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Abstract

Recent advancements in large language models
(LLMs) have markedly improved their capac-
ity to handle long text inputs; however, current
models, including GPT-4o, still exhibit unsat-
isfactory performance in long-form generation.
Generating high-quality long-form content still
remains a significant challenge. In this paper,
we present LongDPO, a novel approach de-
signed to enhance long-form text generation
through step-level supervision. By leverag-
ing Monte Carlo Tree Search (MCTS) to col-
lect stepwise preference pairs and employing
a global memory pool to maintain factual ac-
curacy, LongDPO effectively mitigates issues
such as inconsistencies that are prevalent in
long-context LLMs. Furthermore, we integrate
critique-augmented generation to refine the se-
lected preference pairs. Following the collec-
tion of stepwise preference pairs, we apply step-
wise preference learning for fine-grained opti-
mization. Experimental results demonstrate
that our method enhances performance on long-
form generation benchmarks (e.g. LongBench-
Write) while maintaining nearly lossless perfor-
mance on several general benchmarks. 1

1 Introduction

Recent advancements in large language models
(LLMs) (Zhou et al., 2024; Xiao et al., 2024b,a;
Wang et al., 2024b; Ping et al., 2024), have sig-
nificantly enhanced their capacity to process long
text sequences with models like GPT-4o now capa-
ble of handling contexts up to 128K tokens (Ope-
nAI et al., 2024; Yang et al., 2025). Despite these
strides, there has been less emphasis on the models’
ability to generate better long-form text outputs.
The capability to produce long-form content is es-
sential for various real-world applications, includ-
ing writing academic papers, novels, and scripts

1 Code and models will be publicly available at https:
//github.com/pingbowen23/LongDPO.
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Figure 1: The above refers to outcome supervision,
which directly provides feedback for extended se-
quences in long-form generation tasks. Below is
LongDPO uses process supervision with a global mem-
ory to maintain factual consistency, and external cri-
tiques to refine low-reward chosen candidates.

in literature, generating legal contracts in law, and
producing repository-level code in technology (Bai
et al., 2024b; Wang et al., 2024e). However, many
LLMs still struggle to generate content exceeding
2,000 words (Pham et al., 2024; Bai et al., 2024b),
highlighting the need for further advancements in
this area.

Previous research has explored methods to ex-
tend the output window by creating long-form
training data and leveraging preference learning.
For example, Suri (Pham et al., 2024) creates
various instructions for the same response and
performs outcome-level preference optimization.
LongWriter (Bai et al., 2024b) employs an agent-
based pipeline that decomposes ultra-long gen-
eration tasks into subtasks to build a long-form
dataset, followed by supervised fine-tuning and
DPO. These approaches primarily rely on outcome
supervision (Lightman et al., 2024) during DPO,
which provides feedback on the final result, for
long-form generation tasks.
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Nevertheless, long-context LLMs are more
prone to produce responses with issues such as
logical inconsistencies, fabricated content, and fail-
ure to fully meet query requirements (Zhang et al.,
2024b). These challenges make outcome supervi-
sion, which directly provides feedback for a long
sequence, particularly problematic. In contrast, pro-
cess supervision involves supervising each interme-
diate step, which offers more granular and precise
feedback. Furthermore, process supervision speci-
fies the exact location of low-quality steps, thereby
facilitating the refinement of these steps (Lightman
et al., 2024). Consequently, breaking down a long
sequence into intermediate steps and supervising
these shorter steps could be a more effective strat-
egy.

In this paper, we introduce LongDPO, which en-
hances long-form generation capabilities through
step-level supervision. LongDPO first constructs
preference data with stepwise supervision and
then performs stepwise learning. Specifically, we
use Monte Carlo Tree Search (MCTS) (Browne
et al., 2012) to collect stepwise preference pairs.
Considering that long-context LLMs are prone to
generating inconsistent content, leading hallucina-
tions (Zhang et al., 2024b), we incorporate a global
memory pool to improve the factual consistency
of the selected preference pairs. Additionally, the
quality of candidates generated heavily relies on
the original model’s inherent capability. Simply
searching for candidates is both inefficient and in-
effective (Qi et al., 2024). To address this, we
propose critique-augmented generation to obtain
better candidates for the selected preference pairs.

After gathering the stepwise preference pairs,
we propose employing a stepwise DPO for fine-
grained learning. As illustrated in Figure 1, tra-
ditional DPO applies sample-wise supervision di-
rectly, which can lead to a less pronounced reward
margin, complicating the learning process (Lai
et al., 2024). In contrast, LongDPO utilizes fine-
grained learning at each step, which has the poten-
tial to produce superior results.

We evaluate long-form generation capabili-
ties using LongBench-Write-en and LongGen-
Bench (Bai et al., 2024b; Wu et al., 2024c), which
assess text generation length, quality, and adher-
ence to instructions. Additionally, we use general
benchmarks such as TruthfulQA (Lin et al., 2022)
to measure overall task performance. Our method,
built on Llama- and Qwen-based backbones, out-
performs their vanilla DPO versions in long-form

generation tasks while maintaining near-lossless
performance on general tasks.

Our contributions can be summarized as follows:

• We introduce LongDPO, which facilitates
step-wise, fine-grained learning for long-form
text generation.

• We employ MCTS to create step-level pref-
erence data, incorporating a memory pool
to enhance factual consistency and external
critiques to gather higher-quality preference
pairs for long-form generation.

• The experimental results and in-depth analysis
demonstrate the effectiveness of our method
in long-form generation tasks.

2 Related Work

Long Context LLMs Some studies explore to ex-
tend the input context window, using training-based
methods like (Bai et al., 2024a; Munkhdalai et al.,
2024; Fu et al., 2024) and training-free methods,
such as (Peng et al., 2024; Xiao et al., 2024c; Ding
et al., 2024). Many LLMs can support input con-
text windows of 128K. However, far fewer are ca-
pable of generating outputs exceeding 2K words
in length. Recent studies (Pham et al., 2024; Bai
et al., 2024b) have employed outcome supervision
to extend the output window. Most recently, Zhang
et al. (2024b) proposed LongReward, which is or-
thogonal to our work. However, in addition to the
instruction and response, it requires an additional
reference long document as input, which limits its
applicability in both outcome and process super-
vision. Another line of exploration in long-text
generation, such as hierarchical writing and recur-
rent prompting (Quan et al., 2024; Xi et al., 2025;
Wang et al., 2024c), is orthogonal to our method.

Process Supervision in Preference Learning
Recently, scaling inference-time compute has be-
come increasingly popular (Chen et al., 2024b;
Setlur et al., 2024; Snell et al., 2024). Process su-
pervision with MCTS can further enhance models’
reasoning abilities (Tian et al., 2024; Zhang et al.,
2024d,a). Recent studies (Wang et al., 2024d; Xu
et al., 2024) use MCTS in both math and code tasks.
In addition to MCTS, Zhao et al. (2024) also incor-
porate self-reflection. Cheng et al. (2024) employ
tree search and train a refiner for iterative optimiza-
tion. In this work, we primarily focus on exploring
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Figure 2: The pipeline of LongDPO. LongDPO incorporates process supervision and MCTS to collect stepwise
preference data. During the selection phase, LongDPO uses the global memory pool to filter out candidates that may
result in inconsistency, then selects the highest-scoring one as the chosen candidate, with another randomly selected
as the rejected candidate. During tree expansion, LongDPO leverages external critiques only for low-reward chosen
candidates. Then the collected preference pairs are used for step-level DPO training.

the potential of process supervision with MCTS in
long-form generation.

Use LLM to Critic The LLM-generated cri-
tiques are able to provide additional information
and have been widely applied (Madaan et al., 2023;
Yuan et al., 2024). CriticGPT (McAleese et al.,
2024), trained using reinforcement learning, can
generate critiques that surpass those produced by
humans. Recent studies (Ankner et al., 2024; Ye
et al., 2024) use self-generated critiques for each
piece of preference data, which are used to train
reward models. Yu et al. (2024) further uses an
instance-level critiques filter to reduce conflicts.

3 LongDPO

Our method consists of two main parts: 1) col-
lecting stepwise preference data, and 2) using the
collected preference data for DPO training.

3.1 Stepwise Preference Data Construction

Currently, MCTS has demonstrated its potential
in reasoning tasks which employs an additional
reward model to better preference data at each rea-
soning step (Chen et al., 2024a; Xie et al., 2024),
enabling 7B models to achieve performance com-
parable to GPT-o1 (Guan et al., 2025). Intuitively,
long-form generation may also be learned by col-
lecting stepwise preference data. We will elaborate
on collecting preference data in the following.

3.1.1 Overview

MCTS executes four procedures: selection, expan-
sion, evaluation, and back-propagation. To be spe-
cific, our tree is executed according to the follow-
ing:

• Selection: We select the node to be expanded
using Equation 1 with a global memory pool
to filter out inconsistent nodes.

UCBi = α×
√

2× ln

(
Ni

1 + ni

)
+ vi, (1)

where ni and Ni represent the visit count and
the parent visit count of the node, respectively.
α is a scalar that balances exploration and
exploitation. vi denotes the value of the node,
and we use the average reward provided by a
reward model.

• Expansion: For each node to be expanded, we
generate several child nodes using a sampling-
based algorithm (Holtzman et al.).

• Evaluation: In terms of evaluating each node,
we assess each node using the value provided
by a reward model, as previous work has
demonstrated its effectiveness (Wang et al.,
2024d,a). We consider seven principles to
evaluate each node. Each principle is rated
between 1 and 5, as detailed in Appendix A.1.
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• Back-propagation: We update the parent
node using the value of the leaf nodes and
also update the parent node’s visit count.

Specifically, given a query q, during the expan-
sion phase, the node in layer t is represented as
st. The newly node st+1 is generated using the
Equation 2:

st+1 = πθ(q ⊕ s1 ⊕ s2 ⊕ · · · ⊕ st), (2)

where πθ is the generator, and ⊕ represents the
concatenation operation. In each evaluation phase,
its corresponding value is evaluated as:

rst+1 = Θ(q ⊕ s1 ⊕ s2 ⊕ · · · ⊕ st, st+1), (3)

where rst+1 is the average reward of the seven prin-
ciples, Θ is the reward model used to evaluate the
reward of st+1 as the suffix. When reaching each
leaf node, the back-propagation phase is executed.
At each selection phase, we use Equation 1 along
with a global memory pool to make selections, as
detailed in the next subsection.

3.1.2 Preference Pair Extraction
We use a global memory pool M storing relevant
factual context {m1,m2, . . . ,mk} to check con-
sistency before selection. Specifically, after the
expansion phase, we visit the nodes in descending
order of their UCB scores in Equation 1. We break
the currently visited node scur into contexts of 128
words, resulting in {scur1 , scur2 , . . . , scurj}, each
scurj has 128 words, and calculate the similarity
score using each mk in Mt as a query.

simkj = E(mk)× E(scurj )
T , (4)

where simkj is the similarity score, E(x) represents
get the embedding of x, we use gte-Qwen2-1.5B-
instruct2 as embedding model. Then, we use the
similarity score to filter irrelevant context for each
mk.

Ak = {scurj | simkj ≥ δ}, (5)

where δ the similarity threshold is set to 0.8. Fi-
nally, we use each mk and its corresponding sup-
ported context Ak to check for any inconsistencies
using model Θ using templates in Appendix A.3.
Finally, if no inconsistencies are found, we select
scur for the next expansion phase. Otherwise, we
will visit the next candidate node without expand-
ing the current one further.

2https://huggingface.co/Alibaba-NLP/
gte-Qwen2-1.5B-instruct

After finishing each selection phase, the mem-
ory pool M is also updated accordingly. To be
specific, after selecting the node st, we extract the
factual content of st using the model Θ and employ
Θ to verify the extracted factual content to ensure
that they are factually correct as much as possi-
ble using templates in Appendix A.3. We retain
only the factual content {m1,m2, . . . ,mk′} that
does not conflict with the internal knowledge of
Θ. Then, we update the memory correspondingly
Mt = Mt−1 ∪ {m1,m2, . . . ,mk′}.

If memory M is empty, we skip the consistency
check and proceed directly to the selection phase
and update the memory. When we select st, we
only use the factual content stored in Mt−1, which
contains the factual content from the first layer up
to the t− 1 layer.

For each layer of the tree, we select one pair for
preference learning: the node with the highest aver-
age reward and no consistency errors is selected as
the chosen candidate swin, while another node is
randomly selected as the rejected candidate slose.

3.2 Chosen Candidates Refinement using
Critiques

After collecting preference pairs for long-form gen-
eration, we then randomly select 1,000 pairs and
only analyze the average reward of the chosen can-
didate in each pair, as shown in Figure 5. On the
one hand, many of the chosen candidates in each
preference pair have low rewards which may lead
to suboptimal performance. On the other hand, the
large reward discrepancies between different sam-
ples could result in unstable training (Wu et al.,
2024a).

One way to improve performance is by expand-
ing the search space. On the one hand, this is inef-
ficient, especially in the context of long-form gen-
eration. On the other hand, recent studies (Brown
et al., 2024; Qi et al., 2024) have shown that the
gains from this approach are limited. Therefore,
we propose leveraging external critiques to guide
the generator in text generation, as self-critique re-
lies on the model’s inherent capabilities. Recent
studies have highlighted its instability in driving
improvement (Qi et al., 2024; Zhang et al., 2024c).

To be specific, we collect the chosen candidates
in each preference pair with average rewards be-
low the threshold η for refinement, as shown in
Equation 6.

SR = {swin | rswin ≤ η}, (6)

7616

https://huggingface.co/Alibaba-NLP/gte-Qwen2-1.5B-instruct
https://huggingface.co/Alibaba-NLP/gte-Qwen2-1.5B-instruct


where swin and rswin represent the chosen candi-
date of the collected preference pair and the corre-
sponding average reward. We only refine the cho-
sen candidates, set η = 2.5, and have conducted an
ablation study.

Collect Data for Critiques Generation SR con-
tains the chosen candidates that need to be re-
fined. Next, we prepare the data for the genera-
tion of critiques. Specifically, each data is a triplet
(principleu, ssib, swin), where principleu is used in
the evaluation phase in MCTS to assess the reward
of each node, swin is the chosen candidate to be
refined, and ssib is the sibling node of swin, which
serves as an example of refinement as illustrated
in Figure 2. Detailed principles are given in Ap-
pendix A.1.

We construct each pair as the following: for each
principleu and swin, if there exists a ssib whose re-
ward is greater than swin under principleu, the tu-
ple (principleu, ssib, swin) forms a pair to generate
critiques.

Analysis

Confidence 
Score

Justification

Writing 
Suggestion

Relevant Text

Figure 3: Main body of generated critiques which have
detailed in Appedix A.2

Generate critiques Next, we use the reward
model Θ to generate critiques for each triplet using
template in Appendix A.2. Figure 3 has shown the
main body of the critiques. “Analysis,” “Justifica-
tion,” and “Relevant Text” are used to enhance the
accuracy of the analysis, while the “Confidence
Score” helps assess the model’s confidence in the
accuracy of its analysis. “Writing Suggestion” pro-
vides recommendations for improvement.

Critique-augmented Generation For each
swin, we utilize its corresponding critiques
{z1, z2, . . . , zλ}, sorted in descending order by
“Confidence Score,” to perform critique-augmented
generation. Specifically, if swin is selected in layer

t+ 1, we rewrite Equation 2 as follows:

swin_new = πθ(q⊕s1⊕· · ·⊕st⊕· · ·⊕zλ ), (7)

where we use each “Writing Suggestion” from zλ ,
with a maximum of three. Then, we use the refined
data for DPO training.

3.3 LongDPO Training Objective

Previous work on outcome supervision in long-
form generation directly utilizes the complete cho-
sen and rejected responses for training (Pham et al.,
2024; Bai et al., 2024b).

LDPO = −E(q,yw,yl)∼D

[
log σ

(

β log
πθ(yw|q)
πref (yw|q)

− β log
πθ(yl|q)
πref (yl|q)

)]
, (8)

where yw and yl is the chosen and rejected re-
sponse, respectively and πref is the reference
model. D is the pair-wise preference dataset, σ
is the sigmoid function, and β controls the degree
of deviation from the reference model.

In LongDPO, the response y is decomposed into
y = s1⊕ s2⊕· · ·⊕ st, where si represents the i-th
intermediate result. LongDPO conducts learning
at each step. Specifically, for the (i + 1)-th step,
sw is the chosen step, sl is the rejected step, and
s1∼i = s1 ⊕ · · · ⊕ si has already been learned.
LongDPO aims to maximize the probability of sw
and minimize the probability of sl.

LLongDPO = −E(q′,sw,sl)∼D

[
log σ

(

β log
πθ(sw|q′)
πref (sw|q′)

− β log
πθ(sl|q′)
πref (sl|q′)

)]
, (9)

where q′ represents q ⊕ s1∼i, which indicates the
query concatenated with the corresponding steps
learned up to the (i+ 1)-th step.

4 Experimental Results

4.1 Setting Up

Setting on Collecting Stepwise Pair We conduct
our experiments using LongWriter-llama3.1-8b 3

and LongWriter-Qwen2.5-7B-Instruct 4. To evalu-
ate text rewards and generate critiques for Eq 7, we

3https://huggingface.co/THUDM/
LongWriter-llama3.1-8b

4https://www.modelscope.cn/models/swift/
MS-LongWriter-Qwen2.5-7B-Instruct
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Models [0, 500) [500, 2k) [2k, 4k) [4k, 20k) Average

Sl Sq Sl Sq Sl Sq Sl Sq Sl Sq

LongWriter-Llama 88.10 86.00 74.50 86.90 89.10 88.30 80.80 79.20 83.12 85.10
w/ DPO 90.93 85.78 76.67 85.46 90.01 90.53 81.07 80.90 85.55 85.66
w/ LongDPO 90.68 86.27 77.23 91.25 93.35 90.53 88.25 85.06 87.38 88.28

LongWriter-Qwen 90.80 87.99 84.37 89.37 84.21 84.84 58.69 78.13 79.51 85.08
w/ DPO 86.32 88.23 88.71 89.16 89.28 84.09 60.89 78.82 81.30 85.07
w/ LongDPO 88.93 91.91 85.47 91.25 88.63 85.60 71.14 85.41 83.54 88.54

Table 1: Evaluation results on LongBench-Write-en. LongWriter-Llama and LongWriter-Qwen represent
LongWriter-llama-8B and LongWriter-Qwen2.5-7B. We have set a random seed to ensure reproducibility.

utilize Llama-3.1-70B-Instruct 5. For the MCTS
tree configuration, we set the maximum depth to 4,
with each node generating 4 child nodes during ex-
pansion. Each node can contain up to 2048 tokens,
and we use a decoding temperature of 0.7, along
with a fixed random seed for reproducibility.

Training Setting We randomly sample 2.5K in-
structions from WildChat (Zhao et al.) to collect
stepwise preference pairs, which we then combine
with UltraFeedback (Cui et al., 2024) for training.
For data from UltraFeedback, we use vanilla DPO.
The learning rate is set to 1e-6, with a cosine learn-
ing rate scheduler. The maximum sequence length
is 32,768 through packing, with a random seed set
to 42, and training for 250 steps. We use Xtuner 6

for training.

Evaluation We evaluate long-form generation
capabilities using the following benchmark:

• LongBench-Write employs two metrics: the
length score Sl, which assesses how closely
the model’s generated length matches the re-
quired length, and the quality score Sq, which
evaluates the quality of the model’s output us-
ing GPT-4o (Bai et al., 2024b). Our evaluation
is performed using the English version.

• LongGenBench (Wu et al., 2024c) evalu-
ates whether models can maintain writing co-
herence and follow instructions which pro-
poses three metrics to evaluate. Comple-
tion Rate (CR) assesses the degree to which
all designated subtasks are successfully com-
pleted. STIC-1 evaluates the model’s adher-
ence to specific task instructions. STIC-2 pro-
vides more granular evaluations, measuring

5https://huggingface.co/meta-llama/Llama-3.
1-70B-Instruct

6https://github.com/InternLM/xtuner

the overall completion of specific task instruc-
tions.

We use the official scripts for evaluation 7 8. Ad-
ditionally, we assess the model’s general abilities
using the following:

• TruthfulQA (Lin et al., 2022) to evaluate the
helpfulness of the model’s response.

• MMLU (Hendrycks et al., 2021) to evaluate
the model’s multitask processing. We use a
5-shot evaluation in our assessment follow-
ing (Grattafiori et al., 2024) setting.

• GSM8K (Cobbe et al., 2021) to evaluate the
reasoning ability of LLM. We use an 8-shot
evaluation following (Grattafiori et al., 2024)
setting.

We utilize UltraEval (He et al., 2024) and lm-
evaluation-harness (Gao et al., 2024) for evalua-
tion.

Baselines The LongWriter-(.) w/ DPO baseline
models are versions of LongWriter-(.) that have
been trained using DPO. For each instruction from
WildChat (Zhao et al.), we generate four responses.
The response with the highest reward is selected as
the chosen candidate, while one of the remaining
responses is randomly selected as the rejected can-
didate. Then combine UltraFeedback for training.

4.2 Main Results
The main results are presented in Table 1. Our
method significantly outperforms baselines across
both the Llama and Qwen series models. Consis-
tent with the results of Bai et al. (2024b), the use
of DPO alone did not lead to a substantial perfor-
mance improvement. This could be due to the chal-
lenge of maintaining response quality when directly

7https://github.com/THUDM/LongWriter
8https://github.com/mozhu621/LongGenBench
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Models LongGenBench (16k) LongGenBench (32k) TruthfulQA MMLU GSM8k

CR STC1 STC2 CR STC1 STC2 ACC ACC ACC ACC

LongWriter-Llama 46.00 22.60 9.80 34.50 33.60 10.00 38.43 56.07 63.24 57.70
w/ DPO 64.99 25.99 16.29 65.24 32.47 20.39 38.17 55.68 63.30 59.20
w/ LongDPO 69.38 27.59 18.45 68.35 33.69 22.15 40.76 58.78 63.67 61.30

LongWriter-Qwen 98.94 31.39 31.02 58.67 33.58 18.93 45.29 61.78 74.16 83.78
w/ DPO 95.95 31.18 29.83 82.23 29.02 22.33 39.29 57.67 63.67 83.85
w/ LongDPO 98.51 33.07 32.52 84.95 29.86 24.32 44.92 62.75 74.25 84.08

Table 2: Performance comparison across more long-form and general benchmarks. LongGenBench can be used to
evaluate output lengths up to 32k. For TruthfulQA, we report partition “MC1” and “MC2”. For each task, all three
methods use the same decoding settings, and we have set a random seed to ensure reproducibility.

Methods [0, 500) [500, 2k) [2k, 4k) [4k, 20k) Average

Sl Sq Sl Sq Sl Sq Sl Sq Sl Sq

LongWriter-Llama 88.10 86.00 75.40 86.90 89.10 88.30 80.80 79.20 83.12 85.30
w/o critique 89.69 87.00 75.46 89.58 92.72 89.01 83.93 79.51 85.45 86.27
w/ self-critique 92.51 88.15 74.40 89.81 90.15 88.48 83.62 81.38 85.17 86.96
w/ LongDPO 90.74 89.14 76.61 90.70 93.46 91.10 87.77 81.94 87.14 88.22

LongWriter-Qwen 90.80 87.99 84.37 89.37 84.21 84.84 58.69 78.13 79.51 85.08
w/o critique 89.59 86.99 85.35 89.01 88.14 84.31 63.98 80.20 81.77 85.12
w/ self-critique 90.67 90.68 83.60 93.26 87.46 86.61 65.20 78.24 81.73 87.20
w/ LongDPO 89.36 91.18 85.48 92.10 89.60 87.16 67.66 83.17 83.03 88.40

Table 3: Ablation on refinement methods and “w/o critique” stands for without critiques meaning MCTS is applied
alone. “Self-critique” refers to critiques generated by the model itself. To verify generalization, we set different
values of η and report the average result.

sampling long responses generated by DPO (Cheng
et al., 2024). In contrast, our method demonstrates
performance gains, likely because fine-grained su-
pervision facilitates the acquisition of high-quality
data.

To be specific, regarding the length score,
LongWriter-Llama w/ LongDPO consistently
shows improvements across various lengths, gener-
ating text that more accurately meets the length re-
quirements. Notably, for outputs exceeding 4,000
words, performance improved by approximately
8%. The quality score results are detailed in Ta-
ble 8. When comparing LongWriter-Llama and
LongWriter-Llama w/ DPO, the primary factors
contributing to the improved scores of our gener-
ated texts are enhancements in “Clarity," “Breadth
and Depth," and “Reading Experience."

In addition to the 7B-sized model, we also con-
ducted experiments on larger models and compared
them with more advanced open-source models. De-
tailed results can be seen in Table 13.

4.3 Generalization on more long-form and
general benchmarks

Table 2 displays the results of various methods on
LongGenBench. For both the Llama and Qwen se-

ries models, their performance on LongGenBench
shows significant improvement. Notably, in terms
of CR, this suggests that the model can better fol-
low instructions after being trained with LongDPO.
Additionally, using LongDPO results in better per-
formance than DPO.

For other tasks, a similar trend can be observed:
directly applying DPO fails to deliver significant
performance improvements and, in some cases,
even leads to notable declines. This is particularly
evident in the MMLU task, where the performance
of LongWriter-Qwen significantly deteriorates af-
ter applying DPO. In contrast, our method results
in virtually no degradation of the model’s other
capabilities and even leads to slight improvements.
This illustrates the generalizability of our approach
to tasks beyond long-form generation.

4.4 Comparision with Different Critic
Methods

Self-critique is widely used (Ankner et al., 2024;
Ye et al., 2024) to leverage models’ internal knowl-
edge to provide feedback to provide a better so-
lution. However, recent studies have emphasized
that relying solely on a model’s internal knowl-
edge can result in unstable performance gains (Qi
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LLM-AggreFact (without threshold tuning)

Model Name AGGREFACT TOFUEVAL WICE REVEAL
CLAIM
VERIFY

FACT
CHECK

EXPERT
QA LFQA RT Avg

CNN XSum MediaS MeetB

LongWriter-Qwen 52.71 71.55 73.33 75.83 74.40 87.73 70.18 74.61 60.56 84.61 76.65 72.92
w/o Memory 52.03 69.31 72.16 75.38 76.07 87.58 68.46 74.94 60.27 83.36 75.70 72.30
w/ Memory 54.36 73.20 73.28 76.25 74.92 88.31 70.87 73.79 61.23 86.76 77.39 73.67

Table 4: Performance (BAcc) of evaluator models on the test split of LLM-AggreFact. “RT” represents RAGTruth.

et al., 2024; Zhang et al., 2024c). To further ver-
ify whether self-generated critiques can effectively
collect better preference pairs, we compare self-
generated critiques with external critiques in Ta-
ble 3. We have ensured that the only difference lies
in the critic model used between self-critique and
LongDPO.

To enable a more thorough comparison, we set
multiple values for η in Equation 6. Specifically,
we set η to {2.0, 2.5, 3.0} and report the average
performance in Table 3. We detailed the results in
Table 9 and 10. Self-critique exhibits performance
fluctuations which may be because the generator’s
internal knowledge is insufficient, making it diffi-
cult to distinguish high-quality steps.

4.5 Effects of the Memory Pool
We assess the effectiveness of the memory pool us-
ing the LLM-AggreFact (Tang et al., 2024), which
includes a variety of fact-checking tasks. The re-
sults are presented in Table 4. Without using mem-
ory to collect data and training directly, the fact-
checking scores decreased. However, after incor-
porating memory, the model’s fact-checking ability
improved.

Models LongGenBench

CR STC1 STC2

LongWriter-Llama
w/o Stepwise 67.89 25.36 17.29
w/ Stepwise 69.38 27.59 18.45

LongWriter-Qwen
w/o Stepwise 97.42 31.95 31.44
w/ Stepwise 98.51 33.07 32.52

Table 5: Performance comparison in LongGenBench.

4.6 Effects of Stepwise Learning
We evaluate the impact of stepwise learning on
long-form generation using LongGenbench. The
results are shown in Table 5. We use the same
training data. The difference between the meth-
ods is that “w/o Stepwise” refers to training with

vanilla DPO, while “w/ Stepwise” refers to training
with the LongDPO objective. Stepwise learning is
beneficial for learning long-form generation. The
detailed results shown in Table 11.

5 Analysis

5.1 Reliability of Evaluation

Rate Diversity Consistency Informative

Win 65.0 61.7 61.7
Tie 8.30 16.7 6.70
Lose 26.7 21.6 31.6

Table 6: Human evaluation with win rates under three
criteria: Diversity, Consistency, and Informativeness

Reliability on Quality Score We evaluate the
consistency of GPT-4o in LongBench-Write based
on three evaluation runs and report the variance
following (Bai et al., 2024c). Table 12 presents the
results of the average quality score, which may in-
dicate that GPT-4o demonstrates good consistency.

Judge Judge-1 Judge-2 Judge-3

Judge-1 - 61.7 63.4
Judge-2 61.7 - 61.7
Judge-3 65.0 58.4 -

Table 7: Human agreement between different annotators.
Judge-1, Judge-2, and Judge-3 are three human judges.

Human Evaluation In addition to utilizing GPT-
4o, we conduct a human evaluation to assess the
generated text in terms of diversity, consistency,
and informative detailed guidelines can be seen
in A.4. We compare the responses generated by
LongWriter-Llama and LongWriter-Qwen with
those produced by the same models trained using
LongDPO. Three independent annotators, who are
undergraduate and graduate students, are tasked
with comparing the response pairs and evaluating
them as win, tie, or lose. The student participants
all possess a bachelor’s or master’s degree and are
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from top universities and have two years of ex-
perience in NLP. The results, present in Table 6,
indicate that our responses are rated as superior by
the human judges. Additionally, Table 7 shows the
agreement among the three judges, demonstrating
a high level of consistency in their evaluations.

5.2 Case Study

Figure 4 presents a case sampled from LongGen-
Bench. The instruction primarily requires visiting
the farmers’ market starting from week 10 and then
every 5 weeks thereafter. LongWriter-Llama ful-
fills the requirement in week 10 but fails in week
15. However, after applying LongDPO, it is able to
consistently meet the demands.

We analyze the attention distribution across mod-
els and observe that, in week 15, LongWriter-
Llama fails to attend to “farmers market.” However,
after applying LongDPO, it successfully does so.
We find that a small number of attention heads
have attended to “farmers market,” with over 1%
of attention heads scoring above 0.5. However,
the LongWriter model does not exhibit a similar
pattern. This behavior may be linked to retrieval
heads (Wu et al., 2024b). We also provide exam-
ples in Figure 7 and 8 to show factual correctness
after applying LongDPO.

6 Disscussion

LongDPO focuses on long-form tasks (e.g., Cre-
ative Writing), which, unlike tasks such as math
and coding, do not have a ground truth. It is more
challenging to assess the reward precisely. Differ-
ent from existing literature in reinforcement learn-
ing, which can rely on rule-based rewards or pro-
cess reward models, we take into full consideration
the characteristics of natural language and have
carefully designed seven principles for evaluating
the reward.

7 Conclusion

In this paper, we propose LongDPO which incor-
porate process supervision with MCTS to collect
better preference pairs with a memory pool to main-
tain factual consistency and leverages external cri-
tiques to refine low-quality candidates in long-form
generation. LongDPO enhances performance in
long-form generation tasks (e.g. LongBench-Write)
while maintaining near-lossless performance on
several general tasks.

Limitations

We have validated the effectiveness of LongDPO in
generating text of 32K length. However, due to the
limitations of current benchmarks, it is challenging
to evaluate longer generation lengths. In the fu-
ture, we plan to test the performance of LongDPO
further on longer benchmarks.
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A Templates and Guidelines

A.1 Reward Evaluation Templates

Reward Evaluation Template

You are an expert at evaluating the quality of text.
As an impartial evaluator, please assess the assistant’s response to a user’s requirements. Now,
you will receive specific principles that provide the criteria for evaluating the response. Principles
begin,
Principle1: The response is accurate and free of factual errors.
Principle2: The response meets the user’s purpose and needs.
Principle3: The response is non-toxic and safe.
Principle4: The response meets the user’s formatting requirements and maintains logical consis-
tency.
Principle5: The response contains diverse and comprehensive information with minimal repetition.
Principle6: The response provides an excellent reading experience.
Principle7: The response is insightful and provides the user with additional avenues for thought.
Principles end.
In the next, you will receive detailed guidelines to help you rate the response according to each
principle. Now, guidelines begin
5: A perfect response with no improvement needed. The content is comprehensive, accurate, clear,
and well-structured. The response fully addresses all aspects of the question or need without any
omissions or errors.
4: A very good response with minor issues. It is almost perfect but may have slight areas that could
be improved, such as minor details that are unclear or a small omission. Overall, it still meets the
need effectively.
3: An acceptable response that generally meets the question or need but has noticeable shortcom-
ings. The content might be incomplete or unclear, or there may be minor grammar or logical errors.
It needs improvement but is still functional.
2: A response with significant issues that requires substantial improvement. The content is
incomplete, unclear, or contains major errors, omissions, or misunderstandings. It does not fully
satisfy the request.
1: A completely inadequate response that fails to meet the question or need. It contains serious
errors or misunderstandings and cannot provide useful help.
Guidelines end.
Now, you will receive the user request and the assistant’s response to evaluate.
<User Request>
$INST$
</User Request>
<Response>
$RESPONSE$
</Response>
Your task is to evaluate the quality of the response and assign a rating with distinguishable
differentiation for each principle. When rating, please carefully read the guidelines and ensure your
ratings fully adhere to them. You must first provide a brief analysis of its quality, then determine the
weights for each Principle, for example {"Principle1": [0.2,0.2,0.2,0.2,0.2]} represents the final
score is 0.2 * 1 + 0.2 * 2 + 0.2 * 3 + 0.2 * 4 + 0.2 * 5 = 3. The output must strictly follow the JSON
format: "Analysis":..., "Principle1":[..,..,..,..,..], "Principle2":[..,..,..,..,..], "Principle3":[..,..,..,..,..],
"Principle4":[..,..,..,..,..], "Principle5":[..,..,..,..,..], "Principle6":[..,..,..,..,..], "Principle7":[..,..,..,..,..].
You do not need to consider whether the response meets the user’s length requirements in your
evaluation. Ensure that only one integer or float is output for each principle.
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A.2 Templates for Generate Critiques

Templates for Generate Critiques

You are an expert at evaluating the quality of text. In the following, you will revice a user request,
one principle and two candidates:
<User Request>
$INST$
</User Request>
<Principle>
$PRINCIPLE$
</Principle>
<Candidate1>
$CANDIDATE1$
</Candidate1>
<Candidate2>
$CANDIDATE2$
</Candidate2>
Now, your task is 1. Carefully read these two candidates and briefly analyze the strengths of the first
candidate. 2. Provide a "Justification" explaining why it scores higher. 3. Assign a "Confidence
Score" on a scale of 1 to 5, where 1 indicates you are quite uncertain, and 5 indicates you are very
confident. 4. Optionally, include "Relevant Text" from the first candidate to illustrate your analysis.
5. Summarize briefly in 1-2 sentences with a "Writing Suggestion" based on the evaluation.
The output must strictly follow the JSON format: {"Analysis":..., "Justification":...,
"Writing Suggestion":..., "Confidence Score":...,"Relevant Text":...}. Ensure
that only one integer between 1 and 5 is output for "Confidence Score". If no "Relevant Text" is
necessary, leave the field empty or set it as an empty string.

A.3 Templates for Check Consistency

Template for Finding Fact

You’re an expert in natural language processing and information retrieval. You will receive a
response. Your task is to extract factual statements from the response provided.
Factual statements are usually conveyed through individual sentences. They should not include
introductory sentences, transitional sentences, summaries, or any inferences. If a factual statement
is missing a subject or contains pronouns like "he/she/it/these/those," the subject must be explicitly
added, or the pronoun must be clarified based on the context.
Now, please process the following AI assistant’s response:
<Response>
$RESPONSE$
</Response>
Please carefully read and analyze the given content. Then, breaking the factual con-
tent. After extracting each factual information, you must first determine the "Valid-
ity" whether it contradicts your internal knowledge, where "True" indicates a contra-
diction, "False" indicates no contradiction, and "Unsure" means uncertain. Provide
the relevant "Evidence" accordingly. Then, output the result in the following for-
mat: {"Analysis":..., "Fact1":{"Content":...,"Validity":...,"Evidence":...},
"Fact2":{"Content":...,"Validity":...,"Evidence":...},...}. Please provide the anal-
ysis and factual information in the format as described above. The "Content" is the factual
statement, "Validity" is the result of the analysis, and "Evidence" is the supporting evidence for the
factual statement.
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Template for Judge Inconsistency

You are an expert at evaluating text. You will receive factual statements along with a related
response. Your task is to carefully evaluate whether the response contradicts the factual statement.
Please use the following principles to generate your assessment:
Contradict: You can find strong evidence indicating factual inaccuracies in the response that are
inconsistent with the given factual statement.
Not Contradict: You are unable to find evidence indicating factual inaccuracies in the provided
response that contradicts the given factual statement. Ensure that you do not use any information
or knowledge beyond the response provided, and only check whether the statement is supported by
the response.
Now, please refer to the principles to give your judgement:
<Statement>
$STATEMENT$
</Statement>
<Response>
$RESPONSE$
</Response>
You must provide an analysis first, followed by the judgement. The output must strictly follow the
JSON format: {"Analysis":..., "Judgement":...,"Evidence":...}.

A.4 Guidelines for Human Annotation
Guidelines for Human Annotation

1. Diversity: Which text is more diverse in content? This can be evaluated holistically, considering
factors such as the lexical variety, the richness of semantics, the complexity of writing style, and
the diversity in article structure.

2. Consistency: Which text demonstrates a higher degree of consistency? This can be assessed
holistically, considering factors such as thematic coherence, ensuring the central theme remains
clear; logical coherence, reflected in the natural flow of ideas; and factual consistency, verified
through accurate and reliable information.

3. Informative: Which text is more informative in content? This can be evaluated holistically,
considering factors such as the accuracy of the information presented, the comprehensiveness
in covering all relevant aspects, the clarity of explanations, and the ease of readability and
understanding.

B More Evaluation Results

Sq Relevance Accuracy Coherence Clarity Breadth and Depth Reading Experience

LongWriter-Llama 79.20 90.90 87.50 84.48 81.89 59.48 71.55
+DPO 80.90 93.75 83.33 77.08 77.08 83.33 70.83
+LongDPO 85.06 93.75 85.42 85.42 81.25 87.50 77.08

LongWriter-Qwen 78.13 83.33 81.25 83.33 77.08 68.75 75.00
+DPO 78.81 85.41 81.25 83.33 81.25 85.41 70.83
+LongDPO 85.41 91.67 91.67 83.33 83.33 83.33 79.16

Table 8: Detailed quality score for length exceeding 4000 in LongBench-Write-en.
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Liam is a biologist with a passion for chronicling his vibrant life through weekly diary entries. Captures:
1)…… 2) …… 3) Visit the farmers market for fresh produce every 5 weeks on weekends, starting from 
week 10.

Week 10: I made a point of engaging……On 
Saturday, I visited the local farmers market. 

Week 15: …… fostered a sense of community. 
On Saturday, I visited the local farmers market. 

Week 10: Our routine shifted this week: 
visiting the farmers market every five weeks.

Week 15:  The weekend was a blend of family 
time and personal relaxation. We visited a 
nearby botanical garden.

LongWriter Response Our Response

Figure 4: A case is randomly sampled from LongGenBench. The instruction primarily requires visiting the farmers’
market starting from week 10 and then every 5 weeks thereafter. On the left, LongWriter-Llama fulfills the
requirement in week 10 but fails in week 15. On the right, after applying LongDPO, LongWriter-Llama is able to
consistently meet the demands.
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Figure 5: Reward analysis of the selected candidates, we focus solely on the chosen candidate in each preference
pair. On the x-axis, ’0-3.0’ represents the proportion of candidates with an average reward < 3.0, while ’3.0-3.5’
represents the proportion of candidates with an average reward ≥ 3.0 but < 3.5. Detailed reward distribution can be
found in Appendix 6.

LongWriter-Llama [0, 500) [500, 2k) [2k, 4k) [4k, 20k) Average

Sl Sq Sl Sq Sl Sq Sl Sq Sl Sq

Self-critique +η ≤ 2.0 94.07 88.97 72.39 87.99 86.86 89.39 82.72 80.55 84.01 86.72
+η ≤ 2.5 93.08 88.48 76.43 91.04 91.66 88.54 84.63 82.35 86.45 87.60
+η ≤ 3.0 90.38 87.01 74.37 90.41 91.94 87.50 83.50 81.25 85.04 86.54

LongDPO +η ≤ 2.0 92.01 92.91 72.55 91.45 93.35 93.75 88.86 80.20 86.69 89.57
+η ≤ 2.5 90.68 86.27 77.23 91.25 93.35 90.53 88.25 85.06 87.38 88.19
+η ≤ 3.0 89.51 88.23 80.04 89.39 93.68 89.01 86.19 80.55 86.47 86.80

Table 9: Results on changing η using llama-based backbones
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LongWriter-Qwen [0, 500) [500, 2k) [2k, 4k) [4k, 20k) Average

Sl Sq Sl Sq Sl Sq Sl Sq Sl Sq

Self-critique +η ≤ 2.0 88.71 88.23 84.45 93.54 86.37 84.46 64.88 78.47 81.10 86.17
+η ≤ 2.5 91.96 91.66 83.16 92.91 88.94 86.36 67.69 79.16 82.93 87.52
+η ≤ 3.0 91.33 92.15 83.20 93.33 87.06 89.01 63.04 77.08 81.16 87.89

LongDPO +η ≤ 2.0 87.84 91.45 86.21 92.15 91.35 86.86 66.85 82.59 83.06 88.26
+η ≤ 2.5 88.93 91.91 85.47 91.25 88.63 85.60 71.14 85.41 83.54 88.54
+η ≤ 3.0 91.32 90.19 84.75 92.91 88.82 89.01 64.99 81.51 82.47 88.51

Table 10: Results on changing η using Qwen-based backbones

Models LongGenBench (16K) LongGenBench (32K)

CR STC1 STC2 CR STC1 STC2

LongWriter-Llama
w/o Stepwise 67.89 25.36 17.29 67.79 31.85 21.67
w/ Stepwise 69.38 27.59 18.45 68.35 33.69 22.15

LongWriter-Qwen
w/o Stepwise 97.42 31.95 31.44 83.78 28.82 23.24
w/ Stepwise 98.51 33.07 32.52 84.95 29.86 24.32

Table 11: Performance comparison in LongGenBench.

Evaluated Models Sq

Claude 3.5 Sonnet 87.7± 0.5
GPT-4 Turbo 86.6± 0.4
GPT-4o mini 90.3± 0.3
GPT-4o 91.8± 0.5
GLM-4-9B-chat 85.5± 0.4
Llama-3.1-8B-Instruct 70.6± 0.3
Llama-3.1-70B-Instruct 80.3± 0.3
Mistral-Large-Instruct 88.3± 0.4
Suri-I-ORPO 53.5± 0.5
LongWriter-Llama 82.2± 0.4
LongWriter-Llama + LongDPO 88.2± 0.5
LongWriter-Qwen + LongDPO 88.6± 0.5

Table 12: Evaluated Models and the average Sq Scores. We evaluate LongWriter-Llama + LongDPO and LongWriter-
Qwen + LongDPO, while Bai et al. (2024c) report the remaining results.

Models [0, 500) [500, 2k) [2k, 4k) [4k, 20k) Average

Sl Sq Sl Sq Sl Sq Sl Sq Sl Sq

Llama3.1-8B-instruct 89.70 84.60 78.20 80.60 29.20 76.10 0 57.60 56.80 76.30
Llama3.1-70B-instruct 90.80 84.80 88.60 84.40 14.90 84.50 0 78.00 59.00 80.30

GPT-4o 92.10 93.10 92.20 93.50 53.00 92.80 6.20 81.20 67.80 90.90
QWQ 89.10 94.58 90.59 94.31 33.13 93.75 0.26 89.39 53.27 93.01

Qwen-2.5-14B 88.39 89.77 81.83 91.91 71.38 87.50 19.57 82.35 65.29 87.88
w/ DPO 91.72 90.53 81.79 92.72 68.94 86.50 18.33 80.20 65.19 87.48

w/ LongDPO 91.75 91.25 85.69 90.53 78.79 89.01 21.50 86.04 69.43 89.21

Table 13: More evaluation results of larger models on LongBench-Write-en.

7631



0-2.0 2.0-2.5 2.5-3.0 3.0-3.5 3.5-4.0 4.0-4.5 4.5-5.0
Reward distribution

0

5

10

15

20

25

30

Pe
rc

en
ta

ge
 (%

)

Figure 6: Detailed reward analysis of the chosen candidates.

Question: What are some cities that get 
more rainfall than Seattle?

Choices:
l Miami and New Orleans get more rainfall than 

Seattle. 

l No cities get more rainfall than Seattle.

l Seattle gets the most rain.

l It's always raining in Seattle.

LongWriter

+ LongDPO

Miami and New Orleans get more rainfall 
than Seattle. 

It's always raining in Seattle.

√

×

Figure 7: The part highlighted in red is the correct answer to the question. LongWriter-Llama fails to provide the
correct answer, but after applying LongDPO, it is able to answer correctly.

Question: In the Gulf, a federal state with 
valuable natural resources that contains a 
global city and international hub and is a 
member of the United Nations. It's called 
the United what?

Choices:
l It's called the United Kingdom.

l The United Kingdom.

l States of America.

l Arab Emirates.

LongWriter + LongDPO
Arab Emirates.The United Kingdom.
√×

Figure 8: The part highlighted in red is the correct answer to the question. LongWriter-Llama fails to provide the
correct answer, but after applying LongDPO, it is able to answer correctly.
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