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Learningmechanisms for ads and organic content
Jointly decide how ads and organic content form a page.

Mechanism Design Foundations [TCS23] ・
Deduplication and IC[AAAI25, Oral]

Externality [WWW25] ・ Autobidding [KDD26]

One pool: ads+ organic content
Long-term page value
Incentives, budgets, and ROI

AI learns richer ranking and auction rules within the page paradigm.
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Joint auctions for shared commercial interests
Stores and brands have related but distinct interests.

JRNet [KDD24 Oral] ・ BundleNet [ICML25]
HRegNet [SIGIR25] ・ JTransNet [KDD26 Oral]

Brands:
reach
Stores:
sales
Platform:
joint rules

AI learns deployable combinatorial auctions subject to DSIC and IR.
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GenAuction generates page-level allocations
Context-dependent value calls for page-level generation.

Generate from ads and context
Evaluate welfare and experience
CMDP enforces constraints Performance across constraints

AI movesmechanism design toward generative allocation.
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MARSHALL MCLUHAN 1964

“Themedium
is themessage.”
Amedium shapes how
information is organized.

Advertising inherits that structure. Marshall McLuhan
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Traditional advertising starts with predefined slots

running shoes

Ad

Sponsored search
Fixed positions in ranked

lists

Display
slot

Display advertising
Reserved regions on a page

Promoted

Promoted feed
Preset positions in a feed

Organize content → Define inventory → Auction slots
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Thirty years of advertising built around slots
China, 2025: ad business revenueUSD 307.5B; internet ad publishingUSD 187.5B

1990s 2000s 2010s AI interfaces
1994 ・ Banner
HotWired
1996 ・ Ad Server
DoubleClick
Serving and tracking
ad slots

2000 ・ Search Ads
Google AdWords
2005 ・ Exchange
Matching intent,
pooling inventory

2010 ・ DSP / SSP /
DMP
2012 ・ Programmatic
Autobidding
2014 ・ Video /
Feed

2020s ・ AI answers
2026 ・ LLM Ads
The medium gener-
ates content

The interface changes, but the abstraction persists:
define slots, then allocate.
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Information interfaces now generate answers

Baidu AI Answers
Synthesized answers within search

Google AI Search
Generated answers at the search interface

From ranking existing content to
generating answers around user intent.
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A natural first step: ads around the answer
What are the best running shoes? 

For daily training, the Nike Pegasus 41 stands out 
for its comfort and durability. It offers great 
cushioning and a breathable upper, making it a 
reliable choice for miles. If you prefer stability…

Nike Pegasus 41
Nike.com
Sponsored Visit site

More Information

Sponsored card below the answer

Sponsored card

Sponsored card

Generate the answer first.
Advertising inventory still exists separately.
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External cards remain a small referral channel

< 0.2%
The share of all e-commerce
visits in the sample coming
from ChatGPT referrals

≈ 1/200
of the traffic from Google
organic search

Empirical data show significantly lower click-through rates for
cards in ChatGPT answers linking tomerchants than for traditional advertising formats.
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Native ad opportunities emerge during generation

best running shoes

Sponsored
#1

#2

#3

What are the best running shoes? 

For daily training, the Nike Pegasus 41
stands out for its comfort and durability. It offers 
great cushioning and a breathable upper, making 
it a reliable choice for miles.

If you prefer stability, the ASICS Gel-Kayno 30
is excellent for support and long runs.

For budget-friendly options, consider the New 
Balance Fresh Foam 680v8          , which is 
balanced and versatile for most runners.

Ad

Ad

Ad

Generationdoesmore thanfill anopportunity—
it can help
create one.

Content generation = Opportunity formation + Resource allocation
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Ad opportunities are moving inside the generation process

Spectrum of LLM Advertising Mechanism Design
Increasingly fine-grained and native coupling with the generation process

Xu et al.
Fixed response slots

Balseiro et al.
Positions and creatives

Dubey et al.
Salience allocation

LERA
Two-stage retrieval

Hajiaghayi et al.
Segment-level RAG

Han & Dai
Organic/ad mixing

MOSAIC
Response distribution

LLM-Auction
Learned output

distribution

Dütting et al.
Next-token
aggregation

Neuron Auction
Representation

intervention

LAMA
Sequential tokens and

posterior allocation

CLASSICAL-MECHANISM OVERLAY
Fixed slots and creatives

GENERATION-NATIVE DESIGN
Token trajectories and endogenous opportunities

Qualitative placement; not a performance ranking.

From fixed slots and complete responses to
positions, distributions, latent representations, and trajectories.
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Representative mechanisms
Xu et al.

ORGANIC RESPONSE

AD SLOT

Generate organic text first
Then insert creatives
between sentences

Dubey et al.
SUMMARY BUDGET L

ρA ρB ρC

salience→ generated summary

Bidding determines salience,
LLM generates by relative

advertiser length

Dütting et al.
CURRENT PREFIX st
πA

πB

πC

∑
i biπi at+1

repeat at the next prefix

Aggregate distribution
preferences, choose each

tokenmyopically.

Finer allocation objects: slot→ length share→ next-token distribution
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Fully native: advertisers participate in every token decision

For daily training, the Nike Pegasus 41 stands out.
For stability, consider the ASICS Gel–Kayano 30.

Each prefix
Report local information
to shape the next-token

distribution

Each token
Update the posterior

over the eventual winner

At termination
Allocate to the winner
and settle trajectory

payments

Advertisers do not wait for allocation.
They participate throughout generation.
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Every answer is a path through a generation tree

s0 = q

[q,a] [q,b]

ℓ1 ℓ2 ℓ3 ℓ4

User query

|V| branches, depth L

Two path-dependent
quantities

Naturalness of the
answer
Terminal advertiser
value ri(ℓ)

One early token can
reshape every later ad
opportunity.
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Model: impression value of generated content

Generation

st+1 = [st,at],
at ∼ π(· | st),

ℓ(τ) = sT.

πref: user-centered, ad-free reference
policy

Allocation and value

ri : ST → R≥0,

λ(ℓ) ∈ ∆(N ),

gross valuei = λi(ℓ)ri(ℓ).

Single winner: generation shapes
the opportunity. One advertiser
receives it

Generation policy π + Terminal allocation λ
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Objective: balancing ad value and natural generation

SWβ(π, λ) = Eτ∼π

[∑
i
λi(ℓ)ri(ℓ)− β

∑
t

log π(at | st)
πref(at | st)

]

Advertiser value
Who receives the opportunity?
How valuable is this answer?

User-quality anchor
Trajectory-level KL cost
Larger β: closer to organic
generation
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Each advertiser solves a soft control problem

V∗i (s) = max
π

E

ri(ℓ)− β
∑
t≥s

log π(at | st)
πref(at | st)



Soft Bellman recursion
V∗
i (s) = β log

∑
a

πref(a | s)eV∗
i ([s,a])/β .

Advertiser’s optimal policy
π∗
i (a | s) ∝ πref(a | s)eV∗

i ([s,a])/β .
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Online reports need only next-step continuation values

s

[s,a]

[s,b]

[s, c]

a
b

c

V̂s
i ([s,a])

V̂s
i ([s,b])

V̂s
i ([s, c])

Report a child-value vector
at the current prefix.

Imply the local optimal policy

π̂i(a | s) ∝ πref(a | s)eV̂s
i ([s,a])/β .
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A latent advertiser guides each token

Posterior ρ(s)

Sample I ∼ ρ(s)

Sample a ∼ π̂I(· | s)

Marginally, a mixture policy

x(a | s) =
∑
i
ρi(s)π̂i(a | s).

I is the latent source of this token, not
necessarily the final winner.
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Each token provides evidence about the winner

ρi([s,a]) =
ρi(s)π̂i(a | s)∑
j ρj(s)π̂j(a | s)

Before generation

ρ(s)

→ After observing token a

ρ([s,a])

If advertiser i is more likely to generate a, its posterior weight rises.
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The terminal posterior becomes the allocation

λ(sT) = ρ(sT) ∈ ∆(N )

Full token trajectory Final posterior ρ(sT) Ad opportunity allocation

The score is not computed after the response.
It accumulates during generation.
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Four steps: report, generate, update, settle

1 Report
child-values reports
Check consistency

2 Generate
Sample advertiser

Sample token

3 Update
Update values

Update posterior

4 Settle
Sample winner
Charge payment

LAMA = Latent Advertiser Mixture Auction
“Latent Mixture” comes from Bayesian inference during generation: updating the

latent-advertiser posterior token by token.
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Mechanismworkflow

What are the best running shoes? 

1 Report 2 Next-Token Generation 3 Update 4 Settlement

Advertisers Nike Pegasus 41NI ASICS Gel-Kayano 30AS New Balance Fresh Foam 880NB Winning URL

For daily training, the Nike Pegasus 41 stands 
out for its comfort and durability. It offers great 
cushioning and a breathable upper, making it a 
reliable choice for miles. If you prefer stability, 
the ASICS Gel-Kayano 30 is excellent for 
support and long runs.     For budget-friendly …

Repeat until the end of answer [EOS]

NI AS NB

Winner
𝐼∗ ∼ 𝜌(𝑠𝑇)

PaymentHyperlink
𝑃!∗

NI NBNI AS NB

For daily training, the Nike Pegasus 41 stands 
out for its comfort and durability. It offers great 
cushioning and a breathable upper, making it a 
reliable choice for miles. If you prefer …

For daily training, the Nike Pegasus 41 stands 
out for its comfort and durability. It offers great 
cushioning and a breathable upper, making it a 
reliable choice for miles. If you prefer …

For daily training, the Nike Pegasus 41 stands 
out for its comfort and durability. It offers great 
cushioning and a breathable upper, making it a 
reliable choice for miles. If you prefer stability

AS

Generator
𝐼 ∼ 𝜌(𝑠")

Sampling
𝑎" ∼ 𝜋%!(⋅ |𝑠" )

stability Token

Values
𝑉'#([𝑠" , 𝑎]) 𝑎∈𝒱

Consistency Checking
𝑉'$" # = 𝛽 log/ 𝜋ref(𝑎|𝑠")

𝑎∈𝒱
𝑒%#& [$",)] /,

AS NBNI

Posterior

Ledger
𝑉'$"$% #

𝜌# 𝑠"-. = 𝜌# 𝑠" 𝜋%# 𝒂𝒕 𝑠" /𝑥(𝒂𝒕|𝑠" , 𝑉' ,𝜌(𝑠"))

↑↑ ↑↓

Consistency Checking? Why not let advertisers report child values
however they wish at each state?
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Bellman consistency checking

β log
∑
a

πref(a | s)eV̂s
i ([s,a])/β = V̂i(s)

Initial state
Freely report the first child
values
Record root value V̂i(q)

Later states
New reports must aggregate to the
parent value in the ledger
Change allocation within the
subtree, but do not rewrite the past
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Markov DSIC: truthfulness at every reached prefix

Theorem
Within the
Bellman-consistent
message space, truthful
reports(V∗

i ([s,a])
)
a∈V

are optimal against any
opponents, at every
reachable prefix, among
feasible continuation
deviations.

Proof outline
1. Bellman consistency propagates leaf values

zi(sT) = eV̂i(sT)/β back to the root.
2. Joint generation–allocation probabilities are

gradients of a convex log-sum-exp potential.
3. The potential payment

Pfrac
i (sT) = ρi(sT)V̂i(sT)

− β log
∑
j∈N

eV̂j(q)/β + β log
1 +

∑
j̸=i

eV̂j(q)/β


makes the direct mechanism truthful.

4. Every online deviation extends to a globally
consistent direct report.
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Settlement

Sample one terminal winner

I∗ ∼ ρ(sT).

Pwin
i =

{
Pfrac
i /ρi(sT), I∗ = i,

0, I∗ ̸= i.

Under exact reports
Non-winners pay zero
Winner utility is nonnegative
Expected revenue is nonnegative
for a fixed query and candidate set

Outcome IR Expected weak budget balance
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LAMA optimizes a doubly regularized objective

Eτ∼x

[∑
i
λi(τ)ri(ℓ) + βH(λ(τ))− β

∑
t

log x(at | st)
πref(at | st)

]

Soft generation
Randomize over answer
trajectories
KL anchors the reference model

Soft allocation
Randomize the terminal winner
Entropy discourages early lock-in
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Efficiency guarantee

0 ≤ sup
π,λ

SWβ(π, λ)− SWβ(xβ , λβ) ≤ β logn.

Allocation entropy causes the gap
Entropy on the simplex is at most
logn, bounding the welfare cost by
β logn.

Only the advertiser countmatters
The bound is independent of
vocabulary size, answer length,
and generation-tree depth.
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Exact continuation values are hard to obtain

What the theory needs
Exact continuation values for every
advertiser and every next token(V∗i ([s,a]))a∈V

Practical constraints
The tree is too large to expand
Advertisers lack data and compute
Serve only the current prefix

Our solution:
A platform-side automated reporting service, analogous to autobidding.
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Value decomposition: root value + advantage function

Local differences

A∗
i (s, a) = V∗

i ([s, a])− V∗
i (s) = β log π∗

i (a | s)
πref(a | s) .

Pathwise reconstruction

V∗i (st) = V∗i (q) +
∑
k<t

A∗
i (sk,ak).

Learn a token policy for relative changes,
and a regression head for the absolute anchor.

32



Only one sharedmodel needs to be deployed

[κi, q, a<t]

Shared pretrained backbone

next-token logits root value head

Advertiser differences enter
only through κi

Ad information: campaign /
creative / landing page
Shared parameters reduce
training and serving costs
Root residual anchors V∗

i (q)

At a population optimumwith full comparison support:
exact recovery of policy, advantage, root, and reachable-state values.
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Simulation experiments

Setup
Webis Generated Native Ads 2024
Workout / Vacation / Car
Three heterogeneous advertisers
per vertical
Qwen3-14B + LoRA report
models
Open-source model predicts
impression value

Baselines
Before / After×
Original / Edit / Policy
Response-level aggregation:
MOSAIC

Four perspectives
Welfare Revenue

Advertiser Value User Quality
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Main results
Method Welfare Revenue Quality Ad Value
Before–Reference 0.2945 0.0000 52.94 0.2945
Before–Policy 0.4562 0.0000 65.16 0.8225
After–Edit 0.1772 0.2490 66.48 0.4046
After–Policy 0.5080 0.7501 65.59 0.8253
MOSAIC 0.4390 0.5274 60.41 0.5550
LAMA 0.5205 0.8305 66.52 0.8568

Relative to After–Policy: revenue+10.7%, with further gains in welfare and
advertiser value.

Means across three verticals.
The paper reports 95% bootstrap error.
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Case study
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Complementary advertisers can co-create an answer

CARFAX
Vehicle history, accidents, and
service records

Kelley Blue Book
Pricing andmarket-value
assessment

Increase KBB’s report
offset：−0.2 → +0.2

KBB allocation probability:
0.007 → 0.926

Both types of knowledge can
remain in the answer
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Bidding-service performance
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Add a [−0.3, 0.3] offset
to one advertiser’s root value

Bid-offset sweep
Token share and
allocation rise
Payment increases with
the report
True expected utility
peaks near truthfulness

Prototype costs
sec/token: 3.51–3.57×
the reference
value-model macro
MAE：0.058
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Potential product formats
What are the best running shoes? 

The best running shoe depends on your specific 
needs—whether you prioritize everyday comfort, 
added support, or value for money. 

For daily training, the Nike Pegasus 41 stands out 
for its comfort and durability.     It offers great 
cushioning and a breathable upper, making it a 
reliable choice for miles. If you prefer stability, the 
ASICS Gel-Kayano 30 is excellent for support and 
long runs. For budget-friendly options, …

Highlighted links
Make allocated spans

clickable

What are the best running shoes? 

The best running shoe depends on your 
specific needs, whether you prioritize everyday 
comfort, added support, or value for money.

For daily training, the Nike Pegasus 41 stands 
out for its comfort and durability. It offers great 
cushioning and a breathable upper, …

Sponsored · Nike

Clickable answer
Attribute the whole answer

to a sponsor

What are the best running shoes? 

For daily training, the Nike Pegasus 41 stands out 
for its comfort and durability. It offers great 
cushioning and a breathable upper, making it a 
reliable choice for miles. If you prefer stability…

Nike Pegasus 41
Nike.com
Sponsored Visit site

More Information

Sponsored card
Add a structured product

entry below

choose its presentation at the product layer.
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Start where users actively seek recommendations

Doubao: snack recommendations for weight loss

Shopping
Compare products against user needs.

Local services
Shortlist restaurants, hotels, and services.

Agent workflow
Choose among paid tools at each step
through sponsored tool selection.

The user is already asking:
“Helpme choose.” 40



Future work: three extensions

1
Multiple winners

Allocate to multiple brands
or sponsored outcomes,
with joint allocation and

payment.

2
Bid× CTR

Separate strategic bids
from predicted CTR;

analyze their interaction
with generation.

3
Contiguous spans

Allocate a continuous token
span to preserve coherent

brand expression and
handle intertemporal

commitments.

New feasibility constraints reshape
dynamic IC, allocation, and payment.
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Generation as allocation: three takeaways

1. Paradigm: ad opportunities emerge from the
generated trajectory.

2. Mechanism: token-level participation with
single-winner settlement and dynamic truthfulness.

3. Frontier: moves beyond display slots to influence on
generation that can be priced, traced, and audited.

Generation = Allocation + Incentives
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Thank you
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