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Abstract
Sponsored-product advertising on e-commerce platforms typically
uses static, per-campaign click bids that ignore the variable value
of ad slots across contexts such as user intent, device, placement,
and time. We present a production dynamic bidding system that
adjusts CPC (Cost-Per-Click) bids in real time based on predicted
post-click conversion probability.

The system is built around three design choices: (i) it models
post-click conversion probability, aligning the prediction target
with the CPC charging event; (ii) it normalizes predictions at the
campaign-SKU level, preserving each advertiser’s spending intent
as the average operating point; (iii) it calibrates heterogeneous
placement-specific signal to a shared CTR interface, enabling a
single bidder to serve across incompatible surfaces. We provide a
step-by-step derivation of the bid multiplier equation, detail the
complete system architecture (model, feature pipeline, low-latency
serving, and normalization design), and present results from pro-
duction deployment on a large home-furnishings marketplace.

Production experiments show positive and statistically signif-
icant gains in attributed conversions per click, first on the initial
placements and later after expansion to additional placement types,
with neutral customer-level conversion impact, further supporting
the effectiveness of the approach.

CCS Concepts
• Information systems→ Online advertising.

Keywords
Sponsored products; dynamic bidding; enhanced CPC; value-based
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1 Introduction
E-commerce platforms run multi-slot CPC auctions for sponsored
products, where advertisers typically set a single fixed bid per cam-
paign. Static bids do not adapt to context—time of day, device, user
intent, placement—and therefore misallocate spend because the

value of each impression varies. This creates two inefficiencies
relative to an ideal auction where each advertiser bids their true ex-
pected value per insertion [24]: (1) advertisers cannot bid for value
directly, only for clicks, yet they value sales, not clicks; (2) some
clicks are far more likely to convert than others, but fixed bids treat
all clicks equally.

Dynamic bidding addresses both problems by scaling the ad-
vertiser’s click bid with a predicted conversion-value multiplier,
so that high-value impressions receive higher bids and low-value
ones receive lower bids—all within a bounded range. The idea is
widely recognized and aligns with Amazon’s “Dynamic Bids – Up
and Down” [3], which can raise or lower bids by up to 100%, and
with Google’s Enhanced CPC, which likewise relies on predicted
conversion likelihood. The challenge lies in 1) scaling quickly to
new ad opportunities when an expansion in the ad footprint is ex-
pected—particularly in environments with heterogeneous auction
surfaces, where different pages and placements use distinct scoring
methods; 2) advertisers express spending intent through campaign-
SKU default bids that the system must preserve on average, where
SKU (stock keeping unit) is the product-level advertising unit on
which suppliers configure campaign bids.

Contributions. This paper makes four contributions. First, we
formulate dynamic bidding in sponsored products as a contextual
repricing around the campaign-SKU default bids. This framing con-
strains deviation from the supplier’s default bid while allowing
auction-time bid adaptation. Second, we show that the normaliza-
tion granularity must match the unit at which advertiser intent is
expressed. In our marketplace, this implies campaign-SKU normal-
ization; coarser levels such as campaign-level or global averages
distort spend allocation. Third, we present a production architecture
for cross-surface deployment in which heterogeneous placement-
specific upstream scores are aligned to a shared probabilistic score
and consumed by a single downstream bidder. This makes the bid-
der reusable with different feature richness, scoring semantics, and
latency budgets. Fourth, we provide empirical evidence from pro-
duction deployment, including shadow evaluation and online A/B
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tests, showing that our method improves ads-attributed conversion
efficiency.

2 Related Work
Our work connects to three areas: autobidding, post-click conver-
sion prediction, and calibration. Autobidding frames the platform-
side problem of translating advertiser goals or constraints into
auction-time bids [1]. In CPC sponsored products, the closest line is
bid adjustment around an advertiser-provided base bid: multiplica-
tive bidding languages scale a base bid by feature-dependent ad-
justments [4], while bid-multiplier caps control targeting intensity
[14]. Related constrained autobidding and optimized CPC systems
refine coarse bidding inputs using predicted response under budget,
CPC, or return-on-spend constraints [2, 10, 13, 29]. WDyB (Way-
fair Dynamic Bidding) differs in that it does not infer bids from
scratch; suppliers already specify campaign-SKU default bids, and
the bidder performs contextual repricing while preserving those
defaults as the average operating point. Sponsored-search auction
theory provides the pricing foundation for this setting [9, 22].

On the prediction side, WDyB is closer to post-click conversion
estimation than to generic CVR prediction. Prior work formulates
post-click conversion as estimating 𝑃 (conversion | click, context)
[21] and describes industrial CVR pipelines for advertising systems
[17, 18]. Production CVR modeling must address click-space train-
ing, sparse positive labels, and delayed feedback. ESMMmodels the
impression→click→conversion cascade to reduce sample-selection
bias and sparsity [19]; causal and propensity-based methods further
debias post-click CVR estimation [27, 28]; and delayed-feedback
methods improve calibration when conversions arrive late [5, 12].
For our heterogeneous tabular feature space, gradient-boosted trees
remain a strong industrial baseline [7].

Prior work studies ranking and calibration for click-attributed
purchases in performance advertising [6]. Calibration matters be-
cause bidding consumes predictions as economic quantities, not
merely ranking scores. In WDyB, calibration plays a systems role:
heterogeneous placement-specific upstream scores are aligned to a
shared 𝑝𝐶𝑇𝑅 interface so that one bidder can serve multiple sur-
faces, while separate calibrated 𝑝𝐶𝑉𝑅 |𝑐𝑙𝑖𝑐𝑘 is consumed by down-
stream bidders. WDyB further introduced campaign-SKU normal-
izer, so the contribution is not a new calibrator but a production
design showing how calibration and normalization coexist in the
bidding stack.

Large-scale recommendation models suggest future extensions
but are orthogonal to the present contribution. Wukong studies
scaling laws using stacked factorization-machine-style interaction
blocks [26], and sequential transducer architectures reformulate rec-
ommendation as large-scale sequence modeling [25]. These models
may improve future user and session representations, while WDyB
focuses on the current production bidding design: shared 𝑝𝐶𝑇𝑅

alignment, post-click prediction, and campaign-SKU normalization
around supplier default bids.

3 System Objective
We study dynamic bidding for multi-slot CPC sponsored search and
sponsored product auctions. The goal is to increase qualified spend
and expected conversion value at auction time while preserving

the advertiser’s default bid for each campaign–SKU pair as the
operating point. Because SKUs within the same campaign can differ
substantially in price, margin, purchase frequency, and user intent,
the bidder must adjust bids by context without globally shifting
spend or leaking budget across heterogeneous SKUs.

3.1 Constrained Optimization Objective
We formulate dynamic bidding as a constrained optimization prob-
lem anchored to the supplier’s per-SKU default CPC bid. The ob-
jective is to use contextual conversion signals to maximize ex-
pected value, while preserving the supplier’s intended CPC level
in expectation. Because realized CPC is determined by GSP-like
(Generalized-Second-Price) pricing rather than by the submitted bid
alone, this constraint preserves supplier CPC intent while allowing
context-sensitive bid adjustments.

We index campaigns by 𝑖 , SKUs by 𝑗 , and auction contexts by 𝑎
containing page, request, user, query, placement, and time informa-
tion. Let 𝑝𝑖, 𝑗,𝑎 denote the predicted probability of conversion given
a click, and let 𝜋 𝑗 denote the bid-time estimate of supplier value
from a sale. The expected value per click is

𝑣𝑖, 𝑗,𝑎 = 𝜋 𝑗 · 𝑝𝑖, 𝑗,𝑎 . (1)

Let 𝑥𝑖, 𝑗,𝑎 (𝑏) denote whether campaign–SKU pair (𝑖, 𝑗) receives
a click in auction context 𝑎 under submitted bids 𝑏, and let 𝑐𝑖, 𝑗,𝑎 (𝑏)
denote the corresponding expected CPC. Let𝑊 denote the measure-
ment window. The objective is then to maximize expected value
subject to the supplier-preserving constraint: the expected CPC
should match the advertiser’s default bid 𝑏0

𝑖 𝑗 for each campaign–
SKU pair over𝑊 :

max
𝑏

∑︁
𝑗∈J𝑖

∑︁
𝑎∈𝑊

𝑥𝑖, 𝑗,𝑎 (𝑏) 𝑣𝑖, 𝑗,𝑎

s.t.
∑

𝑎∈𝑊 𝑥𝑖, 𝑗,𝑎 (𝑏) 𝑐𝑖, 𝑗,𝑎 (𝑏)∑
𝑎∈𝑊 𝑥𝑖, 𝑗,𝑎 (𝑏)

= 𝑏0
𝑖 𝑗 , ∀𝑗 ∈ J𝑖 ,

(2)

Constraint (2) is the central design decision: it enforces that
the expected charged CPC equals the advertiser’s default bid. This
constraint functions not only as a mathematical regularizer but also
as a practical trust region in operation.

Inmature systems,𝑏0
𝑖 𝑗 often already encodes advertiserwillingness-

to-pay together with historical compensation for auction discount.
If a new bidder applies another correction without respecting this
anchor, a legacy campaign may be effectively corrected twice.

Previous research on constrained autobidding has demonstrated
that bids can be computed using Lagrangian or primal–dual update
rules[2, 4, 10, 14]. Under assumptions of truthful auctions, these
bids take on a multiplicative, value-scaled structure, where a dual
variable or pair-specific multiplier translates per-click value into bid
units. We adopt this structure as an approximation in production
and additionally introduce a campaign–SKU normalizer, analogous
to the dual variable, to ensure that the average bid matches the
supplier default, as described in Section 3.2.

The auction-time bid for SKU 𝑗 in campaign 𝑖 at auction context
𝑎 is therefore:

𝑏𝑖, 𝑗,𝑎 = 𝜆𝑖 𝑗 · 𝑣𝑖, 𝑗,𝑎 (3)
where 𝜆𝑖 𝑗 is a campaign–SKU scaling parameter that maps per-click
value into CPC bid units.
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3.2 From Optimization to a Practical Bid
Multiplier

Solving (2) exactly requires accurate win curves and price curves
for every auction, which is expensive and brittle in a fast-moving
marketplace. In production, we use a simpler approximation: choose
the campaign–SKU scale 𝜆𝑖 𝑗 so that the average sub- mitted bid over
the historical window remains anchored to the supplier’s default
max CPC bid:

1
|𝑊 |

∑︁
𝑎∈𝑊

𝑏𝑖, 𝑗,𝑎 = 𝑏0
𝑖 𝑗 . (4)

Substituting 𝑏𝑖, 𝑗,𝑎 = 𝜆𝑖 𝑗 · 𝑣𝑖, 𝑗,𝑎 into Eq. 4 gives

𝜆𝑖, 𝑗

(
1
|𝑊 |

∑︁
𝑎∈𝑊

𝑣𝑖, 𝑗,𝑎

)
= 𝑏0

𝑖 𝑗 . (5)

Defining 𝑣 (𝑊 )
𝑖, 𝑗

= 1
|𝑊 |

∑
𝑎∈𝑊 𝑣𝑖, 𝑗,𝑎 , we obtain

𝜆𝑖 𝑗 =
𝑏0
𝑖 𝑗

𝑣
(𝑊 )
𝑖, 𝑗

. (6)

Substituting 𝜆𝑖, 𝑗 gives the normalized bid rule:

𝑏𝑖, 𝑗,𝑎 = 𝑏0
𝑖, 𝑗

𝑣𝑖, 𝑗,𝑎

𝑣
(𝑊 )
𝑖, 𝑗

. (7)

Thus, the supplier’s default bid is preserved as the SKU-level anchor,
while the auction-time multiplier raises or lowers the bid accord-
ing to whether the current context is above or below the SKU’s
historical average value. Since 𝑣𝑖, 𝑗,𝑎 = 𝜋 𝑗𝑝𝑖, 𝑗,𝑎 and 𝜋 𝑗 is fixed for
SKU 𝑗 , the value term cancels so the value normalizer reduces to a
post-click 𝑝𝐶𝑉𝑅 normalizer:

𝑣𝑖, 𝑗,𝑎

𝑣
(𝑊 )
𝑖, 𝑗

=
𝜋 𝑗𝑝𝑖, 𝑗,𝑎

𝜋 𝑗𝑝
(𝑊 )
𝑖, 𝑗

=
𝑝𝑖, 𝑗,𝑎

𝑝
(𝑊 )
𝑖, 𝑗

, 𝑝
(𝑊 )
𝑖, 𝑗

=
1
|𝑊 |

∑︁
𝑎∈𝑊

𝑝𝑖, 𝑗,𝑎 . (8)

Therefore the bid multiplier is defined as Equation (9) which is
the normalization step that converts the post-click 𝑝𝐶𝑉𝑅 into a
contextual bid multiplier. Intuitively, the ratio measures how strong
the current auction looks relative to the usual quality of the same
campaign–SKU pair. If the historical average 𝑝 (𝑊 )

𝑖 𝑗
is unavailable,

for example, because the campaign–SKU pair is new or has sparse
history, we fall back to a global average baseline computed over all
campaign–SKU pairs in the same historical window. This preserves
the same normalization logic while avoiding undefined multipliers
for cold-start pairs.

𝑚raw
𝑖, 𝑗,𝑎 =

𝜋 𝑗𝑝𝑖, 𝑗,𝑎

𝜋 𝑗𝑝
(𝑊 )
𝑖, 𝑗

, 𝑝𝑖, 𝑗 =


𝑝
(𝑊 )
𝑖, 𝑗

, if 𝑝𝑖, 𝑗 is available,

𝑝global, otherwise.
(9)

In production, we apply clipping to the raw multiplier in (9) to
mitigate the risk of excessive overbidding or underbidding. The
final auction-time bid is then

𝑏𝑖, 𝑗,𝑎 = 𝑏0
𝑖, 𝑗 · clip

(
𝑝𝑖, 𝑗,𝑎

𝑝𝑖, 𝑗
, 𝛼min, 𝛼max

)
, (10)

This rule is attractive because it preserves the advertiser’s bid
surface in expectation while making context-sensitive adjustments
at auction time. If the current context is stronger than the pair’s own
recent average, the multiplier exceeds one and bids up. If the context

is weaker, the multiplier falls below one and bids down. Under
stable calibration and stationarity, the multiplier is approximately
mean-preserving:

E
[
𝑚raw

𝑖 𝑗𝑎 | 𝑖, 𝑗
]
≈ 1. (11)

Thus, the bidder reallocates bids across contexts without systemati-
cally distorting the long-run per-pair bid level.

3.3 Why Campaign–SKU Normalization
In principle, 𝜆𝑖 𝑗 could be updated with a feedback controller, as
in prior bid-control systems [23]. In our setting, however, this ap-
proach is poorly suited to campaign–SKU-level dynamic bidding,
due to characteristics of the low-frequency, high-order-value fur-
niture market: conversion-related feedback is infrequent, arrives
with long delays, and is extremely noisy, while the realized CPC
emerges from a stochastic auction process influenced by competitor
actions and discounting. Consequently, a controller operating at a
highly granular campaign–SKU level would chase transient noise
instead of reflecting stable contextual quality. Our problem is there-
fore better cast as feed-forward contextual repricing around a fixed
default bid, not as closed-loop outcome control at the pair level.
Feedback control remains useful at coarser levels, such as campaign
tROAS bidding and budgeting, but auction-time bid adjustment at
campaign–SKU granularity is more stable when driven by model
predictions and pair-specific normalization.

The normalization granularity should match the economic object
that the bidder is designed to preserve. In our setting, the adver-
tiser’s default bid 𝑏0

𝑖 𝑗 is defined at the campaign–SKU level, and
the constraint in Eq. (2) penalizes deviation between the expected
charged CPC and that same pair-specific default bid.

A coarser denominator, such as a campaign-level baseline, would
mix heterogeneous SKU and create cross-SKU leakage. Strong SKUs
would raise the baseline for weak SKUs, while weak SKUs would
inherit an anchor not implied by their own default bids. In that
case, the multiplier would no longer represent a pure contextual
correction to 𝑏0

𝑖 𝑗 , and the economic meaning of the default-gap
constraint would be weakened. Campaign–SKU normalization is
therefore the natural choice because it aligns the adjustment rule
with the unit at which advertiser intent is expressed.

3.4 System Design
3.4.1 Conversion Model. The post-click 𝑝𝐶𝑉𝑅 model is trained
on logged impression–click–order data under a fixed attribution
definition. It is designed to capture contextual conversion variation,
not only item identity. The main feature groups are auction context,
customer demographics, customer engagement, product context,
and product relevance.

3.4.2 Scalable Model Layer. WDyB exposes a unified calibrated
𝑝𝐶𝑇𝑅 interface to the bidder while allowing different upstream
𝑝𝐶𝑇𝑅 models by surface. High-volume, feature-rich surfaces can
use deeper models, while sparse or latency-sensitive surfaces can
use lighter models. Let 𝑠 = 𝜎 (𝑎) denote the page or surface:

𝑓𝑠 =

{
𝑓 DNN
𝑠 , 𝑠 ∈ Srich,

𝑓 LW
𝑠 , 𝑠 ∈ Stail,

𝑝ctr
𝑖 𝑗𝑎 = 𝑔𝑠

(
𝑓𝑠 (𝑥𝑖 𝑗𝑎)

)
, (12)
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where 𝑔𝑠 maps surface-specific raw model scores to calibrated CTR
probabilities on a shared scale. The calibrated 𝑝𝐶𝑇𝑅 is then used
as an input to the post-click 𝑝𝐶𝑉𝑅 model:

𝑝cvr
𝑖, 𝑗,𝑎 = 𝑔cvr

(
𝑓 cvr (𝑥𝑖, 𝑗,𝑎, 𝑝ctr

𝑖, 𝑗,𝑎)
)
. (13)

This design keeps the bidding logic independent of surface-specific
model choices. As long as each upstream model produces calibrated
𝑝𝐶𝑇𝑅 under a shared label definition, the same downstream bidder
can serve heterogeneous placements without modification.

3.4.3 Auction-Time Inference and Serving. At request time, the bid-
der retrieves the campaign-SKU default bid𝑏0

𝑖, 𝑗 , computes calibrated
𝑝𝐶𝑇𝑅, obtains post-click 𝑝𝐶𝑉𝑅, looks up the campaign-SKU base-
line 𝑝 (𝑊 )

𝑖, 𝑗
, applies the clipped multiplier, and emits the final bid

from Eq. (10). Thus, the online bidder is a thin layer that converts
contextual conversion estimates into bid adjustments around the
advertiser’s default bid.

The resulting bid can be consumed by the existing relevance-
or value-aware ranker without changing the bidder. In our system,
candidates are ranked using bid, quality, and profit terms, following
profit-aware ranking frameworks [20] and unified valuation for ads
and sales profit [16]:

PAE𝑗 = 𝑓
(
𝑏𝑖, 𝑗,𝑎 · 𝑝𝐶𝑙𝑖𝑐𝑘 𝑗,𝑎, 𝑝 𝑗 |𝑎 · profit𝑗

)
. (14)

Pricing remains GSP-like: the winner pays the minimum bid re-
quired to maintain position, holding auxiliary score terms fixed.
This separates bidder responsibility from ranker responsibility:
WDyB performs contextual repricing around advertiser controls,
while the ranker manages relevance, ad load, and organic–ad trade-
offs.

Because bid computation runs on the auction path, online serving
is limited to feature retrieval, model inference, baseline lookup, and
constant-time arithmetic. Heavier optimization and artifact refresh
are handled offline or asynchronously. This keeps the bidder simple
enough for cross-placement deployment while maintaining p99
latency under 40 ms.

3.5 Architecture Overview
Figure 1 summarizes WDyB as a thin online bidder backed by an
offline refresh loop. The online path begins after candidate genera-
tion: each campaign-SKU arrives with request, customer, product,
and surface-specific signals. WDyB aligns the upstream signal to
a shared 𝑝𝐶𝑇𝑅 interface, computes 𝑝𝐶𝑉𝑅, retrieves the campaign-
SKU baseline, applies normalization and clipping, and emits the
final bid.

The offline path maintains the artifacts required by online serv-
ing. Logged auctions, model outputs, clicks, orders, and feature ta-
bles are joined to refresh calibration artifacts, the post-click model,
auxiliary last-touch calibration, and campaign-SKU baselines. The
baselines are materialized from recent logged model outputs and
refreshed daily.

This online–offline split captures the main system design: shared
cross-surface signal alignment, campaign-SKU bid preservation
through normalization, and a lightweight auction-time bidder that
satisfies production latency constraints.

Relative to static bidding, opaque autobidding, and SKU-level
feedback control, WDyB offers a practical middle ground: it reacts

Figure 1: Production architecture of WDyB. The online serv-
ing path remains latency-critical and performs signal align-
ment, post-click prediction, multiplier computation, and bid
calculation. The offline refresh loop maintains logs, model
artifacts, calibration artifacts, and the daily campaign–SKU
baseline used by the online bidder.

Table 1: Shadow test: relative lift vs. static-bid control.

Metric Relative Lift

Click-through rate (CTR) +2.1%
Conversion probability +6.3%
CPC −5.5%
Attributed revenue / auction +4.4%
ROAS +7.9%

to auction context, preserves advertiser defaults as the economic
anchor, and avoids chasing sparse realized feedback.

4 Experiments
4.1 Offline Simulation
Before live deployment, we conducted a two-week shadow test via
traffic mirroring: every live auction request was replayed through
the dynamic bidder offline, and hypothetical outcomes were eval-
uated using customer-response counterfactual models (click and
conversion probability applied consistently to both control and
shadow results).

Table 1 reports relative lift over the control (static bids). The
dynamic bidder increased expected conversion probability by +6.3%
and attributed revenue per auction by +4.4%, while ROAS improved
+7.9%.

Bid multiplier distribution. The interquartile range of observed
multipliers was 20.3% (p25=−13.6%, p50=−3.6%, p75=+6.7%), indi-
cating moderate adjustments well within the [𝛼min, 𝛼max] bounds.
Fewer than 4% of bids hit the cap ceiling, suggesting the clipping
range is not overly restrictive.

Normalization impact. The most consequential design decision
was normalization granularity. Our initial version (V0) used a global-
average baseline: 𝑝 was the same for all SKUs across all campaigns.
The result was systematic bid inflation for advertisers whose SKUs
had above-average conversion rates, and systematic deflation for
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Figure 2: Why campaign-SKU normalization matters. Left:
raw distribution is not centered around one. Right: normal-
ized distribution is tightly centered around one.

Table 2: Online A/B test: initial deployment (browse grid).

Metric Relative Lift Significance

Ads-attributed orders/click +3.84% 𝑝 < 0.05
Click-through rate +0.87% 𝑝 < 0.05
Cost per click +2.34% 𝑝 < 0.05
ROAS +1.28% n.s.
Customer CVR (guardrail) −0.07% n.s.

others. Shadow testing revealed class-level spend deviations ex-
ceeding ±50%: e.g., area rugs saw +10% spend while sectionals sofa
saw −19% under the global-normalization variant.

Switching to per-campaign SKU baselines (V1) resolved the prob-
lem, limiting class-level deviations to ±12% and ensuring that each
SKU’s multiplier averages to ≈1 over the 7-day window, which
validated the per-SKU design as essential for respecting advertiser
allocation intent across product categories; as illustrated in Fig-
ure 2, the bid multiplier in V0 using a global-average baseline is
not centered around one, while switching to per-campaign SKU
baselines (V1) is much more tightly centered around one. This is
operationally desirable because it preserves the supplier’s bid on
average while still allowing meaningful contextual variation.

4.2 Online Experiment
We deployed the system on the browse-grid placement and ran a
four-week randomized online A/B experiment against the static-bid
control. Our primary metric was ads-attributed orders per click,
which is chosen to match the post-click nature of the bidding signal.
Secondary metrics included click-through rate, CPC, ROAS, and
conversion guardrails at the customer-level. As shown in Table 2,
the dynamic bidder improved ads-attributed orders per click by
+3.84% (𝑝 < 0.01), with a modest CPC increase of +2.34% and no
detectable change in customer conversion rate (−0.07%, 𝑝 = 0.92).
These results indicate that the system improves post-click traffic
quality significantly, rather than merely buying more clicks.

4.3 Placement Expansion A/B Test
To validate generalization, we expanded dynamic bidding to two
additional placement types: keyword search grid and product-detail-
page carousels, and ran a second A/B test over four weeks with a
50/50 customer split [15]. Ratio-metric significance was assessed
with delta-method approximations [8].

Table 3: Placement expansion A/B test: dynamic bidding
across three placement types.

Placement Lift in ads-attr. orders/click Significance

Overall (all placements) +1.16% 𝑝 < 0.05

Browse +1.32% 𝑝 < 0.05
Keyword search +1.48% n.s.
Product carousel +3.77% 𝑝 < 0.05

Customer CVR (guardrail) +0.02% n.s.

Table 3 reports results. Overall attributed conversions per click
improved +1.16% (𝑝 = 0.013). Lift varied by placement: the product-
detail-page carousels showed the largest gain, while keyword search
also contributed a non-statistically significant but directional lift.
The customer-level conversion rate guardrail remained neutral.

5 Discussion and Future Work
Our results suggest that the main practical benefit of dynamic
bidding in sponsored products is the stable contextual repricing
around advertiser-provided default bids. In our setting, the key
enabler is campaign-SKU normalization that keeps the supplier’s
default bid as the local operating point while allowing the system
to bid up in stronger-than-usual contexts and bid down in weaker
ones. This makes the bidder more adaptive than static bidding,
while remaining more interpretable and operationally safer than a
fully autobidder.

This same design choice also clarifies the system’s limitations.
The bidder does not estimate full auction win-price response curves
online, and it relies on a fixed historical baseline window together
with a global fallback for low-history campaign-SKU pairs. As a
result, the system prioritizes robustness and deployability over full
optimality.

This production-focused scope also limits the breadth of our
empirical comparisons. We do not provide a direct empirical com-
parison against external auto-bidding frameworks or state-of-the-
art conversion models. The closest published analogue is Taobao
OCPC [29], but its objectives, attribution setup, and reported met-
rics are not directly comparable. At the same time, the current
system leaves several important questions open.

Cold start and sparse-history robustness. The present bidder
falls back to a global anchor when campaign-SKU history is insuffi-
cient. A natural next step is hierarchical normalization, in which
the baseline backs off from campaign-SKU to campaign-category,
supplier-category, or other structured priors.

Exploration under uncertainty. Recent autobidding work
has emphasized exploration as a way to discover profitable ac-
tions while maintaining stable updates [11]. Extending our bidder
with uncertainty-aware caps or confidence-conditioned multiplier
widening is a natural next step.

Cross-surface and cross-dimension consistency. As deploy-
ment broadens, an important question is whether the bidder induces
systematic differences in CPC efficiency across placements, time-
of-day segments, devices etc. A more general future design would
combine dimension-specific normalization with dimension-aware
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corrections so that the system preserves local supplier intent while
also preventing persistent efficiency skews across traffic slices.

Deep learning conversion models A promising next step is
to use neural architectures that can jointly encode richer customer,
SKU, and auction-context features, while also modeling user be-
havior sequences to capture evolving intent over time. This would
allow the bidder to move beyond mostly static feature interactions
toward deeper personalization, adapting bid adjustments to each
customer’s unique journey across browsing, search, and product-
detail interactions. [30].
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