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A Introduction of GFlowNet1

Generative Flow Networks (GFlowNets) [2] aim to learn a stochastic policy that generates objects2

x ∈ X through sequential decisions, such that the marginal probability of generating x is proportional3

to a reward function R(x) > 0. Given a complete trajectory τ = (s0, a1, s1, . . . , aT , sT = x) that4

terminates in object x, the forward trajectory probability is:5

PF (τ) =

T−1∏
t=0

PF (at+1|st)

and the backward probability (used to reverse the trajectory) is:6

PB(τ) =

T∏
t=1

PB(at|st)

Trajectory Balance (TB) Loss [11].. The Trajectory Balance objective ensures the ratio of forward7

to backward probability matches the reward:8

PF (τ)

PB(τ)
=

R(x)

Z
⇐⇒ logPF (τ)− logPB(τ) = logR(x)− logZ

where Z is the global partition function. The loss function is then defined as:9

LTB = (logPF (τ)− logPB(τ)− logR(x) + logZ)
2

In practice, logZ is treated as a learnable scalar parameter.10

Subtrajectory Balance (SubTB) Loss [10].. To enable learning from partial trajectories, the11

Subtrajectory Balance loss generalizes TB to arbitrary subpaths. For any subtrajectory τi:j =12

(si, ai+1, . . . , sj) from state si to sj , the balance condition becomes:13

PF (τi:j)

PB(τi:j)
=

Z(sj)

Z(si)
⇐⇒ logPF (τi:j)− logPB(τi:j) = logZ(sj)− logZ(si)

This leads to the Subtrajectory Balance loss:14

LSubTB = (logPF (τi:j)− logPB(τi:j)− logZ(sj) + logZ(si))
2

Here, Z(s) denotes the flow or partition function at state s, typically parameterized by a neural15

network as Fϕ(s) = logZ(s). SubTB enables more flexible and sample-efficient training, especially16

for long-horizon generation tasks. However, directly implementing GFlowNet on KG-based RAG17

faces several challenges. First, the objectives such as Trajectory balance and sub-trajectory balance18

are computed on the whole trajectories, leading to computational burden in KG-based RAG where19

entities are associated with long texts. Second, many states and transitions in KGs are less-valued and20

not visited, making the traditional GFlowNet objective inefficient. Second, the discrete and symbolic21

nature of KGs poses difficulty in defining state transitions and flow dynamics, especially when22

integrating pretrained language models to interpret semantic relevance. These factors collectively23

make it challenging to directly apply GFlowNet to KG-based retrieval without significant adaptations24

in trajectory design, reward shaping, and exploration strategy.25
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Policy_prompt = Template('''###Information 
trajectory you have visited: {{history}}
###Question: {{question}}
###Candidate Information: {{candidate}}
Please predict the score of the candidate to 
help you find the answer to the question.''')

Flow_prompt = Template('''###Information 
trajectory you have visited: {{history}}
###Question: {{question}}

Please predict the reward of the 
Information trajectory to the question.''')

(a). Illustration of GraphFlow. (b). LLM-based Implementation of GraphFLow.   

Figure 1: An overview of the proposed GraphFlow framework. (a). GraphFlow employs a flow
estimator F (·) to factorize the outcome reward R(τ) of a retrieval trajectory τ to flow value F (st).
The flow value guides to learn a policy P (st+1|st) that leads to accurate and diverse retrieval results
for complex queries. (b) We introduce an LLM-based implementation of GraphFlow to enhance
KG-based RAG on text-rich KGs.

B Implementation of GraphFlow with LLMs26

Model Architecture. We use LLaMA3-8B-Instruct as the backbone LLM to implement GraphFlow.27

Specifically, we first employ the following flow prompt template to wrap the retrieval trajectory τ≤t28

at state st into a text sequence for flow estimation.29

###Information trajectory you have visited: {history}
###Question: {question}
Please predict the reward of the Information trajectory to the question:

30

Here {history} is the concatenation of documents of previously visited entities. {question} is the31

input complex query. The backbone LLM encodes the above wrapped text sequence. The embedding32

of the last token is treated as the representation of the wrapped sequence used for flow estimation. We33

employ a 1-layer MLP as the flow head, which receives the representation of the wrapped sequence34

and outputs the log value of the estimated flow log st.35

Then we employ the following policy prompt template to warp the retrieval trajectory τ≤t at state st36

into a text sequence for policy learning.37

###Information trajectory you have visited: {history}
###Question: {question}
###Candidate Information: {candidate}
Please predict the score of the candidate to help you find the answer to the question:

38

Here {history} is the concatenation of documents of previously visited entities. {question} is the39

input complex query. And {candidate} is one action at that leads to the next state st+1. The backbone40

LLM encodes the above wrapped text sequence. The embedding of the last token is treated as the41

representation of the wrapped sequence used for learning P (st+1|st). Specifically, we employ a42

1-layer MLP with a ReLU function to parameterize σθ(st, at). The forward policy P (st+1|st) is43

calculated as below:44

P (st+1|st) =
σθ(st, at)∑
at
σθ(st, at)

. (1)

Training Configuration. we apply LoRA [4] to inject learnable adapters into the frozen backbone45

of the LLM, and update the parameters of the flow head and the policy head. This design enables46

joint optimization of policy learning and flow estimation in a parameter-efficient manner, while also47

capturing rich contextual information through the LLM encoder. The parameters of these modules48
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Figure 2: Training dynamics of GraphFlow.

are trained by optimizing the detailed balance with local exploration (DBLE) objective:49

LDBLE(st) =

k∑
i=0

[logF (st)− logF (s′t+1,i) + logP (st+1 = s′t+1,i|st)]2

=

k∑
i=0

[logF (st)− logF (s′t+1,i) + rθ(st, a
′
t,i)− log

k∑
i=0

erθ(st,a
′
t,i)]2.

(2)

Experimental Settings. To facilitate training the LoRA module and the flow head and the policy50

head on the STaRK benchmark, we first collect training dataset consisting of transitions between51

states. For a given question Q with the set of ground truth retrieval entities VT in the training set, we52

first identify the initial entity V0 using vector similarity between the embedding of Q and V0. Then,53

we sample the trajectory τ≤T = V0 → · · · → VT staring from V0 and ending at VT . We collect54

the all the transitions between st to st+1 in the example the trajectory τ≤T = V0 → · · · → VT55

to implement local exploration as introduced in Section 3.2 in the main paper. For every training56

step, we construct mini-batch of traditions between states to calculate the loss in Eq. 2. The training57

dynamic is shown in Figure 2. Here, training transition loss is calculated using the transition between58

non-terminal states. And training starting loss and training end loss are calculated using boundary59

condition F (s0) = F (sT ) = 0. Training total loss and eval loss are calculated on all the transitions60

between states on the training and evaluation dataset. Eval policy accuracy is the accuracy of policy61

P (st+1|st) on the evaluation dataset. We training GraphFlow on these dataset for one epoch, other62

important parameters are shown in Table 1.63

C Implementations of Baselines64

To the best of our knowledge, few KG-based RAG methods are implemented on the text-rich STaRK65

benchmark. Instead, many KG-based RAG methods employ simple KGQA datasets such as CWQ,66

WEBQSP. Thus, we choose representative retrieval-based and agent-based baselines with explicit67

retrieval results (i.e., the retrieved node index) on the STaRK benchmark [14]. We provide the68

implementation details of the used baseline methods as below.69

Dense-Retriever is implemented with SentenceBERT [12] to encode both questions and the documents70

of KG nodes into dense embeddings and retrieve the documents with top vector similarity. We choose71
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Table 1: Parameters of GraphFlow training on STaRK benchmark.

STaRK-AMAZON STaRK-MAG STaRK-PRIME

Accumulation steps 2
alpha 16

batch_size 1
num_gpu 8

depth_cutoff 6
doc_cutoff 400
eval_ratio 0.8
eval_step 100

lora_dropout 0.05
lr 1.00E-05

max_length 1024
n_epochs 1

num_exploration 4
r 32

window_size 3

Table 2: We provide data statistics of STaRK. The statistics are from the STaRK benchmark [14].

entity
type

relation
type

avg.
degree entities relations tokens

STARK-AMAZON 4 5 18.2 1,035,542 9,443,802 592,067,882
STARK-MAG 4 4 43.5 1,872,968 39,802,116 212,602,571
STARK-PRIME 10 18 125.2 129,375 8,100,498 31,844,769

SentenceBERT as the text document to be consistent with prior works [3], where SentenceBERT is72

used to encode the text information in KGs. Although STaRK benchmark provide the pre-processed73

text embedding of entities and relationships in KGs using text-embedding-ada-002 model, we find74

the inconsistency between the entities IDs and the entities embeddings. Some entities in KGs are75

not converted into embeddings. Thus, we rerun the encoding model using SentenceBERT to obtain76

the full entities embeddings. After encoding the text information into embeddings, we employ the77

vector similarity between the question embedding and text embeddings for retrieval. We evaluate the78

retrieval performance on top 20 retrieval results.79

G-Retriever [3] is a two-stage method for KG-based RAG. It first employs the Prize-Collecting80

Steiner Tree (PCST) [1] algorithm to retrieve a subgraph from KGs relevant to the query. Then, the81

retrieved subgraph is encoded into the token space of LLM using a GNN for question answering (QA).82

To further improve the QA performance, G-Retriever also applies LoRA module to fine-tune LLM.83

Since we focus on the evaluating the retrieval performance of different KG-based RAG methods, we84

do not fine-tune the GNN and LLM for QA. To make PCST algorithm feasible on STaRK benchmark,85

we adopt a hybrid approach that first identify the 20 seed nodes and implement the PCST algorithm86

to extract the subgraphs around 2-hop ego graph around the seed nodes. We drop the seed nodes with87

dense neighborhoods to avoid computation overhead [5, 6].88

SubgraphRAG [7] integrates a learnable subgraph retrieval module to retrieve from KGs. Since89

training the subgraph retrieval module on the STaRK benchmark is infeasible, we employ the ego-90

graph setting similar to G-Retriever. We identify the up-to 2 hop neighbor hood graph around the91

seed node to construct the training and testing set for SubgraphRAG. We also drop the the seed92

node that has dense neighborhood to avoid computation overhead. This ego-graph setting is also93

employed to construct the test set for the other KG-based RAG models. We follow the default setting94

of SubgraphRAG to reproduce it on STaRK benchmark.95

ToG [13] employs an LLM agent to search from the KG to support KG-based question anwsering.96

ToG is implemented with frozen LLMs by prompt engineering instead of fine-tuning. Specifically,97

ToG employs tree-based search [16] to transverse the KG and search the relevant information for98

KG-based QA. Since we focus on evaluating the retrieval performance of KG-based RAG models,99
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(a). Generalization Results without Rerank.

(b). Generalization Results with Rerank.

Figure 3: Generalization Performance (Hit@5) of KG-based RAG methods. GraphFlow shows
superior cross-domain generalization performance, especially under the rerank setting (best viewed
in color).

we modify ToG to retrieve the relevant document at each searching steps instead of incorporating100

the retrieved document to update the question answering results. Since running ToG on the whole101

KGs in STaRK is infeasible, we identify the seed node for ToG searching using vector similarity102

and constrain the searching area around the 2-hop neighborhood of the seed node. We instantiate103

ToG using both LLaMA3-8B and GPT-4o as backbone models, denoted as ToG+LLaMA3 and104

ToG+GPT4o, respectively.105

We also implement SFT and PRM as two fine-tuning baselines build upon ToG and LLaMA3-8B-106

Instruct. We use the sample training dataset to train ToG using SFT and PRM as GraphFlow for a fair107

comparison. We employ the TRL (Transformer Reinforcement Learning) package to fir SFT and108

PRM fine-tuning. We apply LoRA funetuning to improve the efficiency.109

Other potential baselines but hard to implement on STaRK. There are alternative KG-based RAG110

baseline methods for evaluation. However, we find it hard to implemented these baseline on STaRK,111

mostly due to the compatibility issues. We list some examples as below.112

QAGNN [17] is designed for improving the QA performance on KG-based QA task. Although its113

retrieval performance is reported on STaRK benchmark, detailed implementation code on STaRK is114

not publicly available. Although recent concurrent work [6, 5] tried to implement QAGNN on STaRK,115

the reported performances of QAGNN diverge from the reported results on STaRK benchmark.116

RoG [8] adopts similar approach as it finetunes the LLM to search from KGs. It first employs an LLM117

to generate retrieval trajectories for the input queries and use the generated retrieval trajectories to118

construct a training dataset to fine-tune the retrieval agent by SFT. However, we find that LLM usually119

generate invalid retrieval trajectory, leading to low quality training datasets for SFT fine-tuning. Thus,120

we finetune the retrieval agent using the valid retrieval trajectories by SFT in the main paper.121

ToG-2.0 [9] is a recently proposed method to retrieve from the structured database and unstructured122

database. The key to ToG-2.0 is to identify the topic entitiies for a given questions. However, the123

implementation of topic entity recognition is absent, making it difficult to reproduce ToG-2.0 on124

STaRK benchmark.125

HybridRAG [5], Mixture of RAG [6], and KAR [15] are recent pre-prints on Arxiv focusing on126

retrieving from text-rich KGs. However, their codes are not available yet, making it difficult for us to127

reproduce these methods.128
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Figure 4: GraphFlow shows improved retrieval diversity on different difficulty levels of retrieval
queries on STaRK-PRIME.

Figure 5: GraphFlow shows improved retrieval diversity on different difficulty levels of retrieval
queries on STaRK-AMAZON.

D More results of Cross-domain Generalization129

We show more generalization performance in terms of Hit@5 in Figure 3.130

E More results of Hard Cases131

We categorize the retrieval queries with different numbers of retrieval targets into 4 difficulty levels.132

We provide the performance of different KG-based RAG on STaRK-PRIME, STaRK-MAG, and133

STaRK-AMAZON at different difficulty levels. The results are shown in Figure 4, Figure 5, and134

Figure 6.135
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Figure 6: GraphFlow shows improved retrieval diversity on different difficulty levels of retrieval
queries on STaRK-MAG.

F Benchmark Information136

We provide benchmark information in Table 2.137

G Computing Resources138

We run all experiments on 8 NVIDIA-A800-SXM4-80GB GPUs and 56 Intel(R) Xeon(R) Platinum139

8336C CPUs.140

H Broader Impact and Limitations141

GraphFlow introduces a novel framework for retrieval-augmented generation over text-rich knowl-142

edge graphs, enabling Large Language Models (LLMs) to reason more effectively through process143

supervision using GFlowNets. By modeling retrieval as a generative process that balances diverse144

and relevant paths, GraphFlow promotes both interpretability and coverage in knowledge-based145

reasoning. This has broad implications for applications such as scientific discovery, open-domain146

question answering, and medical decision support, where combining structured knowledge with147

free-text reasoning is crucial. Moreover, GraphFlow can serve as a foundation for future research148

in integrating generative decision-making with symbolic structures, thereby pushing forward the149

synergy between LLMs and knowledge graphs. One potential limitation is that we only evaluate the150

generalization ability of GraphFlow on two new domains.151
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