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Abstract

Multi-turn instruction following is essential for building in-
telligent conversational systems that can consistently adhere
to instructions across dialogue turns. However, existing ap-
proaches to enhancing multi-turn instruction following pri-
marily rely on collecting or generating large-scale multi-turn
dialogue datasets to fine-tune large language models (LLMs),
which treat each response generation as an isolated task and
fail to explicitly incorporate multi-turn instruction following
into the optimization objectives. As a result, instruction-tuned
LLMs often struggle with complex long-distance constraints.
In multi-turn dialogues, relational constraints across turns can
be naturally modeled as labeled directed edges, making graph
structures particularly suitable for modeling multi-turn in-
struction following. Despite this potential, leveraging graph
structures to enhance the multi-turn instruction following ca-
pabilities of LLMs remains unexplored. To bridge this gap,
we propose GraphIF, a plug-and-play framework that mod-
els multi-turn dialogues as directed relation graphs and lever-
ages graph prompts to enhance the instruction following ca-
pabilities of LLMs. GraphIF comprises three key compo-
nents: (1) an agent-based relation extraction module that cap-
tures inter-turn semantic relations via action-triggered mech-
anisms to construct structured graphs; (2) a relation graph
prompt generation module that converts structured graph in-
formation into natural language prompts; and (3) a response
rewriting module that refines initial LLM outputs using the
generated graph prompts. Extensive experiments on two long
multi-turn dialogue datasets demonstrate that GraphIF can
be seamlessly integrated into instruction-tuned LLMs and
leads to significant improvements across all four multi-turn
instruction-following evaluation metrics.

Code — https://github.com/sstillzh/GraphIF
Extended version — https://arxiv.org/abs/2511.10051

Introduction
Large Language Models (LLMs) (Achiam et al. 2023;
Dubey et al. 2024; Team 2024) have demonstrated excep-
tional performance in dialogue systems. As conversational
AI becomes increasingly important, the ability to understand
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Figure 1: A comparison of two types of methods:
Instruction-tuned LLM only and our proposed GraphIF that
uses graph structure to enhance the multi-turn instruction
following.

and follow user instructions is crucial for effective inter-
action (Chiang et al. 2023; Zheng et al. 2023). Real-world
conversations pose a challenge as users typically distribute
requirements across multiple dialogue turns, making multi-
turn instruction following essential for maintaining dialogue
coherence and consistency.

Recent efforts to enhance multi-turn instruction following
have primarily focused on collecting (Chiang et al. 2023;
Zhao et al. 2024) or generating (Maosongcao et al. 2025;
Gao et al. 2025) multi-turn dialogue datasets to fine-tune
LLMs. However, even well-tuned LLMs struggle with com-
plex long-distance constraints (Kwan et al. 2024). As il-
lustrated in Figure 1, LLMs often forget instructions estab-
lished in earlier turns, such as ending responses with specific
phrases. This limitation stems from the mismatch between
autoregressive training and the non-sequential dependencies
in multi-turn dialogues—current instruction-tuning methods
treat each response generation as an isolated task without ex-
plicitly modeling cross-turn constraints (Zhang et al. 2025).

While incremental training could mitigate this issue, it in-
curs substantial computational costs and suffers from weak
generalization due to data limitations (Li et al. 2025b). This
raises a fundamental question: can we develop training-free
approaches that enable LLMs to satisfy inter-turn relational
constraints without parameter updates?

In order to satisfy inter-turn relational constraints, the
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LLM should have the ability to remember the previous di-
alogues, correctly identify the related contexts, and then ac-
cordingly generate answers to the instruction in the current
turn. This imposes two challenges: 1) How to extract the
semantic relations between different turns? As illustrated
in Figure 1, turn 1 introduces a global constraint requiring
all responses to end with a specific sentence, and the cur-
rent instruction requests compression of turn 10’s response.
Extracting such inter-turn relations remains non-trivial. 2)
How to leverage the extracted relations to generate cor-
rect responses? Once the model identifies the specific rela-
tions linking the current instruction to turns 1 and 10, how
can these captured relations be effectively utilized to gener-
ate responses that satisfy all relevant constraints?

Graph structure has been proven to be able to represent the
semantic relations in scenarios including multi-document
QA (Wang et al. 2024b; Edge et al. 2024) and long-context
QA (Li et al. 2024). In multi-turn dialogues, the relational
constraints between different dialogue turns can be naturally
represented through labeled directed edges, making graph
structures particularly suitable for modeling multi-turn in-
struction following (Li et al. 2025a). Despite existing work
on using graph structures to generate multi-turn dialogue
datasets (Li et al. 2025a), leveraging graph structures to en-
hance multi-turn instruction following remains unexplored.

To address the aforementioned challenges and bridge the
gap, we propose GraphIF, a training-free and plug-and-play
framework that models multi-turn dialogues as directed re-
lation graphs and leverages graph prompts to enhance multi-
turn instruction following for LLMs. We use graph struc-
tures to uniformly model inter-turn relations as structured
information. As shown in Figure 1, each node in the re-
lation graph represents a dialogue turn, and labeled di-
rected edges capture constraint relations between connected
turns. The directed edge <Current Turn, Global
Constraint Imposed By, Turn 1> indicates that
Turn 1 imposes a global constraint that the current response
must satisfy. Key components of GraphIF are as follows:

(1) We design an agent-based relation extraction mod-
ule. Directly extracting semantic relations between dialogue
turns is difficult, especially for complex long-distance con-
straints (Bai et al. 2024; Sun et al. 2024). Inspired by agent-
based decomposition paradigms (Yao et al. 2023; Erdogan
et al. 2025), we design an agent-based relation extraction
module that employs LLM to alternate between action iden-
tification and action execution phases to iteratively construct
the dialogue relation graph.

(2) We design two modules to leverage the extracted rela-
tions for generating correct responses. We first design a rela-
tion graph prompt generation module that converts the struc-
tured graph information into natural language prompts, ex-
plicitly articulating inter-turn relations and their correspond-
ing constraints. Finally, we design an initial response rewrite
module that leverages the constraints articulated in the graph
prompts to refine the initial responses generated by LLMs.
This refinement ensures better adherence to multi-turn dia-
logue constraints.

Given that existing multi-turn instruction following
datasets have limited dialogue turns and oversimplified

inter-turn relations (Zheng et al. 2023; He et al. 2024; Bai
et al. 2024), we construct two new datasets with extended di-
alogues and complex semantic relations based on two prior
benchmarks (Kwan et al. 2024; Li et al. 2025a). Comprehen-
sive experiments on the two datasets demonstrate that cur-
rent fine-tuned LLMs exhibit suboptimal performance when
confronted with complex constraints. Our GraphIF frame-
work can be seamlessly integrated into existing LLMs and
achieves significant improvements across all four multi-turn
instruction-following evaluation metrics.

We summarize our contributions as follows:
• We propose GraphIF, a training-free and plug-and-play

framework that explicitly models inter-turn relations
through graph structures and generates graph prompts to
refine initial LLM responses, thereby enhancing multi-
turn instruction following capabilities of LLMs.

• We design an agent-based relation extraction module that
iteratively performs action identification and execution to
construct dialogue relation graphs, addressing the chal-
lenge of difficult relation extraction. To leverage the ex-
tracted relations for generating correct responses, we de-
velop a relation graph prompt generation module that
converts graph structures into natural language prompts,
and a response rewrite module that uses graph prompts
to refine LLM outputs.

• Extensive experiments on two long multi-turn dialogue
datasets demonstrate that GraphIF can be seamlessly in-
tegrated into existing instruction-tuned LLMs and leads
to significant improvements across all four multi-turn
instruction-following evaluation metrics.

Related Work
Instruction Fine-tuning for LLMs. Current approaches
for enhancing multi-turn instruction following mainly use
supervised fine-tuning with instruction datasets. Some meth-
ods curate real-world user-LLM interactions (Wang et al.
2024a; Zhao et al. 2024), while others generate synthetic di-
alogues (Ding et al. 2023; Wu et al. 2025; Chen et al. 2025).
Parrot (Sun et al. 2024) addresses anaphora and ellipsis
by training specialized models. However, these instruction-
tuning methods overlook explicit modeling of inter-turn re-
lational structures.

Graph-Augmented Generation with LLMs. Recent
studies explore integrating graph structures to enhance LLM
capabilities (Jimenez Gutierrez et al. 2024; Li et al. 2024;
Lin et al. 2025). Specifically, GraphRAG (Edge et al. 2024),
LightRAG (Guo et al. 2024), and KGP (Wang et al. 2024b)
utilize cross-document or passage-level graphs to improve
retrieval and information aggregation. Despite these ad-
vances, leveraging graph structures to enhance multi-turn in-
struction following remains unexplored.

Preliminary
Multi-Turn Instruction Following We formally define the
multi-turn instruction following task as D = {(Ht, It)}Mt=1,
where M represents total number of dialogue turns (M >
1), It represents the user instruction in t-th dialogue turn,
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Figure 2: Framework overview of GraphIF. Given dialogue history and current user instruction, GraphIF first extracts semantic
relations between dialogues through the Agent-Based Relation Extraction module, then employs Relation Graph Prompt Gen-
eration to generate constraint-aware prompts, and finally uses the Initial Response Rewrite module to refine the initial response.

and Ht = {⟨Ik,RESk⟩}t−1
k=1 represents the dialogue history

before turn t, where RESk means the response generated
by LLM in k-th dialogue turn. Specifically, H1 is empty in
the first dialogue turn, and the LLM directly generates a re-
sponse to I1. For definitional rigor, our subsequent discus-
sion focuses on scenarios where t ≥ 2, ensuring that the
dialogue history Ht is non-empty. Given an instruction It
and dialogue history Ht, the goal is to generate an over-
all response RESt that aligns with the given context while
maintaining semantic consistency across turns.

Relation Graph in GraphIF We employ the directed re-
lation graph to model the multi-turn instruction-following
dialogue scenario. In the graph, each vertex represents a di-
alogue turn, while the directed edges between vertices cap-
ture the semantic relations across dialogue turns. Formally,
let G = {V, E ,R} be the constructed relation graph, where
each node vi ∈ V represents a complete dialogue turn
< Ii,RES i >. And E ⊂ V × R × V represents the edge
set, where R denotes the predefined relation labels between
dialogue turns.

Methodology
In this section, we introduce the technical details of GraphIF.
Figure 2 illustrates the overall framework. GraphIF mainly
contains three components: (1) Agent-Based Relation Ex-
traction module, which extracts relations between dialogue

turns to construct the structured graph, (2) Relation Graph
Prompt Generation module, which transforms the structured
graph information into natural language prompts, (3) Ini-
tial Response Rewrite module, which leverages the graph
prompt to refine the initial response generated by LLMs.

Agent-Based Relation Extraction
In multi-turn instruction following scenarios, complex con-
textual semantic relations exist between current user instruc-
tions and dialogue history. To model these interactions, we
explicitly identify and extract semantic relations between
current instructions and historical dialogue turns, construct-
ing a semantic relation graph. Formally, given user instruc-
tion It and dialogue history Ht at turn t, we identify specific
semantic relations between It and targeted turns in Ht.

Given complex relational dependencies between current
instructions and multiple dialogue turns, single-step relation
extraction is insufficient. Inspired by agent-based problem
decomposition paradigms (Yao et al. 2023; Erdogan et al.
2025), we propose an iterative agent-based module for pro-
gressive relation extraction. Since different dialogue rela-
tions require tailored identification approaches, our mod-
ule decomposes relation extraction into two complementary
subtasks: Action Identification and Action Execution.

In Action Identification, we introduce an action-
triggered mechanism to identify corresponding relations.
Formally, given the predefined dialogue relation set R =
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{r1, r2, . . . , rm}, each relation label ri ∈ R corresponds to
an action ai ∈ A = {a1, a2, . . . , am} that uniquely identi-
fies it. During the iterative relation extraction process, ats′
represents the action identified at timestep s′ of turn t, in-
dicating the identification of the corresponding relation rts′ .
The iterative process continues until the termination action
Done is identified, indicating that all relevant relations have
been extracted.

In Action Execution, each action ai maintains a dedi-
cated implementation function Execute(ai) to extract di-
alogue turns satisfying the identified relations with the cur-
rent instruction. For the identified action ats′ , we typically
denote the execution result as Ets′ , which represents the set
of historical dialogue turns that satisfy the relation rts′ with
the current instruction. These identified turns define directed
edges in the relation graph, where each edge points from the
current instruction to a historical dialogue turn, representing
the relation rts′ between them.

Additionally, to enable incremental updates while avoid-
ing redundant extraction, we introduce a dynamic notebook
mechanism N = {ats′ → Ets′} that maintains relation
mappings across iterations, allowing the agent to progres-
sively construct the dialogue relation graph.

In the following, we detail the concrete implementation of
the action identification and action execution phases.

Action Identification Given the potential existence of
multiple relations between It and Ht, the agent employs
an iterative updating mechanism, where the action identi-
fication module identifies the most critical relation at each
timestep and updates the notebook accordingly. Specifically,
at timestep s, based on the extracted information maintained
in the notebook N , we prompt the LLM to identify the next
relation instance from the dialogue history and return the
corresponding action ats (return Done action if all required
content has been extracted):

ats = LLM(It,Ht,N ). (1)

Action Execution Upon action identification, the identi-
fied action ats corresponds to relation rts ∈ R, and the
corresponding implementation function Execute(ats) will
be executed. Analogous to the action identification phase,
we leverage the notebook N to maintain the memory of
extracted relations, thereby eliminating redundant relation
recognition. Typically, we prompt LLM to locate the Ets:

Ets = LLM(It,Ht, rts,N ). (2)

After finishing locating Ets, we update the notebook N
and dialogue relation graph G:

N = N ∪ (ats → Ets), (3)

G = G +
⋃

i∈Ets

(vt, rts, vi). (4)

Here, we update the notebook with the identified action ats
and the relevant dialogue turns Ets. Additionally, each dia-
logue turn is connected to the current user instruction by an
edge of relation type rts.

Implementation We define a set of actions that character-
ize representative dialogue relations. Unlike previous bench-
marks (Kwan et al. 2024; Li et al. 2025a), we define a more
inclusive and coarse-grained set of relations that better cap-
ture the dialogue constraints in real-world scenarios.

Identify Global Constraint: Identifies the current instruc-
tion as a global constraint for subsequent interactions,
adding it to the global constraint set.

Identify Context Anchored: Identifies specific historical
dialogue content that the instruction semantically relies on
or logically connects to. The implementation locates the
most relevant unrecorded dialogue turn.

Identify Modify: Identifies specific historical dialogue
content that the current instruction refines or extends, built
upon context-anchored relations with additional require-
ments. The implementation follows the same approach as
context-anchored relation extraction.

Identify Summary: Identifies the instruction that requests
a summary of specific historical dialogue turns. The imple-
mentation locates all dialogue turns to be summarized.

New Topic: Identifies instructions that introduce entirely
new topics unconnected to the current dialogue context. The
implementation determines whether the topic shifts back to
a previous topic or initiates a new topic.

Done: Indicates complete relation extraction termination.

Relation Graph Prompt Generation
We convert the extracted dialogue relations into inter-
pretable prompt formats to enhance contextual understand-
ing of LLMs.

Concretely, we construct the graph prompt Pg through a
structured concatenation process. For each identified seman-
tic relation rts, we systematically integrate three parts: (1)
the formal definition of rts, (2) the specific description of
how this relation connects to the current instruction It, i.e.,
the specific constraints that the response should satisfy and
(3) dialogue content of the corresponding turns.

Figure 2 illustrates the core content of Pg , including the
identified semantic relations and the constraints that the re-
sponse should satisfy.

Initial Response Rewrite
We generate the initial response by directly concatenating
the dialogue history with the user instruction, which repre-
sents the implementation of LLM in real-world applications:

RES initial = LLM([Ht, It]). (5)
As illustrated in Figure 2, RES initial fails to incorporate the
two specified keywords and exhibits inaccuracies, omitting
crucial information from the original story.

Then we leverage the constructed graph prompt to refine
the initial response:

RES t = Rewrite(RESinitial,Pg). (6)
As illustrated in Figure 2, the LLM identifies unsatisfied
constraints in the RES initial by examining the content of
Pg , and subsequently performs targeted rewriting to gener-
ate a refined response RES t that incorporates the two re-
quired keywords and addresses the key information missing
from the RES initial.
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Backbone Model Method MT-Eval*(%) StructFlowBench*(%)
CSR ISR DRFR WCSR CSR ISR DRFR WCSR

Qwen2.5-7B-Instruct

LLM-only 80.22 51.30 79.70 79.57 70.70 23.02 71.22 67.07
+MemoryBank 70.29 30.87 69.84 67.88 74.63 29.99 74.92 70.58

+MemoChat 59.42 16.52 58.79 56.35 72.87 27.08 73.23 68.72
+GraphIF 91.30 76.96 91.06 90.72 89.46 69.25 89.47 88.60

Llama-3.1-8B-Instruct

LLM-only 67.03 27.51 67.88 64.22 71.03 29.32 72.75 67.98
+MemoryBank 67.17 31.74 66.97 67.74 74.37 35.85 75.48 70.83

+MemoChat 56.30 15.22 55.45 53.97 73.51 32.07 74.29 69.86
+GraphIF 91.27 80.35 90.87 92.58 88.91 70.29 89.38 88.04

Hermes-3-Llama-3.1-8B

LLM-only 76.74 48.70 76.21 76.09 68.39 23.55 69.74 65.11
+MemoryBank 68.41 34.35 68.33 69.07 69.20 23.57 70.03 64.98

+MemoChat 54.93 11.30 53.94 52.26 68.79 24.64 69.89 64.76
+GraphIF 86.96 70.43 86.52 86.64 78.74 46.74 79.73 76.54

Llama-3.1-Storm-8B

LLM-only 80.36 56.96 81.36 80.87 74.07 34.12 74.99 70.75
+MemoryBank 66.16 28.70 65.45 66.35 73.92 31.94 74.37 70.02

+MemoChat 55.36 13.04 54.39 53.59 71.55 30.60 71.62 67.78
+GraphIF 93.62 81.30 93.33 94.87 86.92 64.18 86.83 85.32

Llama-3.1-Tulu-3.1-8B

LLM-only 74.13 44.35 75.30 72.70 80.92 47.85 81.93 78.78
+MemoryBank 73.70 43.04 73.03 73.45 78.51 42.24 78.88 75.32

+MemoChat 50.65 19.57 51.36 49.83 64.71 25.13 66.46 61.85
+GraphIF 88.48 76.96 88.03 89.68 88.68 69.71 88.98 87.90

Table 1: Performance comparison of different methods across five backbone LLMs on MT-Eval* and StructFlowBench*
datasets. LLM-only: direct concatenation of dialogue history and user instruction for response generation; Others: integra-
tion of respective methods into LLM. Best results are highlighted in bold.

Model Method MT-Eval*(%)
CSR ISR DRFR WCSR

Qwen2.5-3B
-Instruct

LLM-Only 59.42 9.56 59.09 56.99
+GraphIF 75.43 46.09 75.45 75.51

Qwen2.5-7B
-Instruct

LLM-Only 80.22 51.30 79.70 79.57
+GraphIF 91.30 76.96 91.06 90.72

Qwen2.5-14B
-Instruct

LLM-Only 90.22 75.65 90.00 92.61
+GraphIF 93.62 82.17 93.48 95.71

Table 2: Performance comparison of Qwen2.5 models of dif-
ferent scales as backbone models on the MT-Eval*.

Experiments
Experimental Settings

Dataset Existing multi-turn instruction-following datasets
are limited by short dialogue turns (typically under eight
turns) (Bai et al. 2024; He et al. 2024), inadequately rep-
resenting complex multi-turn instruction following scenar-
ios. To address this, we construct evaluation datasets follow-
ing two benchmarks that model inter-turn relations. We de-
sign MT-Eval* by merging and manually verifying multiple
instances from MT-Eval (Kwan et al. 2024). Similarly, we
leverage the customizable structural framework of Struct-
FlowBench (Li et al. 2025a) to design StructFlowBench*.
The two datasets we construct feature dialogues with over
20 turns, each containing multiple inter-turn relations within
individual dialogue instances.

Backbone Model We evaluate five instruction-tuned
LLMs as backbone architectures, comprising two official
models: Llama-3.1-8B-Instruct (Dubey et al. 2024) and
Qwen2.5-7B-Instruct (Team 2024), along with three mod-
els that are fine-tuned and aligned through preference-based
methods based on Llama-3.1-8B: Hermes-3-Llama-3.1-8B1,
Llama-3.1-Storm-8B2, and Llama-3.1-Tulu-3.1-8B3 (Lam-
bert et al. 2024).

Baseline Due to the lack of robust frameworks specifically
designed for multi-turn instruction-following enhancement,
we select two representative memory-enhanced frameworks
as baselines:

• MemoryBank (Zhong et al. 2024) summarizes dialogue
content as events and employs RAG mechanisms to re-
trieve relevant conversations, enhancing models’ mem-
ory of key information.

• MemoChat (Lu et al. 2023) creates topic-indexed stor-
age structures and summarizes related dialogues, using
LLM-based retrieval to enhance response generation.

Evaluation We adopt four instruction-following metrics
to evaluate models from different perspectives: Constraint
Satisfaction Rate (CSR), Instruction Satisfaction Rate (ISR)
(Zhang et al. 2024), Decomposed Requirements Following
Ratio (DRFR) (Qin et al. 2024), and Weighted Constraint

1https://huggingface.co/NousResearch/Hermes-3-Llama-3.1-
8B

2https://huggingface.co/akjindal53244/Llama-3.1-Storm-8B
3https://huggingface.co/allenai/Llama-3.1-Tulu-3.1-8B

31883



Dataset Model Method Results(%)
CSR ISR DRFR WCSR

MT-Eval*

Qwen2.5-7B-Instruct
GraphIF 91.30 76.96 91.06 90.72

w/o Relation Extraction Agent 67.17 21.74 66.52 63.48
w/o Graph Prompt 85.80 63.48 85.45 84.14

Llama-3.1-8B-Instruct
GraphIF 91.27 80.35 90.87 92.58

w/o Relation Extraction Agent 73.77 40.87 73.33 72.72
w/o Graph Prompt 84.93 63.32 84.47 85.07

StructFlowBench*

Qwen2.5-7B-Instruct
GraphIF 89.46 69.25 89.47 88.60

w/o Relation Extraction Agent 73.36 27.71 74.11 69.53
w/o Graph Prompt 75.93 30.95 75.74 72.34

Llama-3.1-8B-Instruct
GraphIF 88.91 70.29 89.38 88.04

w/o Relation Extraction Agent 81.74 55.08 81.99 79.61
w/o Graph Prompt 77.56 44.11 77.84 74.82

Table 3: The results of ablation study. “w/o Relation Extraction Agent” refers to removing the agent module and directly
extracting all inter-turn relations via one-time LLM inference, “w/o Graph Prompt” denotes using only relevant dialogue content
without semantic relation explanations.

Figure 3: Detailed constraint satisfaction results across dif-
ferent constraint types on the MT-Eval*.

Satisfaction Rate (WCSR) (Li et al. 2025a). Following re-
cent benchmarks (Zheng et al. 2023; Li et al. 2025a), we
utilize GPT-4o as the LLM judge with human verification.

Implementation Details We set the temperature parame-
ter of the LLMs to 0.7, top p to 0.8, and top k to 20 for
achieving a balance between response diversity and genera-
tion stability. For evaluation, we conduct three independent
experimental runs and compute the average of the evalua-
tion metrics as the results. All experiments are conducted on
4 A800-80GB GPUs.

Main Results
Overall Performance Comparison. Table 1 presents the
comprehensive evaluation of GraphIF against baseline meth-
ods on both MT-Eval* and StructFlowBench* datasets. In-
tegrating GraphIF into instruction-tuned LLMs yields sub-
stantial improvements across all multi-turn instruction fol-
lowing metrics, with performance gains ranging from 7% to
52%. The most striking improvement appears in the Instruc-
tion Satisfaction Rate (ISR), the most stringent metric that
scores only when responses satisfy all constraints within a
dialogue turn. GraphIF achieves over 20% improvement in

ISR, indicating a significant increase in the proportion of di-
alogues that perfectly adhere to all specified constraints.

In contrast, memory-enhanced approaches (MemoryBank
and MemoChat) fail to improve over vanilla instruction-
tuned LLMs, showing negligible gains or even hurting
performance. This highlights the fundamental limitations
of memory-based methods in capturing complex relational
structures in multi-turn dialogues.

Limitations of Memory-Enhanced Mechanisms. All
Memory-enhanced methods fail to significantly improve
multi-turn instruction-following capabilities. MemoryBank
employs coarse-grained summaries with naive RAG mecha-
nisms that retrieve content based solely on vector similarity,
missing crucial inter-turn semantic relations. MemoChat’s
fine-grained topic-based indexing fails to capture macro-
level dialogue structure, often retrieving irrelevant informa-
tion that interferes with contextual understanding.

Performance Analysis Across Constraint Types. Fig-
ure 3 reveals GraphIF’s effectiveness across different con-
straint types on MT-Eval*. While Instruction-tuned LLMs
struggle particularly with global constraints and show per-
formance drops of up to 40%, GraphIF achieves remarkable
improvements in this challenging constraint type. Beyond
global constraints, GraphIF maintains or enhances perfor-
mance across all constraint types, demonstrating its robust
capability to adapt to diverse dialogue challenges. The im-
provement stems from GraphIF’s ability to identify relevant
relation types and locate specific dialogue turns that estab-
lish these relations. Results on StructFlowBench* demon-
strate similar experimental results. Notably, GraphIF im-
proves satisfaction of current constraints, simultaneously ad-
dressing immediate user requirements and maintaining his-
torical consistency.

Scalability Across Model Sizes. Table 2 demonstrates
GraphIF’s effectiveness on MT-Eval* across LLMs of
varying sizes. The consistent improvements across all
model scales validate the generalizability and robustness of
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Figure 4: A typical case demonstrating how GraphIF iteratively extracts relations and corrects errors in the initial response
through generated relation graph prompts.

GraphIF. Similar results are observed on StructFlowBench*.
As a plug-and-play framework, GraphIF integrates seam-
lessly with any instruction-tuned LLM, enhancing multi-
turn dialogue capabilities without requiring retraining or ar-
chitectural modifications.

Ablation Study
The Effect of Agent-Based Relation Extraction. To
evaluate the iterative agent-based module, we compare it
against a one-time LLM inference baseline for relation
extraction. Table 3 shows that direct extraction suffers a
marked performance decline. This degradation suggests that
a single-pass inference is insufficient for capturing complex
relations within multi-turn dialogues, thereby underscoring
the necessity of our iterative agent-based mechanism.

The Effect of Relation Graph Prompt Generation. To
assess the Relation Graph Prompt Generation module,
we conduct an ablation by replacing graph prompts with
relation-free versions that contain only dialogue content
without semantic relation explanations. As shown in Table
3, the significant performance drop underscores that LLMs
struggle to autonomously infer inter-turn relations from raw
dialogue. This highlights the necessity of explicit graph
prompts in enabling models to navigate and satisfy complex
inter-turn constraints.

Case Study
We present a specific case of Llama-3.1-8B-Instruct in Fig-
ure 4. The current user instruction is “List them in the order

they appear in the story”, which requires reordering entities
from turn 8 according to their appearance sequence in the
story from turn 2. The initial response of LLM exhibits or-
dering confusion issues. Through iterative relation extrac-
tion, GraphIF identifies the Context-Anchored relation be-
tween the current instruction and the dialogue content of
turn 2 and turn 8, and generates a graph prompt based on this
relation to explain the semantic connection. Guided by the
graph prompt, the LLM adjusts the entity ordering in the ini-
tial response, thereby generating the correct response. This
example demonstrates that GraphIF can rectify errors in ini-
tial responses through accurate relation identification, thus
improving response satisfaction for current instructions.

Conclusion
We propose GraphIF, a training-free and plug-and-play
framework that models multi-turn dialogues as directed re-
lation graphs and leverages graph prompts to enhance the
instruction-following capabilities of LLMs. We carefully de-
sign two long multi-turn dialogue datasets based on public
benchmarks to better evaluate the instruction-following ca-
pabilities. Extensive experiments on both datasets demon-
strate that GraphIF can be seamlessly integrated into
instruction-tuned LLMs, achieving significant improve-
ments across all four evaluation metrics and maintaining
consistent performance gains across different model scales.
These results suggest that GraphIF provides a practical so-
lution for enhancing multi-turn instruction following for
LLMs in real-world applications.
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