
1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

A Self-Triggered Agentic Push Recommendation System
Zhao—Yu Zhang∗

zhaoyu.1@bytedance.com
ByteDance

Beijing, China

Qingying Chen∗
chenqingying@bytedance.com

ByteDance
Beijing, China

Chunyuan Zheng∗
zhengchunyuan@bytedance.com
ByteDance, Peking University

Beijing, China

Jing Zhou
zhoujing.23@bytedance.com

ByteDance
Beijing, China

Jian Sun
sunjian.2022@bytedance.com

ByteDance
Beijing, China

Siqi Chen
chensiqi.2025@bytedance.com

ByteDance
Beijing, China

Leiying Chen
chenleiying@bytedance.com

ByteDance
Beijing, China

Chuan Zhou
chuanzhou@bytedance.com

ByteDance
Beijing, China

Huiyou Jiang†
jianghuiyou.jhy@bytedance.com

ByteDance
Beijing, China

Xin Tao
taoxin.xt@bytedance.com

ByteDance
Beijing, China

Haoxuan Li
hxli@stu.pku.edu.cn
Peking University
Beijing, China

Zhouchen Lin
zlin@pku.edu.cn
Peking University
Beijing, China

Abstract
Push notification is a critical recommendation scenario on large-
scale platforms, allowing the system to proactively reach users
outside the application to improve long-term re-engagement. How-
ever, designing an optimal push system requires handling a complex
action space for the "whether and when" delivery problem under
strict system resource constraints, i.e., systems cannot naively eval-
uate every user at every second to find the optimal delivery moment.
Existing solutions typically fall into two paradigms: the first is a
two-stage approach that relies on offline user-level uplift modeling
combined with integer programming solvers to allocate optimal
delivery times and frequencies. The second periodically activates
the push system to decide whether to send a push. However, the for-
mer cannot effectively utilize real-time information, and the latter
results in resource inefficiency. In addition, such a multi-stage solu-
tion suffers from local optima. In this paper, we propose a proactive,
self-triggered end-to-end agentic push recommendation system,
which is already fully deployed at Douyin with over 1 billion users,
allowing the system to generate push time and determine
whether to send in a closed loop with both real-time effec-
tiveness and efficiency. Specifically, the agentic system consists
of two decision transformer-based agents: a planning agent that
∗Zhao—Yu Zhang, Qingying Chen, and Chunyuan Zheng contributed equally.
†Huiyou Jiang is the corresponding author.
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determines when to schedule the next push time with a gated ordi-
nal regression method, and an action-execution agent that decides
whether to send a push based on a trajectory reward. In addition, we
further introduce a lightweight filtering agent to both control the
computational overhead and act as a crucial safeguard against un-
reasonable planning behaviors. Extensive experiments demonstrate
that this approach can both increase user active days by 0.2843%
and reduce push permission disablement by 1.9089%. In addition,
adding the filtering agent can reduce the computational overhead
by 79.42%.

CCS Concepts
• Information systems→ Recommender systems.

Keywords
Agentic Recommender Systems, Push Notification, Generative Rec-
ommendation
ACM Reference Format:
Zhao—Yu Zhang, Qingying Chen, Chunyuan Zheng, Jing Zhou, Jian Sun,
Siqi Chen, Leiying Chen, Chuan Zhou, Huiyou Jiang, Xin Tao, Haoxuan Li,
and Zhouchen Lin. 2026. A Self-Triggered Agentic Push Recommendation
System. In Proceedings of RecSys ’26. ACM, New York, NY, USA, 9 pages.
https://doi.org/XXXXXXX.XXXXXXX

1 Introduction
Push notification is an important recommendation channel because
it enables the system to proactively reach users outside the appli-
cation, rather than waiting for them to launch the application on
their own [19, 23, 26]. As shown in Figure 1, when users enable
the push permission (left), they will receive the notification (right).
At the same time, push notification is also a challenging problem:
the system must decide whether and when to deliver a notifica-
tion [18, 27]. Well-designed pushes can improve re-engagement
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Figure 1: Push notification examples.

and user activity, but poorly timed ones lead to push notification
disablement because of user fatigue [3, 22, 25].

Solving the "whether and when" problem is highly non-trivial,
since push delivery is a continuous and sequenced optimization
problem [1, 15]. To find the optimal delivery moment, a naive ap-
proach would be to evaluate every user every second. However, in
large-scale industrial systems, this per-second real-time ranking is
impractical due to system resource constraints. Existing solutions
can be divided into two main paradigms. The first is a two-stage
approach that relies on offline user-level uplift modeling to calcu-
late the positive and negative value of each possible timing and
frequency, and then uses integer programming solvers to solve opti-
mal times and frequencies [9, 29]. The second periodically activates
push systems based on a pre-defined short time interval to decide
whether to send a push [2, 13, 33].

However, these methods have several limitations. First, making a
decision based on a pre-defined time points and frequencies without
considering timely information, such as recent user activity and
push content, will lead to unreasonable pushes. For example, a
push may not be sent even when the trajectory suggests that a
current push could be valuable. In addition, activating the system
periodically will result in too many action-execution processes,
consuming a lot of resources since the item sorting involves heavy
computation. Finally, the multi-stage framework may find the local
optima of each stage, leading to an overall suboptimal performance.

To address these issues, we propose a proactive, self-triggered
end-to-end agentic push recommendation system, which has the
ability to plan and execute action, in a closed loop with both real-
time effectiveness and efficiency. Specifically, the agentic system is
composed of three agents: a planning agent, an action-execution
agent, and a filtering agent. The overall pipeline works as follows.
First, the planning agent provides the predicted next push time.
Second, when the time arrives, the action-execution agent decides
whether to send such a push to users. At the end of this loop, the
planning agent updates a new push time. Finally, we introduce
a lightweight filtering agent that screens out both low-value re-
quests before they consume heavy computation and unreasonable
planning behaviors to keep the push system safe.

We summarize our main contributions as follows:

• We reformulate industrial push recommendation as a self-
triggered closed-loop decision problem, and propose a novel
agentic end-to-end push recommendation system, which
proactively generates the next push time (planning agent)
and determine whether to push (action-execution agent),
with a lightweight filtering agent to both control the com-
putational overhead and ensure system safety.

• For push time generation, we propose a novel gated ordi-
nal regression method to effectively inject target returns.
For action-execution, we propose a value-guided learning
method to correct suboptimal behaviors in offline logs.

• The proposed pipeline has been fully deployed on theDouyin
app with over 1 billion users, showing that such a pipeline
can both improve daily active users and reduce push per-
mission disablement rate. In addition, we show the filtering
agent can significantly reduce the computational overhead.

2 Related Work
2.1 Push Notification Systems
Push notification systems are multi-dimensional decision making
systems that involve the content to send, and more importantly,
whether and when to send. The problem of determining push con-
tent has become standard in industrial systems [14, 32, 34], and in
this paper we focus on the "whether and when" problem. To solve
this problem, the first group of approaches focuses more on the
timing aspect, usually conducting offline user-level uplift modeling
and planning by integer programming solvers in advance for when
the system should send the push notification [9, 12, 17, 29, 31].
However, these methods of scheduling push notifications in ad-
vance result in reduced timeliness and diminish their effectiveness.
Meanwhile, another group of approaches bypass the timing issue
by implementing a fixed time interval triggering mechanism to de-
termine whether to send a notification [4, 6, 21, 24]. However, time
slices that are too broad result in lower-value push notifications,
while slices that are too granular consume excessive resources. The
limitations of these previous push systems call for a multidimen-
sional, collaborative action-execution mechanism that ensures both
real-time performance and push efficiency.

2.2 Generative Reinforcement Learning
Reinforcement learning has been widely studied for optimizing
long-term objectives in recommendation, including slate recom-
mendation, feed ranking, and notification delivery [10, 20, 30, 35].
However, deploying conventional value-based or policy-gradient
methods in large-scale industrial systems can sometimes present
challenges, as these approaches may be susceptible to unstable
bootstrapping and sensitivity to distribution shifts in offline logs.
To address this, recent generative RL methods offer an alterna-
tive by formulating sequential decision-making as a conditional
sequence modeling problem. Decision transformer (DT) [7] pre-
dicts actions conditioned on return-to-go, historical states and past
actions through a supervised learning objective. Trajectory Trans-
former [11] further treats states, actions, and rewards as a unified
trajectory sequence for long-horizon planning, and Q-learning de-
cision transformer [28] further improves trajectory stitching by
relabeling returns with dynamic programming, thereby combining

2
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Figure 2: Overall framework.

the stitching ability of Q-learning with the training stability of DT.
This paradigm has also shown promise in industrial multi-objective
systems, such as notification optimization [16] and auto-bidding [8].
Our work follows this direction but targets proactive push recom-
mendation, where the systemmust jointly generatewhen to activate
the next request and decide whether to send after activation.

3 Method
3.1 Problem Setup
Generally, optimizing a push recommendation system for long-term
engagement can be formulated as a sequential action-execution
problem over a continuous time horizon. Suppose there are𝑇 times-
tamps to push within a time period (we use one day as an exam-
ple), the goal is to maximize the positive value (e.g., daily active)
while controlling the daily negative value (e.g., notification dis-
abled) over the𝑇 candidate push timestamps, where𝑇 can be varied
for different users and methods. For a specific user at each time
𝑡 ∈ {1, 2, . . . ,𝑇 }, unlike standard RL that optimizes a policy purely
via reward maximization, recent advances in decision transformers
(DT) formulate this as a conditional sequence modeling problem.
Let 𝑅𝑡 denote the return-to-go (RTG) at step 𝑡 , defined as the desired
future return:

𝑅𝑡 =

𝑇∑︁
𝑗=𝑡

(
𝑟+𝑗 − 𝜆𝑛𝑟−𝑗

)
,

where 𝑟+ and 𝑟− are positive and negative rewards respectively,
and 𝜆𝑛 is a hyperparameter balancing the trade-off.

In previous DT-based recommendation frameworks, the model
takes the current state 𝑠𝑡 , including user feature, item feature, and
environment information (such as current time and previous push
time), and the target RTG 𝑅𝑡 as input, and conditionally generates
the corresponding binary action 𝑎𝑡 ∈ {0, 1}:

𝑎𝑡 = 𝜋 (𝑠𝑡 , 𝑅𝑡 ).
The first type of previous multi-stage methods pre-calculate 𝑇

offline before the day based on uplift modeling and integer opti-
mization, and send a push at time 𝑡 ∈ {1, 2, . . . ,𝑇 }, which does
not consider the timely environment information and may find
local optima. The second type methods periodically activate the

system based on a pre-defined short time interval, which consumes
resources and involves many low-value push timings.

To bridge this gap, we formulate push recommendation as a
sequential generate-and-decide problem, in which the system se-
quentially generates the next push time and decides whether to
send a push based on the timely environment information, discard-
ing the pre-defined 𝑇 . Specifically, if there is a push at time point 𝑡 ,
the planning agent will output Δ𝑡 > 0 based on 𝑠𝑡 , which defines
the time gap from now. Then the system will be activated at 𝑡 + Δ𝑡 .
Next, the system executes a binary action 𝑎𝑡+Δ𝑡 ∈ {0, 1} based on
𝑠𝑡+Δ𝑡 and RTG 𝑅𝑡+Δ𝑡 to determine whether to send the push. Fi-
nally, the planning agent outputs a next push time, which defines
the time gap between now (𝑡 + Δ𝑡 ) and the next push. Formally,
under our formulation, we need to determine the action tuple (𝑎,
Δ) simultaneously at time 𝑡 in an end-to-end manner:

(Δ𝑡 , 𝑎𝑡 ) = (𝜋𝑃 (𝑠𝑡 , 𝑅𝑡 ), 𝜋𝐴 (𝑠𝑡 , 𝑅𝑡 )),
where 𝜋𝑃 and 𝜋𝐴 are the planning agent and action-execution agent,
respectively. The overall structure of our framework is shown in
Figure 2. To ensure an end-to-end learning, we share the bottom
user, environment, and item embedding parameters for planning
and action tasks.

3.2 Planning Agent
The planning agent acts as the proactive engine of our agentic
framework. As illustrated in Figure 3, the DT model structure re-
quires both the state 𝑠𝑡 and a target RTG 𝑅𝑡 as inputs, and the
generated Δ𝑡 as outputs. Note that the item side information is
optional, since it depends on whether we do a item sorting. To
effectively achieve this generative capability in a highly dynamic
push scenario, we introduce two core methodologies:

Gated-RTG Mechanism for Condition Injection. The stan-
dard architectures that simply concatenate RTG with dense, high-
dimensional state representations, will cause the RTG to be easily
overwhelmed by the dominant state features, which makes the
model difficult to learn stable correlations. To address this, we pro-
pose a Gated-RTG structure. Instead of naive concatenation, the
RTG 𝑅𝑡 is first passed through a Multi-Layer Perceptron (MLP)
tower to upscale its dimensionality. Then, the RTG is injected into

3
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the state via an element-wise dot product (gating mechanism):

𝑒𝑔𝑎𝑡𝑒𝑑 = 𝑒𝑠 ⊙ MLP(𝑅𝑡 ),

where 𝑒𝑠 is the state embedding. This gating mechanism ensures
that the RTG is not overwhelmed by state features. The gated
representation, 𝑒𝑔𝑎𝑡𝑒𝑑 , is then fed into the decoder to generate the
push time.

Ordinal Regression for TimeGeneration. Predicting an exact
continuous time gap Δ𝑡 (ranging from 0 up to 24 hours) via standard
regression is unstable, since the label distribution is non-Gaussian,
heavily long-tailed, and the tolerance to errors is non-linear. For
example, the difference between 10 minutes and 40 minutes is far
more critical than that between 10 hours and 10.5 hours. To over-
come this, we reformulate the time generation step as an ordinal
regression problem [5], since there is an overall monotonic rela-
tionship between action and reward. For example, as the push gap
increases, the active rate decreases. Specifically, we divide the con-
tinuous action space into 𝐾 = 100 equal-frequency buckets with
boundaries {𝜏𝑘 }𝐾𝑘=1. The decoder outputs ordinal logits 𝑧𝑘 , where
each bucket represents the probability that the next push time Δ𝑡
is strictly greater than the boundary 𝜏𝑘 . Therefore, for a specific
user, the label in 𝑘-th bucket is denoted as 𝑦𝑘 = 1[Δ𝑡 > 𝜏𝑘 ], the
model is optimized using a Binary Cross-Entropy (BCE) loss across
all buckets:

L𝑛𝑒𝑥𝑡 =
𝐾∑︁
𝑘=1

𝐵𝐶𝐸 (𝑦𝑘 , 𝑧𝑘 ).

Online Inference. During online inference, we decode the or-
dinal logits into a precise continuous time gap by smoothly aggre-
gating the probabilities:

Δ𝑡 =
𝐾∑︁
𝑘=1

𝜏𝑘 + 𝜏𝑘−1
2

· Sigmoid(𝑧𝑘 ).

In addition, we can adjust the RTG to achieve different desired
business values. We expect the predicted Δ𝑡 to work well under
different input RTG. Therefore, we need to make Δ𝑡 = 𝜋𝑃 (𝑠𝑡 , 𝑅𝑡 )
capture the effect of 𝜆𝑛 in 𝑅𝑡 . To achieve this, instead of fixing 𝜆𝑛 ,
we sample 𝜆𝑛 from a uniform distribution 𝑈 (0, 1) in the training
stage. As a result, we can adjust the 𝜆𝑛 to get the desired business
effect when inferring online.

3.3 Action-Execution Agent
The action-execution agent is responsible for determining whether
to send a push at the time generated by the planning agent. Formally,
based on 𝑠𝑡 , inspired by GAVE [8], we propose a Generative Value-
Guided Decision architecture, with the same gated RTG and 𝜆𝑛
sampling to ensure the online performance tuning ability.

Generative Value-Guided Decision. Specifically, we need to
estimate an action-value function 𝑄 (𝑠𝑡 , 𝑎𝑡 |𝜆𝑛) to learn 𝑅𝑡+1 and
an action generation policy 𝜋 (𝑎𝑡 |𝑠𝑡 , 𝑅𝑡 ). Unlike traditional GAVE,
including action sampling in continuous space, we exclude this
in our binary push scenario. In addition, the original GAVE paper
directly regress𝑄 (𝑠𝑡 , 𝑎𝑡 |𝜆𝑛) on observed RTG𝑅𝑡 as the loss function.
However, since the actions in training data may be suboptimal, the
observed RTG fails to represent the future reward under the given
state 𝑠𝑡 [28]. Therefore, directly regressing on the observed RTG
cannot yield superior performance. Therefore, we propose using the
Bellman equation to learn 𝑄 (𝑠𝑡 , 𝑎𝑡 |𝜆𝑛). Taking 𝑟+𝑡 as an example,
the meaning of 𝑄 value is the active probability. Therefore, we
define the following reward:

𝑟+𝑡 =


0, 𝑡 < 𝑇

0, 𝑡 =𝑇, and user remains inactive finally
1, 𝑡 =𝑇, and user becomes active finally

Therefore, the positive RTG is

𝑅+𝑡 =


1, if the user is already active
1, if 𝑎𝑡 = 1 & user clicks push
𝑟+𝑡 + 𝛾 max𝑎 𝑄+ (𝑠𝑡 , 𝑎 |𝜆𝑛), via the Bellman equation

The same technique of defining the RTG can also hold for 𝑅−
𝑡 . Then

we learn 𝑄 (𝑠𝑡 , 𝑎𝑡 |𝜆𝑛) using MSE loss.

L𝑄 =

𝑇−1∑︁
𝑡=1

(𝑅𝑡+1 −𝑄 (𝑠𝑡 , 𝑎𝑡 |𝜆𝑛))2,

where𝑅𝑡 = 𝑅+𝑡 −𝜆𝑛𝑅−
𝑡 and𝑄 (𝑠𝑡 , 𝑎𝑡 |𝜆𝑛) =𝑄+ (𝑠𝑡 , 𝑎𝑡 )−𝜆𝑛𝑄− (𝑠𝑡 , 𝑎𝑡 |𝜆𝑛).

Our goal is to learn a better action, which will correspond to a larger
𝑄 (𝑠𝑡 , 𝜆𝑛). Therefore, following GAVE [8], we calculate the weight
𝑤𝑡 = Sigmoid(𝛼𝑟 · (𝑄 (𝑠𝑡 , 𝑎𝑡 |𝜆𝑛) −𝑄 (𝑠𝑡 , 1−𝑎𝑡 |𝜆𝑛))) to reweight the
action loss below, where 𝛼𝑟 is a hyperparameter:

L𝜋 = −
𝑇∑︁
𝑡=1

[
𝑤 ′
𝑡 log𝜋 (𝑎𝑡 |𝑠𝑡 , 𝑅𝑡 ) + (1 −𝑤 ′

𝑡 ) log(1 − 𝜋 (𝑎𝑡 |𝑠𝑡 , 𝑅𝑡 ))
]
,

4
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Figure 4: Architecture of the action-execution agent.

where𝑤 ′
𝑡 represents the weight with gradients frozen. The intuition

is, we add more weight to ensure the action-execution agent can
learn actions with larger 𝑄 value.

To summarize, the final loss function for model training is

L = L𝑛𝑒𝑥𝑡 + 𝜆1L𝑄 + 𝜆2L𝜋 .

Discussion of Model Structure. In this subsection, we discuss
the model structure difference between the planning and action-
execution agent. First, since predicting the exact next delivery time
is a high-noise task with a continuous action space, we use the
traditional decision transformer structure based on imitation learn-
ing to ensure a lower bound of performance. Specifically, this high
level of noise arises because the planning agent sits upstream in
the push system. The effect of each single decision can be diluted
by multiple factors. In addition, the push time decisions do not
directly determine delivery, leading to a relatively weak connection
between RTG and generated push time. Meanwhile, we find that
introducing a critic can produce a higher performance upper bound
empirically, but it is more difficult to tune parameters and may
easily suffer from reward hacking. Therefore, we use this structure
in the binary action-execution scenario with less noise.

3.4 System Landing Challenge
First, given the large volume of business events we have, such as
live streams and video posts, relying solely on the planning agent
carries the risk of missing critical events. For example, if a star
followed by a user goes live, this is a potential push time. Therefore,
in our implementation, we integrate such business events with
self-generated push time to better enhance user experience.

Second, our platform handles millions of queries per second
(QPS). Since our system does not rely on fixed budget limits and pre-
defined delivery time periods, there is a high risk of unreasonable
planning, such as too short or too long. In addition, if the sending
is too frequent, it will consume too many computing resources.
Therefore, we deploy a lightweight filtering agent to ensure the
safety and efficiency of the entire agentic push system.

To avoid extreme user experiences, we introduce two primary
boundary controls:

• System-side control: This rule suppresses the activation
of the downstream system for push time within a fixed
window after the most recent successful send.

• User-side control: This rule suppresses the activation for
push time within a fixed window after the user becomes
active.

In practice, these boundary controls are set to highly conserva-
tive, hardcoded values on the scale of minutes rather than hours
simply to prevent extreme user experiences. Beyond these basic
safeguards, the primary filtering decision relies on a lightweight
model based solely on user and environment information. Precisely,
we distill the knowledge from the heavy action execution agent into
a 3-layer MLP without item-side features. This exclusion is crucial
because incorporating item-side features would require invoking
the computationally expensive downstream item sorting module.
By distilling the model decisions and dropping these item-side fea-
tures, we find a slight degradation in model metrics, but a massive
improvement in resource efficiency.

Computational Resource Efficiency. In industrial push rec-
ommendation pipelines, the downstream action-execution stage
is computationally heavy, since it requires complex item recall,
pre-ranking, and ranking using massive item-side features. In our
scenario, including item sorting consumes 10 times more resources
than only using user features and environment. The proposed fil-
tering agent can also prevent the system from wasting valuable
compute on low-potential push timing. We will discuss the specific
resource savings in the experimental section.

4 Experiment
To comprehensively evaluate the proposed method, we conduct
experiments on the Douyin offline and online datasets. The offline
training and evaluation are conducted on a massive dataset com-
prising over six months of logs from more than one billion users,
ensuring the model’s robustness and generalizability across diverse
user segments. All online experiments are conducted as A/B tests
on the Douyin push notification platform.

4.1 Baseline and Experiment Protocol
All experiments are conducted as online A/B tests on the Douyin
push notification platform. We report relative improvements or re-
ductions. We measure the business value on three dimensions:User
Active Days (UAD) (the higher the better), Negative Experience
(NE) (such as notification disabled, the lower the better), and Re-
source Consumption (computational cost, the lower the better).
We use a widely deployed multi-stage approach as our baseline.
Specifically, before the day begins, the system relies on user-level
uplift models to predict the benefit of push times and frequencies.
It then applies integer programming solvers to allocate optimal
delivery time and frequencies for each user under a total budget
limitation.

4.2 Overall Performance & Ablation Study
To quantify the overall and respective contribution of the three
core components (planning, action-execution, and Filtering),
we report results in Table 1. The results indicate that all three agents
effectively and synergistically drive the system’s performance, col-
lectively achieving a 0.2843% increase in UAD, 1.9089% reduction in
Negative Experience (NE), and 79.42% reduction in computational
resource. Among the three agents, the planning agent serves as the

5



581

582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

597

598

599

600

601

602

603

604

605

606

607

608

609

610

611

612

613

614

615

616

617

618

619

620

621

622

623

624

625

626

627

628

629

630

631

632

633

634

635

636

637

638

RecSys ’26, September 28–October 2, 2026, Minneapolis, MN Zhang et al.

639

640

641

642

643

644

645

646

647

648

649

650

651

652

653

654

655

656

657

658

659

660

661

662

663

664

665

666

667

668

669

670

671

672

673

674

675

676

677

678

679

680

681

682

683

684

685

686

687

688

689

690

691

692

693

694

695

696

Table 1: Performance results of each agent.

Agent UAD↑ NE↓ Resource

Planning + 0.1808% - 0.9781% - 4.539%
Action-Execution + 0.1035% - 0.6843% -
Filtering - - 0.2465% -74.88%

All + 0.2843% - 1.9089% -79.42%

Table 2: Relative change of pass rate after applying the plan-
ning agent.

Filtering Pass Rate Action-Execution Pass Rate

+12.3% +2.3%

Table 3: Relative change of inter-push gap.

Inter-push Gap 0~20min 20min~1h 1h~3h 3h~6h

Change -35.93% +20.37% +91.93% +179.84%

Quantile 0.01 0.05 0.25 0.5

Change +0.1% +13.1% +20.1% +25.6%

Figure 5: Effectiveness of learning correlation between RTG
and action.

dominant contributor to both the positive and negative metrics. It
accounts for the largest share of the overall positive gain (+0.1808%
UAD) and over half of the total negative-metric reduction (-0.9781%
NE). This demonstrates that better planning not only ensures valu-
able opportunities are properly captured but also proactively avoid
unreasonable sending times that cause user disturbance.

4.3 Further Analysis on Planning
Downstream Pass Rate. Ideally, an optimal generated push time
should successfully pass through all downstream agents to trigger
a delivery, thereby maximizing both business value and compu-
tational resource utilization. As reported in Table 2, the pass rate
of Filtering and Action-Execution improved significantly. This is

mainly because our RTG is collected end-to-end from the Plan-
ning Agent’s decision through Filtering, Action-Execution, and the
final user response. Consequently, any block contributes zero to
the RTG, making the Filtering outcome an implicit supervisory
signal embedded in the reward. Training the Planning Agent on
this RTG therefore biases its outputs toward time gaps that survive
downstream filtering. The same compute resources now sustain
a higher volume of high-quality requests. We identify this as the
primary driver behind the observed gain in user active days.

SendingDensity.Table 3 reports the inter-push gap distribution.
The Planning Agent substantially suppresses the dense-push tail—
the fraction of short-interval pushes drops sharply, while that of
longer-interval pushes rises—and consequently shifts the 5th–50th
percentiles of the gap distribution toward larger values. By reducing
dense pushes, the Planning Agent contributes to mitigating user
negative experience.

Gated RTG Structure. In our industrial scenario, the observed
RTG signal is inherently highly noisy, making it extremely difficult
for the model to learn a stable relationship between the RTG condi-
tion and the generated action. To quantitatively evaluate this, we
define a tracking metric:

Correlation Ratio =
E𝑥

[
Δ̂𝑡 (RTG = 𝑟low)

]
E𝑥

[
Δ̂𝑡 (RTG = 𝑟high)

] , (1)

with 𝑟low = 0.0 and 𝑟high = 1.0. A ratio near 1.0 indicates that the
RTG condition has no effect on the generated action, whereas a
ratio significantly deviating from 1.0 indicates that the model has
learned a stable correlation.

As shown in Figure 5, the Decision-Transformer (Concat-RTG)
fails to capture this correlation, with the correlation ratio fluctuating
randomly around 1.0 throughout the entire training process. This is
primarily because the high noise in our environment introduces se-
vere variance into the RTG signal. When directly concatenated, the
neural network tends to bypass this unreliable condition, causing
the fragile RTG to be completely overwhelmed by the rich, deter-
ministic, high-dimensional state features. In contrast, our proposed
Gated-RTG mechanism forces the state embeddings to be gated
by the RTG, successfully learning the correlation with its ratio
steadily converging to approximately 1.8—a value much closer to
the true empirical statistics of our training samples. This strongly
suggests that the Gated-RTG design effectively overcomes the noise
and feature-overwhelming problems, successfully capturing the
underlying data distribution.

4.4 Further Analysis on Action-Execution
Increment of Pass Rate. To further demonstrate that the action-
execution agent captures real-time dynamics, we analyze the incre-
ment of the pass rate across different hours. As shown in Figure
6a, for currently inactive high-active users, the pass rate increment
steadily increases and remains positive, peaking in the evening. This
indicates that if a high-active user remains inactive by night, send-
ing a push yields substantial positive value increase. Conversely,
for currently inactive low-active users, the pass rate increment
drops below zero into negative territory in the evening. This stark
contrast reflects the model’s trajectory awareness: if a low-active
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(a) Hourly action-execution agent
pass rate.

(b) Comparison of positive value in-
crease between Bellman RTG and ob-
served RTG.

Figure 6: Analysis across push time and RTG calculation.

Table 4: User-level sending distribution.

Metric Relative Change (%)

Zero sends (0) −4.06%
Moderate sends (1∼20) +20.31%
Frequent sends (21∼30) −6.87%
Extreme sends (>30) −9.30%

(a) Calibration ratio of predicted 𝑄
values.

(b) Action value difference for unacti-
vated users.

Figure 7: Analysis of the learned 𝑄 value.

user remains unengaged by night, they are highly unlikely to be-
come active, meaning the positive value of a push is minimal. These
phenomena show the push action rationality of the agent.

Long-term Value of Bellman RTG Modeling. To validate
whether the action-execution agent effectively captures the cu-
mulative effects of push notifications, we monitor the long-term
positive value increment on online A/B testing. As illustrated in
Figure 6b, the traditional methods that directly learn 𝑄 (𝑠, 𝑎) on ob-
served RTG experiences an initial spike but rapidly degrades, with
its positive value increment converging around zero over time. One
possible reason is that the observed RTG may be suboptimal due to
the wrong action in training data. In contrast, our proposed Bellman
RTG modeling exhibits a continuous and steady rise in positive
value increment, stabilizing consistently above the baseline.

Alleviation of Extreme Sending Behaviors. In addition to
optimizing long-term retention, trajectory-level modeling can also
significantly improve the immediate user experience by naturally
restricting irrational sending decisions. As detailed in Table 4, the
distribution of daily sends per user becomes substantially more bal-
anced under our proposed method. The system effectively curtails

Table 5: Relative computational resources for different
agents. We let filtering agent as the unit, and present the
relative computational overhead of other agents.

Resource

Agent Overall Per 1k request

Filtering 1.00 1.00
Planning 1.27 1.27
Action-Execution 9.62 57.72

Table 6: Request drop compared with no filter and 20% ran-
dom filter. We present overall request and the results under
different activity levels.

Activity Level

Compared Scheme Inactive High-Active Fully-Active

No Filter -78.86% -66.63% -85.65%
Random Filter -5.600% -5.131% -63.70%

extreme over-sending, reducing the number of users receiving more
than 20 and 30 pushes per day by 6.87% and 9.30%, respectively.
Simultaneously, the volume of zero-send cases (users receiving
no pushes at all) decreases by 4.06%. This confirms that modeling
trajectory-level rewards penalizes sending too frequently or too
infrequently and smoothly shifting the overall population towards
a more reasonable and moderate daily push volume (1∼20 sends).

Correctness of the Learned 𝑄 Value. Taking 𝑄+ as an ex-
ample, we conduct further analysis to verify the accuracy of 𝑄
value in the action-execution agent, as shown in Figure 7a and
Figure 7b. First, the ratio of predicted Q value to actual ground
truth RTG remains highly stable between 1.0 and 1.1 across all
hours of the day, demonstrating accurate value predictions. Second,
we investigate the marginal value of sending a push by analyzing
𝑄+ (𝑠, 𝑎 = 1) −𝑄+ (𝑠, 𝑎 = 0). For unactivated users, this difference
exhibits a monotonicity trend, matching the business intuition that
users are much easier to become active earlier in the day, which
also consistent with results in Figure 6a.

4.5 Further Analysis on Filtering
Necessity of Early-Stage Filtering.We first compare the resource
consumption across different modules to demonstrate the neces-
sity of early-stage filtering for real-world online deployment. As
shown in Table 5, although the filtering and planning agents share
a comparable per-request overhead, the action-execution agent is
computationally far more expensive. Specifically, it consumes over
50 times the computing resources of the filtering stage per 1k re-
quests, primarily due to the heavy value estimation required for
candidate item sorting. Consequently, effectively reducing the vol-
ume of requests that reach this final execution stage translates into
substantial computational savings, ensuring that the end-to-end
agentic pipeline remains highly scalable and viable under massive
online traffic.
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Value-Aware Resource Reduction. Table 6 further demon-
strates that the filtering agent provides substantial resource re-
duction by aggressively pruning low-value requests before they
enter the more expensive downstream agents. Compared with the
no-filter setting, the proposed filtering agent drops 74.88% of re-
quests overall, with particularly large reductions for inactive and
fully-active users. This is consistent with the design motivation:
inactive users often have limited marginal response value. Con-
versely, highly active users naturally trigger an abundance of busi-
ness events (such as followed creators going live or friends posting
new videos), generating numerous potential push times. However,
the marginal increment to UAD from these additional pushes is
relatively low for such already-engaged users. Consequently, we
can observe that the filter module predominantly chooses to filter
out these redundant requests. Compared with a random filter at
the same send level, our filtering agent removes more requests
overall and especially avoids wasting computation on fully-active
users, showing that the filtering decision is value-aware rather than
merely budget-driven.

These results further reveal that the filtering stage plays two
distinct roles. (i) By discarding a portion of the candidate push
times before the downstream stages, the filter directly reduces
the computational cost of the subsequent pipeline. (ii) By filtering
out low-value push time, the filter improves the overall quality of
the push passed to downstream agents, which contributes to the
positive metric.

5 Conclusion
In this paper, we addressed the highly non-trivial "whether and
when" delivery problem in push recommendation systems. While
traditional multi-stage frameworks evaluate delivery decisions at
pre-planned time slices, their performance is hindered by local
optima and a lack of sensitivity to real-time user state feedback. To
bridge this gap, we proposed a proactive, self-triggered end-to-end
agentic push recommendation framework that allows the system
to generate and consume signals in a closed loop, discarding pre-
defined budgets and times. Our proposed system first utilizes a
decision transformer-based planning agent with a gated ordinal
regression method to dynamically determine when to schedule the
next push. Then, a generative value-guided action-execution agent
evaluates whether to send the push based on a trajectory reward. In
addition, we introduced a lightweight filtering agent to both control
the computational overhead and act as a crucial safeguard against
unreasonable planning behaviors. Extensive online A/B testing on
the Douyin platform demonstrates that this approach significantly
improves user re-engagement while effectively reducing user push
permission disabled rate. One potential limitation is that the signal
filtering agent currently relies on fixed thresholds trained offline,
whichmight limit its real-time adaptability to changes in the system.
It is promising to investigate fully dynamic, end-to-end filtering
mechanisms in future work.
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