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ABSTRACT
Recommendation systems (RS) help users find interested content

and connect authors with their target audience. Most research in

RS tends to focus either on predicting users’ immediate feedback

(like click-through rate) accurately or improving users’ long-term

engagement. However, they ignore the influence for authors and

the lifelong interaction value (LIV) of user-author pairs, which is

particularly crucial for improving the prosperity of social commu-

nity on different platforms. Currently, reinforcement learning (RL)

can optimize long-term benefits and has been widely applied in RS.

In this paper, we introduce RL to Reinforce Lifelong Interaction
Value of User-Author pairs (RLIV-UA) based on each interaction

of UA pairs. To address the long intervals between UA interactions

and the large scale of the UA space, we propose a novel Sparse

Cross-Request Interaction Markov Decision Process (SCRI-MDP)

and introduce an Adjacent State Approximation (ASA) method to

construct RL training samples. Additionally, we introduce Multi-

Task Critic Learning (MTCL) to capture the progressive nature of

UA interactions (click→ follow→ gift), where denser interaction

signals are leveraged to compensate for the learning of sparse labels.

Finally, an auxiliary supervised learning task is designed to enhance

the convergence of the RLIV-UA model. In offline experiments and

online A/B tests, the RLIV-UA model achieves both higher user

satisfaction and higher platform profits than compared methods.
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1 INTRODUCTION
The recommendation system (RS) aims to help users discover con-

tent aligned with their interests, while simultaneously enabling

content authors to reach their target audiences, thereby facilitating

fan accumulation and revenue generation [1, 23, 45]. By foster-

ing repeated, mutually beneficial interactions between users and

authors, RS plays a pivotal role in cultivating vibrant platform

ecosystems, ultimately driving increased user engagement, traffic,

and commercial returns [2, 10, 20–22, 29, 31].

Current research in RS largely falls into two categories. The first

focuses on improving the accuracy of immediate user feedback

prediction shown in Fig 1, such as click-through rate (CTR), at each

recommendation request, typically using deep neural networks

(DNNs) [8, 15, 18, 25, 50]. The second category leverages reinforce-

ment learning (RL) to optimize long-term user engagement from

the user’s perspective [4, 7, 41, 42, 44, 47, 49, 51], dynamically

maximizing session-level or trajectory-level cumulative rewards

[11, 36, 40].

However, both paradigms largely overlook a critical dimension:

the Lifelong Interaction Value (LIV) of user-author (UA) pairs.
1
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Figure 1: The main process of the proposed RLIV-UA model
optimizing the LIV of UA pair based on their interactions.

By neglecting the bidirectional, evolving nature of UA relation-

ships, existing methods fail to capture how sustained interactions,

from initial discovery to deep loyalty, jointly benefit both parties

and, by extension, the platform itself. This omission is particularly

consequential, as the long-term stickiness and vitality of platform

communities hinge on nurturing these relationships.

As further evidenced in Appendix C, we observe a strong pos-

itive correlation between the depth and frequency of lifelong UA

interactions and key platform-level outcomes, including total rev-

enue and average app usage time. This underscores a fundamental

insight: strategically modeling and reinforcing the LIV of UA pairs

is not merely a user- or author-centric optimization problem, but a

direct pathway to maximizing overall platform prosperity.

To the best of our knowledge, this paper presents the first frame-

work to Reinforce Lifelong Interaction Value of User-Author pairs
(RLIV-UA) using RL. As shown in Fig. 1, RLIV-UA dynamically opti-

mizes the cumulative value of each UA interaction to progressively

strengthen the mutual stickiness between user U and author A.

Directly applying RL to model LIV, however, introduces signifi-

cant challenges: (1) UA interactions often span long, irregular time

intervals, unlike the dense, request-aligned interactions typically

modeled in RS; (2) The combinatorial scale of the UA state space,

driven by hundreds of millions of users and authors, renders it infea-

sible to store complete historical interaction traces over extended

periods (e.g., months).

To address these challenges, we propose a novel Sparse Cross-
Request Interaction Markov Decision Process (SCRI-MDP) to for-

mally model sparse, long-interval UA dynamics; an Adjacent State
Approximation (ASA) method to construct practical RL training

samples under storage constraints; and aMulti-TaskCriticLearning
(MTCL) architecture [28] that captures the progressive nature of UA

relationships (e.g., click→ follow→ gift), leveraging denser signals

to bootstrap learning of sparse, high-value actions. Finally, to com-

bat sample sparsity and label variance, we introduce a supervised

learning task to stabilize training and accelerate convergence.

In summary, the key contributions of this work are:

• Wepropose RLIV-UA, a novel reinforcement learning frame-

work designed to optimize the lifelong interaction value of

user-author pairs in large-scale recommendation systems.

• We introduce SCRI-MDP, a formalism for modeling sparse,

cross-request UA interactions, along with ASA, a practical

method for constructing RL training samples under indus-

trial constraints.

• We design an MTCL architecture to model the hierarchical

progression of UA relationships (e.g., from clicks to gifts),

augmented by an auxiliary supervised learning task to en-

sure stable and efficient training.

• Extensive offline simulations and large-scale online A/B

tests demonstrate that RLIV-UA significantly improves both

user engagement and author benefits, leading to substantial

gains in platform revenue.

2 PROBLEM FORMULATION
Existing RL methods in RS often model user behaviors as infinite

request-level markov decision process (MDP) [36]. Specifically, the

time interval between adjacent states Δ = 1 always holds. However,

under the UA interaction space, the time interval between the same

UA pair’s adjacent interactions satisfies Δ ≥ 1. For a specific UA

pair, the interactions are usually sparse due to the large scale of

candidate recommended items. Therefore, we define a novel sparse

cross-request interaction MDP to model the LIV of UA pairs:

Definition 2.1 (Sparse Cross-Request Interaction MDP). A Sparse
Cross-Request Interaction MDP (SCRI-MDP) is a tuple represented

asM = ⟨S,A,P,R, 𝛾,Δ⟩, where:
• State space S: Each state s𝑡

ua
∈ S encodes user features f𝑡

u
,

author features f𝑡
a
and interaction features f𝑡

ua
(e.g., cumu-

lative watch time, gift count).

• Action space A: The action 𝑎𝑡
ua
∈ A is the weight of the

ranking score at request 𝑡 .

𝑓 𝑖𝑛𝑎𝑙_𝑠𝑐𝑜𝑟𝑒 = 𝑟𝑎𝑛𝑘_𝑠𝑐𝑜𝑟𝑒 ∗ (𝑐 + 𝑎𝑡
ua
∗𝑤)𝑏 (1)

where𝑤,𝑏, 𝑐 are hype-parameters.

• State transition distribution P: 𝑃 (s𝑡+1
ua
| s𝑡

ua
, 𝑎𝑡

ua
,Δ𝑡

ua
) is

determined by the time gap Δ𝑡
ua
≥ 1 between consecutive

interactions of the same UA pair, skipping intermediate

requests for that pair if no interaction occurs.

• Reward function R: To model the progressive changes of

UA relationship, several functions are designed tomodel the

long-term reward of different immediate feedback between

UA. Let 𝑟ua,𝑐 , 𝑟ua,𝑤 , 𝑟ua,𝑓 , 𝑟ua,𝑔 be the reward function of

click, effective view, follow, and gift labels, respectively.𝐶 =

{𝑐,𝑤, 𝑓 , 𝑔} denotes the target label set and 𝑛 = 4 denotes

the cardinality of 𝐶 .

𝑟
ua,𝑙 =

{
1, the behavior 𝑙 happens, 𝑙 ∈ 𝐶
0, otherwise

(2)

• Discount factor 𝛾 ∈ [0, 1): Balances immediate and future

rewards.

2
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• Interaction gap Δ𝑡
ua
: Number of global requests between

two consecutive interactions of the same UA pair.

Note that the proposed SCRI-MDP is a specific instantiation of

the general semi-Markov Decision Process (semi-MDP) framework

[37]. In a standard semi-MDP, actions can take variable amounts of

time to complete, and state transitions occur upon the completion of

these ’macro-actions’. In our case, the ’macro-action’ corresponds

to the recommendation policy applied between two consecutive

interactions of a UA pair. The decision point (state transition) only

occurs when an actual UA interaction happens, which naturally

fits the semi-MDP paradigm by handling the variable and often

long time intervals (Δ ≥ 1) between interactions. Furthermore, the

proposed SCRI-MDP can be regarded as an augmented MDP to

convert the semi-MDP paradigm into a ’delay-free’ standard MDP

paradigm. Then we introduces the following theorem.

Theorem 2.2 (Eqivalence to augmented MDP). Consider a
Sparse Cross-Request Interaction MDPM = ⟨S,A,P,R, 𝛾,Δ⟩ with
interaction gap variable Δ𝑡

ua
≥ 1. Define an augmented state 𝑠𝑡 =

(𝑠𝑡
ua
,Δ𝑡

ua
) where Δ𝑡

ua
is treated as part of the state vector, forming

an augmented state space ¯S = S × N. ThenM is equivalent to a
standard MDP ¯M = ⟨ ¯S,A, ¯P,R, 𝛾⟩, where the transition kernel is
defined as:

𝑃 ((s′,Δ′) | (s,Δ), 𝑎) = 𝑃 (s′
ua
,Δ′

ua
| sua,Δua, 𝑎ua), (3)

and the reward function R remains identical. Any optimal policy 𝜋∗

inM corresponds to an optimal policy in ¯M under this mapping.

The proof of 2.2 is available in the Appendix A.1. Theorem 1

establishes a formal equivalence between the proposed SCRI-MDP

and a standardMDP. It provides a rigorous justification for applying

conventional MDP-based reinforcement learning algorithms (such

as DQN, DDPG, or TD3, which are grounded in standard MDP

theory) to solve the SCRI-MDP problem. By demonstrating that the

SCRI-MDP can be transformed into an equivalent standard MDP

through state augmentation, we ensure that the theoretical conver-

gence properties and optimality guarantees of these well-studied

algorithms remain applicable to our framework. This bridges the

gap between our novel, problem-specific formulation and the vast

body of existing RL theory and practice.

Based on the aforementioned SCRI-MDP formulation, we intro-

duce a multi-task critic learning (MTCL) architecture to model the

LIV of UA pairs by capturing the progressive changes of lifelong UA

relationship. There are 𝑛 critic networks 𝑄𝜙𝑘
, 𝑘 = 1, ..., 𝑛 with 𝜙𝑘

as their trainable parameters to optimize the corresponding cumu-

lative rewards 𝑟ua,𝑐 , 𝑟ua,𝑤 , 𝑟ua,𝑓 , 𝑟ua,𝑔 . The final objective function

is as follows:

max

𝜙1,· · · ,𝜙𝑛

∑︁
𝑙∈𝐶

E

[ ∞∑︁
𝑡=0

𝑟𝑡
ua, 𝑙

]
(4)

Each critic network is designed to learn from the states of UA pairs

and corresponding rewards. Specifically, at one request of user u,

RS recommends author a’s item by outputting the action 𝑎𝑡
ua
∈ A

which is the 𝑡-th interaction of ua, then the optimal LIV of ua pair

and action 𝑎𝑡
ua

is defined as:

𝑄∗ (s𝑡
ua
, 𝑎𝑡

ua
) = 𝑟𝑡

ua
+𝛾

∑︁
s𝑡+1

ua
∈S
𝑃 (s𝑡+1

ua
| s𝑡

ua
, 𝑎𝑡

ua
)max

𝑎𝑡+1
ua
∈A

𝑄∗ (s𝑡+1
ua

, 𝑎𝑡+1
ua
) (5)

3 METHODOLOGY
In this section, we propose the RLIV-UA model to represent the

SCRI-MDP in the UA pair state space. Firstly, due to the long time

span between adjacent states of UA pair in the SCRI-MDP, we pro-

pose the Adjacent State Approximation (ASA) method to construct
RL training samples. Then, we introduce the detailed network

architecture of multi-task LIV networks and the final online de-

ployment of the RLIV-UA model. The algorithm pseudocode of the

RLIV-UA model is presented in Appendix B.3.

3.1 Adjacent State Approximation
At the t-th interaction of a UA pair, the next state s𝑡+1

ua
is delayed

until the next interaction which may occur much later. Thus, the

traditional RL training sample (s𝑡
ua
, 𝑎𝑡

ua
, 𝑟𝑡

ua
, s𝑡+1

ua
) cannot be formed

in real time due to sparse, infrequent interactions. In industrial-

scale recommendation systems, the sheer number of users and

authors makes it infeasible to store the state of every UA pair in a

key-value database. Instead, systems typically store user behavior

as fixed-length sequential logs. Due to finite storage capacity, these

sequences are truncated, which often prevents the system from

retrieving a UA pair’s prior interaction, especially for infrequent

or new relationships. In our online deployment, the success rate of

constructing consecutive RL training samples (s𝑡−1

ua
, 𝑎𝑡−1

ua
, 𝑟𝑡−1

ua
, s𝑡

ua
)

by stitching historical logs is only 47%. Training LIV networks

directly on such sparse and fragmented samples would lead to

severe model bias, the RL agent learns from an incomplete, non-

representative subset of UA trajectories, significantly degrading its

ability to optimize long-term, bidirectional value. Moreover, learn-

ing from stitched historical tuples inherently delays the model’s

ability to act on new relationships. Specifically, the very first inter-

action between a user and an author cannot be used for training

until a second interaction occurs. This creates a critical blind spot:

the model is unable to learn how to nurture the initiation phase
of a UA relationship.

To address these challenges, we propose the Adjacent State
Approximation (ASA) mechanism, a parameterized state predictor

𝑓𝜃 to reconstruct the missing next state from the current interaction:

ŝ𝑡+1
ua

= 𝑓𝜃 (s𝑡ua
, 𝑎𝑡

ua
, 𝑟𝑡

ua
) (6)

where the state s𝑡
ua

= {f𝑡
u
, f𝑡

a
, f𝑡

ua
,Δ𝑡

ua
} is augmented with the inter-

action gap Δ𝑡
ua
, and 𝜃 denotes the trainable parameters of 𝑓𝜃 .

As illustrated in Fig. 2, we first train 𝑓𝜃 by retrieving the most re-

cent interaction between the same UA pair from the user’s historical

behavior logs. Industrial systems typically store interaction events

(e.g., clicks, follows, gifts) as fixed-length sequences. To construct a

supervised training sample, we first locate the timestamp 𝑇 of the

user’s most recent interactionwith author 𝑎. Since watching an item

to completion typically marks the end of an interaction episode,

we perform a binary search within a temporal window around𝑇 to

retrieve the corresponding action 𝑎𝑡−1

ua
and associated feedback sig-

nals. This forms the training tuple (s𝑡−1

ua
, 𝑎𝑡−1

ua
, 𝑟𝑡−1

ua
, s𝑡

ua
), optimized

via mean squared error:

L𝜃 =


𝑓𝜃 (s𝑡−1

ua
, 𝑎𝑡−1

ua
, 𝑟𝑡−1

ua
) − s𝑡

ua



2

2
(7)

With ASA, then we can approximate the full RL training sample

(s𝑡
ua
, 𝑎𝑡

ua
, 𝑟𝑡

ua
, ŝ𝑡+1

ua
) for every interaction shown in Fig. 2, not just

3
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Figure 2: Training sample construction for state predictor
and RL model.

those with retrievable history. This directly addresses the 53% stitch-

ing failure rate and eliminates the cold-start blind spot for new UA

pairs. Crucially, ASA enables the RL agent to learn from first-time
interactions, capturing the full lifecycle of UA relationships, from

initial discovery to deep, monetizable engagement, and ensuring

comprehensive learning across the entire interaction space.

3.2 Theoretical Analysis
The proposed adjacent state approximation enables practical train-

ing of RL models in industrial recommendation systems. However,

a critical question arises: How does the approximation error in ASA
affect the optimality of the learned policy? To address this, we es-

tablish the following theorem that provides an error bound on the

Q-function when using approximate state transitions.

Theorem 3.1 (Error Bound for Approximate State Transi-

tions). Let 𝑄∗ be the optimal Q-function of the SCRI-MDPM, and
let 𝑄̂ be the Q-function learned using the ASA with maximum predic-
tion error 𝜖 = max𝑠,𝑎,𝑟

��𝑠𝑡+1 − 𝑠𝑡+1��. If the ASA error 𝜖 is bounded and
the reward function is Lipschitz continuous with constant 𝐿𝑟 , then the
difference between 𝑄̂ and 𝑄∗ is bounded by:��𝑄̂ (𝑠, 𝑎) −𝑄∗ (𝑠, 𝑎)�� ≤ 𝐿𝑟𝜖

(1 − 𝛾)2
(8)

for all (𝑠, 𝑎) ∈ S × A, where 𝛾 ∈ [0, 1) is the discount factor.

The proof of it is available in the Appendix A.2. This theorem

provides a theoretical guarantee that the performance degradation

caused by ASA is bounded and decreases as the ASA error 𝜖 de-

creases. In practice, we can train the ASA network 𝑓𝜃 to minimize 𝜖 ,

ensuring that the learned policy remains close to optimal. Note that

the Lipschitz continuity of the reward function is a standard and

widely adopted assumption in theoretical RL literature to ensure

the stability and boundedness of value functions. In our implemen-

tation, the reward functions are designed as bounded, non-negative

functions of user engagement. This design choice inherently pro-

motes smoothness in the reward landscape, making the Lipschitz

assumption practically reasonable for our problem setting.

Figure 3: The training process of ASA.

We further validate the effectiveness of ASA by comparing it

against a rule-based baseline, as illustrated in Fig. 3. The ASA

method achieves a low MSE loss during training, which directly

implies a small approximation error 𝜖 in estimating the next state

representation s𝑡+1. It further implies that the RL samples gener-

ated by ASA are of high fidelity. Consequently, when RLIV-UA is

trained on these samples, it provably converges to a near-optimal

policy, which satisfies the Q-value performance bound established

in Theorem 3.1. More discussion and offline evaluation results of

ASA is detailed in Appendix D.

Overall, ASA is a storage-constrained approximation mechanism

designed for industrial-scale recommendation systems, where stor-

ing complete historical traces for all user-author pairs is infeasible.

Unlike model-based RL approaches, e.g. Dreamer [16], that learn

transition dynamics for planning or sample efficiency, ASA serves

a singular, pragmatic purpose: to reconstruct valid (𝑠, 𝑎, 𝑟, 𝑠′) tuples
for RL training when the true next state 𝑠′ is physically unavailable
due to system limitations. Its objective is not to predict environ-

mental dynamics, but to preserve training signal continuity under

extreme data sparsity.

3.3 Multi-Task LIV Networks
The overall framework of the RLIV-UA model is illustrated in Fig. 4.

To capture the progressive nature of lifelong user-author relation-

ships, from initial discovery to deep engagement, we design four

dedicated LIV networks based on the Multi-Task Critic Learning

(MTCL) architecture: Click, Effective View, Follow, and Gift. Cru-

cially, the positive sample rates for these signals vary drastically

across tasks: approximately 3% for Click, 1% for Effective View, 0.2%

for Follow, and a mere 0.01% for Gift. This extreme imbalance ren-

ders the Follow and Gift labels exceptionally sparse, making direct

learning from them highly unstable and inefficient. To address this,

MTCL leverages the relatively dense signals (Click and Effective

View) as auxiliary tasks to bootstrap and stabilize the learning of

the sparse, high-value actions (Follow and Gift), enabling the model

to effectively propagate reward signals across the entire interaction

hierarchy. For simplicity, we use a single task tower as an example

to illustrate the network structure below.

As shown in Fig. 4, the current UA state

{
f𝑡
u
, f𝑡

a
, f𝑡

ua
,Δ𝑡

ua

}
is

fed into a shared embedding layer to obtain corresponding hid-

den embeddings h𝑡
u
, h𝑡

a
, h𝑡

ua
and 𝛿𝑡

ua
. Taking the vector H𝑡

ua
=

concat(h𝑡
u
, h𝑡

a
, h𝑡

ua
, 𝛿𝑡

ua
) as the network input, 𝑄𝜙 (H𝑡

ua
, 𝑎𝑡

ua
) is de-

noted as the final LIV of ua at the 𝑡-th interaction. To mitigate the
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Figure 4: The overall framework of the proposed RLIV-UA model.

problem of value overestimation deviation [40], double value net-

works and two corresponding target networks are used to generate

the minimum value:

𝑄𝜙 (H𝑡
ua
, 𝑎𝑡

ua
) =𝑚𝑖𝑛(𝑄𝜙1 (H𝑡

ua
, 𝑎𝑡

ua
), 𝑄𝜙2 (H𝑡

ua
, 𝑎𝑡

ua
)) (9)

Then the corresponding loss function of a LIV network is defined

as follows:

L(𝜙) = E(s𝑡
ua
,𝑎𝑡

ua
,𝑟𝑡

ua
,ŝ𝑡+1

ua
) ∈𝐷 [(𝑄𝜙 (H𝑡

ua
, 𝑎𝑡

ua
) − 𝑦)2] (10)

𝑦 = 𝑟𝑡
ua
+ 𝛾𝑄 ′

𝜙 ′ (H
𝑡+1
ua

, argmax

𝑎𝑡+1
ua
∈A

𝑄𝜙 (H𝑡+1
ua

, 𝑎𝑡+1
ua
)) (11)

where 𝐷 indicates the sample buffer collected in real time, 𝑦 indi-

cates the target output value of the LIV network, and𝑄 ′
𝜙 ′

represents

the output value of the target network with the same structure as

the LIV network 𝑄𝜙 . Note that the network parameter 𝜙 ′ of 𝑄 ′
𝜙 ′

is

periodically copied from 𝜙 of 𝑄𝜙 .

To reinforce the learning of the sparse gift label of UA pairs in

the Gift tower, an assistance MLP network is designed to predict

whether user U will gift author A at this interaction. As shown in

Fig. 4, the user and the author static hidden embeddings h𝑢 , h𝑎 are

input to the assistance network. The binary cross-entropy loss L𝑔
𝐴

of the assistance gift binary classification goal is added to the total

loss.

L𝑔
𝐴
= −Es𝑡

ua
∈𝐷

[
𝑦𝑔 log( ˆ𝑓 (h𝑢 , h𝑎)) + (1 − 𝑦𝑔) log(1 − ˆ𝑓 (h𝑢 , h𝑎))

]
(12)

where 𝑦𝑔 indicates the true value of whether user U will gift author

A at this interaction and
ˆ𝑓 (h𝑢 , h𝑎) is the predicted value output by

assistance network.

3.4 Auxiliary Supervised Learning Network
Previous work [26] finds that the target value 𝑦 is often dominated

by the inaccurate output of the target network 𝑄 ′
𝜙 ′

in practice, due

to the instability of critic learning in RL. This problem reduces

the effectiveness of the real reward 𝑟𝑡
ua

in guiding the learning of

the value network, since it becomes relatively too small to provide

meaningful learning signals. Furthermore, the large scale and ex-

treme sparsity of the UA state space make the RL model even more

difficult to converge.

Therefore, we introduce an auxiliary supervised learning net-

work to regulate the learning of each LIV network𝑄𝜙 , preventing a

potential divergence of the RLmodel. Specifically, each LIV network

is divided into two parts as follows:

𝑄𝜙 (H𝑡
ua
, 𝑎𝑡

ua
) := 𝑅𝜂 (H𝑡

ua
, 𝑎𝑡

ua
) + 𝛾 ×𝑇𝜉 (H𝑡

ua
, 𝑎𝑡

ua
) (13)

where 𝑅𝜂 represents the reward prediction network with 𝜂 as its

trainable parameters, 𝑇𝜉 is the Q residual network with 𝜉 as its

trainable parameters and 𝜙 = {𝜂, 𝜉}.
Since the real reward 𝑟𝑡

ua
is available based on the 𝑡-th interaction

between ua, the predicted reward 𝑅𝜂 (H𝑡
ua
, 𝑎𝑡

ua
) can be learned by

supervised loss. Incorporating with the aforementioned clipped

double Q-learning [12] shown in Eq. 9, the auxiliary supervised

learning network improves the convergence of the RLIV-UA model.

Hence, the general loss of an LIV network is defined as

L𝑄 = 𝑀𝑆𝐸 (𝑅𝜂 (H𝑡
ua
, 𝑎𝑡

ua
), 𝑟𝑡

ua
) +

2∑︁
𝑘=1

𝑀𝑆𝐸 (𝑄𝜙𝑘 (H𝑡
ua
, 𝑎𝑡

ua
), 𝑦) (14)

where the first term denotes the loss for the auxiliary supervised

learning network and the second term denotes the original critic

learning loss which stops gradients for 𝑅𝜂 .

Overall, for the whole multi-task LIV networks, the final loss

function is defined as follows:

L =
∑︁
𝑙∈𝐶
L𝑙𝑄 + L

𝑔

𝐴
(15)

where L𝑔
𝐴
is the assistance gift loss (defined in Eq. 12) and L𝑙

𝑄
is

the loss function (defined in Eq. 14), for each label in the target

label set 𝐶 , respectively.
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3.5 Online Deployment

Figure 5: System architecture of the RLIV-UA model in real
industrial recommendation scenario.

In industrial RS, the online system architecture of RLIV-UA

model is shown in Fig. 5, including the offline training process

and the online serving process. In the offline training process, we

first utilize the label joiner to merge the UA state features s𝑡
ua
, the

action 𝑎𝑡
ua
, and the immediate feedback 𝑟𝑡

ua
at timestamp 𝑡 . Then

we leverage the ASA method to approximate the next state s𝑡+1
ua

and

obtain RL training sample (s𝑡
ua
, 𝑎𝑡

ua
, 𝑟𝑡

ua
, ŝ𝑡+1

ua
). In the online serving

process, the RLIV-UA model is deployed as a weight of rank score

during the ranking stage of RS to influence the final ordering of

candidate items, whose number 𝑁 is typically less than 300.

Specifically, at each request of a user, the RLIV-UAmodel outputs

actions with highest LIV value from different task towers for candi-

date items. For simplicity, there only shows the application process

of the action corresponding to a certain tower in Fig 5. The candi-

date items are then ranked by Eq. 2.1 based on their final scores.

Finally, the top K candidate items are selected as the final item list

and are exposed to the user by order. Then the user interacts with

each exposure item to return feedback signals to RS.

In practice, the action 𝑎𝑡
ua

with highest LIV value from different

task towers can be selectively applied based on the actual optimiza-

tion goal, such as improving long-term user retention or maximiz-

ing platform revenue. To explore different actions for ranking, the

𝜖-greedy strategy is applied online.

4 EXPERIMENTS
The RLIV-UA model is evaluated in an offline simulated recommen-

dation scenario to compare its performance with state-of-the-art

models and RLIV-UA variants. It is also applied in two real industrial

recommendation scenarios to verify its effectiveness in large-scale

industrial RS through online A/B tests.

4.1 Experimental Setup
4.1.1 Dataset and Evaluation Metrics. We adopt the KuaiRand

dataset [13] as the foundation for our offline experiments. This pub-

lic dataset, collected from the Kuaishou app, contains interactions

from 27,285 users across 32,038,725 items, resulting in hundreds

of millions of UA interaction records. We train an offline user sim-

ulator on this dataset to serve as a controllable environment that

mimics real user behavior. Specifically, upon receiving a recom-

mended item, the simulator generates immediate feedback signals,

such as clicks, watch duration, and comments, and subsequently

decides whether to issue the next request based on a probabilistic

quitting mechanism, similar to the approach described in [46].

To comprehensively evaluate model performance, we assess

three key dimensions: user satisfaction, author benefits, and
platform profitability. The detailed illustration of all evaluation

metrics is available in Appendix B.1.

• User Satisfaction is measured by: Session Length (number

of requests per session),Watch Time (total viewing duration

per session), and CTR (click-through rate).

• Author Benefits are quantified via: Diversity (variety of

recommended authors/content) and New Fans (number of

new followers acquired by authors).

• Platform Profits are evaluated using: UA Count (number

of UA pairs exhibiting deep relationships), Weekly Gifted

Users (number of users sending virtual gifts per week),

Total Revenue, App Usage Time, and Weekly Retention

(proportion of users returning weekly).

4.1.2 Compared Methods. We compare our method against a suite

of representative baselines, including the classic RankingModel
and four established reinforcement learning approaches: CQL [24],

DQN [40], TD3 [11], TD3-UA (Using TD3 to model the SCRI-MDP

and the action is a continuous weight value), FeedRec [51] and
RLUR [4]. To further validate the contribution of each component

in RLIV-UA, we also evaluate four ablated variants: RLIV-UA(w/o
MT) (without Multi-Task learning),RLIV-UA(w/oMT& SL) (with-
out Multi-Task and Supervised Learning), RLIV-UA(w/o AL & SL)
(without Auxiliary Gift Label Network and Supervised Learning),

and RLIV-UA(w/o SL) (without Supervised Learning). The imple-

mentation details is available in Appendix B.2.

Note that the assistance gift label network is not applied in offline

experiments, because there is no gift signals in KuaiRand dataset.

The platform profits metrics are only used in online A/B experi-

ments. All models are trained to convergence, and their results are

the averaged performance of the last 10 epochs. Moreover, we use

the follow LIV and gift LIV in Kwai and use the watch time LIV in

Kuaishou and offline experiments.

4.2 Performance Comparison
The overall performance of different models in offline experiment

is shown in Table 1. The traditional RankingModel achieves the

best performance in CTR since it can predict which item has the

greatest probability to be clicked. However, it is not suitable for

improving the long-term user engagement such as session length

and watch time. The offline model CQL learned from the historical

samples can achieve some diversity. Compared with traditional

RankingModel and the offline RLmodel CQL,most RL-basedmodels

achieve better performance in long-term metric session length at

the expense of immediate feedback like lowCTR, resulting in similar

watch time. By adding another Q network learning from heuristic

rewards, the RLUR model can improve all the long-term metrics

including session length and watch time. The proposed RLIV-UA
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Table 1: Overall performance of all compared models in offline recommendation scenario.

Models Session Length Watch Time CTR Diversity
RankingModel 2.0132 59.4812 0.5948 0.0629

CQL 2.2660 58.0753 0.5125 0.1727

DQN 5.3744 125.8436 0.4074 0.5801

TD3 4.2519 79.0432 0.4258 0.4929

TD3-UA 4.9651 102.0916 0.4465 0.7161

FeedRec 6.7420 118.8468 0.4363 0.7059

RLUR 6.6810 151.0550 0.4519 0.7206

RLIV-UA(w/o MT & SL) 7.2940 188.0499 0.5229 0.7994

RLIV-UA(w/o MT) 9.2800 248.1804 0.5340 0.8746

RLIV-UA 12.8860 377.4867 0.5015 0.8827

model achieves the best performance in session length and watch

time and achieves the third high value in CTR, which reflects that

the RLIV-UA model can balance immediate feedback and long-term

feedback to improve long-term user engagement by modeling the

LIV of UA pairs. Moreover, the RLIV-UA model achieves the best

performance in diversity which reflects that modeling the LIV of

UA pairs can more accurately recommend items of different authors

to target users, rather than blindly recommend different items.

Figure 6: The learning process of RLIV-UA(w/o MT & SL)
and RLIV-UA(w/o MT) over 10 rounds of training where the
shaded areas correspond to the standard deviations.

4.3 Ablation Study
The overall performance of RLIV-UA variations in offline recom-

mendation scenario are shown in Table 1.

Firstly, compared with the RLIV-UA(w/o MT & SL) variation, the

RLIV-UA(w/o MT) achieves relatively high improvement in session

length, watch time and diversity, which reflects that the auxiliary

supervised learning task can help model learn the LIV of UA pairs

more accurately.

Furthermore, the RLIV-UA achieves the best performance under

both session length, watch time and diversity metrics, which indi-

cates the effectiveness of the multi-task critic learning architecture.

As shown in Fig. 6, with the auxiliary supervised learning task,

the variance of RLIV-UA(w/o MT) is much lower than that of RLIV-

UA(w/o MT & SL) under watch time, session length and CTR met-

rics. It demonstrates the learning process of RLIV-UA(w/o MT)

model is more stable, and the auxiliary supervised learning task is

effective for enhancing the stability of model training.

As shown in Figure 7, the RLIV-UA model with 𝛾 = 0.9 achieves

the best performance in session length and watch time and all the

models achieve better performance compared with baselines, which

shows the RLIV-UA model is not sensitive to the parameter 𝛾 .

(a) The session length of RLIV-
UA with different 𝛾 .

(b) The watch time of RLIV-UA
with different 𝛾 .

Figure 7: The parameter sensitivity experiment of 𝛾 .

4.4 Online A/B Experiments
The proposed RLIV-UA model and compared methods were de-

ployed on the Kwai live-streaming feed, a platform serving over

100 million users and 1 million content authors, to optimize plat-

form revenue from July to October 2024. For rigorous evaluation,

we randomly assigned 20% of users (over 20 million) to the treat-

ment group, with the remaining 80% serving as the control. All

reported confidence intervals (CIs) in Table 2 are 95% two-sided CIs,

computed based on the Central Limit Theorem, ensuring statistical

robustness given the massive sample size.

As shown in Table 2, the performance of RLIV-UA and its ablated

variants improves progressively: RLIV-UA(w/o AL&SL)→ RLIV-

UA(w/o SL)→ full RLIV-UA. This consistent uplift across key busi-

ness metrics, including Total Revenue +38.64%,Weekly Gifted Users
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Table 2: Results of the revenue experiment on Kwai live-stream feed.

Models UA Count Weekly Gifted Users Total Revenue New Fans
RankingModel - - - -

RLIV-UA(w/o AL & SL) +2.00% CI:[0.97%, 5.08%] +2.25% CI:[0.46%, 4.08%] +11.90% CI:[5.48%, 32.32%] +2.74% CI:[0.60%, 4.92%]

RLIV-UA(w/o SL) +3.58% CI:[1.18%, 5.36%] +3.42% CI:[0.23%, 5.11%] +23.81% CI:[15.93%, 37.52%] +6.10% CI:[0.10%, 10.15%]

RLIV-UA(w/o ASA) +2.02% CI:[1.71%, 5.74%] +1.68% CI:[0.26%, 3.10%] +15.21% CI:[0.36%, 21.34%] +5.22% CI:[0.36%, 10.08%]

RLIV-UA +5.85% CI:[1.34%, 8.93%] +5.37% CI:[0.11%, 8.71%] +38.64% CI:[13.43%, 60.31%] +8.28 CI:[0.91%, 14.38%]

+5.37%, UA Count +5.85%, and New Fans +8.28%, demonstrates the

practical effectiveness and additive value of each component in

our framework. Notably, we also evaluate a variant, RLIV-UA(w/o

ASA), which forgoes the ASA module and instead constructs RL

training samples using only stitched historical interactions. This

variant underperforms the full RLIV-UA model across all metrics,

highlighting ASA’s critical role in mitigating sample sparsity and

bias. Without ASA, the model cannot learn from first-time or in-

frequent UA interactions, severely limiting its ability to optimize

lifelong value. This confirms ASA is not optional, but essential for

industrial-scale deployment.

To further validate generalizability, we deployed RLIV-UA on the

Kuaishou short-video feed from November to December 2024, again

using a 20% user cohort for treatment. Results show statistically

significant improvements in long-term user engagement: +0.131%

in average watch time, +0.083% in daily app usage duration, and

+0.021% in weekly retention rate. Notably, in a system of Kuaishou’s

scale, even a 0.02% gain in retention is considered highly significant,

reflecting millions of additional active users. These results confirm

that RLIV-UA not only drives immediate revenue growth but also

fosters sustainable, long-term platform health by strengthening

user-author relationships.

5 RELATEDWORK
5.1 RL-Based Recommendation Systems
[35] is the earliest work that tries to alternate multitask learning

ranking model with RL model using DQN to learn the value of all

items in the recommended list. Similarly, Chen et al. [6] employ

a policy-gradient approach in RS and Zhao et al. [48] develop an

actor-critic approach for recommending a page of items. However,

they are not applied in a real-world recommendation environment

with large amount of users and items. Then, more research [14, 49]

aims to apply the RL model in reality as a substitute with simple

network structure. In order to handle the huge number of candidate

items, SlateQ [19] is proposed to decompose the value of item list

into the sum of value of each item under some assumptions. Other

literatures [9, 27] use contrastive learning to overcome the curse of

dimensionality whose model structures are more complex.

5.2 Long-Term User Engagement in
Recommendation Systems

In order to consider the long-term user engagement rather than

user’s immediate feedback, some research has increasingly focused

on the sequential patterns of user behavior by employing temporal

models, such as hidden Markov models and recurrent neural net-

works [5, 17, 32, 33, 39, 43]. Besides, some research [14, 34, 38] use

RL to make a long-term planning. However, all the methods are

too complex to be applied in practice. [51] propose a hierarchical

LSTM based Q network to model the complex user behavior and

design an S-network to simulate the environment avoiding the

instability. [7] inspired by exploration research [3, 30] in RL use

a series of exploration methods to improve user experience. [42]

carefully design the reward function through data analysis to con-

nect the long-term rewards with immediate feedback. While [44]

propose a framework for learning preferences from user historical

behavior sequences, specifically using preferences to automatically

train a reward function in an end-to-end manner. Considering all

the above methods’ action is to select an item list which may be

not practical when the number of item and user is large, [4] aim to

optimize the weights of each predicted user feedback when ranking

items under the long-term rewards with designed heuristic rewards

to overcome the latency and sparsity of long-term rewards.

6 CONCLUSION
In this paper, we propose a novel lifelong interaction valuemodel for

user-author pairs, i.e. RLIV-UA, based on RL. Firstly, the interactions

of UA pairs via RS is modeled as a sparse cross-request interaction

markov decision process. To solve the long time interval and large

scale of UA’s interactons, an adjacent state approximation method

is designed to build the RL training sample. Besides, to capture

the progressive changes of lifelong UA relationship, a multi-task

critic learning architecture is employed to utilize denser interaction

signals to compensate for sparse labels. Moreover, an auxiliary

supervised learning task is designed to improve the convergence

of the RLIV-UA model in large-scale RS. Finally, in both offline

environments and online A/B tests, the experiment results show

that the proposed RLIV-UA model performs better under both user

satisfaction metrics and author benefits metrics, resulting in higher

platform profits, compared with other models.

As future work, we plan to explore the application of RLIV-

UA’s core components, particularly the SCRI-MDP formulation,

ASA method, and MTCL architecture , in other domains such as

e-commerce (user-merchant) and music streaming (user-artist),

where optimizing sparse, long-term, bidirectional value is equally

critical. This will require careful adaptation of reward functions

and interaction definitions to fit each domain’s unique dynamics.
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A PROOFS
A.1 Equivalence to augmented MDP

Theorem A.1 (Eqivalence to augmented MDP). Consider a
Sparse Cross-Request Interaction MDPM = ⟨S,A,P,R, 𝛾,Δ⟩ with
interaction gap variable Δ𝑡

ua
≥ 1. Define an augmented state 𝑠𝑡 =

(𝑠𝑡
ua
,Δ𝑡

ua
) where Δ𝑡

ua
is treated as part of the state vector, forming

an augmented state space ¯S = S × N. ThenM is equivalent to a
standard MDP ¯M = ⟨ ¯S,A, ¯P,R, 𝛾⟩, where the transition kernel is
defined as:

𝑃 ((s′,Δ′) | (s,Δ), 𝑎) = 𝑃 (s′
ua
,Δ′

ua
| sua,Δua, 𝑎ua), (16)

and the reward function R remains identical. Any optimal policy 𝜋∗

inM corresponds to an optimal policy in ¯M under this mapping.

Proof. We aim to prove that an optimal policy in the SCRI-MDP

M corresponds to an optimal policy in the augmented MDP
¯M.

We proceed via proof by contradiction.
Let 𝜋∗ : S × N→ A be an optimal deterministic policy for the

SCRI-MDPM. By definition, for all (𝑠,Δ) ∈ S × N and for any

other policy 𝜋 , the value function satisfies:

𝑉 𝜋∗ (𝑠,Δ) ≥ 𝑉 𝜋 (𝑠,Δ) (17)

Now, consider the corresponding policy 𝜋∗ in the augmented

MDP
¯M, defined such that 𝜋∗ (𝑎 |𝑠) = 𝜋∗ (𝑎 |𝑠,Δ) for 𝑠 = (𝑠,Δ).

Assume, for the sake of contradiction, that 𝜋∗ is not optimal in
¯M.

This implies that there exists another policy 𝜋 ′ :
¯S → A and some

augmented state 𝑠0 = (𝑠0,Δ0) such that:

𝑉 𝜋 ′ (𝑠0,Δ0) > 𝑉 𝜋∗ (𝑠0,Δ0) (18)

Define a policy 𝜋 ′ for the original SCRI-MDPM by 𝜋 ′ (𝑎 |𝑠,Δ) :=

𝜋 ′ (𝑎 | (𝑠,Δ)). Since both MDPs share the same reward function

R, discount factor 𝛾 , and the dynamics of M are fully encoded

in
¯P through the inclusion of Δ in the state, the expected return

from any initial state-action pair is identical under corresponding

policies. Specifically, the Bellman equations for both frameworks

satisfy:

For the SCRI-MDP:

𝑄𝜋 (𝑠,Δ, 𝑎) = R(𝑠,Δ, 𝑎)+

𝛾
∑︁
𝑠′,Δ′

𝑃 (𝑠′,Δ′ | 𝑠,Δ, 𝑎)
∑︁
𝑎′

𝜋 (𝑎′ | 𝑠′,Δ′)𝑄𝜋 (𝑠′,Δ′, 𝜋)

(19)

For the augmented MDP:

𝑄𝜋 ((𝑠,Δ), 𝑎) = R(𝑠,Δ, 𝑎)+

𝛾
∑︁
𝑠′,Δ′

𝑃 ((𝑠′,Δ′) | (𝑠,Δ), 𝑎)
∑︁
𝑎′

𝜋 (𝑎′ | 𝑠′,Δ′)𝑄𝜋 ((𝑠′,Δ′), 𝜋)) (20)

Since 𝑃 ((𝑠′,Δ′) | (𝑠,Δ), 𝑎) = 𝑃 (𝑠′,Δ′ | 𝑠,Δ, 𝑎) by construction,

and the reward function is identical, it follows that:

𝑉 𝜋 ′ (𝑠,Δ) = 𝑉 𝜋 ′ (𝑠,Δ) and 𝑉 𝜋∗ (𝑠,Δ) = 𝑉 𝜋∗ (𝑠,Δ) (21)

for all (𝑠,Δ) ∈ S × N.

Substituting these identities into our earlier inequality yields:

𝑉 𝜋 ′ (𝑠0,Δ0) > 𝑉 𝜋∗ (𝑠0,Δ0) (22)

This contradicts the assumption that 𝜋∗ is optimal forM. There-

fore, the assumption that 𝜋∗ is not optimal in
¯M must be false.

Hence, 𝜋∗ is indeed an optimal policy for
¯M.

Conversely, let 𝜋∗ be an optimal deterministic policy for the

augmented MDP
¯M. Then, we have:

𝑉 𝜋∗ (𝑠) ≥ 𝑉 𝜋 (𝑠) (23)

for all 𝑠 ∈ ¯S and for any other policy 𝜋 .

Define a policy 𝜋∗ for the SCRI-MDPM by 𝜋∗ (𝑎 |𝑠,Δ) := 𝜋∗ (𝑎 |
(𝑠,Δ)). Assume, for contradiction, that 𝜋∗ is not optimal in M.

Then there exists another policy 𝜋 ′ and some state (𝑠0,Δ0) such
that:

𝑉 𝜋 ′ (𝑠0,Δ0) > 𝑉 𝜋∗ (𝑠0,Δ0) (24)

Define 𝜋 ′ for ¯M by 𝜋 ′ (𝑎 | (𝑠,Δ)) := 𝜋 ′ (𝑎 | 𝑠,Δ). Using the same

argument as before, we have:

𝑉 𝜋 ′ (𝑠0,Δ0) > 𝑉 𝜋∗ (𝑠0,Δ0) (25)

which contradicts the optimality of 𝜋∗ in ¯M. Therefore, 𝜋∗ must

be optimal inM.

This establishes a one-to-one correspondence between optimal

policies inM and
¯M. Consequently, the SCRI-MDPM is equivalent

to the standard MDP
¯M under the augmented state formulation,

completing the proof. □

A.2 Error Bound for ASA
Theorem A.2 (Error Bound for Approximate State Transi-

tions). Let 𝑄∗ be the optimal Q-function of the SCRI-MDPM, and
let 𝑄̂ be the Q-function learned using the ASA with maximum predic-
tion error 𝜖 = max𝑠,𝑎,𝑟

��𝑠𝑡+1 − 𝑠𝑡+1��. If the ASA error 𝜖 is bounded and
the reward function is Lipschitz continuous with constant 𝐿𝑟 , then the
difference between 𝑄̂ and 𝑄∗ is bounded by:��𝑄̂ (𝑠, 𝑎) −𝑄∗ (𝑠, 𝑎)�� ≤ 𝐿𝑟𝜖

(1 − 𝛾)2
(26)

for all (𝑠, 𝑎) ∈ S × A, where 𝛾 ∈ [0, 1) is the discount factor.

Proof. Let’s denote the Bellman operator for the true MDP as

T , and for the approximate MDP with ASA as
ˆT . The Bellman

operators are defined as:

T𝑄 (𝑠, 𝑎) = 𝑟 (𝑠, 𝑎) + 𝛾E𝑠′∼𝑃 ( · |𝑠,𝑎)
[
max

𝑎′
𝑄 (𝑠′, 𝑎′)

]
ˆT𝑄 (𝑠, 𝑎) = 𝑟 (𝑠, 𝑎) + 𝛾E

𝑠′∼𝑃 ( · |𝑠,𝑎)

[
max

𝑎′
𝑄 (𝑠′, 𝑎′)

] (27)

where 𝑃 is the true transition probability and 𝑃 is the approximate

transition probability induced by ASA.

The fixed points of these operators are the optimal Q-function

𝑄∗ and the approximate Q-function 𝑄̂ , respectively:

𝑄∗ = T𝑄∗

𝑄̂ = ˆT 𝑄̂
(28)

We want to bound

��𝑄̂ (𝑠, 𝑎) −𝑄∗ (𝑠, 𝑎)��. Consider:
10
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��𝑄̂ (𝑠, 𝑎) −𝑄∗ (𝑠, 𝑎)�� = ��� ˆT 𝑄̂ (𝑠, 𝑎) − T𝑄∗ (𝑠, 𝑎)
���

≤
��� ˆT 𝑄̂ (𝑠, 𝑎) − ˆT𝑄∗ (𝑠, 𝑎)

��� + ��� ˆT𝑄∗ (𝑠, 𝑎) − T𝑄∗ (𝑠, 𝑎)
��� (29)

The first term can be bounded using the contraction property of

the Bellman operator:��� ˆT 𝑄̂ (𝑠, 𝑎) − ˆT𝑄∗ (𝑠, 𝑎)
��� ≤ 𝛾 ��𝑄̂ −𝑄∗�� (30)

For the second term, we have:��� ˆT𝑄∗ (𝑠, 𝑎) − T𝑄∗ (𝑠, 𝑎)
���

= 𝛾

����E𝑠′∼𝑃 ( · |𝑠,𝑎) [max

𝑎′
𝑄∗ (𝑠′, 𝑎′)

]
− E𝑠′∼𝑃 ( · |𝑠,𝑎)

[
max

𝑎′
𝑄∗ (𝑠′, 𝑎′)

] ����
(31)

Since 𝑄∗ is Lipschitz continuous with constant 𝐿𝑄 =
𝐿𝑟

1−𝛾 (a

standard result in RL), and the ASA error is bounded by 𝜖 , we have:��� ˆT𝑄∗ (𝑠, 𝑎) − T𝑄∗ (𝑠, 𝑎)
��� ≤ 𝛾𝐿𝑄𝜖 = 𝛾

𝐿𝑟

1 − 𝛾 𝜖 (32)

Combining these results:��𝑄̂ (𝑠, 𝑎) −𝑄∗ (𝑠, 𝑎)�� ≤ 𝛾 ��𝑄̂ −𝑄∗�� + 𝛾 𝐿𝑟

1 − 𝛾 𝜖 (33)

Taking the supremum over all (𝑠, 𝑎):��𝑄̂ −𝑄∗�� ≤ 𝛾 ��𝑄̂ −𝑄∗�� + 𝛾 𝐿𝑟

1 − 𝛾 𝜖

(1 − 𝛾)
��𝑄̂ −𝑄∗�� ≤ 𝛾 𝐿𝑟

1 − 𝛾 𝜖��𝑄̂ −𝑄∗�� ≤ 𝐿𝑟𝜖

(1 − 𝛾)2

(34)

This completes the proof. □

B EXPERIMENTAL SETTINGS AND
ALGORITHM PSEUDOCODE

B.1 Evaluation Metrics
The detailed evaluation metrics of compared methods are shown

as follows:

• Session Length: The number of requests in one session of

a user with RS, which directly reflects the user satisfaction

of the platform.

• Watch Time: The accumulated watching time of all items

watched by a user in one session.

• CTR: The average click rate of all items recommended to a

user in one session.

• Diversity: Quantifies the variety of content types in rec-

ommendations and is highly related to author benefits.

• New Fans: The total number of new followers accumulated

by authors.

• UA Count: The count of user-author pairs with "deep"

relationship which is defined as whether user has followed

author, whether user has given author the most gifts, and

other conditions.

• Weekly Gifted Users: The number of gifted user in a week

and it indicates the revenue scale of users in the platform.

• Total Revenue: The important and ultimate metric to eval-

uate the platform revenue profits.

• App Usage Time: Average time users spend on the app.

• Weekly Retention: The stickness of user in a week.

B.2 Implementation Details
Notably, all the models adopt the same hyperparameters listed in

Table 3 for fair comparison.

Table 3: Hyperparameters of the compared models.

Hyper-parameter Value
Optimizer Adam

𝛾 Discount factor 0.9

𝜏 Target network update rate 0.005

Learning rate of critic 1e-3

Learning rate of actor 1e-4

Batch size 1024

Train epochs 250

Hidden layer dimensions [64, 64]

The dimension of embedding layer 32

Learning rate of embedding layer 1e-3

Training steps per epoch 1e4

Training Platform PyTorch

B.3 Algorithm Pseudocode
As shown in Algorithm 1, the training process of the RLIV-UA is

divided into two steps: The pre-training of the state predictor 𝑓𝜃
and the joint training of the LIV networks and the tate predictor.

C DATA ANALYSIS
Firstly, we observe that the lifelong UA interactions have strong

connection with the ultimate platform revenue. As shown in Fig.

8a, the count of UA pairs with both follow and frequent gift ("deep")

relationship is positively correlated with the total revenue value. On

the other hand, as users continue to interact with the authors with

"deep" relationship, its conversion rate will increase, as shown in

Fig. 8b. Hence, it provides insights to improve the platform profits

by modeling the LIV of UA pairs.

In particular, to more clearly evaluate how the RLIV-UA model

optimizes the LIV of UA pairs a specific example is shown in Fig.

9. We collect the lifelong revenue value (Q value) output by the

RLIV-UA model with progressive UA interactions from click, watch

to interact, and gift. It shows that as the UA output lifelong rev-

enue value of user-author pair is progressively increasing as their

relationship becomes deeper.

D MORE DISCUSSION OF ASA
D.1 The rule-based approximation
The details of the rule-based approximation are as follows.

Specifically, the dynamic features f𝑡
ua

in the current state s𝑡
ua

is

defined as the counts of several kinds of interactions between ua.

Note that f𝑡+1
ua

can be approximated based on user’s current rewards
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Algorithm 1 The RLIV-UA Algorithm

1: Input: Initial parameters of all the Q networks 𝜙𝑖 , 𝑖 = 1, ..., 𝑛,

initial parameters of state predictor 𝜃 , learning rate 𝜆, batch

size for updating 𝐵 and the update rate of target networks 𝜏

2: Initialize the target networks with 𝜙 ′
𝑖
← 𝜙𝑖

3: Initialize the replay memory buffer of Q networks 𝐷 ← ∅
4: Repeat:
5: Step1: The pre-training of state predictor
6: for epoch = 1 to train_epochs do
7: for each interact_step 𝑡 of each user-author pair ua do
8: Observe the current state s𝑡

ua
.

9: Retrieve the last interaction from user historical behav-

iors sequences s𝑡−1

ua
, 𝑎𝑡−1

ua
, 𝑟𝑡−1

ua
.

10: Conduct gradient update for 𝑓𝜃 :𝜃 ← 𝜃 − 𝜆∇𝜃L𝜃 (𝜃 )
11: end for
12: end for
13: Step2: The join-training of LIV networks
14: for epoch = 1 to train_epochs do
15: for each interact_step 𝑡 of each user-author pair ua do
16: Observe the current state s𝑡

ua
, action 𝑎𝑡

ua
and rewards

𝑟𝑡
ua,𝑖

, 𝑖 = 1, ..., 𝑛.

17: Input them into the state predictor 𝑓𝜃 to predict the next

state ŝ𝑡+1
ua

.

18: 𝐷 ← 𝐷 ∪ (s𝑡
ua
, 𝑎𝑡

ua
, 𝑟𝑡

ua
, ŝ𝑡+1

ua
)

19: Retrieve the last interaction from user historical behav-

iors sequences s𝑡−1

ua
, 𝑎𝑡−1

ua
, 𝑟𝑡−1

ua
.

20: Conduct gradient update for 𝑓𝜃 :𝜃 ← 𝜃 − 𝜆∇𝜃L𝜃 (𝜃 )
21: if the number of samples in 𝐷 reaches 𝐵 then
22: sample a batch from 𝐷 and calculate total loss L

shown in 15

23: 𝜙𝑖 ← 𝜙𝑖 − 𝜆∇𝜙𝑖
L(𝜙𝑖 )

24: 𝜙 ′
𝑖
← (1 − 𝜏)𝜙𝑖 + 𝜏𝜙 ′𝑖

25: end if
26: end for
27: end for
28: Return The final Q networks parameters

(a) The relationship between the
count of UA pairs with "deep" re-
lationship and the total revenue.

(b) The conversion rate of UA
pairs with "deep" relationship.

Figure 8: The revenue relevance and conversion rate of the
lifelong UA relationship in Kwai app. Note that all data is
collected in the second half of 2024 fromKwai app and scaled
between 0 and 1.

Figure 9: The output lifelong revenue values of some user-
author pairs as their relationship becomes deeper.

𝑟𝑡
ua

and current dynamic UA features f𝑡
ua
:

f𝑡+1𝑢𝑎 =

{
f𝑡𝑢𝑎 + 1, if 𝑟𝑡𝑢𝑎 > 0

f𝑡𝑢𝑎, otherwise

(35)

Since the SCRI-MDP only focuses on the interactions and state

transitions between UA pair like ua, it ignores interactions between

user 𝑢 and items of other authors. Under the above assumption of

the SCRI-MDP, the next state ŝ𝑡+1𝑢𝑎 can be derived by the dynamic

features f𝑡+1𝑢𝑎 .

D.2 Offline evaluation of ASA

Table 4: The evaluation loss of the adjacent state approxima-
tion compared with rule-based approximation.

Methods MSE loss Cosine Similarity loss
rule-based approximation 0.718 0.743

proposed ASA method 0.502 0.630

To demonstrate the effectiveness of the ASAmethod, we conduct

a comparative evaluation against a rule-based baseline on an offline

test set. The full dataset is randomly split into training and test

sets in an 8:2 ratio. As shown in Table 4, the ASA method achieves

significantly lower prediction error across all key state features,

confirming its superior ability to model the complex, long-term

dynamics of user-author interactions compared to the heuristic

rule-based approach.
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