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Abstract
Existing online advertising systems generate high-quality ad recom-

mendations through a complex online serving pipeline whenever

a user’s ad request arrives. However, our analyses on the display

advertising system in Taobao show that this paradigm could lead to

an inefficient utilization of computational resources. In this work,

we propose an intelligent computation recycling framework called

ComRecycle, which caches and reuses unexposed ad sets for repeti-

tive ad requests to improve the computational resource utilization.

We introduce fine-grained computation recycling strategies, and

formulate the computation recycling decision as an online con-

strained optimization problem. Therefore, ComRecycle can achieve

the goal of reducing computation costs while guaranteeing the

same level of recommendation performance. Extensive offline ex-

periments validate the correctness and effectiveness of ComRecycle.

Our online A/B testing demonstrates that ComRecycle can save over

20% computational resources while maintaining the same system

performance as the baseline.

CCS Concepts
• Information systems → Computational advertising; Personal-
ization; Recommender systems.
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1 Introduction
Internet service providers are working on various aspects in recom-

mendation and advertising systems, such as cold start [11, 33], accu-

racy [9, 12, 38, 40] and diversity [19, 24, 34], aiming to provide high-

quality services. Much effort has been focused on improving various

performance metrics, but neglecting the computation (also storage)

burden imposed by complex machine learning models. When the

performance of the system regarding computation costs adheres to

the law of diminishing marginal utility [22], we should prioritize

computational resource utilization efficiency [20, 26, 36, 41].

We identified the high waste of computational resources by an-

alyzing resource utilization in Taobao display advertising system

(detailed in Section 2). In this scenario, users may initiate multiple

ad requests during an ongoing session. For each request, the online

advertising system goes through a complex online serving pipeline,

which includes retrieval, pre-ranking, and ranking stages, to gener-

ate high-quality ad recommendations [15]. However, we found that

users frequently initiate repetitive ad requests, with only a small

portion of ads being viewed, while the majority remain unexposed.

Furthermore, we observed that the ads generated for two consecu-

tive requests could overlap, which indicates a redundancy between

requests. These findings demonstrate that computational resources
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are largely underutilized. Based on these findings, we developed a

computation recycling framework to improve the computational re-

source utilization. The intuitive idea is to cache the unexposed and

potentially overlapped ads, and reuse them for subsequent requests,

thereby recycling the unnecessary computational resources.

However, designing this framework faces a crucial obstacle: The
first challenge is that coarse-grained computation recycling
strategies may result in performance degradation. Users’ in-
terests may change while browsing. Therefore, simple strategies

such as directly reusing unexposed ads of the ranking stage cannot

perceive users’ dynamic interests, leading to a decline in system

performance. A comprehensive computation recycling framework

should be capable of performing fine-grained recycling to handle

different levels of request redundancy. Assuming that the frame-

work can provide fine-grained computation recycling strategies, a

second challenge immediately arises: It is difficult to make opti-
mal recycling decisions for incoming ad requests. Our goal
is to enhance resource utilization without compromising system

performance. Therefore, the fine-grained computation recycling

framework should assign a personalized computation recycling

strategy for each request. However, the framework lacks informa-

tion on incoming ad requests when determining the strategy for the

current one. In this case, ComRecycle can onlymake decisions based

on information from past requests, making it difficult to achieve an

effective balance of resource utilization and performance.

In response to these challenges, we design an intelligent com-

putation recycling framework called ComRecycle, which adopts a

caching and reusing approach, as illustrated in Figure 1. Specifically,

we design fine-grained computation recycling strategies. Then, to

derive the optimal computation recycling strategy, we model the

computation recycling decision problem as an online constrained

optimization task that minimize computation costs while maintain-

ing system performance. Therefore, by solving the corresponding

Lagrangian dual problem and obtaining the dual solution, we can

determine the optimal computation recycling strategy for each

request in real-time [1].

Our main contributions in this work are listed as follows.

• We identify the ubiquitous phenomenon of resource under-

utilization within an online advertising system, primarily

stemming from users’ frequently freshing behavioral pat-

terns and low ad exposure rates. Therefore, we claim that

there is an opportunity for reducing computation costs by

reusing unexposed ads of the previous request.

• We design an intelligent computation recycling framework

called ComRecycle, where we introduce four representa-

tive computation recycling strategies to recycle unnecessary

computational resources at a fine-grained level. Addition-

ally, we model the computation recycling decision as an on-

line constrained optimization problem to maximize resource

utilization while adhering to a performance guarantee con-

straint.

• We conduct extensive offline and online experiments. The

offline results validate the correctness and effectiveness of

ComRecycle. Moreover, our online A/B test shows that Com-

Recycle can save 23% of CPU resources and 22% of GPU

resources while maintaining the same level of system per-

formance.

2 Empirical Studies On Resource
Underutilization

We conduct empirical studies in Taobao display advertising system

to support our motivation. First, we demonstrate the ubiquitous

resource underutilization phenomenon by revealing the issue of

the behavioral patterns of frequent refreshing and low ad exposure

within the platform. Then, we summarize the insights from the

results which motivate us to design an intelligent computation

recycling framework.

2.1 Primary Findings
We collect data logs from the display advertising system in Taobao,

where we randomly sample a subset of users and record their ad

requests and system responses in one day (April 2, 2024). We sum-

marize the statistics of the collected data logs in Table 1, which

include around 52K unique users and 205K ad requests. Among

them, 51% of users initiated two or more requests, and 74% of re-

quests are repetitive, which is defined as that there are at least

one request from the same user before the current one. For further

analysis, we record the following information for each request:

• Ad Request Information: It consists of information about

the ad request, such as request ID, user ID and timestamp.

• System Response Information: We collect the logs of

retrieval, pre-ranking and ranking stages in the display ad-

vertising system. We record the selected ad sets and the

metrics including predicted click-through rates (pCTRs) and

bids, to evaluate the redundancy of ad requests.

• User behaviors:We record user behaviors (views and clicks)

towards the displayed ads for each request.

Based on the collected data logs, we can statistically analyze

resource utilization status in the platform. First, we analyze the

distribution of time intervals of repetitive requests
1
, as shown in Ta-

ble 2, to explore user behavior patterns when browsing ads. Specif-

ically, we group repetitive requests based on their time intervals,

and then calculate the number of repetitive requests within each

group. We find that the majority of repetitive requests occur within

a short period. For example, 46% of repetitive requests occur within

10 seconds, and 75% occur within 2 minutes, indicating that users

refresh the page and conduct new ad requests frequently. Such a

user behavior pattern can lead to extremely high QPS (queries per

second) and impose a heavy computational burden on the online

system. Moreover, when users frequently refresh the page, it is

highly likely that many of the recommended ads are not exposed,

because users cannot thoroughly view all ads in a very short time

(e.g., 10 seconds). This finding is supported by the statistics in Ta-

ble 3, where we analyze the proportion of the exposed ads out of

the total 20 candidate ads per request. We discover that 41% of the

requests have no ad exposure, while nearly 70% of the requests

have less than half of the ads exposed. This finding emphasizes that

1
The time interval of a repetitive request is the duration between the previous ad

request and the current one.
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Figure 1: The intelligent computation recycling framework for the online advertising system. For a user’s initial request,
ComRecycle generates the final display ad list through the complete online serving pipeline, and caches the selected ad set
(response) of each stage for the user. For the repetitive request from the user, ComRecycle will select a recycling strategy
based on the change in user interest, and reuse the cached ad set. This approach significantly reduces computational resource
consumption during model serving.

Table 1: Statistics of the collected data logs.

# Unique # Repetitive Repetition rate

User 52,804 27,191 51.49%

Request 205,955 153,151 74.36%

Table 2: Distribution of time intervals of repetitive requests.
We calculate the number of repetitive requests in different
time intervals and their proportion in the total number of
repetitive requests.

Time intervals of repetitive requests

≤ 2s ≤ 5s ≤ 30s ≤ 2min ≤ 5min

# Requests 18,897 42,419 98,148 114,282 121,927

Proportion 12.34% 27.70% 64.09% 74.62% 79.61%

most of the recommended ads are not viewed by users, and thus

causing the computational resources to be largely underutilized.

Based on these findings, we draw a conclusion.

Insight 1. The online advertising system spends excessive compu-
tation to generate high-quality but largely unexposed ad recommen-
dations, leading to low resource utilization.

2.2 Redundancy Analysis
One can alleviate the issue of resource underutilization through a

simple approach, which involves caching the unexposed ads of the

ranking stage and reusing them for incoming requests. This is a

coarse-grained computation recycling method. Although it saves

resources, directly reusing cached ads without considering user

interests can lead to a performance degregation. For example, if

Table 3: Distribution of the number of exposed ads per re-
quest. We calculate the number of requests with different
exposed ads and their proportion in the total requests.

Number of actual exposed ads

0 < 4 < 6 < 8 < 10

# Requests 85,343 107,540 126,570 139,140 143,902

Proportion 41.44% 52.22% 61.46% 67.53% 69.87%

some users lose interest in the previous ads, the cached results may

not align with their current needs. Since the advertising system

generates ads based on user interests, the difference between the

ad sets for consecutive requests can indicate shifts in user interests.

Specifically, a smaller difference between the two ad sets implies a

smaller change in user interests, which futher indicates a higher

redundancy between the two requests. Therefore, we analyze re-

dundancy between requests in different aspects.

When a user conducts successive ad requests, we refer to the

earlier one as the initial request and the later one as the repetitive

request. We denote the selected ad set returned from the retrieval,

pre-ranking, and ranking stages for the initial request as 𝑆1, 𝑆2, 𝑆3,

respectively, those for the repetitive request as 𝑆1, 𝑆2, 𝑆3, and the

final display ads being 𝑆𝑓 𝑖𝑛𝑎𝑙 . Consequently, we define the following

metrics to measure request redundancy:

• Ad coverage rate (ACR): We calculate the coverage rates of

the selected ad set of the initial request over the final display

ads of the repetitive request as 𝐴𝐶𝑅 𝑗 =
|𝑆 𝑗∩𝑆𝑓 𝑖𝑛𝑎𝑙 |
|𝑆𝑓 𝑖𝑛𝑎𝑙 |

.

• pCTR diff: We calculate the pCTR difference in the ranking

stage between two consecutive requests as

|𝑐𝑡𝑟𝑖−𝑐𝑡𝑟 ′𝑖 |
𝑐𝑡𝑟𝑖

, 𝑖 ∈
|𝑆3 ∩ 𝑆 ′

3
|, where 𝑐𝑡𝑟𝑖 , 𝑐𝑡𝑟 ′𝑖 are the pCTRs in the ranking stage

for ad 𝑖 of the initial and repetitive requests, respectively.
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• bid diff: We calculate the bidding difference between the

initial and repetitive requests as

|𝑏𝑖𝑑𝑖−𝑏𝑖𝑑 ′
𝑖 |

𝑏𝑖𝑑𝑖
, 𝑖 ∈ |𝑆3 ∩ 𝑆 ′

3
|,

where 𝑏𝑖𝑑𝑖 , 𝑏𝑖𝑑
′
𝑖
are the bids reported by advertiser 𝑖 for the

initial and repetitive requests, respectively.

Ad coverage rates measure the degree of similarity between

the selected candidate ads for the initial and repetitive requests,

allowing us to evaluate the redundancy in requests. A low ACR

indicates that the two requests generate significantly different ad

sets, suggesting a low level of redundancy. In contrast, a high ACR

implies a high level of redundancy. As shown in Figure 2, we plot the

distributions of ad coverage rates. Specifically, we group repetitive

requests by their time intervals, and calculate the proportion of

requests with the same ACRwithin each group. Figure 2(a), 2(b) and

2(c) show the ACRs of retrieval, pre-ranking and ranking stages,

respectively. From each subfigure, we can observe that as the time

interval between the initial and repetitive requests increases, the

distribution of ACRs gradually shifts to the left, which shows a

positive correlation between the redundancy and the time interval.

Besides, this finding can support the idea that user interests are the

fundamental factor affecting redundancy, as the time interval is one

key factor contributing to changes in user interests. By comparing

the distributions of ACRs for the same time interval group across

subfigures, we find that the ACRs are higher in the earlier stages

(e.g., retrieval stage) and lower in the later stages (e.g., ranking
stage). This is because the earlier stages of an advertising system

output larger ad sets, leading to higher coverage rates.

Insight 2. The redundancy level of the repetitive request is related
to the extent of changes in user interests.

Insight 3. Repetitive requests have different levels of redundancy
for different stages of the online advertising system.

Following the similar procedure, we further analyze the differ-

ences in ranking pCTRs and advertisers’ bids between initial and

repetitive requests. We group the requests by time intervals and

count the distributions of pCTR and bid differences within each

group. As shown in Figure 3, pCTR and bid diffs follow a pattern

similar to that observed from Figure 2: longer time intervals lead

to greater pCTR and bid differences.

2.3 Summary of Empirical Studies
We summarize the insights and get the following inspirations:

• There is a significant computational waste in the Taobao dis-

play advertising system.We can improve resource utilization

by reusing the results of the previous request.

• Redundancy exists between requests. We can estimate the

redundancy by modeling user interests.

• The repetitive request has different redundancy for different

stages of the initial request. We can achieve varying levels

of computation recycling by reusing the cached results from

different stages of the previous request.

3 Framework and Problem Formulation
In this section, we first introduce the intelligent computation re-

cycling framework. Then, we model the problem of computation

recycling as a online constrained optimization problem, and pro-

pose a near-optimal solution for online serving.

Figure 2: Distributions of (a) retrieval stage, (b) pre-ranking
stage and (c) ranking stage ad coverage rates with respect to
time intervals.

(a) pCTR difference (b) Bid difference

Figure 3: pCTR diff and bid diff versus time intervals between
the initial and repetitive requests.

3.1 Computation Recycling Framework
Figure 1 illustrates the overall framework of ComRecycle, where

caching and computation recycling processes are introduced into

the existing online advertising system. First, ComRecycle classifies

the arriving ad request as either an initial or a repetitive request

based on predefined rules, such as whether the system has cached

data for the user. For initial requests, multistage models will be used

to generate the final display ads. In addition, ComRecycle caches the

selected ad sets of the retrieval, pre-ranking and ranking stages for

future recycling. For repetitive requests, ComRecycle first models

the changes in user interests based on real-time features, and then

adopts a suitable recycling strategy. Specifically, ComRecycle offers

one of four strategies: no recycling, reusing the cached retrieval,

pre-ranking, or ranking ad set of the initial request. This allows the

system to skip some stages of the online serving pipeline, saving
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computational resources. For instance, if ComRecycle chooses to

reuse the cached pre-ranking ad set, it will use the cached ads as

the candidate ad set for the ranking stage. It is worth noting that,

in addition to computation recycling, ComRecycle can also collabo-

rate with advanced dynamic computation allocation approaches,

such as elastic queues [20, 36, 37], elastic models [26], and elas-

tic channels [41] to provide finer-grained computation allocations.

However, this topic is beyond the scope of this work, and we leave

the collaboration with other approaches as a future work.

3.2 Primal Formulation
We model the decision of computation recycling as an optimization

problem that aims to minimize the computation costs while main-

taining system performance. Suppose the online advertising system

receives 𝑁 requests within a short period, each of which can be

assigned𝑀 different recycling strategies. For each request 𝑖 ∈ [𝑁 ],
ComRecycle assigns a computation recycling strategy 𝒙𝑖 , which is

a one-hot vector. Here, 𝑥𝑖, 𝑗 = 1 indicates that ComRecycle assigns

strategy 𝑗 ∈ [𝑀] for request 𝑖 . Furthermore, each strategy 𝑗 incurs

a constant computation cost 𝑐 𝑗 . Compared to not implementing any

recycling strategy, when request 𝑖 employs strategy 𝑗 , there will be

an inevitable degradation in system performance denoted by △𝑄𝑖, 𝑗 .

In our context, strategy 𝑗 ranges from {0, 1, 2, 3}, representing the
strategies of not performing computation recycling or reusing the

cached retrieval, pre-ranking, or ranking ad set, respectively. Sys-

tem performance 𝑄𝑖, 𝑗 can be assessed using eCPM, number of user

clicks, etc., and △𝑄𝑖, 𝑗 = 𝑄𝑖, 𝑗 − 𝑄𝑖,0. The computation cost could

involve FLOPS, CPU cores, and GPUs. We aim to control the total

performance degradation so that it does not exceed a threshold of

𝐵. By setting different thresholds, we can achieve varying levels of

computation recycling.

Ultimately, we have the following optimization problem:

min

𝒙

∑︁
𝑖, 𝑗

𝑥𝑖, 𝑗 · 𝑐 𝑗 +
𝜔

2

∥𝑥 ∥2

𝑠 .𝑡 .
∑︁
𝑖, 𝑗

𝑥𝑖, 𝑗 · △𝑄𝑖, 𝑗 ≤ 𝐵,
∑︁
𝑗

𝑥𝑖, 𝑗 = 1, 𝑥𝑖, 𝑗 ≥ 0,
(1)

where we add a quadratic term in the objective function to simplify

the derivation of the optimal solution. Besides, we relax the discrete

constraints on 𝑥𝑖, 𝑗 . However, as discussed later, we can force the

optimal solutions 𝒙𝑖 to degenerate into one-hot vectors by letting

𝜔 → 0
+
[35].

3.3 Lagrangian Duality
Multiple methods are available to solve the problem. Offline dy-

namic programming (DP) [5] can be used to find the optimal so-

lution. However, in online systems, real-time decisions need to be

made for each incoming request [35], while DP cannot meet this

real-time decision-making requirement. An alternative approach is

to solve the dual problem, which allows us to derive a near-optimal

computation recycling strategy for incoming requests. Since the

primal problem’s objective function is convex and the constraints

are affine, it satisfies Slater’s condition [31]. This implies that the op-

timal solution to the dual problem is also the optimal solution to the

primal problem. Therefore, we construct Lagrangian function [7]

for Equation (1)

𝐿(𝜆, 𝝁, 𝜹, 𝒙) = 𝜔

2

∥𝑥 ∥2 +
∑︁
𝑖, 𝑗

𝑥𝑖, 𝑗 · 𝑐 𝑗 + 𝜆(
∑︁
𝑖, 𝑗

(𝑥𝑖, 𝑗 · △𝑄𝑖, 𝑗 ) − 𝐵)

+
∑︁
𝑖

𝜇𝑖 (
∑︁
𝑗

𝑥𝑖, 𝑗 − 1) −
∑︁
𝑖, 𝑗

𝛿𝑖, 𝑗 · 𝑥𝑖, 𝑗

𝑠 .𝑡 . 𝜆 ≥ 0, 𝛿𝑖, 𝑗 ≥ 0,

where 𝜆, 𝝁, 𝜹 are the Lagrange multipliers, and the corresponding

dual problem is

max

𝜆,𝝁,𝜹
min

𝒙
𝐿(𝜆, 𝝁, 𝜹, 𝒙) 𝑠 .𝑡 . 𝜆 ≥ 0, 𝛿𝑖, 𝑗 ≥ 0.

According to the K.K.T conditions, if we have the dual solution for

𝜆∗, 𝜇∗
𝑖
and 𝛿∗

𝑖, 𝑗
, the optimal solution to the primal is

𝑥∗𝑖, 𝑗 =
1

𝜔
(−𝑐 𝑗 − 𝜆∗ · △𝑄𝑖, 𝑗 − 𝜇∗𝑖 + 𝛿∗𝑖, 𝑗 ).

Lemma 3.1. For any 𝑗1, 𝑗2 ∈ [𝑀], if 𝑐 𝑗1+𝜆·△𝑄𝑖, 𝑗1 ≤ 𝑐 𝑗2+𝜆·△𝑄𝑖, 𝑗2

and 𝑥∗
𝑖, 𝑗2

> 0 hold, then 𝑥∗
𝑖, 𝑗1

≥ 𝑥∗
𝑖, 𝑗2

.

Based on the lemma [1], we can derive that if the optimal solution

satisfies the discrete constraint, it necessarily follows that

𝑥∗𝑖, 𝑗 =

{
1, if 𝑗 = arg min𝑗 (𝑐 𝑗 + 𝜆∗ · △𝑄𝑖, 𝑗 ), randomly break ties

0, otherwise.

It can be derived that as 𝜔 → 0, the solutions 𝑥𝑖, 𝑗 converge to

0 or 1. Consequently, by taking the limit 𝜔 → 0
+
, we obtain a

discrete strategy assignment. In this case, the optimal strategy for

each request depends only on the request-independent variable 𝜆∗,
making it applicable for online services. Here, 𝜆∗, also known as the

“shadow price” [3], represents the computational savings per unit

decrease in system performance under the optimal strategy. There-

fore, 𝜆∗ reflects our target resource utilization efficiency. In practice,

we set the performance degradation threshold 𝐵 to determine the

optimal Lagrange multiplier 𝜆∗. This indicates that minimizing com-

putation costs while maintaining system performance essentially

controls overall resource utilization efficiency.

However, achieving the theoretically optimal solution in practice

is challenging. This is because the performance degradations △𝑄𝑖, 𝑗

for using different strategies are usually unknown. Moreover, we

cannot determine an a priori Lagrange multiplier 𝜆∗. Therefore, we
train a deep learning model to estimate the degradation in system

performance as △𝑄̃𝑖, 𝑗 , and utilize offline bisection search to find

a near-optimal Lagrange multiplier. We will provide a detailed

discussion about the algorithms in the next section. Consequently,

the strategy output by ComRecycle is

𝑗∗ = arg min

𝑗

(𝑐 𝑗 + 𝜆∗ · △𝑄̃𝑖, 𝑗 ),

which may not be the optimal solution. The effectiveness of the

selected strategy depends on the accuracy of the estimation.

4 Algorithm
4.1 Overview
The ComRecycle workflow, as shown in Figure 4, is divided into

offline and online parts. In the offline phase (indicated by gray

dashed lines), ComRecycle first trains the Uplift-based Performance

Degradation Predictor using data logs (step 1). This model predicts
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Figure 4: Overview of the ComRecycle workflow. We elabo-
rate on the design of the modules highlighted in bold.

the performance degradations △𝑄̃𝑖, 𝑗 for repetitive requests under

different recycling strategies. Then, ComRecycle uses the logs and

the trained Predictor to solve offline for the Lagrange multiplier

𝜆∗ (step 2). In our implementation, the Performance Degradation

Predictor is updated hourly to adapt to changes in data distribution,

and 𝜆∗ is updated at the minute level to accommodate real-time

traffic fluctuations. In the online phase, a request is classified

as an initial or a repetitive request by the Request Filter based on

predefined rules (step 1). For initial requests (indicated by blue lines),

ComRecycle does not apply any computation recycling strategy,

and additionally caches the selected ads from each stage in the

online serving pipeline for later reusing (step 2). For repetitive

requests (indicated by red lines), ComRecycle assigns an optimal

computation recycling strategy based on the predicted performance

degradation △𝑄̃𝑖, 𝑗 and the offline solved Lagrange multiplier 𝜆∗

(step 2 & 3). Then, ComRecycle reuses the cached ad set based

on the optimal strategy and sends them to the remaining online

serving pipeline to generate final display ads (step 4 & 5).

4.2 Request Filter
To reduce the additional computation overhead introduced by imple-

menting ComRecycle, a Request Filter is set up to preliminarily filter

requests eligible for computation recycling. For requests with high

redundancy, the additional cost incurred by ComRecycle is negligi-

ble compared to the amount saved. However, for low-redundancy

requests, where only a small amount of computation can be saved,

it is not necessary to conduct the computation recycling. Although

the additional computation and storage costs can be offset by the

amount of computational resources saved by ComRecycle, the extra

response time (RT) introduced by the framework directly impacts

user experience and cannot be offset. Therefore, ComRecycle needs

to filter out requests for unnecessary computation recycling by

carefully selecting a criteria to distinguish requests.

We formulate filtering rules based on the analyses in Section 2.

Table 2 shows that repetitive requests with time intervals within 2

minutes account for 75% of all repetitive requests. These requests

have small pCTR and bid diffs according to Figure 3, indicating a

high redundancy level. Thus, we empirically set the time interval

within 2 minutes as criteria to distinguish between repetitive and

initial requests. In this way, ComRecycle can strike a balance be-

tween computation recycling and additional computation overhead.

4.3 Uplift-based Performance Degradation
Predictor

4.3.1 Feature System. Identifying redundancy of requests relies

on detecting changes in user interests. Therefore, we introduce the

feature of user behaviors to model users’ real-time interests [8–

10, 28, 29]. Due to the sparsity of user click behavior, we consider

the ads viewed by the user in the initial request as user behaviors.

In addition, the speed at which user interests change varies from

one user to another. For example, some users’ interests change

rapidly as they enjoy exploring various new items, while others

may have a specific purpose and focus on purchasing a particular

item. Therefore, we introduce user profile features to capture user-

specific interest change rates. Finally, we add request information

to include some statistical features. We summarize these features

as follows:

• User Behaviors: Records the sequence of ads viewed by the
user during her last request, including ad ID, category, and

other ad-related features.

• User Profile: Records user-side features such as age, gender,

region and etc.
• Request Information: Records the number of views and

clicks during the user’s last request and the time interval.

It should be noted that we do not use the ad-related features of

the current request because the decision on recycling strategies

needs to be determined before creating the candidate ad set.

4.3.2 Model. We propose an Uplift-based Performance Degrada-

tion Predictor to estimate the performance degradation of requests

under different recycling strategies. However, since we either ap-

ply a computation recycling strategy or not to a given request, we

cannot observe the ground truth of the performance loss coun-

terfactually when a specific computation recycling strategy is ap-

plied [25, 30]. Therefore, we employ a multi-task learning approach

to address this issue. Specifically, we estimate the system perfor-

mance under different computation recycling strategies and calcu-

late the performance degradation by taking the difference.

As depicted in Figure 5, all input features initially pass through

an embedding layer. Categorical features are transformed into low-

dimensional embeddings through an embedding look-up layer,

while continuous features are processed similar to [15]. Next, we

model the sequence of user behaviors. Since the order of user be-

haviors varies in importance, with more recent behaviors better

reflecting the user’s real-time interests, we use a GRU [14] to model

this pattern. Afterward, we concatenate the user behavior embed-

ding modeled by the GRU with the embeddings previously obtained

to serve as the shared bottom for MMoE [27], which is a commonly

used multi-task learning framework. In our context, MMoE will

output four logits: the control logit for no recycling 𝑙𝑐𝑡𝑟𝑙 , and the

uplift logits for reusing cached retrieval, pre-ranking, and rank-

ing ad sets {𝑙𝑢𝑝𝑙𝑖 𝑓 𝑡
1

, 𝑙
𝑢𝑝𝑙𝑖 𝑓 𝑡

2
, 𝑙
𝑢𝑝𝑙𝑖 𝑓 𝑡

3
}. Summing the control logit and

the uplift logits yields the treatment logits {𝑙𝑡𝑟𝑒𝑎𝑡
1

, 𝑙𝑡𝑟𝑒𝑎𝑡
2

, 𝑙𝑡𝑟𝑒𝑎𝑡
3

}.
Thus, {𝑙𝑐𝑡𝑟𝑙 , 𝑙𝑡𝑟𝑒𝑎𝑡

1
, 𝑙𝑡𝑟𝑒𝑎𝑡

2
, 𝑙𝑡𝑟𝑒𝑎𝑡

3
} represent the logits of system per-

formance under different strategies. After being processed through
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Figure 5: Network architecture of the proposed Uplift-based
Performance Degradation Predictor.

Algorithm 1: Bisection search

Input: {△𝑄̃𝑖, 𝑗 }, {𝑐 𝑗 }, 𝜆𝑙 = 0, 𝜆𝑟 = 1𝑒9, tolerance 𝜖 ;

Output: 𝜆∗;
1 while 𝜆𝑙 + 𝜖 ≤ 𝜆𝑟 do
2 𝜆𝑚 =

𝜆𝑙+𝜆𝑟
2

;

3 Choose the optimal 𝒙𝑖 for 𝑁 samples according to 𝜆𝑚 ;

4 Calculate the performance degradation △𝑄̃ =
∑
𝑖 △𝑄̃𝑖, 𝑗∗ ;

5 if
��△𝑄̃ �� ≤ 𝐵 then

6 𝜆∗ = 𝜆𝑟 = 𝜆𝑚 ;

7 else
8 𝜆𝑙 = 𝜆𝑚 ;

9 return 𝜆∗;

an activation function, these logits yield the predicted system perfor-

mance 𝑄̃𝑖, 𝑗 . Thus, the degradation in performance can be calculated

as △𝑄̃𝑖, 𝑗 = 𝑄̃𝑖,0 − 𝑄̃𝑖, 𝑗 .

4.4 Lagrange Multiplier Solver
We assume that the system performance in relation to the compu-

tation costs follows the law of diminishing marginal utility [4, 39].

This assumption is intuitive because the better the current system

performance, the more difficult it is to improve [20, 26]. Addition-

ally, there is an upper bound for the system performance, i.e., it is
impossible to achieve infinite performance by allocating unlimited

computational resources. Under this assumption, we can solve for

the optimal 𝜆∗ using the bisection search method outlined in Al-

gorithm 1. Due to significant traffic variations in online systems,

we follow prior work [18, 37] and update 𝜆∗ every 15 minutes and

serve for the following 15 minutes. According to [2], this method

of updating the Lagrange multiplier is near-optimal.

5 Experiments
5.1 Offline Validation
Before deploying ComRecycle online, we must conduct offline eval-

uations to verify its correctness and effectiveness. However, since

the framework has not been deployed, we cannot collect online

data logs of system performance using different recycling strategies,

which complicates the offline validation. Therefore, we conduct

offline simulation experiments on the dataset described in Section 2.

Experiment Settings. The settings for the offline simulation

experiment are as follows:

• Actions: 𝑗 can be {0, 1, 2, 3}, representing the strategies of
not performing computation recycling or reusing the cached

retrieval, pre-ranking, or ranking ads.

• Computation Cost: 𝑐 𝑗 is a constant representing the sys-
tem’s response time (RT) when using strategy 𝑗 . We choose

RT as the metric because it is positively correlated with

computation costs and is easy to measure.

• System Performance: 𝑄𝑖, 𝑗 = 𝐴𝐶𝑅𝑖, 𝑗 is the defined ad cov-

erage rate metric. We choose the ACR to estimate the actual

system performance metrics, since we cannot access the real

system performance during offline validation.

• System Performance Degradation: △𝑄𝑖, 𝑗 = 1 − 𝐴𝐶𝑅𝑖, 𝑗 .

This is because the ACR is 1 when not performing computa-

tion recycling.

• Performance Degradation Threshold: 𝐵 represents the

maximum acceptable level of ad coverage rate degradation.

It should be noted that since the system performance is always

1 when not recycling resources, the Performance Degradation Pre-

dictor used for offline validation does not include the learning task

for the control logit in MMoE.

Comparing Methods. As discussed in Section 3, DP can cal-

culate the optimal solution for the problem offline. Therefore we

compare ComRecycle with DP to verify the effectiveness of Com-

Recycle. In addition, we also include fixed computation recycling

strategy, which are coarse-grained, for a comprehensive compari-

son. Specifically, we establish the following comparing methods:

(1) DP: Solves offline the computation recycling strategies for

all requests based on the estimated system performance degra-

dation △𝑄̃𝑖, 𝑗 . Since there is an estimation error between △𝑄𝑖, 𝑗

and △𝑄̃𝑖, 𝑗 , DP does not yield the optimal solution for the origi-

nal problem. (2) ComRecycle: Solves for 𝜆∗ based on △𝑄̃𝑖, 𝑗 and

assigns a computation recycling strategy to each request according

to 𝑗∗ = arg min𝑗 (𝑐 𝑗 + 𝜆∗ · △𝑄̃𝑖, 𝑗 ). (3) Fixed Computation Recy-
cling Strategy: Assigns the same computation recycling strategy

to all requests. Furthermore, to assess the system performance of

ComRecycle under ideal conditions where the performance degra-

dation can be estimated accurately, we add the following base-

lines: (4) DP*: Solves offline the computation recycling strategies

for all requests based on the actual system performance degra-

dation △𝑄𝑖, 𝑗 , which gives the optimal solution for the original

problem. (5) ComRecycle*: Solves for 𝜆∗ based on △𝑄𝑖, 𝑗 and as-

signs a computation recycling strategy to each request according

to 𝑗∗ = arg min𝑗 (𝑐 𝑗 + 𝜆∗ · △𝑄𝑖, 𝑗 ).
Results. By adjusting the threshold 𝐵, we can establish the rela-

tionship between the system performance and computation costs

for all methods, as shown in Figure 6. In Table 4, we compare the

system performance of different methods at the same computation

cost, and the computation costs required by different methods to

achieve the same system performance. Here, we come to the follow-

ing conclusions: (1) The curves for DP* and ComRecycle* almost
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Table 4: Resource utilization comparisons with fixed compu-
tation recycling strategies. We omit comparisons with Strate-
gies 1 and 3 as all methods yield zero improvement in either
ACR or RT reduction.

ACR improvement with the same RT

DP* ComRecycle* DP ComRecycle

Strategy 1 +5.23% +5.23% +2.23% +2.15%

Strategy 2 +11.04% +11.04% +3.10% +3.04%

RT reduction with the same ACR

DP* ComRecycle* DP ComRecycle

Strategy 1 -26.44% -26.44% -7.00% -7.21%

Strategy 2 -30.90% -30.90% -9.88% -10.88%

Figure 6: Relationship between systemperformance and com-
putation costs for different methods.

coincide, as do the curves for DP and ComRecycle, indicating that

ComRecycle could approach the optimal solution. (2) ComRecycle*

significantly outperforms ComRecycle, indicating that the accu-

racy of the estimates limits the framework’s effectiveness. On the

other hand, this also suggests that resource utilization can be greatly

improved if the model’s estimates are sufficiently accurate. (3) Com-

Recycle outperforms fixed computation recycling, indicating that

ComRecycle improves resource utilization.

As illustrated in Figure 7, we present the combination of compu-

tation recycling strategies produced by ComRecycle* and ComRecy-

cle at different computation costs. Specifically, we plot the number

of requests that adopt different computation recycling strategies.

When the computation cost is minimal, all requests opt to reuse

the cached ranking ads. As the threshold 𝐵 gradually increases,

the computation investment also increases. At this point, the com-

putation recycling strategies assigned to some requests shift from

reusing the ranking cache to more costly but higher-performing

strategies. Moreover, when comparing subfigures 7a and 7b, we can

find that the trend of changes in the strategy assignment of Com-

Recycle is similar to that of ComRecycle*. The difference between

the two outcomes is only attributed to inaccuracies in the estimates

of performance degradation.

In summary, we have successfully validated the correctness and

effectiveness of ComRecycle. Therefore, we can attempt to imple-

ment the framework in the online advertising system.

(a) Strategy combinations provided by
ComRecycle*

(b) Strategy combinations provided by
ComRecycle

Figure 7: Comparison of the recycling strategy combinations
generated by ComRecycle* and ComRecycle.

5.2 Online Performance
We implemented ComRecycle in the Taobao display advertising sys-

tem for online A/B testing from 2024-04-16 to 2024-04-22 to demon-

strate the effectiveness of ComRecycle. The deployed scenarios

include core areas such as homepage advertising and stream adver-

tising, involving billions of daily active users who generate a mas-

sive number of ad requests per day. In the face of such large-scale

scenarios, the system requires a large number of GPUs, typically in

the high hundreds to low thousands, for daily model training.

The settings of the online experiment are slightly different from

those of the offline experiment. Before the full deployment, we

tested two computation recycling strategies: reusing the cached

ranking ad set and no recycling, which did not require extensive

modifications to the current system and yielded excellent results.

Given that the substantial investment needed for further devel-

opment may not ensure significant benefits, we only implement

these two strategies in the online setting. The implementation of

other strategies is considered for future work. Besides, we use the

ranking eCPM as the measure of system performance in stead of

the ACR metric. We use the original advertising system, which

does not employ any computation recycling strategies, as the base-

line to compare against the system that utilizes the ComRecycle

framework. Specifically, we compare recommendation and adver-

tising metrics such as Click-Through Rate (CTR), Revenue Per Mille

(RPM), and Total Cost (COST), as well as resource utilization met-

rics like CPU and GPU utilization. By adjusting the performance

degradation threshold, we manage to maintain the same level of

system performance of ComRecycle as that of the baseline (+1.01%
CTR, +0.87% RPM, +0.20% COST) while saving 23% of CPU re-

sources and 22% of GPU resources in model serving. Therefore, a

full implementation of ComRecycle in the system could save thou-

sands of CPU cores and hundreds of GPUs, bringing significant

economic benefits.

6 Related Work
6.1 Intelligent Computation Allocation
Recently, a series of works [20, 26, 30, 36, 37, 41, 42] have focused on

the problem of intelligent computation allocation. They argue that

computational resources should be personalized for each request

because different requests have varying advertising values, aiming
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to improve the overall system performance. Following this ratio-

nale, Jiang et al. was the first to propose DCAF [20], adjusting the

size of the candidate ad set to control the invested computational

resources. This method is known as the elastic queue method and

is optimized using a linear programming algorithm for the best

allocation. Yang et al. [36] introduced CRAS to holistically solve the
issue of multistage computation allocation in cascading systems.

Zhou et al. [41] considered two other computation allocation meth-

ods in addition to the elastic queue approach: elastic channel and

elastic model. And they accounted for joint effects across stages

and models through reinforcement learning. Yuan et al. [37] found
that users have varying sensitivities to system performance and

system latency. Therefore, they performed personalized computa-

tion allocation based on users’ various preferences. Lu et al. [26]
approached from an eco-friendly perspective, focusing on the bal-

ance between recommendation accuracy and carbon emissions.

However, these works do not consider the phenomenon of resource

underutilization, thereby overlooking computation recycling as a

potential method to further improve resource utilization.

6.2 Caching in Recommendation Systems
Content caching is a classic problem in networking [23]. With the

development of the Internet, various recommendation-based ap-

plications have increasingly stringent demands on cache hit rates

and user experience. As a result, the issue of joint caching and

recommending contents [6, 32] has been attracting more and more

attention. In particular, Wang et al. [32] and Fu et al. [16] considered
enhancing caching efficiency in device-to-device communication

networks through recommendation systems. Kastanakis et al. [21]
designed a high-quality and cache-friendly recommendation sys-

tem for mobile edge caching that does not require the involvement

of content providers. Giannakas et al. [17] considered improving

cache hit rates in CDNs by utilizing recommendation algorithms,

while ensuring satisfactory system performance. However, these

works primarily focus on caching and therefore cannot guaran-

tee the system performance. Inspired by content caching, Chen et
al. [13] proposed a user-wise result cache for recommendations dur-

ing traffic peaks in large-scale recommendation systems, which is

the most relevant work to ours. However, their work only considers

a basic cache reuse strategy and does not consider the potential im-

pact of reusing cache on system performance. As a result, it cannot

achieve the balance between resource utilization and performance.

7 Conclusion
In this work, we observe two phenomena in Taobao display adver-

tising system, which lead to substantial resource underutilization.

Based on the observations, we propose an intelligent computation

recycling framework called ComRecycle that caches previously

unexposed ads. To improve resource utilization while maintaining

system performance, we model the decision of computation recy-

cling as an online constrained optimization problem. Our offline

experiments on a real-world dataset from Taobao demonstrate the

effectiveness of ComRecycle. Our online A/B tests demonstrate that

ComRecycle effectively improves resource utilization.
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