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Abstract001

Retrieving evidence for language model queries002
from knowledge graphs requires balancing003
broad search across the graph with targeted004
multi-hop traversal to follow relational links.005
Similarity-based retrievers provide coverage006
but remain shallow, whereas traversal-based007
methods rely on selecting seed nodes to start008
exploration, which can fail when queries span009
multiple entities and relations. We introduce010
DGR: DYNAMIC GRAPH RETRIEVER, an011
agentic KG retriever that gives a language012
model control over this breadth-depth trade-013
off using a two-operation toolset: global lexi-014
cal search over node descriptors and one-hop015
neighborhood exploration that composes into016
multi-hop traversal. DGR alternates between017
breadth-oriented discovery and depth-oriented018
expansion without depending on a fragile seed019
selection, a pre-set hop depth, or graph training.020
DGR autonomously adapts tool use to queries,021
using global search for language-heavy queries022
and neighborhood exploration for relation-023
heavy queries. On STaRK, DGR reaches024
59.1% average Hit@1, improving Hit@1 by up025
to 9.5% and MRR by up to 7.5% over trained026
retrievers and agentic baselines while maintain-027
ing performance on various graph regimes. Fi-028
nally, we distill DGR’s tool-use trajectories029
from a large teacher into an 8B model via030
label-free imitation, improving Hit@1 by 7.0%,031
26.6%, and 13.5% over the base 8B model on032
AMAZON, MAG, and PRIME datasets, and033
retaining up to 98.5% of the teacher’s Hit@1034
rate.035

1 Introduction036

Knowledge-intensive NLP systems rely on retrieval037

to ground language model outputs in external evi-038

dence, from retrieval-augmented generation (RAG)039

to systems and memory modules that operate over040

semi-structured knowledge bases (SKB) that mix041

text with relational information (Lewis et al., 2020;042

Guu et al., 2020; Karpukhin et al., 2020; Izacard 043

and Grave, 2021; Mavromatis and Karypis, 2025; 044

Chen et al., 2025). Knowledge graphs (KGs) are a 045

natural data representation for this setting because 046

they organize evidence around entities and typed 047

edges, support reuse across queries, and enforce 048

relational constraints that a flat text index cannot 049

express. This has motivated graph-aware retrievers 050

and graph-grounded generation methods, including 051

graph-based RAG and SKB retrievers that com- 052

bine text and relational data (Edge et al., 2025; Zhu 053

et al., 2025). 054

Retrieving evidence from KGs is challenging 055

because it requires coordinating two competing 056

search modes (Wu et al., 2024b; Lee et al., 2025). 057

Many queries require breadth: they mention multi- 058

ple entities or loosely connected concepts, so the 059

retriever must cover the graph broadly to reach the 060

right region. Other queries require depth: the sup- 061

porting evidence only appears after following spe- 062

cific multi-hop relational paths. Similarity-based 063

retrievers provide global coverage but often remain 064

shallow and underuse relational structure, whereas 065

traversal-based methods can be brittle because they 066

must choose seed entities to start exploration; when 067

seeds are incomplete or ambiguous, the search 068

stays local and misses evidence elsewhere. 069

Existing work tackles these requirements in iso- 070

lation rather than jointly. Structure-aware retriev- 071

ers extend text-based retrieval with relational struc- 072

ture, for example, by learning node embeddings 073

that aggregate information from nearby neighbors 074

or by generating candidates using a local graph 075

neighborhood before ranking them (Lee et al., 076

2025; Zhu et al., 2025; Lei et al., 2025). These 077

methods capture local structure, but they typically 078

encode a fixed neighborhood around each node, 079

so deeper multi-hop queries require expanding the 080

encoded context or stacking additional message- 081

passing and retrieval stages, which increases com- 082

plexity and cost. By contrast, traversal-based ap- 083
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C Find publications by co-authors of “Thomson scattering in chirped 
laser pulses”, which also explore the impact of spin on magnetic fields.

Global search for Thomson scattering in chirped laser pulses

RETRIEVED NODES

Thomson scattering in high-intensity...
Score: 0.987 • Type: Article
Description:  in high-intensity ...Thomson scattering chirped

Schwinger vacuum pair production in chirped laser...
Score: 0.842 • Type: Article
Description: Schwinger vacuum production in ...chirped laser

Neighbors of       with type Author

RETRIEVED NODES

Prof. John Rikard
Score: 0.987 • Type: Author

Dr. Peter Lynch
Score: 0.842 • Type: Author

Neighbors of       and       with type                and queryPaper Impact of spin

RETRIEVED NODES FOR

Effects on the electron  on...spin
Score: 0.762 • Type: Paper

RETRIEVED NODES FOR

Wakefield generation and the ...impact of spin
Score: 0.987 • Type: Paper

A nonlinear theory of the  for multidimensional....spin
Score: 0.875 • Type: Paper

Ordered node list output by Dynamic Graph Retriever

Wakefield generation and the impact of spin...  0.987•

A nonlinear theory of the spin for multidimensional.... • 0.875

Effects on the electron spin on... • 0.762

B Which histamine receptor is a direct target of loratadine?

Neighbors of       with type Gene
and query histamine receptor

RETRIEVED NODES

HRH1
Score: 0.872 • Type: Gene
Description: ...Encodes the H1 histamine  receptor

CYP3A4
Score: 0.351 • Type: Gene
Description: Drug-metabolizing enzyme involved... 

ABCB1
Score: 0.279 • Type: Gene
Description: Drug transporter (P-glycoprotein) affecting...

A What are common H1 antihistamine medicines for allergy symptoms like

sneezing and itchy eyes?

Global search for H1 antihistamine allergy

RETRIEVED NODES

Loratadine
Score: 0.987 • Type: Drug
Description:  for seasonal  ...H1 antihistamine allergy

Cetirizine
Score: 0.934 • Type: Drug
Description: H1 antihistamine allergy used for  relief ...

Fexofenadine
Score: 0.817 • Type: Drug
Description:  that treats  symptoms ..Antihistamine allergy

Desloratadine
Score: 0.811 • Type: Drug
Description: Second-generation  for  ..antihistamine allergy

Figure 1: Overview of DYNAMIC GRAPH RETRIEVER. DGR interacts with a KG through a minimal two-tool
interface: (a) For text-dominant queries, DGR emphasizes breadth by issuing GLOBAL SEARCH to retrieve a broad
set of candidates. (b) For relation-focused queries, DGR applies NEIGHBORHOOD EXPLORATION starting from
a previously retrieved node (in this case, a drug) and expanding to related entities, enabling targeted relational
retrieval. (c) For relation-dominant queries, DGR performs multi-hop retrieval by alternating GLOBAL SEARCH
and NEIGHBORHOOD EXPLORATION: it retrieves an initial node (e.g., a paper), expands to related entities (e.g.,
co-authors), and continues expanding and filtering (e.g., papers connected to each author that match query keywords)
to recover an ordered set of relevant evidence.

proaches perform multi-hop exploration, but they084

depend on identifying a small set of seed entities085

from which exploration begins (Markowitz et al.,086

2024; Sun et al., 2024). When seeds are incomplete087

or ambiguous, exploration stays local and misses088

relevant information elsewhere in the graph. Many089

systems also rely on task- or graph-specific training090

to learn traversal or scoring policies, which limits091

transfer across domains and graph schemas (Li092

et al., 2025a; Lei et al., 2025; Wu et al., 2024a; Yu093

et al., 2025). As a result, existing methods struggle094

to combine global search with targeted relational095

reasoning for adaptive retrieval.096

Present work. We introduce DGR: DYNAMIC097

GRAPH RETRIEVER, an agentic KG retriever that098

gives a language model control over evidence dis-099

covery using a minimal set of tools for global lexi-100

cal search and neighborhood exploration (Yao et al.,101

2023; Schick et al., 2023). DGR does not require102

selecting seed entities to start exploration or estab-103

lishing a maximum hop depth in advance; instead,104

the model alternates between broad global search105

and targeted multi-hop traversal based on the query106

and what it has retrieved so far. We evaluate DGR107

on the heterogeneous graphs in the STaRK retrieval108

benchmark and show consistent gains across all set- 109

tings. We further study compute-accuracy tradeoffs 110

by varying the tool-call budget and the number of 111

parallel agents, and we distill DGR’s tool-use pol- 112

icy into an 8B model via label-free trajectory imita- 113

tion, preserving most of the performance of teacher 114

model at substantially lower inference cost (Kang 115

et al., 2025). 116

Our contributions are threefold. (i) We intro- 117

duce DYNAMIC GRAPH RETRIEVER, a training- 118

free retrieval framework that equips language mod- 119

els with a minimal but expressive tool interface 120

for adaptive retrieval from KGs. (ii) We show 121

that DGR balances breadth-oriented retrieval with 122

depth-oriented multi-hop traversal without task- 123

or graph-specific training, achieving strong perfor- 124

mance on STaRK. (iii) We distill DGR’s tool-use 125

policy without labeled supervision into a compact 126

Qwen3-8B model (Yang et al., 2025a; Kang et al., 127

2025), preserving retrieval quality while reducing 128

inference cost. 129

2 Related Work 130

Knowledge graphs for document-centric RAG. 131

Retrieval-Augmented Generation (RAG) grounds 132
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LLM outputs in external evidence by retrieving rel-133

evant context from a corpus or index (Lewis et al.,134

2020; Guu et al., 2020). Recent work injects struc-135

ture by building graphs over textual units and using136

connectivity to aggregate evidence. GraphRAG137

performs local-to-global retrieval over an entity-138

centric graph (Edge et al., 2025), while KG-guided139

methods steer evidence selection using external140

relations (Zhu et al., 2025). Related approaches141

retrieve textual subgraphs to support multi-hop142

queries under context limits (Hu et al., 2025; He143

et al., 2024; Li et al., 2025b). These approaches144

primarily focus on improving how textual evidence145

is organized or aggregated, but the retrieval process146

itself is typically static.147

Retrieval over semi-structured knowledge bases.148

Complementary to document-centric graph indices,149

semi-structured knowledge base (SKB) retrievers150

directly combine text and explicit relations. KAR151

grounds query expansion in KG structure (Xia152

et al., 2025), and hybrid systems mix graph and153

text channels with iterative refinement, e.g., Graph-154

Search and HybGRAG (Yang et al., 2025b; Lee155

et al., 2025); CoRAG highlights cooperative hy-156

brid retrieval that preserves global semantic access157

beyond local neighborhoods (Zheng et al., 2025).158

In parallel, parametric retrievers such as MoR and159

mFAR learn to fuse lexical, semantic, and struc-160

tural signals for ranking (Lei et al., 2025; Li et al.,161

2025a). Across these variants, retrieval is framed162

as scoring candidates from a static index. DGR dif-163

fers in that retrieval is formulated as an interactive164

process: the model dynamically switches between165

global search and neighborhood expansion, guided166

by the query requirements and without relying on167

task-specific supervision.168

Agents for multi-hop KG retrieval and QA. A169

separate line of work treats the KG as an envi-170

ronment for iterative interaction. Earlier agents171

follow relation paths using reinforcement learning172

or learned policies (Das et al., 2018; Xiong et al.,173

2017; Sun et al., 2019; Asai et al., 2020). In the174

LLM era, tool-use frameworks such as ReAct (Yao175

et al., 2023) and prompt-optimization methods such176

as AvaTaR (Wu et al., 2024a) enable interactive177

evidence gathering. Within KG retrieval, recent178

traversal-based approaches expand from seed enti-179

ties using prompted heuristics or learned policies,180

including Tree-of-Traversals, Think-on-Graph, and181

GraphFlow (Markowitz et al., 2024; Sun et al.,182

2024; Yu et al., 2025); related KG-grounded reason-183

ing methods also emphasize multi-step planning or184

navigation on the KG (Luo et al., 2024; Sun et al., 185

2025). Traversal-based agents are effective when 186

the correct starting entities are known, but they are 187

prone to anchoring errors and can over-commit to 188

local neighborhoods once exploration begins. In 189

DGR, global search remains available throughout 190

the trajectory, allowing the agent to retain a com- 191

plete view of the KG at each step. This design 192

enables coordination between global discovery and 193

deep multi-hop expansion within a single retrieval 194

process. 195

Existing work varies in whether it treats retrieval 196

as static ranking over an index or as sequential 197

decision-making on the graph, and in whether it 198

requires graph-specific supervision to learn a rank- 199

ing function or a traversal policy. DGR adapts its 200

search strategy online through a minimal, graph- 201

native tool interface. It is training-free; when 202

needed, its tool-use policy can be distilled into com- 203

pact models from interaction trajectories without 204

ground-truth relevance labels, improving efficiency 205

while preserving retrieval quality. 206

3 Dynamic Graph Retriever 207

We study retrieval over a knowledge graph 208

G = ⟨V,E, ϕV , ϕE , dV ⟩, where V and E denote 209

entities and edges, ϕV and ϕE assign a type to 210

each node and relation, and dV (v) denotes the text 211

attributes associated with node v, such as titles, 212

descriptions, or other metadata. Given a natural- 213

language query Q, retrieval is formulated as an in- 214

teractive process in which an agent A = ⟨LLM, T ⟩ 215

queries the graph through a tool interface T (Yao 216

et al., 2023; Schick et al., 2023) and produces a tra- 217

jectory τ =
(
(s1, A1, o1), . . . , (sT , AT , oT )

)
. At 218

step t, st contains Q and the interaction history, 219

At is a sequence of tool invocations, and ot is the 220

observation returned after executing At. 221

Throughout the trajectory, the agent maintains 222

an ordered list of retrieved nodes R. At each step, 223

it can SELECT nodes returned by tools and append 224

them to R, or terminate by issuing a dedicated 225

FINISH action. Execution ends either when the 226

agent calls FINISH or when the maximum trajectory 227

length Tmax is reached. The final retrieval output 228

is the ranked list R = (v1, v2, . . . ), where earlier 229

selections receive higher rank. 230

To rank candidate nodes returned by tools, we 231

use a relevance function rel(q, dV (v)) ∈ R≥0 that 232

scores node v for a textual subquery q provided 233

by the agent as a tool parameter. We implement 234
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rel with BM25 (Robertson and Zaragoza, 2009)235

over an inverted index of node textual attributes236

(Manning et al., 2008), yielding fast and stable237

scoring for the many short, evolving subqueries238

issued during exploration.239

3.1 Tools240

We implement the interaction described above241

through a small set of retrieval tools. Each tool242

returns a candidate set of nodes, which the agent243

may append to R or use to guide subsequent steps.244

245

Global search retrieves the k highest-scoring246

nodes in the graph under rel for an agent-issued247

subquery q, as shown in Figure 1a:248

SearchG(q, k) := Top-k
v∈V

rel(q, dV (v))249

This tool provides broad entry points into the graph250

and is primarily used (i) to locate entities related251

to the user query Q, which will then be used for252

further exploration, and (ii) to handle cases where253

direct text matching suffices without requiring254

multi-hop reasoning.255

256

Neighborhood exploration returns adjacent nodes257

of a node v filtered by optional node and edge type258

constraints F := (FV , FE) selected by the agent259

as tool parameters, and optionally ranked using an260

agent-generated subquery q (Figure 1b).261

The filtered one-hop neighborhood NF of a node262

v is defined as:263

NF (v) :=

{
u ∈ N(v)

∣∣∣∣∣ ϕV (u) ∈ FV ,

ϕE({u, v}) ∈ FE

}
264

where N(v) denotes the open neighborhood of v265

and {u, v} denotes the edge connecting v and u,266

regardless of direction. Edge directionality and267

relation types are exposed in the tool output. To268

control the size of the retrieved neighborhood, we269

introduce a fixed retrieval budget k ∈ N:270

Neighbors(v, q, F ) := Top-k
u∈NF (v)

rel(q, dV (u))271

We restrict Neighbors to single-hop expansion so272

that multi-hop exploration emerges through compo-273

sition rather than fixed-depth traversal (Figure 1c).274

3.2 Parallel Exploration275

We increase robustness by running n independent276

instances of the same agent in parallel and aggre-277

gating their retrieved lists, akin to self-consistency278

and voting-based ensembling in LLM reasoning 279

(Wang et al., 2023; Kaesberg et al., 2025). Each 280

agent produces an ordered list of retrieved nodes 281

R(i) = (v
(i)
1 , v

(i)
2 , . . . ) from an independent trajec- 282

tory. We then combine these lists using a simple 283

rank-fusion rule inspired by classical rank aggre- 284

gation and data fusion methods (Fagin et al., 2003; 285

Cormack et al., 2009). 286

Concretely, we concatenate the per-agent lists in 287

agent order to form: 288

L := R(1) ∥R(2) ∥ · · · ∥R(n), 289

and let VL be the set of unique nodes in L. The final 290

ranking R orders nodes by decreasing frequency in 291

L (vote count), breaking ties by the earliest position 292

at which a node appears in any trajectory, favoring 293

nodes discovered earlier during exploration. 294

3.3 Agent Distillation 295

While DGR operates on off-the-shelf models, its 296

behavior can be distilled into a smaller language 297

model to reduce inference cost and latency (Hinton 298

et al., 2015). We adopt a standard teacher–student 299

paradigm in which a student model imitates the 300

tool-usage trajectories of a stronger teacher LLM 301

via supervised fine-tuning (Schick et al., 2023). 302

Trajectory generation. For each training query Q 303

on a given graph G, we run the teacher agent to 304

collect trajectories τ as defined in Section 3. Each 305

trajectory contains the full interaction record: the 306

agent’s tool calls and parameters interleaved with 307

the resulting tool observations. 308

Training objective. The student is trained with 309

next-token prediction on the collected trajectories 310

(Ouyang et al., 2022). We compute loss only 311

on assistant-authored tokens; user messages and 312

tool outputs are masked (Huerta-Enochian and Ko, 313

2024; Shi et al., 2024). This trains the student to 314

reproduce the teacher’s decisions, which tools to 315

invoke and how to parameterize them, while tool 316

execution remains external to the model. 317

Label-free supervision. Importantly, distillation 318

does not require ground-truth evidence nodes for 319

queries. Supervision is derived solely from teacher 320

trajectories, making the approach applicable in real- 321

istic settings where relevance labels are unavailable: 322

one can run a strong teacher to generate trajectories 323

on a target graph and then fine-tune a smaller model 324

directly from these interactions (Schick et al., 2023; 325

Kang et al., 2025). 326
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AMAZON MAG PRIME Average
Category Method Hit@1 R@20 MRR Hit@1 R@20 MRR Hit@1 R@20 MRR Hit@1 R@20 MRR

Training-free

Retrieval-based
BM25 44.94 53.77 55.30 25.85 45.69 34.91 12.75 31.25 19.84 27.85 43.57 36.68
Dense 39.16 53.29 50.35 29.08 48.36 38.62 12.63 36.00 21.41 26.96 45.88 36.79
KAR 54.20 57.24 61.29 50.47 60.28 57.51 30.35 50.81 39.22 45.01 56.11 52.67
Agent-based
Think-on-Graph + 4o 20.67 25.81 30.90 23.33 48.03 36.38 16.67 54.35 27.02 20.22 42.73 31.43
Think-on-Graph + LLaMA3 4.21 2.61 5.25 12.00 6.77 12.67 21.92 33.84 26.61 12.71 14.41 14.84
DGR 55.82 60.61 64.77 73.40 84.47 79.87 48.20 69.46 57.68 59.14 71.51 67.44
DGR + 4o 55.13 57.18 64.29 67.01 79.79 75.46 36.01 60.13 46.44 52.72 65.70 62.06

Requires training
on target graph

Retrieval-based
mFAR 53.0 66.3 64.3 55.9 74.1 64.3 40.0 72.6 52.0 49.63 71.00 60.20
MoR 52.19 59.92 62.24 58.19 75.01 67.14 36.41 63.48 46.92 48.93 66.14 58.77
Agent-based
GraphFlow 47.85 36.15 55.49 39.09 57.18 47.82 51.39 79.71 61.37 46.11 57.68 54.89
AvaTaR 49.90 60.60 58.70 44.36 50.63 51.15 18.40 39.30 26.73 37.55 50.18 45.53
DGR distilled 54.99 60.31 64.24 61.66 81.39 70.09 31.87 57.22 41.08 49.51 66.31 58.47

Table 1: Retrieval performance on STaRK synthetic test sets. Dark green and light green indicate best and
second-best in the training-free category, respectively. Dark blue and light blue indicate best and second-best in
the requires-training category, respectively. Bold indicates the best result overall for each metric column.

4 Experimental Setup327

We measure retrieval performance on STaRK, a328

benchmark for entity-level retrieval over heteroge-329

neous, text-rich KGs (Wu et al., 2024b).330

4.1 Benchmark331

STaRK comprises three large, heterogeneous332

knowledge graphs. AMAZON is an e-commerce333

graph with roughly 1M entities and 9.4M relations,334

constructed from Amazon metadata, reviews (He335

and McAuley, 2016), and question–answer pairs336

(McAuley et al., 2015). MAG is a scholarly graph337

with 1.9M entities and 39.8M relations derived338

from the Microsoft Academic Graph (Wang et al.,339

2020). PRIME is a biomedical graph built from340

PrimeKG (Chandak et al., 2023), containing 129K341

entities and 8.1M relations. Each node is associated342

with text-rich attributes, making STaRK a natural343

testbed for hybrid retrieval over structured and tex-344

tual signals. Given a query, the retriever must return345

a ranked list of nodes that support the answer. We346

report the agent configuration and hyperparameters347

in Appendix A.2.348

4.2 Baselines and metrics349

We compare with representative retrieval-based and350

agent-based baselines, focusing on methods that351

report results on all three graphs, as our goal is to352

evaluate performance consistently across different353

regimes and assess generality.354

Retrieval-based. BM25 (Robertson and Zaragoza,355

2009) is the same sparse, lexical retriever used for356

global search. We also include dense embedding re-357

trievers that rank nodes by cosine similarity, using358

ada-002 and GritLM-7B, an instruction-tuned 7B 359

encoder (Muennighoff et al., 2025). mFAR (Li 360

et al., 2025a) is a multi-field adaptive retriever 361

that combines keyword matching with embedding 362

similarity to learn query-dependent weights over 363

different node fields. KAR (Xia et al., 2025) 364

augments queries with knowledge-aware expan- 365

sions and applies relation-type constraints during 366

retrieval. MoR (Lei et al., 2025) is a trained re- 367

triever that combines multiple retrieval objectives. 368

Agent-based. Think-on-Graph (Sun et al., 2024) 369

is a training-free LLM agent that iteratively ex- 370

pands paths in the graph using beam search. 371

GraphFlow (Yu et al., 2025) learns a policy for 372

generating multi-hop retrieval trajectories using 373

GFlowNets (Bengio et al., 2021). AvaTaR (Wu 374

et al., 2024a) is a tool-using agent that optimizes 375

prompting from positive and negative trajectories. 376

Results for KAR, mFAR, MoR, AvaTaR, and 377

GraphFlow are reported as in their respective pa- 378

pers, which evaluate on the official STaRK splits 379

and metrics. For Think-on-Graph, we report the 380

numbers provided in the GraphFlow study, which 381

includes a direct comparison to Think-on-Graph 382

under the same STaRK setup (Yu et al., 2025; Sun 383

et al., 2024). 384

Metrics. We follow the STaRK protocol and report 385

Hit@1, Hit@5, Recall@20 (R@20), and Mean 386

Reciprocal Rank (MRR), which capture top-rank 387

precision, coverage of the ground-truth set, and 388

overall ranking quality. Note that Hit@5 is reported 389

in Table 5 in the Appendix. 390

5



4.3 Distillation Setup391

For each graph, we collect teacher trajectories on392

the training split to distill DGR into a smaller,393

lower-cost model (Section 3.3), offering a viable394

alternative when under tighter compute budgets.395

Using GPT-4.1 as the teacher, we run DGR three396

times per training query with stochastic decoding397

(temperature = 0.7), producing three trajectories398

per query. We cap the distillation budget by sub-399

sampling up to 6,000 training queries per graph,400

yielding at most 18,000 trajectories per graph (full401

statistics in Table 3), summingå to 94.4 million to-402

kens. Each trajectory is limited to Tmax=20 steps403

and ends when the agent issues FINISH or reaches404

the step limit. We apply no trajectory filtering or405

rejection sampling, preserving a label-free setting.406

We then distill a Qwen3-8B (Yang et al., 2025a) stu-407

dent via supervised fine-tuning with LoRA adapters408

(Hu et al., 2021), using next-token prediction over409

assistant-authored tokens only. We train for one410

epoch with a 16,384-token context length using411

AdamW (Loshchilov and Hutter, 2019) at learning412

rate 1× 10−5, selecting checkpoints via early stop-413

ping on the official validation split. Training runs414

on a single NVIDIA H100 GPU and completes in415

approximately five hours.416

5 Results417

5.1 Benchmarking418

Table 1 reports retrieval performance on STaRK,419

grouped by training regime. Across all methods420

assessed, DGR achieves the best average perfor-421

mance.422

Classical retrievers remain strong baselines on423

AMAZON, when queries are predominantly de-424

scriptive. By incorporating local structural cues,425

KAR improves over lexical methods, but its shal-426

low neighborhood expansion is limited on multi-427

hop queries (Xia et al., 2025).428

Think-on-Graph and GraphFlow highlight the429

benefits of multi-hop traversal, performing well430

on PRIME. Think-on-Graph is appealing due to431

its training-free setup, and GraphFlow shows that432

strong performance can be achieved with smaller433

backbones through reinforcement learning. How-434

ever, both degrade on AMAZON’s text-heavy,435

broad queries, as they lack global search primitives436

and can be sensitive to brittle anchoring and entity437

identification (Sun et al., 2024; Yu et al., 2025).438

DGR performs consistently across regimes and439

is especially strong on MAG. This pattern aligns440

with its tool design. Global search offers a reliable 441

anchor for text-heavy queries and supports strong 442

top-rank accuracy on AMAZON. Typed, query- 443

ranked one-hop expansion enables controlled multi- 444

hop evidence gathering in relational settings, con- 445

tributing to the best results on MAG and solid per- 446

formance on PRIME, where it is surpassed only by 447

the RL-trained GraphFlow. 448

While DGR uses a large backbone, the distilled 449

variant preserves most of these gains with a sub- 450

stantially smaller Qwen3-8B model via label-free 451

trajectory imitation (Section 5.5). 452

5.2 Text vs. Relational Adaptive Retrieval 453

0% 20% 40% 60% 80% 100%

AMAZON

MAG

PRIME

87.7% 12.3%

34.7% 65.3%

47.7% 52.3%

STaRK: Textual
Tool: Global Search

STaRK: Relational
Tool: Neighborhood Exploration

Figure 2: Thin bars show the share of text- vs. relation-
centric queries in STaRK; thick bars show DGR’s tool-
call use. These STaRK annotations are not provided to
DGR; instead, DGR autonomously shifts tool use to
match the dominant query type.

STaRK reports, for each graph, the average share of 454

queries that are primarily textual versus primarily 455

relational (multi-hop) (Fig. 5 in Wu et al. (2024b)). 456

We use these proportions as a reference and com- 457

pare them to DGR’s tool-call allocation on our 458

evaluation split. Concretely, we treat the fraction 459

of global search calls as a proxy for text-centric 460

evidence use and the fraction of neighborhood ex- 461

ploration calls as a proxy for relation-centric evi- 462

dence. Figure 2 shows a proportional match: on 463

AMAZON, where queries are mostly textual, DGR 464

relies almost entirely on global search (87.7%), 465

whereas on MAG and PRIME, where relational 466

requirements dominate, DGR shifts toward neigh- 467

borhood exploration to traverse multi-hop evidence 468

(65.3% and 52.3%, respectively). This finding 469

shows that DGR autonomously adapts retrieval, 470

choosing tools to match what each query needs 471

rather than following a fixed retrieval recipe. 472

5.3 Impact of Toolset Design 473

We conduct various ablation studies to assess the 474

impact of toolset design choices. Table 2 demon- 475

strates that neighborhood exploration is the main 476

6



1 agent

2 agents

3 agents

H
it@

1

51.2 54.1 55.0 55.3 55.4

54.0 55.3 55.6 55.6 55.6

55.0 55.9 56.0 55.9 55.8

AMAZON
46.9 59.0 66.2 68.9 69.4

53.5 65.0 70.4 71.9 72.1

56.7 67.4 71.7 73.1 73.4

MAG
25.8 36.1 41.5 43.8 44.1

31.6 41.4 45.1 46.0 46.1

34.4 43.9 47.3 48.0 48.3

PRIME

1 agent

2 agents

3 agentsR
ec

al
l@

20 50.2 53.1 54.0 54.5 54.6

56.3 58.2 58.8 58.8 58.8

58.8 60.2 60.6 60.6 60.6

51.5 64.6 71.7 74.7 75.2

60.1 72.9 79.1 81.3 81.7

64.2 77.0 82.3 83.9 84.3

36.2 48.9 55.0 57.6 58.1

45.5 58.3 63.4 65.3 65.7

49.9 62.6 67.0 69.0 69.3

5 7 10 15 20

1 agent

2 agents

3 agentsLa
te

nc
y 

(s
)

7.70 7.90 7.98 8.02 8.04

8.73 8.99 9.12 9.17 9.19

9.22 9.52 9.67 9.74 9.76

5 7 10 15 20

6.86 7.93 8.78 9.08 9.14

9.04 10.27 11.21 11.63 11.76

9.72 11.99 12.98 13.48 13.63

5 7 10 15 20

7.16 8.34 9.12 9.67 9.85

8.28 9.69 10.67 11.37 11.69

8.94 10.40 11.48 12.33 12.74

0.52

0.54

0.56

0.5

0.6

0.7

0.3

0.4

0.55

0.60

0.6

0.7

0.8

0.4

0.5

0.6

8

9

8

10

12

8

10

12

Number of steps (Tmax)

Figure 3: Retrieval quality and latency as a function of inference-time budget. Heatmaps report Hit@1, Recall@20,
and end-to-end latency (seconds) on each STaRK graph. Moving from the top left (shallow trajectories, single agent)
to the bottom right (deeper trajectories, multi-agent) allocates more compute and improves retrieval performance at
the cost of higher latency. Color scales are normalized within each graph and metric for readability.

source of gains on relational, multi-hop queries. Re-477

moving this tool decreases performance on MAG478

and PRIME as the system is then limited to global479

lexical search without graph traversal. On AMA-480

ZON, performance drops more moderately and481

moves toward lexical baselines (Table 1).482

Setup AMAZON MAG PRIME

Hit@1 R@20 Hit@1 R@20 Hit@1 R@20

Full 58.5 60.2 79.2 83.3 49.2 73.3

w/o Neighbors 54.5 55.4 30.5 39.4 23.1 40.5
Neighbors w/o q 56.0 57.9 72.1 79.8 44.7 68.3
Neighbors w/o F 55.5 59.9 79.2 84.8 42.2 65.0

Table 2: Impact of toolset design on retrieval perfor-
mance across graphs. w/o Neighbors removes neigh-
borhood exploration entirely. Neighbors w/o q dis-
ables query-based ranking within the neighborhood, and
Neighbors w/o F disables type-based filtering. Results
are reported on a random 10% subset of the test split.

We further separate two complementary con-483

trols in neighborhood exploration. Disabling query-484

based ranking causes smaller but consistent drops,485

suggesting that lexical matching within a local486

neighborhood helps surface relevant neighbors and487

prevents drift toward high-degree distractors. Dis-488

abling type-based filtering is more detrimental, es-489

pecially in heterogeneous graphs such as PRIME490

(Table 4). In such environments, type constraints491

are important to direct the agent towards semanti-492

cally relevant edges and nodes, preventing search493

from drifting into unrelated parts of the graph.494

Note that we do not ablate global search because495

it is required: it maps query text to candidate nodes496

and provides the node identifiers needed to start497

neighborhood expansion. Without this initial an-498

chor, the agent cannot reliably enter the right part 499

of the graph, so the system fails outright. 500

5.4 Compute-Performance Trade-offs 501

We next study how retrieval quality scales with 502

the inference-time budget. Figure 3 shows that 503

performance improves monotonically as compute 504

increases, moving from single-agent settings to par- 505

allel multi-agent configurations. Additional com- 506

pute helps most on queries that require multi-hop 507

expansion, and yields smaller gains when global 508

lexical search is already sufficient. 509

Parallelization yields performance benefits with 510

minimal overhead. Increasing the agent count – 511

particularly the transition from one to two agents – 512

results in substantial gains while only modestly in- 513

creasing latency. Because agents run independently, 514

end-to-end latency is determined by the bottleneck 515

of the slowest agent rather than the cumulative run- 516

time of all agents. 517

DGR provides an interpretable budget- 518

performance landscape. Practitioners can fix a 519

latency or compute budget and choose an operating 520

point in Figure 3 that matches their needs, trading 521

off depth and parallelism to balance quality and 522

cost across graph regimes. 523

5.5 Impact of Distillation 524

We also study how the distillation budget affects 525

final performance. Figure 4 compares Qwen3-4B 526

and Qwen3-8B students trained on increasing num- 527

bers of teacher trajectories across the three STaRK 528

graphs; full results for all metrics are in Table 5. 529

Distillation is data-efficient: using 10% of the 530

trajectories recovers roughly half of the total im- 531
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Figure 4: Evaluation of the same DGR pipeline on the STaRK test sets while varying only the LLM backbone
(Qwen3-4B/8B base, Qwen3-4B/8B distilled, or GPT-4.1). “Distilled 600” and “Distilled 6000” denote Qwen
backbones fine-tuned on trajectories generated by GPT-4.1 from 600 or 6000 training queries per graph, respectively
(three trajectories per query; tool calls and observations only; no label supervision).

0

10

20

30

Successful
MAG

Successful
PRIME

0 5 10 15 20 25 300

10

20

30

Unsuccessful

0 5 10 15 20 25 30

Unsuccessful

Number of neighborhood exploration calls

P
er

ce
nt

ag
e 

of
 tr

aj
ec

to
rie

s

Median Mean

Figure 5: Distribution of the number of neighborhood
exploration calls, split by successful (Hit@5) and un-
successful trajectories.

provement achieved with the full training set. This532

makes distillation practical when collecting trajec-533

tories is costly. In our setup, distilling the 600-534

query setting can be done in 30 minutes on a single535

H100 GPU.536

Student size matters most on PRIME. Because537

base models perform poorly in this regime, distil-538

lation is more important, and the teacher-student539

gap is the largest. The stronger performance of the540

8B student suggests that higher-capacity models541

better absorb the long-horizon, high-branching ex-542

ploration patterns required for complex biomedical543

reasoning in PRIME.544

5.6 Neighborhood Exploration vs. Retrieval545

We next examine how neighborhood exploration546

relates to retrieval success on MAG and PRIME.547

Here, successful trajectories refers to the runs (i.e.,548

tool call sequences) that retrieve the correct nodes549

and therefore score as correct on the retrieval metric550

for that query. Figure 5 shows two failure modes.551

First, many failed runs make no neighborhood calls552

at all, suggesting the agent does not recognize when553

relational evidence is needed and never moves be- 554

yond global anchoring into multi-hop expansion. 555

Second, failed runs also show a long tail with many 556

neighborhood calls, indicating the opposite prob- 557

lem: the agent keeps expanding without converging 558

on relevant support, consistent with drift in high- 559

branching parts of the graph. 560

In contrast, successful trajectories use neighbor- 561

hood exploration sparingly, rarely exceeding ten 562

calls, suggesting that strong retrieval relies on selec- 563

tive expansion rather than indiscriminate multi-hop 564

traversal. These results underscore the need for re- 565

trieval methods like DGR that balance the breadth- 566

depth tradeoff: when DGR succeeds, it adaptively 567

switches from global anchoring to neighborhood 568

expansion, and it stops expanding once it has found 569

the needed support. 570

6 Conclusion 571

We introduced DYNAMIC GRAPH RETRIEVER, 572

a training-free retrieval framework that exposes 573

knowledge graphs through a minimal set of prim- 574

itives for global search and local relational ex- 575

pansion. Across all three STaRK graphs, DGR 576

achieves strong and stable retrieval performance 577

while exhibiting a clear and interpretable inference- 578

time budget–performance trade-off. We further 579

show that this adaptive retrieval behavior can be 580

transferred to a compact backbone via label-free tra- 581

jectory distillation with modest data and compute, 582

preserving nearly all of the teacher’s performance. 583

Together, these results indicate that adaptive graph 584

retrieval can be both practical and modular, and that 585

exposing a small set of well-chosen retrieval opera- 586

tions is sufficient to unlock robust, general-purpose 587

knowledge graph retrieval. 588
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7 Limitations589

Despite strong retrieval performance, DGR has590

limitations. First, agentic retrieval incurs higher la-591

tency than single-pass retrievers because it requires592

multiple LLM calls over an interaction trajectory.593

Larger budgets improve retrieval quality but also594

increase runtime. Second, our best-performing con-595

figuration relies on a large proprietary LLM, which596

can constrain scalability due to cost and availabil-597

ity. While DGR is LLM-agnostic, retrieval quality598

can drop with smaller models; we partially mitigate599

this via trajectory distillation into Qwen3-8B (Yang600

et al., 2025a), though distilled agents still trail the601

teacher on challenging regimes. Third, DGR as-602

sumes that node descriptors and relation informa-603

tion are sufficiently informative for BM25 global604

search and for ranking neighborhood expansions.605

Sparse or templated text can prevent the agent606

from locating relevant seed nodes or disambiguat-607

ing them. Because the global search is lexical,608

mismatches in vocabulary (e.g., paraphrases and609

domain-specific aliases) can cause under-retrieval.610

Fourth, our evaluation is centered on text-rich KG611

benchmarks, so performance gains may not transfer612

to graphs with limited text descriptions.613

Although DGR is a general retrieval approach,614

agentic graph exploration can create risks if used615

without safeguards. Retrieval errors can be treated616

as support for downstream decisions, and interac-617

tion traces may expose sensitive attributes if node618

text contains private information. Mitigation re-619

quires redaction for sensitive fields and bias audits620

prior to deployment.621

8 Ethical Considerations622

This study does not use human annotators, crowd-623

workers, or research with human participants. Eth-624

ical concerns arise in downstream use of agentic625

retrieval over text-rich knowledge graphs. Retrieval626

errors can be treated as evidence and multi-step ex-627

ploration can surface sensitive attributes present628

in graph text. The approach may also amplify bi-629

ases in the underlying graph. If some languages630

and communities have sparse descriptions or differ-631

ent naming conventions, global lexical search and632

neighborhood ranking may under-retrieve relevant633

information, leading to unequal coverage across634

groups and reduced benefits for underrepresented635

stakeholders. We recommend safeguards before636

deployment, including redaction of sensitive fields637

and bias audits. Potential positive impact includes638

improving access to large knowledge graphs for 639

language models, including information that may 640

be difficult to access with text retrieval alone. 641
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A Appendix942

A.1 Dataset Statistics943

Dataset Train Validation Test

PRIME 6,162 2,240 2,016
MAG 7,993 2,664 2,664
AMAZON 5,915 1,547 1,638

Table 3: Number of queries per dataset split for each
STaRK graph.

Dataset
Entity
types

Relation
types

Average
degree

Entities Relations Tokens

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

Table 4: Statistics of the constructed semi-structured
knowledge graphs used in STaRK.

A.2 Implementation Details944

DYNAMIC GRAPH RETRIEVER is run with n=3945

parallel agents and a maximum trajectory length946

of Tmax=20. Our primary configuration uses947

GPT-4.1 as the decision-making backbone. For948

comparability with prior KG retrievers such as949

KAR and Think-on-Graph, we additionally re-950

port results using GPT-4o, the backbone used in951

those works. For the distilled variant, we use952

Qwen3-8B (Yang et al., 2025a) (matching the 953

model scale used by GraphFlow and Think-on- 954

Graph with LLaMA3), trained via imitation on DY- 955

NAMIC GRAPH RETRIEVER teacher trajectories, 956

while keeping the tool interface and exploration 957

hyperparameters fixed. 958

Each tool call is executed with a bounded re- 959

trieval budget. Neighborhood exploration uses a 960

fixed budget of k=20 neighbors per expansion. 961

Global search returns up to k nodes from the full 962

graph. By default k=5, but the agent may override 963

this value as a tool parameter. 964

Each agent outputs an ordered list of selected 965

nodes. We aggregate these lists by ranking nodes 966

first by the number of agents that selected them 967

(vote count), and breaking ties by the earliest posi- 968

tion at which the node appears in any agent’s list 969

Section 3.2. The aggregated ranking is truncated 970

to the top 20 nodes to compute Recall@20; Hit@1 971

and MRR are computed on the same ranking. 972

A.3 Knowledge Graph Exploration Agent 973

System Prompt 974

This section contains the system prompt used for 975

the Knowledge Graph Exploration Agent. 976

# Knowledge Graph Exploration Agent 977
978

You are exploring a knowledge graph to 979
find specific entities that answer 980
complex questions. The graph 981
structure and entity types vary by 982
domain , but the exploration strategy 983
remains consistent. 984

985
## Available Node Types 986
The graph contains the following node 987

types: {node_types} 988
Between the nodes , the possible relation 989

types are: {edge_types} 990
991

## Available Tools 992
993

### search_in_graph 994
- **query** (required): Keywords , entity 995

names , or descriptive terms 996
relevant to the query 997

- **size** (optional): Number of results 998
to return (default 20) 999

- Use this for initial broad searches 1000
across the entire graph to identify 1001
relevant entities 1002

- The search uses BM25 , which works well 1003
for keyword -based retrieval 1004

1005
### search_in_neighborhood 1006
- ** node_index ** (required): The node 1007

index to explore around 1008
- **query** (optional): Keywords to 1009

filter neighborhood results 1010
- ** node_type ** (optional): Filter by 1011

entity type 1012
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AMAZON MAG PRIME
Method Hit@1 Hit@5 R@20 MRR Hit@1 Hit@5 R@20 MRR Hit@1 Hit@5 R@20 MRR

GPT-4o 55.13 76.37 57.18 64.29 67.01 86.67 79.79 75.46 36.01 60.17 60.13 46.44
GPT-4.1 55.82 75.80 60.61 64.77 73.40 87.92 84.47 79.87 48.20 69.57 69.46 57.68
Qwen3-4B 45.69 67.46 47.17 55.26 37.64 56.56 54.54 46.01 18.02 37.00 35.43 26.20
Qwen3-4B-600 50.10 71.26 53.73 59.32 49.90 69.21 68.47 58.43 26.52 47.27 49.54 36.01
Qwen3-4B-6000 54.46 74.66 58.91 64.78 60.16 78.79 79.88 68.59 27.46 49.15 51.40 36.95
Qwen3-8B 47.95 70.03 53.10 57.95 35.09 57.02 53.42 44.96 18.37 36.41 36.13 26.28
Qwen3-8B-600 50.06 70.07 55.29 59.13 48.89 69.41 68.48 58.13 25.24 47.20 50.16 35.08
Qwen3-8B-6000 54.99 74.35 60.31 64.24 61.66 80.41 81.39 70.09 31.87 51.10 57.22 41.08

Table 5: Retrieval performance on STaRK synthetic test sets.

- ** edge_type ** (optional): Filter by1013
specific relation types1014

- Shows relation types between the1015
reference node and its neighbors1016
with directional arrows1017

- Use this to explore the immediate1018
neighborhood (1 hop) of specific1019
nodes found through initial searches1020

1021
### add_to_answer1022
- ** answer_nodes ** (required): List of1023

answer nodes , each with:1024
- ** node_index **: The index of the1025

node to add as an answer1026
- ** reasoning **: Explanation of why1027

this node is relevant to the1028
question1029

- Use this to collect relevant entities1030
with justifications1031

1032
### finish1033
- ** comment ** (optional): Optional1034

comment explaining why exploration1035
is finished1036

- Use this when you have found all1037
relevant nodes or exhausted useful1038
exploration paths1039

1040
## Exploration Strategy1041

1042
Your approach should adapt based on the1043

query structure:1044
1045

### Strategy 1: Queries without explicit1046
entity mentions1047

When the query does not explicitly1048
mention specific entities (e.g.,1049
product names , paper titles , gene1050
names , author names , etc.), use a1051
broad search strategy to provide the1052
user with many options:1053

1054
1. Use `search_in_graph ` with the full1055

question as the query and size =30 to1056
cast a wide net1057

2. Review all 30 results and select1058
approximately 15 of the most1059
suitable entities to add to the1060
answer (aim for roughly half of the1061
search results)1062

3. Add the selected entities to the1063
answer with clear reasoning for each1064

1065

** Important **: The goal is to provide 1066
users with multiple relevant options 1067
. When the query is descriptive and 1068
doesn 't name specific entities , you 1069
should return a substantial number 1070
of results (around 15 from a search 1071
of size 30). This ensures users have 1072
many options to choose from. Only 1073

exclude results that are clearly 1074
irrelevant to the query. 1075

1076
This strategy works well when: 1077
- The query is descriptive but doesn 't 1078

name specific entities 1079
- You want to provide multiple options 1080

to the user (which is often the case 1081
) 1082

- The graph 's search function (BM25) can 1083
effectively match keywords from the 1084
query 1085

1086
### Strategy 2: Queries with explicit 1087

entity mentions 1088
When the query explicitly mentions 1089

specific entities (e.g., "product X 1090
", "paper Y", "gene Z", "author W"), 1091
use a targeted exploration strategy 1092

: 1093
1094

1. ** Entity disambiguation **: First , 1095
search for the mentioned entities 1096
using `search_in_graph ` with the 1097
entity name 1098

2. ** Neighborhood exploration **: Once 1099
you 've identified the relevant 1100
entity nodes , use ` 1101
search_in_neighborhood ` to explore 1102
their connections 1103

3. ** Filtered search **: Use the `query ` 1104
parameter in neighborhood searches 1105
to filter results by keywords from 1106
the original question 1107

1108
This strategy works well when: 1109
- The query mentions specific entities 1110

that likely exist in the graph 1111
- You need to explore relationships 1112

around known entities 1113
- The query requires multi -hop reasoning 1114

1115
### Strategy 3: Multi -entity or complex 1116

queries 1117
For queries that involve multiple 1118

entities or require combining 1119

13



information:1120
1121

1. Start by disambiguating all mentioned1122
entities1123

2. Explore neighborhoods of key entities1124
with relevant filters1125

3. Combine information from multiple1126
exploration paths1127

1128
## Examples1129

1130
### Example 1: Simple broad search (1131

Strategy 1)1132
**Query **: "Find products suitable for1133

outdoor camping"1134
1135

** Approach **: Since no specific products1136
are mentioned , use `search_in_graph1137

(query ="Find products suitable for1138
outdoor camping", size =30) `. This1139
will return 30 results. Then , review1140
all 30 results and add1141

approximately 15 of the most1142
suitable products to the answer1143
using `add_to_answer `. This gives1144
the user many options to choose from1145
.1146

1147
### Example 2: Entity -specific query (1148

Strategy 2)1149
**Query **: "What are some winter -themed1150

accessories from the BrandX company1151
?"1152

1153
** Approach **:1154
1. First , search for the brand/company:1155

`search_in_graph (" BrandX company ")`1156
2. Then explore its neighborhood: `1157

search_in_neighborhood(node_index=<1158
found_brand_index >, query="winter -1159
themed accessories ")`1160

1161
### Example 3: Multi -hop reasoning (1162

Strategy 2)1163
**Query **: "Can you find other1164

publications from the co-authors of1165
the paper titled 'Machine Learning1166
Applications in Healthcare ' that1167
relate to neural networks ?"1168

1169
** Approach **:1170
1. Search for the paper: `1171

search_in_graph (" Machine Learning1172
Applications in Healthcare ")`1173

2. Find co -authors: `1174
search_in_neighborhood(node_index=<1175
paper_index >, node_type=author)`1176

3. For each author , search their papers:1177
`search_in_neighborhood(node_index1178

=<author_index >, query=" neural1179
networks", node_type=paper)`1180

1181
### Example 4: Multiple constraints (1182

Strategy 3)1183
**Query **: "What medications interact1184

synergistically with DrugX and are1185
also used to treat DiseaseY ?"1186

1187
** Approach **:1188

1. Find DrugX: `search_in_graph ("DrugX") 1189
` 1190

2. Find DiseaseY: `search_in_graph (" 1191
DiseaseY ")` 1192

3. Explore neighborhoods: ` 1193
search_in_neighborhood(node_index=< 1194
disease_index >, node_type=drug)` and 1195
`search_in_neighborhood(node_index 1196

=<drugx_index >, node_type=drug)` 1197
4. Add the drugs to the answer 1198

1199
## General Guidelines 1200

1201
- ** Provide multiple options when 1202

appropriate **: For queries without 1203
explicit entity mentions , aim to 1204
give users many relevant options ( 1205
typically 10-20 entities from a 1206
search of size 30) 1207

- **Start broad , then narrow **: Begin 1208
with global searches , then focus on 1209
specific neighborhoods 1210

- **Use filters strategically **: Apply ` 1211
node_type ` and `edge_type ` filters 1212
to reduce noise and focus 1213
exploration 1214

- ** Combine multiple strategies **: 1215
Complex queries may require mixing 1216
broad searches and neighborhood 1217
exploration 1218

- ** Balance relevance and coverage **: 1219
When selecting entities to add to 1220
answers , prioritize relevance but 1221
also aim for good coverage when the 1222
query allows for multiple valid 1223
answers 1224

- ** Provide reasoning **: Always include 1225
clear reasoning when adding entities 1226
to answers 1227

- **Adapt to graph characteristics **: 1228
Some graphs may benefit more from 1229
broad searches (e.g., when BM25 1230
works well), while others may 1231
require more targeted exploration 1232

14
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