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Executive Summary
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Problem

Conversion labels exist only for clicked items à Data Sparsity & Bias

Solution: ESCIM (Entire Space Counterfactual Inference Multi-task Model)

Generates counterfactual conversion labels for non-clicked samples

Turning unclicked data into useful training signals

Takeaway

Offline: +1% CVR AUC / Online: +17% CVR



Background
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Conversion are only recorded after a click

Click ~ 4%, conversion ~ 0.5% à Very sparse

Models trained only on clicked data à Selection bias
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: Exposure (inference) space

: Click (training) space

: Conversion space

: Click-through rate (CTR)

: Conversion rate (CVR)



Related Work
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Model Key Idea Limitation

ESMM (SIGIR’18) Joint CTR & CVR prediction Estimates CVR higher

ESCM2 (SIGIR’22) Adds IPS/DR CVR Loss Relies only on clicked data

DCMT (ICDE’23) Exploits counterfactual space Labels all non-clicks = 1



Related Work
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Model Key Idea Limitation

ESMM (SIGIR’18) Joint CTR & CVR prediction Estimates CVR higher

ESCM2 (SIGIR’22) Adds IPS/DR CVR Loss Relies only on clicked data

DCMT (ICDE’23) Exploits counterfactual space Labels all non-clicks = 1

How to generate counterfactual labels precisely for non-clicks?



ESCIM (Entire Space Counterfactual Inference Multi-task Model)
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1. Counterfactual Inference

2. Label Transformation

Consists of Two Steps:



Counterfactual Inference

7

Primary Objective: Estimate a counterfactual probability

<latexit sha1_base64="UXqywJ3T8Yi0uJ1ua15ifS/6GiM="></latexit>

P (Vu,i(Cu,i = 1) = 1 | Xu,i, Cu,i = 0, Vu,i = 0)

Non-clickedPotential outcome of conv. 
if clicked

Pearl’s counterfactual framework: Abduction à Action à Prediction

First, construct structural causal model (SCM)

C

𝑋

V

Z

User-item features Exogeneous

ConversionClick



Pre-training
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Prior to C.I., train conversion model 𝑓! w/ observational (clicked) data
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Lpre-train = E(u,i)→C [ω(fω(xu,i, zu,i), vu,i)]

Clicked dataset
<latexit sha1_base64="WqIV3wZ5eXB5r9J34vQwJ+qIjko="></latexit>
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(xu,i, zu,i → N (0, I))

Will be used in the “Prediction” step later



Abduction à Action à Prediction
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Infer posterior exogeneous Z via VAE 𝑔"

1. Abduction

2. Action

3. Prediction

Intervention on click for non-clicks

ELBO:
C

𝑋

V

Z

Exogeneous

1

𝑋

V

Zdo(C=1)

Sample z from encoder of 𝑔"

For non-clicked, infer pCVR
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v̂→u,i = fω(xu,i, zu,i)

Intervened clicks
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fω(·)
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v̂→u,i
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(xu,i, zu,i)
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→ gω(·)



Next Step: Label Transformation
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è Transform these values into binary labels
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Label Transformation
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Goal: convert pCVR to binary label

Type Rule Intuition

Max Label 1 if 𝒑𝑪𝑽𝑹 ≥ 𝒎𝒂𝒙(𝒑𝑪𝑽𝑹_𝒄𝒍𝒊𝒄𝒌𝒆𝒅) Strict threshold

Ratio Label 1 to top-k that matches conv. ratio of 
clicked data Balanced label distribution



Objective
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<latexit sha1_base64="Og7huXJyAwdq/qr4qXN2FWNrFKs="></latexit>

LCV R→F = E(u,i)↑C

[
ω(v̂u,i, vu,i)

ĉu,i

]
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LCV R→CF = E(u,i)↑N→

[
ω(v̂u,i, v↓u,i)

ĉu,i

]
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L = LCTR + LCTCV R + ωFLCV R→F + ωCFLCV R→CF



Experiments

13

Offline Test

Online A/B Test

(CVR AUC) / (CTCVR AUC)



Performance on Latent Conversion Users
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Def: users who never clicked during training but click in test

è More robust to unseen user behaviors

Model CVR AUC

ESCM2-IPS 0.6724

ESCM2-DR 0.6627

DCMR 0.6783

ESCIM-max 0.6905



Conclusion
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ESCIM = Counterfactual Inference + Multi-task Learning

Utilizes non-click data à Better generalization

Proven offline and online effectiveness



Thank you!


