Yar) >‘IM(X; YM)l

machine-usable information

-

HUMAN DECISION A
Yy is the human decision;

€ is the tolerated

information loss. )

.

I5(X; Yy) } e

human-usable information

Yy, Yy, are constructed; they are the decisions we

want to study.
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Mecha-nudging is distinct from other interventions.

MECHANISM WHAT CHANGES? PRIMARY TARGET HUMAN CONSTRAINT?

Mecha-nudge Environment only Al behavior Yes—by definition

Model instructions +

Prompt injection ) Al behavior No requirement
choice set
" Human and machine- Human traffic / ..
UIFLelReliEL S0 readable context Search rank Mett SR
Adversarial : ..
Input surface Model failure Not defining
example
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Etsy offers a natural setting to observe environments
adapting to Al.

Etsg = Categories CSearch for anything @ Signin ‘

il Gifts Back-to-School Picks Home Favorites Fashion Finds Vintage Registry Gift Cards

Our sweetest picks for
your first-day milestone

Shop school standouts

The breakout sellers

shaping what’s next
Shop now
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Post-ChatGPT listings have more machine-usable
information about agentic curation (>40% of max increase).

0.20 ChatGPT ChatGPT Search

o
Q 0.15
(U S © ———
8 E _.— P —
c C
v O —— o E—
S® 005
E g — 0 E— S— o E—
Y % | | I O S e ¢
(U T O —
_S — E—

-0.05

2019 2020 2021 2022 2023 2024 2025
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The effect is robust across prompts, labels, model families,
controls, and placebo settings

Main Result Placebo Controls Fine-Tuning Model Labeling Model
)
3 0.20 I
C |
S I o > |
(C
2 015 : | | . I
O
= | ® | e
Q 0.10 ® |
Q0
: I
=
2 0.05
-
2 | :
= 1
£ 0.00 4
w I
(@)}
c
£
o —0.05

\
09 N ed \(2° oos© O 15,6% N A2° 1© : A0
?," ,\,?( )(? Q 66‘(\ 66((\ Q



Mecha-nudging is stronger where using Al is less taboo.

Significant Mecha-Nudging No Significant Effect

0.4

0.3 &

0.2

0.1

0.0

-0.1

-0.2

Change in Machine-Usable Information (bits)

Clothing Electronics & Books, Movies Art &
Accessories & Music  Collectibles



Mecha-nudged listings are associated with more commercial
success, but only in the post-ChatGPT era.

Accounting for seller fixed-effects, as machine-usable information grows by one bit...

LISTING GROUP CHANGE IN # REVIEWS

-18.1%***

Agent-selected listings - pre-ChatGPT

Agent-selected listings - post-ChatGPT

Agent-rejected listings - pre-ChatGPT

Agent-rejected listings - post-ChatGPT

+43.5%***

-12.5%***

-5.5%*"*
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Post-training should optimize for adaptive environments.

RISK POST-TRAINING RESPONSE

Strategic manipulation Train against adversarial environment designers.
Human-machine tradeoffs Use multi-objective rewards for agent + human welfare.
Continual adaptation Monitor deployment data and refresh the policy.
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4 IDENTIFICATION N ( EQUILIBRIUM R
How can we causally identify mecha- How do agents and environments co-
nudges in deployed systems? evolve after repeated adaptation?
\ uages | ploy y VAN P P )
4 N O )

WELFARE

Who gains and loses when environments

d ha-nudging?
\ undergo mecha-nudging y

GOVERNANCE

How should we train and regulate agents

9 facing mecha-nudges?

)

Post-training must prepare models for a
world that reacts to them.
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