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Abstract

As a primary medium for human interaction
and information exchange, social networking
services (SNS) present distinct challenges for
large language models (LLMs): rapidly evolv-
ing norms and slang, and culturally diverse con-
tent that causes knowledge distribution shift.
While supervised fine-tuning (SFT) can im-
prove in-domain performance, it often induces
a “seesaw” trade-off with out-of-domain ro-
bustness, especially for smaller models. To ad-
dress these challenges, we present RedOne 2.0,
an SNS-oriented LLM developed with a pro-
gressive, RL-prioritized post-training paradigm
for fast and stable adaptation. Our pipeline
has three stages: (1) Exploratory Learning on
curated SNS corpora to establish initial align-
ment and surface systematic weaknesses; (2)
Targeted Fine-Tuning that applies SFT only to
diagnosed gaps while mixing a small amount
of general data to reduce forgetting; and (3) Re-
finement Learning that re-applies RL with SNS-
centric signals to consolidate gains and balance
trade-offs across tasks. Across various tasks
in three categories, our 4B model improves by
2.41 on average over the prior 7B RedOne base-
line. It also yields an 8.74 average gain over
its Qwen3-4B base while using less than half
the data required by the SFT-centric method,
demonstrating superior data efficiency and sta-
bility at compact scales. Overall, RedOne 2.0
provides a competitive, cost-effective baseline
for SNS-specific LLMs, improving capability
without sacrificing robustness.

1 Introduction

Social Networking Services (SNS) are vital infras-
tructure for global interaction (Xia et al., 2013),
yet deploying advanced Large Language Models
(LLMs) (Hurst et al., 2024; Yang et al., 2025) into
this domain is challenged by highly heterogeneous
workloads and rapidly evolving community norms

*Corresponding author.

Figure 1: The comparison of various scale models’ per-
formance in the SNS domain.

(Zhao et al., 2025; Zeng et al., 2024). While Re-
dOne (Zhao et al., 2025) demonstrated that LLM’s
capabilities can be enhanced through SFT, such
pipelines often suffer from a “seesaw” effect where
in-distribution gains trigger catastrophic forgetting
or poor out-of-distribution generalization (Kotha
et al., 2023; Kumar et al., 2022; Ramasesh et al.,
2021; Huang et al., 2024). Currently, reinforce-
ment learning (RL) presents a compelling, data-
efficient alternative for aligning LLMs with com-
plex objectives while preserving general compe-
tencies (Jin et al., 2025; Ouyang et al., 2022; Guo
et al., 2025a; Yu et al., 2025). However, structur-
ing an RL-centric recipe that ensures stability and
rapid adaptation of LLM within the SNS scenario
remains underexplored.

To fill this gap, we introduce RedOne 2.0,
an SNS-oriented LLM with a progressive,
RL-prioritized post-training paradigm (Fig. 1).
The key idea is that exploration–targeted
correction–refinement yields a better stabil-
ity–generalization trade-off than SFT-heavy
recipes, particularly at smaller scales and with
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limited domain data. RedOne 2.0 trains in three
stages: (1) Exploratory Learning, exposing the
model to curated SNS corpora to establish initial
alignment and diagnose systematic weaknesses;
(2) Targeted Fine-Tuning, applying SFT only to
diagnosed gaps while mixing a small fraction
of general data to regularize against forgetting;
and (3) Refinement Learning, re-applying RL
with SNS-centric signals to consolidate gains and
smooth trade-offs across tasks.

We conduct extensive experiments across tasks
in three categories. The 4B variant surpasses
RedOne-7B by 2.41 on average, showing strong
SNS performance at compact scales. Starting from
Qwen3-4B, RedOne 2.0 uses about half of Re-
dOne’s data while achieving an average lift of 8.74,
demonstrating superior data efficiency and broader
gains from an RL-centric curriculum. Our contri-
bution can be summarized as follows:

• We present RedOne 2.0, an SNS-domain LLM
that achieves higher capability with less data
and smaller models.

• We propose a progressive, RL-prioritized post-
training paradigm that consistently improves
both general and SNS-specific abilities while
mitigating the “seesaw” effect of SFT.

• We provide comprehensive validation show-
ing state-of-the-art performance and robust-
ness under various scenarios, establishing Re-
dOne 2.0 as a cost-effective baseline for SNS.

2 Methodology for RedOne 2.0

Fig. 2 illustrates our pipeline, which progressively
aligns the model to the SNS domain across three
stages. Exploratory Learning initially aligns the
model and identifies task-specific weaknesses; Tar-
geted Fine-Tuning then rectifies these gaps to im-
prove performance and prepare for further opti-
mization; finally, Refinement Learning applies RL
to stabilize behavior and drive better performance
across diverse tasks.

2.1 Dataset Definition

We construct a comprehensive training dataset by
merging large-scale SNS-specific data (DSNS) with
high-quality general-domain data (DGEN). The for-
mer covers over 75 tasks across six core SNS ca-
pabilities (e.g., user behavior modeling, content

understanding, dialogue) ensuring specialized su-
pervision. The latter incorporates validated open-
source datasets to maintain robust general reason-
ing while minimizing annotation and preprocessing
costs. All samples are normalized into a unified
Q&A format: D = {DSNS ∪ DGEN | (Q,A)}.

2.2 Exploratory Learning

Exploratory Learning aims for initial alignment be-
tween the base model and SNS characteristics. By
immersing the model in diverse task distributions,
this stage captures domain-specific interaction pat-
terns while identifying “hard” tasks that require
further reinforcement.

2.2.1 Data construction
We curate 750K SNS entries DSNS1 from DSNS
spanning 75 heterogeneous tasks (e.g., post taxon-
omy, post view search, domain translation) using
a balanced sampling schedule to ensure long-tail
visibility. To preserve general competence, we also
incorporate a 50K subset DGEN1 enriched with ra-
tionales from DGEN .

2.2.2 Reward function
Unlike simple rule-based rewards (Guo et al.,
2025a), we employ 4 task-specific reward func-
tions and normalize them to similar ranges (i.e.,
[0, 1]) to accommodate the high variation in our
scenario. We denote the sampled pair as (Q,A)
and model’s output as O.

1) Exact Match. For close-ended tasks (e.g.,
classification or multiple-choice) with determinis-
tic answers, the reward function is defined with
exact match score.

REM(O,A) =

{
1, O = A,

0, otherwise.
(1)

2) Metrics-based. For open-ended tasks such as
translation, we define rewards using task-specific
evaluation metrics Eval (e.g., BLEU, F1).

RMet(O,A) = Eval(O,A) (2)

3) Sand Box. For tasks like code generation, we
evaluate the generated code by executing on a set
of test cases T . Execute(O, ti) denotes running
the model-generated code O with the i-th test case.

RSandBox(O, T ) =
1

|T |

|T |∑

i=1

1Execute(O,ti)=Pass (3)
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Figure 2: Overview of our RL-based incremental training pipeline. Implementation details can be found in App. B.

4) Pattern. For complex instruction-following
tasks, we compare the model’s output O against a
set of given conditions C to determine satisfaction
item by item.

RPattern(O,C) =
1

|C|

|C|∑

i=1

1satisfies(O,cj) (4)

2.2.3 Domain alignment
In this stage, we randomly mix DSNS1 and DGEN1

to form D1, which conducts DAPO-based (Yu et al.,
2025) RL training. For a specific data entry (Q,A),
DAPO samples a group of G individual candidate
outputs {Oi}Gi=1 from the old policy model πθold .
Then, we can optimize the policy πθ by optimizing
the following loss function:

LDAPO(θ) = E(Q,A)∼D1,{Oi}Gi=1∼πθold
(·|Q)

[
1

∑G
i=1 |Oi|

G∑

i=1

|Oi|∑

t=1

min
(
ri,t(θ) Âi,t,

clip(ri,t(θ), 1− εlow, 1 + εhigh) Âi,t

)]

s.t. 0 <
∣∣{Oi | is_equivalent(A,Oi)}

∣∣ < G
(5)

where εlow and εhigh control the clipping range.
This constraint ensures the sampled group contains
both correct and incorrect responses, yielding non-
zero advantage."

ri,t(θ) =
πθ(Oi,t | Q,Oi,<t)

πθold(Oi,t | Q,Oi,<t)
(6)

Âi,t =
Ri −mean({Ri}Gi=1)

std({Ri}Gi=1)
(7)

where Ri denotes the reward of the i-th sampled
response, computed by the task-appropriate reward
function among {REM,RMet,RSandBox,RPattern}.

Finally, this alignment stage yields broad, stable
gains without premature specialization, while pro-
ducing a fine-grained underperformance diagnosis
for the subsequent targeted repair.

2.3 Targeted Fine-Tuning

After initial SNS alignment, Targeted Fine-Tuning
directly addresses tasks that remain weak. The em-
phasis is on repairing deficiencies while preserving
previous gains, achieved by blending difficult SNS
data with carefully filtered general data.

2.3.1 Data preparation

We construct D2 comprising 1.7M SNS instances
and 100K general instances. The SNS subset
is curated from tasks where the model underper-
formed in the previous stage, with rare but im-
pactful cases upweighted. For the general sub-
set, we employ soft labels to mitigate catastrophic
forgetting: for each prompt, the model from the
first stage generates eight candidates, and the best-
performing one (determined by CompassJudger-2-
32B-Instruct (Zhang et al., 2025)) is selected as the
supervision signal. This approach functions as a
data-level regularizer, reducing the distributional
gap between ground-truth labels and the model’s
learned distribution, thereby improving learning
efficiency (Li and Hoiem, 2017).

2.3.2 Targeted learning

In this stage, we apply a standard SFT objective to
the mixture of hard SNS examples and soft-labeled
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Table 1: Comparison results across General-Bench, SNS-Bench and SNS-TransBench. Bold entries indicate the
best performance, while underlined entries denote the second one in each category.

Models

General-Bench SNS-Bench SNS-TransBench

Avg. Taxon. Hash. QCorr MRC NER Gender CHLW QGen Avg.
ZH→EN EN→ZH

Avg.
BLEU chrF++ BLEU chrF++

Proprietary Large Language Models or The Scale of Large Language Models > 100B

GPT-4o-1120 70.72 65.79 84.98 51.79 58.89 54.99 88.08 38.96 47.33 61.35 40.32 63.91 49.15 47.28 50.17
Gemini-2.0-Flash 74.42 68.76 87.36 48.41 52.21 53.58 89.64 37.39 46.27 60.45 32.72 58.84 41.80 40.16 43.38
Claude-3.7-Sonnet 75.10 72.03 88.83 54.10 54.86 56.13 92.23 31.11 45.49 61.85 35.63 61.66 45.79 44.23 46.83
Doubao-1.5-Pro-32k 76.13 30.00 83.21 58.25 61.32 56.60 90.67 30.61 46.55 57.15 33.71 61.85 45.54 44.35 46.36
Qwen-Max 71.86 65.68 84.47 54.36 61.34 55.78 91.19 37.97 46.64 62.18 35.55 60.92 46.08 44.14 46.67
GLM-4-Plus 70.25 65.46 84.31 52.13 55.81 53.16 86.53 30.09 44.68 59.02 41.57 65.95 48.79 47.06 50.84
GPT-OSS-120B 76.71 67.20 86.04 56.83 61.45 55.84 91.19 38.53 45.61 62.84 33.06 59.73 42.67 40.47 43.98
dots.llm1 70.20 62.96 82.45 42.10 40.75 14.93 89.12 31.09 44.63 51.00 30.93 58.66 44.42 42.8 44.20
GLM-4.5 73.66 70.76 86.93 56.22 64.94 57.23 92.75 41.32 45.47 64.45 30.57 56.77 39.55 38.2 41.27
Deepseek-V3-0324 75.22 67.27 86.59 47.71 60.97 56.00 90.16 40.45 46.03 61.90 35.65 61.58 46.86 44.58 47.17
DeepSeek-V3.1 77.02 70.20 88.97 48.67 62.37 55.22 91.19 33.60 46.42 62.08 31.94 58.8 41.64 39.77 43.04

The Scale of Large Language Models < 10B

Qwen3-4B 69.80 60.88 81.90 38.31 34.69 44.50 79.27 28.17 46.75 51.81 26.87 54.26 36.35 35.41 38.22
Qwen2.5-7B 63.01 49.50 73.80 42.37 45.32 45.41 88.08 33.76 44.65 52.86 31.43 55.91 38.36 36.48 40.55
Llama-3.1-8B 51.24 37.74 66.62 33.32 31.27 47.10 74.61 26.88 38.60 44.52 23.07 48.15 29.32 29.13 32.42
Ministral-8B 49.93 42.62 70.58 36.24 30.71 37.79 82.38 28.04 46.27 46.83 25.67 50.91 32.02 31.18 34.95
InternLM3-8B 58.55 51.83 76.98 38.65 25.25 39.41 66.84 44.71 43.46 48.39 24.85 50.44 35.58 34.04 36.23
Qwen3-8B 66.90 58.67 82.44 46.47 48.45 44.68 89.12 27.95 45.89 55.46 33.21 58.81 40.09 38.85 42.74
GLM-4-9B-0414 63.27 56.03 77.67 38.03 45.29 47.01 51.30 27.51 45.52 48.55 32.20 56.90 39.73 37.40 41.57
RedOne-7B 63.83 72.18 88.02 65.09 63.98 51.86 70.47 74.73 48.69 66.88 38.06 62.66 46.88 44.82 48.11
RedOne 2.0 4B 70.80 75.85 89.05 60.92 66.54 43.15 78.76 79.11 47.17 67.57 38.61 62.46 45.78 43.84 47.67

10B < The Scale of Large Language Models < 100B

Phi-4-14B 63.00 57.62 79.56 46.32 53.39 44.99 89.12 29.23 44.76 55.62 31.28 57.23 37.58 36.68 40.69
GPT-OSS-20B 74.76 62.89 83.99 54.58 56.43 54.81 92.23 32.68 45.26 60.36 30.74 57.46 37.83 36.19 40.56
Mistral-Small-24B 65.63 64.88 83.89 48.77 46.51 52.09 91.19 32.10 46.01 58.18 31.29 56.72 39.28 37.32 41.15
Qwen3-30B-A3B 74.46 64.29 85.81 44.75 52.23 45.75 90.16 27.19 45.67 56.98 34.07 58.86 41.19 39.51 37.05
GLM-4-32B-0414 74.39 63.36 85.50 47.33 53.72 50.41 80.31 33.19 46.90 57.59 36.32 61.31 42.53 40.77 45.23
Qwen2.5-32B 71.68 59.90 80.51 46.00 55.04 54.51 90.67 38.84 45.66 58.89 32.56 58.14 42.34 40.71 43.44
Qwen3-32B 72.67 61.52 86.04 49.39 54.56 53.76 91.19 33.48 45.74 59.46 32.15 58.54 40.44 38.85 42.50
Llama-3.3-70B 67.64 62.94 83.28 50.76 27.38 56.09 91.19 33.58 46.41 56.45 34.00 59.18 41.25 39.56 43.50
RedOne-32B 73.72 81.45 90.19 67.07 59.24 51.66 81.87 70.40 50.37 69.03 40.55 64.54 48.20 46.05 49.84
RedOne 2.0 30B-A3B 75.17 77.02 89.99 63.76 62.16 54.15 81.87 74.19 49.15 69.04 40.22 63.88 48.06 45.95 49.54

general data:

LSFT =− E(Q,A)∼D2,O∼πθ(·|Q)

|O|∑

t=1

log πθ
(
Ot

∣∣Q,O<t

)
(8)

where πθ denotes the current policy model, Q is the
question, and O is the target output sequence. This
stage consistently improves SNS-related weakness
while maintaining the gains achieved in the initial
alignment, ensuring the model is robustly prepared
for the final RL refinement.

2.4 Refinement Learning
The final stage, Refinement Learning, consolidates
prior improvements and further boosts performance
by applying RL centered on SNS data.

2.4.1 Further refinement
We utilize approximately 400K examples from both
SNS and general domains, focusing on difficult sub-
sets. Initializing the policy from the prior stage, we
employ DAPO (Yu et al., 2025) for refinement. We
also increase the proportion of rationale-augmented
samples to 57.18% to preserve model’s reasoning

ability across downstream tasks. Compared to pure
SFT, this RL-based refinement ensures smoother
convergence and more robust domain adaptation
within the explored solution space. The resulting
model exhibits stabilized behavior and consistent
performance gains across both SNS-specific and
general-purpose benchmarks.

3 Experiments

3.1 Experimental Setup

We compare RedOne 2.0 against a broad spectrum
of baselines, including proprietary models (Hurst
et al., 2024; Team et al., 2023; Anthropic, 2025;
Doubao-Team, 2025; Yang et al., 2024; GLM
et al., 2024), open-source models (Yang et al.,
2025; Grattafiori et al., 2024; Mistral-AI, 2024,
2025; Cai et al., 2024; Abdin et al., 2024; Huo
et al., 2025; Agarwal et al., 2025; Zeng et al.,
2025; Liu et al., 2024), and the SNS-specific
model RedOne (Zhao et al., 2025). For eval-
uation, we adopt widely used benchmarks cov-
ering both general and SNS capabilities. In
the general domain, we assess six dimensions:
knowledge reasoning with MMLU (Hendrycks
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Table 2: Generalization of our training pipeline over
different base models, where 4B and 30B-A3B indicate
instruct version, while 8B and 32B denote base version.

Models General-Bench SNS-Bench SNS-TransBench

Qwen3-4B 69.80 51.81 38.22
RedOne 2.0 4B 70.80 67.57 47.67

Qwen3-8B 66.90 55.46 42.74
RedOne 2.0 8B 69.27 65.82 46.72

Qwen3-30B-A3B 74.46 56.98 37.05
RedOne 2.0 30B-A3B 75.17 69.04 49.54

Qwen3-32B 72.67 59.46 42.50
RedOne 2.0 32B 73.17 69.76 49.11

et al., 2020), CMMLU (Li et al., 2023a), C-
Eval (Huang et al., 2023), GPQA-Diamond (Rein
et al., 2024), NewsBench (Li et al., 2024), MMLU-
Pro (Wang et al., 2024), BBH (Suzgun et al., 2022),
and GaokaoBench (Zhang et al., 2023b); math-
ematical reasoning with GSM8K (Cobbe et al.,
2021), MATH500 (Hendrycks et al., 2021), and
AIME 2025 (MAA, 2025); code generation with
HumanEval (Chen et al., 2021), MBPP (Austin
et al., 2021), and LiveCodeBench (Jain et al.,
2024); machine translation with WMT-22 (Kocmi
et al., 2022), WMT-23 (Freitag et al., 2023), WMT-
24 (Kocmi et al., 2024), and FLORES (Goyal et al.,
2022); instruction following with IFEval (Zhou
et al., 2023); and hallucination detection with
HaluEval (Li et al., 2023b), together with Compass-
Bench (Contributors, 2023) for an integrated multi-
dimensional view. In the SNS domain, we use SNS-
Bench (Guo et al.) and SNS-TransBench (Guo
et al., 2025b) to conduct evaluation. Further details
are provided in App. C and App. D.

3.2 Main Results

The details about benchmarks and baselines are
listed in App. D and C. As shown in Table 1, Re-
dOne 2.0 delivers consistently strong and well-
balanced performance across all benchmarks, out-
performing much larger open-source and propri-
etary models. On General-Bench, the 4B model
scores 70.80, surpassing Qwen3-8B and GLM-4-
9B, while 30B-A3B reaches 75.17 even match-
ing DeepSeek-V3, indicating that our post-training
pipeline not only enables effective domain adap-
tation but also improves general capability. For
SNS-specific evaluation, RedOne 2.0 leads its scale
groups and matches frontier models on both SNS-
Bench and SNS-TransBench, demonstrating the
progressive alignment effectively captures nuanced
community norms and strengthens domain-specific
translation without sacrificing the base model’s

Table 3: The impact of different training stage on
Qwen3-4B’s performance.

Exploratory
Learning

Targeted
Fine-Tuning

Refinement
Learning

General
-Bench

SNS
-Bench

SNS-Trans
Bench

69.80 51.81 38.22
✓ 63.65 61.10 46.00
✓ ✓ 69.80 63.03 45.95

✓ 71.25 62.27 43.35
✓ ✓ 70.04 65.67 47.72
✓ ✓ ✓ 70.80 67.57 47.67
✓ ✓ 69.64 61.58 42.37

multilingual versatility. Moreover, the performance
of RedOne 2.0 improves steadily with model scales
and exhibits clear gains over RedOne, suggesting
that RL-centric post-training recipe offers a more
data-efficient, stable, and scalable alternative to
prior SFT-dominated approach.

3.3 More Analysis
3.3.1 Generalization on various base models.
Table 2 shows that our three-stage pipeline transfers
reliably across base-model scales, yielding consis-
tent gains on all benchmarks. Performance further
improves as the backbone scales up, suggesting
that larger models leverage the staged optimiza-
tion signals more effectively. Notably, the 4B and
30B-A3B variants achieve stronger gains than sim-
ilar scale models especially on SNS benchmarks,
which we attribute to their instruction-tuned back-
bones that better absorb the multi-stage alignment
signals for domain adaptation.

3.3.2 Effect of each training stage.
As shown in Table 3, we analyze the incremental
contribution of each stage in our framework. Ex-
ploratory Learning (EL) provides a strong initial
lift, reaching 71.25% on General-Bench, 62.27%
on SNS-Bench, and 43.35% on SNS-TransBench.
Targeted Fine-Tuning (SFT) then corrects SNS-
specific weaknesses, improving SNS-Bench and
SNS-TransBench to 65.67% and 47.72%, with
only a minor 1.21% drop on General-Bench. Fi-
nally, Refinement Learning (RL) harmonizes trade-
offs across tasks, raising the overall average from
61.14% to 62.01% and yielding final scores of
70.80%, 67.57%, and 47.67% on General-Bench,
SNS-Bench, and SNS-TransBench, respectively.
Additionally, we also find that removing the in-
termediate SFT yields no gain over EL-only and
can even slightly degrade performance, since RL
alone saturates within the model’s current policy
distribution without SFT to shift it and unlock new
capability for the subsequent refinement.
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Table 4: Comparison with task specific fine-tuning on
Qwen3-4B and RedOne2.0 4B.

Models Hash. QCorr MRC

Qwen3-4B 81.90 38.31 34.69
Qwen3-4B (Fine-tuned) 90.12 60.11 57.54

RedOne 2.0 4B 89.05 60.92 66.54

Models CHLW QGen SNS-Trans

Qwen3-4B 28.17 46.75 38.22
Qwen3-4B (Fine-tuned) 67.24 49.24 44.25

RedOne 2.0 4B 79.11 47.17 47.67

Table 5: RedOne2.0’s online application on personal-
ized re-creation of post titles.

Metrics Relative Change

Business Value Advertiser Value (AdvV) ↑ +0.43%

Content Quality

Vague Titles Ratio ↓ -11.9%
Practical Titles Ratio ↑ +7.1%
Authentic Titles Ratio ↑ +12.9%
Interactive Titles Ratio ↑ +25.8%

Furthermore, the most notable shift in Re-
dOne 2.0 lies in its departure from the tradi-
tional SFT-centric domain-specific post-training
paradigm to RL, we conduct experiments to com-
pare it with naive SFT followed RL baseline, as
shown in rows 2-3 of Table 3. Although SFT
improves SNS specific performance, it induces a
strong “seesaw” drop in general capability, and the
subsequent RL only partially recovers it. In con-
trast, RedOne 2.0 refines the process, avoiding the
general–domain trade-off and outperforming the
naive baseline by 1.00 on General-Bench, 4.54 on
SNS-Bench, and 1.72 on SNS-TransBench.

3.3.3 Comparison with task specific tuning.

We also compare RedOne 2.0, which jointly op-
timizes all tasks, with conventional task-specific
fine-tuning. As shown in Table 4, this method
also yields strong performance on its target objec-
tive. While task-specific SFT yields strong single-
task results (e.g., QGen 49.24 and Hash. 90.12 on
Qwen3-4B), RedOne 2.0 4B, trained on a mixture
of all tasks, delivers robust and highly competitive
results across the entire spectrum of benchmarks
(e.g., outperforming task-specific tuning on MRC
with 9.00 and CHLW with 11.87). This result
substantiates that unified training better exploits
inter-task transfer and produces a single model with
more comprehensive capability.

Table 6: Results (accuracy) for more online applications.

Task Baseline RedOne 2.0

Negative Attitude Detection 90.45 96.18
Information Leakage Detection 71.39 94.85

3.4 Online Application

We deployed RedOne 2.0 on a large scale social net-
working platform with millions of users to generate
personalized post-title rewrites in real time. For
each draft title, the system produces a rewrite that
preserves intent while optimizing engagement. The
suggestion is then exhibited to creators for selec-
tion and also applied directly for comparison. We
evaluate both business impact and content quality:
Advertiser Value (AdvV) as the primary metric, and
human review on vagueness, practicality, authentic-
ity, and interactivity. As shown in Table 5, a multi-
week A/B test over millions of posts yields consis-
tent gains: AdvV increases by +0.43% (a statisti-
cally significant improvement at platform scale),
while human evaluation shows fewer vague titles
(-11.9%) and more practical (+7.1%), authentic
(+12.9%), and interactive (+25.8%) titles. There-
fore, deploying RedOne 2.0 not only improves user
experience, but also yields measurable advertiser
value, which demonstrates its effectiveness for real
world content optimization. We also deploy Re-
dOne 2.0 in additional production scenarios, in-
cluding negative-attitude and information-leakage
detection for platform customer service in Table 6,
highlighting its practical values.

3.5 Case Study

To qualitatively assess RedOne 2.0, we compare its
personalized title re-creation with a baseline. As
shown in Table 7, RedOne 2.0 typically produces
more vivid and engaging phrasing. For dehumid-
ification, it introduces a vivid word of a steamy
home and adds a clear imperative that heightens
emotional resonance. For wedding photography,
it reframes the content as an “exclusive discov-
ery” that better triggers curiosity and click intent.
We also report a failure case in settings that re-
quire strict faithfulness (Table 8). The original title
emphasizes a specific lesson about choosing the
wrong transportation card for Osaka and Kyoto;
while the baseline preserves this focus, RedOne 2.0
over-generalizes to Kansai travel and drops the
key “transportation card” detail, weakening infor-
mational precision. Overall, RedOne 2.0 excels
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Table 7: Good cases for post titles re-creation.

Title Source Content

Case 1

Original
Plum rain season, a great helper

for dehumidification and mold prevention.

Base Model
Dehumidification essential for the plum rain

season,a fresh choice for a dry and comfortable life.

RedOne 2.0
Say goodbye to “steamy” homes!

Rescue your plum rain season.

Case 2

Original
Beijing wedding photo recommendations:

17 lawn wedding photo outdoor spots.

Base Model
Dreamy lawn wedding photos,

capturing the most beautiful moments.

RedOne 2.0
Escape the studio! 17 stunning

lawns capture cinematic-level wedding photos.

Table 8: Bad case for post titles re-creation.

Title Source Content

Original
Don’t buy the wrong transportation card for

Osaka and Kyoto! A lesson learned the hard way!

Base Model
A guide to Japanese transportation

cards—stop making these mistakes!

RedOne 2.0
Avoid these pitfalls for your Kansai trip,

check out the guide now.

at engagement-oriented and stylistically appealing
rewriting, but it can occasionally over-optimize and
omit essential details, motivating future work on
stronger faithfulness constraints. More case studies
can be found in App. E.

4 Conclusion

In this paper, we present RedOne 2.0, an SNS-
specific LLM post-training framework tailored
for SNS, where tasks are highly heterogeneous,
dynamic, and culturally diverse. Unlike tra-
ditional SFT-centric approaches that risk catas-
trophic forgetting and unstable trade-offs between
in-domain and out-of-domain performance, Re-
dOne 2.0 adopts a progressive, RL-prioritized three-
stage pipeline: Exploratory Learning to establish
initial domain alignment and surface weaknesses,
Targeted Fine-Tuning to selectively repair deficien-
cies while retaining general competence, and Re-
finement Learning to consolidate improvements
in various scenarios. Supported by a large, task-
diverse dataset spanning more than 75 SNS tasks
and high quality general corpus, this paradigm
demonstrates strong data efficiency, stable adap-
tation, and robust generalization even at compact
model scales. Overall, RedOne 2.0 provides a com-

petitive, cost-effective, and scalable baseline for
LLM post-training in SNS, advancing model’s do-
main capability without sacrificing robustness, or
general usability.

Limitations

Despite strong performance on text-centric SNS
tasks, RedOne 2.0 remains limited in several as-
pects. First, our pipeline is built on language-
only backbones and text-form supervision, so it
cannot natively handle multimodal SNS content
(e.g., images, video, audio) or exploit cross-modal
cues such as visual context, OCR, layout, and
prosody, which constrains its applicability to com-
mon real-world scenarios like meme understanding
and image-grounded moderation. Second, although
we use multiple task-specific rewards, they are still
imperfect proxies for user satisfaction and may
miss nuanced objectives (e.g., subtle humor, cul-
tural appropriateness, long-horizon engagement).
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A Related Work

A.1 LLM in social networking services

Given the central role of SNS platforms in everyday
information exchange, interest in this domain has
surged (Bakshy et al., 2015; Vosoughi et al., 2018;
Altay et al., 2025). Advances in LLMs have accel-
erated integration across sentiment analysis (Zhang
et al., 2023a; Wang et al., 2023), search and ques-
tion answering over social content (Shah et al.,
2024; Kahl et al., 2024), personalized content gen-
eration (Lubos et al., 2024; Lyu et al., 2023), con-
tent moderation (Kumar et al., 2024; Kolla et al.,
2024), and platform operations (Feng et al., 2024;
Qiao et al., 2025). Moving beyond task-specific
pipelines that underuse model knowledge and gen-
eralization, recent work explores unified solutions.
Social-LLM combines localized social interaction
signals with text features to scale inductive user de-
tection across seven real-world datasets (Jiang and
Ferrara, 2023). (Zeng et al., 2024) organizes LLM-
for-SNS applications into knowledge, engagement,
and foundation tasks while outlining deployment
challenges. RedOne introduces a large-scale SNS
dataset and a common domain post-training recipe
that yields strong offline gains and measurable on-
line improvements (Zhao et al., 2025). Yet most
approaches remain data-centric, expanding domain
competence primarily through large annotated cor-
pora and dependence on strong base models, which
drives up cost. RedOne 2.0 revisits post-training
in the SNS setting and achieves stronger down-
stream performance with substantially less data
and smaller model scales.

A.2 General LLM post-training

Post-training bridges large-scale pre-training and
deployment by enhancing instruction following,
safety, and factuality. Typical pipelines first per-
form SFT on curated instruction–response pairs,
then apply preference optimization with human
or automated feedback, as exemplified by In-
structGPT (Ouyang et al., 2022). Subsequent ad-
vances such as RRHF (Yuan et al., 2023) and
DPO (Rafailov et al., 2023) simplify preference
learning and improve training stability, while
GRPO (Shao et al., 2024) and DAPO (Yu et al.,
2025) introduce more efficient, reward-driven rein-
forcement learning frameworks that better balance
exploration and alignment quality. Despite these
developments, most approaches remain domain-
agnostic and tend to underutilize specialized knowl-

edge crucial for vertical applications.

A.3 Domain-specific LLM post-training

Domain adaptation injects targeted knowledge and
preferences to boost in-domain performance. Typ-
ical pipelines combine continued pre-training on
domain corpora with supervised fine-tuning and
preference optimization on domain tasks, yielding
strong results in finance (Wu et al., 2023; Bhatia
et al., 2024; Yang et al., 2023; Gruca et al., 2008),
law (Guha et al., 2023; Katz et al., 2024; Dahl
et al., 2024; Colombo et al., 2024), medicine (Sing-
hal et al., 2025; Xu et al., 2025; Meng et al., 2025;
Jiang et al., 2025), and the sciences (Zhang et al.,
2024; Azerbayev et al., 2023; Taylor et al., 2022;
Bai et al., 2025). However, heavy reliance on SFT
can overfit to benchmarks and weaken generaliza-
tion, while later reinforcement learning often only
partly fixes this drift. RedOne 2.0 addresses these
limits with an RL-centric design that emphasizes
staged reinforcement and dynamic task sampling
to improve both general competence and domain
reasoning.

B Implementation Details

We trained RedOne 2.0 4B and RedOne 2.0 30B-
A3B using Qwen3-4B-Instruct and Qwen3-30B-
A3B-Instruct as their respective base models. We
also generalized our training pipeline to 8B and
32B variants with Qwen3-8B and Qwen3-32B.
During the Exploratory Learning stage, we trained
for 500 steps with maximum prompt/response
lengths of 10,000/8,192 tokens (18,192 total), plus
a 4,096-token overlong buffer with 1.0 penalty fac-
tor. We used a prompt batch size of 1,024 with 16
responses per prompt (global batch size 16,384)
and mini-batch size covering 256 prompts, yield-
ing 4 gradient updates per rollout. We adopted
DAPO with clipping parameters εlow = 0.2 and
εhigh = 0.28. Optimization employed AdamW
with a constant learning rate of 5× 10−6, weight
decay 0.1, with linear warmup applied for 10 roll-
out steps. In Targeted Fine-Tuning, we trained
for 2 epochs with batch size 64 and maximum se-
quence length of 16,384 using sequence packing.
We optimized cross-entropy loss with AdamW at
a learning rate 5× 10−6, applying a warmup ratio
of 0.1 followed by cosine scheduling. The final
Refinement Learning stage mirrored the first stage
configuration.
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Table 9: Cases for search keyword refinement.

Search query Response of RedOne 2.0

case1 Clothing front desk wall design Minimalist style, rendering, high-end feel
case2 Office creative corner Handmade, decoration

Table 10: Case for query-note relevance detection.

User Query Mugwort origin

Post Content Help, how do I go to Qichun to buy mugwort?

Response of
RedOne 2.0

Query classification: A precise information-seeking query about the origin of mugwort.
Content relevance: The post only discusses traveling to buy mugwort, without mentioning its origin, so it is content irrelevant.
Category matching: Query relates to geographic/agricultural info; the post concerns travel/purchase, wo they are mismatch.
Keyword hits: “Mugwort” appears; “origin” does not.
Initial relevance score: Irrelevant content with partial keyword hits, so the score is 0.
Special-case adjustment: Missing the core limiting term (“origin”), so the score remains 0.
Final score: 0.

C Baselines

We conduct comparison experiments with various
proprietary models, including GPT4o-1120 (Hurst
et al., 2024), Gemini-2.0-Flash (Team et al., 2023),
Claude-3.7-Sonnet (Anthropic, 2025), Doubao-1.5-
Pro-32k (Doubao-Team, 2025), Qwen-Max (Yang
et al., 2024), and GLM-4-Plus (GLM et al., 2024),
open-source models, such as Qwen series (Yang
et al., 2024, 2025), Llama series (Grattafiori
et al., 2024), Ministral (Mistral-AI, 2024), Mistral-
Small-24B (Mistral-AI, 2025), InternLM3-8B (Cai
et al., 2024), Phi-4-14B (Abdin et al., 2024),
dots.llm1 (Huo et al., 2025), gpt-oss series (Agar-
wal et al., 2025), GLM series (Zeng et al., 2025)
and DeepSeek series (Liu et al., 2024), as well as
SNS domain specific models RedOne (Zhao et al.,
2025).

D Benchmarks

We perform a comprehensive evaluation of Re-
dOne 2.0 and baselines in both the general and
SNS domain capabilities using commonly used
benchmarks in the community. Specifically, in gen-
eral domain, we systematically assess six capabil-
ities, including knowledge reasoning, mathemat-
ical reasoning, code generation, machine transla-
tion, instruction following, and hallucination de-
tection, as well as CompassBench (Contributors,
2023), a comprehensive benchmark to provide an
integrated, multi-dimensional view of model per-
formance. 1) Knowledge Reasoning. We use
MMLU (Hendrycks et al., 2020), CMMLU (Li
et al., 2023a), C-Eval (Huang et al., 2023), GPQA-
Diamond (Rein et al., 2024), NewsBench (Li et al.,
2024), MMLU-Pro (Wang et al., 2024), BBH (Suz-

gun et al., 2022), and GaokaoBench (Zhang et al.,
2023b) to probe broad and specialized knowl-
edge, reasoning robustness, difficulty-calibrated
multiple choice, and exam-style generalization
in both English and Chinese. 2) Mathematical
Reasoning. We adopt GSM8K (Cobbe et al.,
2021), MATH500 (Hendrycks et al., 2021), and
the high-stakes AIME 2025 (MAA, 2025) set to
measure multi-step arithmetic and competition-
level problem solving. 3) Code Generation. We
evaluate program synthesis and correctness with
HumanEval (Chen et al., 2021), MBPP (Austin
et al., 2021), and the temporally refreshed,
contamination-aware LiveCodeBench (Jain et al.,
2024), reporting pass@k and execution-based met-
rics. 4) Machine Translation. We benchmark
multilingual translation with the WMT tasks (i.e.
WMT-22 (Kocmi et al., 2022), WMT-23 (Freitag
et al., 2023) and WMT-24 (Kocmi et al., 2024))
and FLORES (Goyal et al., 2022), covering diverse
language pairs and domains. 5) Instruction Fol-
lowing. We employ IFEval (Zhou et al., 2023),
which provides automatically verifiable constraints
to quantify compliance under explicit instructions.
6) Hallucination Detection. We use HaluEval (Li
et al., 2023b) to assess the tendency to produce
unverifiable or fabricated content across question
answering, dialogue, and summarization settings.

In the SNS domain, we validate models on
benchmarks built from real SNS scenarios, cov-
ering five aspects: post comprehension, informa-
tion retrieval, sentiment and intent analysis, person-
alized recommendation, and translation. We use
SNS-Bench (Guo et al.), a large-scale benchmark
with 6,658 questions spanning eight tasks from a
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social platform with over 300M users, which in-
cludes the following tasks: 1) Note-Taxonomy
(Taxon.) for content categorization; 2) Note-
Hashtag (Hash.) to select suitable tags; 3) Note-
QueryCorr (QCorr) to align user queries with
note content and topic; 4) Note-MRC (MRC)
for simple and complex reading comprehension
over long notes; 5) Note-NER (NER) for entity
extraction; 6) Note-Gender (Gender) to assess
gender-sensitive appeal; 7) Note-CHLW (CHLW)
to highlight salient words in comment threads;
and 8) Note-QueryGen (QGen) to produce ef-
fective search queries. For translation, we adopt
SNS-TransBench (Guo et al., 2025b), a curated set
of 2,858 English–Chinese cases from posts, com-
ments, and multimedia captions that emphasizes
phenomena central to SNS translation, including
humor localization, emoji semantics, and meme
adaptation. It tests whether models can preserve
pragmatics, style, and culture-bound references in
short, high-context text typical of social platforms.

E More Case Studies

Apart from personalized post-title re-creation, we
also present visualization analyses for two widely
used SNS tasks, including search keyword refine-
ment and query–note relevance detection, as shown
in Table 9 and Table 10.
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