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Abstract—Graph Retrieval-Augmented Generation
(GraphRAG) has advanced multi-hop reasoning but remains
bound by the ‘“Static Indexing Paradigm”, assuming knowledge
is fixed and relationships are explicit. This rigidity fails in
dynamic contexts, particularly Counterfactual Reasoning (e.g.,
“What if X didn’t happen?”’), where static retrieval fetches
conflicting ‘“ground truth.” Furthermore, current methods
suffer from a Resolution Mismatch, where coarse-grained
chunk retrieval introduces semantic noise. We introduce
Transient-RAG, a neuro-symbolic framework inspired by
Bartlett’s Reconstructive Memory. Unlike global graph methods
(e.g., HippoRAG), Transient-RAG constructs a query-specific,
ephemeral graph at inference time. It employs Semantic-
Sentence Personalized PageRank (SSPPR) to filter noise and
injects Hypothetical Edges to bridge logical gaps. Experiments on
HotpotQA, 2WikiMultiHopQA, and ifQA show Transient-RAG
achieves SOTA performance, significantly improving retrieval
accuracy and counterfactual consistency while eliminating index
maintenance.

Index Terms—Neuro-Symbolic Reasoning, Graph RAG, Coun-
terfactual Reasoning, Inference-Time Compute, Reconstructive
Memory

I. INTRODUCTION

In his seminal work Remembering (1932), Sir Frederic
Bartlett argued that human memory is not a passive repository
of fixed records but an active, imaginative process of recon-
struction [1]. This cognitive flexibility enables humans to dy-
namically assemble knowledge in response to a specific query
or premise, filling in gaps through inferences derived from
prior experiences. Such an approach contrasts sharply with
the architecture of current retrieval-augmented systems, where
knowledge is stored statically and fixed prior to inference.
Despite the remarkable success of Graph Retrieval-Augmented
Generation (GraphRAG) systems, such as HippoRAG [2] and
Microsoft GraphRAG [3], they remain inherently limited by
the assumption that knowledge graphs are pre-computed and
static, thus unable to adapt flexibly to dynamic or counterfac-
tual reasoning tasks.

Traditional RAG systems, which rely on the retrieval of
large pre-built knowledge graphs, struggle in settings where
the query deviates from factual reality. These systems assume
a fixed representation of knowledge, which does not allow for
the incorporation of hypothetical scenarios or counterfactual
reasoning. For instance, as shown in figure 1, consider a query
like: “If Los Angeles were located on the east coast of the U.S.,
what would the time difference between Los Angeles and Paris
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Fig. 1. Case study illustrating how Transient-RAG answers the question about
the time difference between Los Angeles and Paris if Los Angeles were
on the east coast of the U.S., based on a question from the ifQA dataset.
(a) Traditional RAG fails with static knowledge, while (b) Transient-RAG
succeeds with dynamic graph reasoning.

be?” In a traditional static graph-based system, the answer to
such a counterfactual query would be based solely on pre-
existing relationships and facts, which may not align with the
hypothetical premises of the question. Such systems would
retrieve documents about Los Angeles and Paris’ time zones
but fail to dynamically account for the shift in the position
of Los Angeles, leading to a misleading answer based on
incorrect assumptions.

In contrast, Transient-RAG shifts graph construction from
indexing time to inference time, dynamically generating
a query-specific, ephemeral graph that is dissolved post-
generation. This flexibility allows for the injection of hypo-
thetical edges—probabilistic links representing scenarios not
explicitly stated in the knowledge base—thereby enabling
robust counterfactual reasoning as illustrated in our case study.
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By constructing these transient topologies, our framework
addresses critical limitations of static RAG: it eliminates
“Contextual Amnesia” by focusing solely on query-relevant
knowledge, resolves “Resolution Mismatch” through sentence-
level filtering, and supports abductive reasoning to explore
alternative scenarios beyond established facts.

This work proposes a framework that challenges the tra-
ditional “Static World Assumption” of knowledge graphs by
treating the graph as a transient and dynamic artifact, con-
structed specifically for each query. The Transient-RAG frame-
work aligns with Bartlett’s theory of reconstructive memory by
allowing for a more flexible and adaptive process of knowledge
retrieval, reasoning, and generation. In the following sections,
we will describe the key components of Transient-RAG, in-
cluding its fine-grained semantic sentence initialization, the
use of Semantic-Sentence Personalized PageRank (SSPPR) for
noise filtering, and the injection of hypothetical edges to bridge
gaps in knowledge.

II. RELATED WORK
A. Static Graph Retrieval-Augmented Generation

Recent advancements in GraphRAG have demonstrated sig-
nificant improvements in multi-hop reasoning by grounding
language models in structured knowledge bases [4], [S]. Meth-
ods such as HippoRAG [2] utilize Personalized PageRank
(PPR) on static knowledge graphs to simulate hippocampal in-
dexing, while G-Retriever [6] integrates graph neural networks
to refine retrieval. Microsoft’s GraphRAG [3] further utilizes
community detection to generate global summaries. However,
these approaches rely on a “Static World Assumption”: treating
the knowledge graph as a fixed, immutable index constructed
prior to inference. This rigidity limits their applicability in dy-
namic or counterfactual scenarios where the optimal retrieval
path depends on a premise that contradicts the pre-indexed
ground truth.

B. Retrieval Granularity and Cognitive Precision

Standard RAG and recent efficient variants like LinearRAG
[7] typically operate at the chunk level (200-500 tokens). While
computationally efficient, this coarse granularity introduces a
“Resolution Mismatch”, where a retrieved chunk often con-
tains irrelevant sentences that act as “Semantic Trojan Horses,”
activating unrelated subgraphs during reasoning. Transient-
RAG addresses this by implementing sentence-level semantic
gating via SSPPR, ensuring that only high-precision evidence
enters the graph topology, akin to cognitive mechanisms that
filter sensory noise before memory consolidation.

C. Inference-Time Compute and Structured Reasoning

The paradigm of “Inference-Time Compute” posits that
allocating more computational resources during the reasoning
phase can yield better outcomes than larger pre-trained models
alone. This is exemplified by Chain-of-Thought (CoT) prompt-
ing [8] and recent reasoning models like OpenAl ol. Recent
works like GIVE [9] attempts to bridge this by extrapolating
veracity from KGs, yet they still rely on existing graph

structures. Transient-RAG extends this philosophy by imple-
menting “Structured Chain-of-Thought.” Instead of generating
a linear sequence of text, our framework utilizes inference-
time compute to construct a structured topology (a graph) that
explicitly models dependencies and hypothetical links.

D. Dynamic Memory Systems

Our work also intersects with research on dynamic memory
for agents. Generative Agents [10] utilize “Memory Streams”
to simulate human-like behavior, while A-MEM [11] intro-
duces structured agentic memory for evolving agents. However,
these systems primarily focus on persistence, such as accumu-
lating long-term logs. In contrast, Transient-RAG focuses on
transience. We construct a structured and ephemeral graph
topology on the fly, designed solely for the current reasoning
context and discarded immediately after, akin to the “working
memory” models in cognitive science [12], [13].

III. Tue FRAMEWORK OF TRANSIENT-RAG

We propose Transient-RAG, a framework that shifts graph
construction from offline indexing to inference time. As illus-
trated in Figure 2, the pipeline consists of four phases: (i) Sen-
sory Gating, which retrieves raw chunks to form a candidate
pool; (ii) The Dreaming, which constructs a query-specific
graph with hypothetical edges; (iii) Epistemic Navigation,
which executes structure-aware reasoning via Personalized
PageRank; and (iV) Dissolution, which takes advantage of
LLM to generate final answer and dissolve the graph.

A. Problem Formulation

Given a user query ¢ and a corpus D, we aim to generate
an answer a. Unlike traditional GraphRAG which queries a
static global graph G g;0pq:, We formulate the reasoning process
as constructing a transient topology G, at inference time.
Formally, this process is defined as:

Gy = (V,E) = ¢(q,Cropk), @ = Generator(q,Reason(G,))

(1
where Cyopi 1s the set of retrieved chunks and ¢ is the graph
construction function. The node set V' comprises sentence
nodes V; and entity nodes V., while the edge set E contains
both explicit structural links and hypothetical inference links.
This design eliminates the need for maintaining a global index,
ensuring that the graph structure is always tailored to the

current query context.

B. Phase I: Sensory Gating

The first phase aims to filter massive noise from the corpus
D. We employ a dense retriever (Bi-Encoder) to fetch the
top-K relevant chunks C = {cy,...,cx} based on semantic
similarity to the query embedding e,.

C = top-K (cos(ey, €c)) (2)
ceD

This stage serves as a coarse-grained filter, providing the raw
material for the subsequent fine-grained graph construction.
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Fig. 2. The Transient-RAG Framework. (A) Sensory Gating: Retrieving

_____________________________

IV. Dissolution ------ N

_______________________________________________

top-K chunks. (B) The Dreaming: Deconstructing chunks into sentences,

calculating semantic precision, and injecting hypothetical edges. (C) Epistemic Navigation: Running SSPPR to identify the reasoning chain. (D) Dissolution:

Generating the answer and dissolving the graph.

C. Phase IlI: Graph Construction via “The Dreaming”

In this phase, we convert unstructured chunks into a struc-
tured reasoning topology. To resolve the Resolution Mismatch
problem, where irrelevant sentences in a chunk introduce
noise, we propose a sentence-level construction method aug-
mented by Large Language Models (LLMs).

1) Semantic-Sentence Initialization: We first decompose
the retrieved chunks C into a sentence set S = {s1,...,$n}.
For each sentence s;, we compute a semantic precision score
w; using a lightweight Cross-Encoder. This score w;
Sim(gq, s;) represents the “semantic energy” of the sentence.
Sentences with scores below a threshold 7 are treated as noise
and effectively pruned from the graph initialization, ensuring
that the subsequent topology is built solely on high-relevance
foundations.

2) Topology Generation with Hypothetical Edges: On top
of the filtered sentences, we employ an LLM to “dream” the
graph topology. The LLM takes the valid sentence set and
query ¢ as input to extract nodes and edges. We define two
distinct types of edges to capture both factual and inferential
connections. Explicit Edges (E.,,) represent relations strictly
supported by the text, such as entity co-occurrence or syntactic
dependencies, providing a factual grounding. Hypothetical
Edges (E},,p), in contrast, are probabilistic links inferred via
abductive reasoning to bridge logical gaps required by the
query, such as connecting a counterfactual premise to its
potential consequence. The final transient graph is defined
as Gq = (V, Ecyp U Epyp). This hybrid structure allows the
system to reason over paths that are not explicitly stated in the
text but are logically implied by the query premise.

D. Phase III: Epistemic Navigation via SSPPR

To identify the optimal reasoning chain within G,, we
propose Semantic-Sentence Personalized PageRank (SSPPR).
1) Vectorized Initialization: Standard PPR initializes the
restart vector uniformly or based on exact entity matches. In

Algorithm 1: Transient-RAG Inference Process

Input: Query ¢, Corpus D, Threshold 7
Output: Answer a
C < RetrieveTopK(q, D);
S < SegmentIntoSentences(C);
V< 0,E <« 0;
foreach s; € S do

w; < CrossEncoder(q, s;);

if w; > 7 then

‘ V+Vu {Si};

end
end
E.., < ExtractExplicitEdges(V);
Ehyp < InjectHypotheticalEdges(V, ¢);
Gg <+ (V, Eezp U Enyp);
r < SSPPR(Gy, q);
a < Generate(q, r);
return a

NI RG-S

L e < =
N R W N =D

contrast, SSPPR constructs a semantic-aware restart vector
v € RVl For each node v; € V, its initial weight is
determined by Max-Pooling over the semantic scores of the
sentences containing it. Specifically, if a node is part of the
query entities F,, it receives a weight of 1.0; otherwise, it
inherits the maximum semantic score of its parent sentences,
provided this score exceeds 7. This mechanism acts as a
semantic firewall, preventing low-relevance sentences from
injecting energy into the graph traversal.

2) Iterative Propagation and Dissolution: We compute the
final importance scores r using the iterative PPR formulation
rlt) = (1 — a)v + aATr(®), where A is the column-
normalized adjacency matrix of Gy, and « is the damping
factor. The nodes with top-M scores in r form the reasoning
subgraph passed to the generator. Finally, immediately after
generating answer a, the graph G|, is dissolved. This explicitly
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trades storage complexity for inference-time compute, ensuring
no stale or conflicting knowledge persists.

E. Complexity and Efficiency Analysis

The proposed framework introduces a fundamental trade-
off between storage and compute. Traditional GraphRAG sys-
tems require O(|D|) storage for a global graph, which can
be prohibitive for massive corpora. Transient-RAG reduces
storage cost to zero by constructing graphs on-the-fly. The
computational complexity of graph construction is O(|Ciopk|),
which is linear with respect to the number of retrieved chunks
and significantly smaller than the global corpus size. While
this incurs an inference-time latency, the use of sparse ma-
trix operations for SSPPR ensures that the reasoning phase
remains efficient, making the approach scalable for real-time
applications where adaptability is paramount.

IV. EXPERIMENTS
A. Experimental Setup

Datasets. We evaluate Transient-RAG on two multi-
hop reasoning benchmarks and one counterfactual dataset.
For multi-hop reasoning, we use HotpotQA [14] and
2WikiMultiHopQA [15]. Following the protocol established
in HippoRAG [2] and LinearRAG [7], we utilize a randomly
sampled subset of 1,000 examples from the training set of
each dataset. These datasets require aggregating information
across multiple documents to answer complex queries.
For counterfactual reasoning, we employ ifQA [16], a
dataset designed to evaluate models’ ability to reason about
hypothetical scenarios (e.g., altering the outcome of a
historical event). From its 3,800 questions with counterfactual
presuppositions, we select a random subset of 1,000 examples
for evaluation.

Evaluation Metrics. For all datasets, we use Exact Match
(EM) and F1 score as the primary evaluation metrics. EM
measures the percentage of predictions that exactly match the
ground truth answer(s), while F1 score measures the token
overlap between the predicted and ground truth answers,
considering partial matches.

Baselines. We categorize all the baselines into three groups:
(i) Zero-shot LLM Inference: We evaluate foundational model
using Qwen3-8B [17]. (ii) Vanilla RAG: We deploy standard
RAG methodologies retrieving the top-20 passages, combin-
ing semantic-based document retrieval with chain-of-thought
reasoning prompts to guide the LLM’s generation process.
(iii) State-of-the-art GraphRAG Systems: We compare against
leading GraphRAG implementations including RAPTOR [18],
LightRAG [19], HippoRAG [2], and HippoRAG2 [20].

Implementations. For consistency in implementation, all
algorithms use the same embedding model, i.e., bge-large-en-
v1.5 [21], for generating dense embeddings. We set k = 20
for top-k retrieval in all methods. All RAG approaches employ
the same Large Language Model (LLM), Qwen-3-8B [17],

for both generation and evaluation tasks. All experiments are
conducted on four Nvidia H20 GPU.

B. Main Results

Table I presents the comprehensive evaluation across all
three datasets.

1) Multi-hop Reasoning Performance: On HotpotQA and
2WikiMultiHopQA, Transient-RAG demonstrates competitive
or superior performance compared to the strong static graph
baseline, HippoRAG?2. Notably, on HotpotQA, our method
achieves an EM of 63.8 and F1 of 73.3, surpassing Hip-
poRAG?2 by 1.4% and 3.2% respectively. This indicates that
our SSPPR initialization effectively filters out ’semantic trojan
horses” (irrelevant sentences within relevant chunks), ensuring
that the retrieval precision is higher than coarse-grained graph
methods.

2) Counterfactual Reasoning Performance: In dynamic
scenarios (ifQA), static methods struggle significantly as they
retrieve conflicting “ground truth” facts. As shown in the
rightmost columns of Table I, Transient-RAG achieves a 30.2%
improvement in EM and 28.3% improvement in F1 score over
HippoRAG2. By treating the graph as a transient artifact, our
model avoids the ”Contextual Amnesia” trap and “dreams” a
topology consistent with the counterfactual premise.

C. Ablation Study

To validate the individual contributions of our framework’s
components, we conducted an ablation study on both Hot-
potQA and ifQA datasets, with results summarized in Table II.
On HotpotQA, the removal of the Semantic-Sentence Person-
alized PageRank (SSPPR) module leads to the most significant
performance drop (EM -9.6), confirming that sentence-level
gating is crucial for filtering semantic noise in multi-hop rea-
soning. Conversely, on ifQA, excluding the Hypothetical Edge
Injection mechanism results in the steepest decline (EM -12.6),
lowering EM to 56.8. This distinction highlights that while
noise filtering is essential for standard retrieval, the ”dreaming”
phase—which injects probabilistic links—is the decisive factor
for enabling counterfactual reasoning in dynamic contexts.

V. CONCLUSION

We presented Transient-RAG, a framework that challenges
the “Static Indexing Paradigm” by shifting the locus of
graph construction from storage to inference. By combining
Semantic-Sentence Personalized PageRank (SSPPR) with
Hypothetical Edge Injection, our approach effectively re-
solves the “Resolution Mismatch” problem and enables ro-
bust counterfactual reasoning. Our results demonstrate that
knowledge need not be a rigid, pre-computed artifact but can
be a dynamic, reconstructive process, a “dream” constructed
dynamically to fit the query’s reality. Future work will ex-
plore “Memory Consolidation,” investigating how high-value
hypothetical edges can be selectively persisted to evolve the
long-term knowledge base.
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TABLE I

REASONING (IFQA). EM AND F1 SCORE ARE USED FOR ALL DATASETS. FOR IFQA, WE ALSO REPORT RECALL@K (R@K).

MAIN RESULTS ACROSS ALL TASKS. WE COMPARE PERFORMANCE ON MuLTI-HOP REASONING (HoTPOTQA, 2WikiMuLTiIHOPQA) AND COUNTERFACTUAL

Multi-Hop QA

Counterfactual QA

Method HotpotQA 2WikiMultiHopQA ifQA
EM F1 EM F1 EM F1
Zero Shot LLM Inference
Qwen3-8B[17] 22.8 32.1 14.5 22.7 21.7 27.9
NaiveRAG with top k-20
Naive RAG 48.7 62.3 28.7 419 34.4 39.5
Knowledge Graph Driven Retrieval-Augmented-Generation Method

LightRAG [19] 1.0 24 7.6 11.2 12.5 12.6

RAPTOR [18] 57.5 69.5 43.7 52.1 51.5 57.6

HippoRAG [2] 52.2 63.5 62.2 71.8 48.4 56.7

HippoRAG?2 [20] 62.9 71.0 68.2 75.5 53.3 58.6

Transient-RAG (Ours) 63.810.9 73.312.3 67.510.7 T4.101.4 69.4116.1 75.2116.6

TABLE II Interactive simulacra of human behavior,” in Proceedings of the 36th
ABLATION RESULTS ON HOTPOTQA AND IFQA. annual acm symposium on user interface software and technology, 2023,
pp. 1-22.

. HotpotQA ifQA [11] Wujiang Xu, Zujie Liang, Kai Mei, Hang Gao, Juntao Tan, and Yongfeng
Configuration EM F1 EM F1 Zhang, “A-mem: Agentic memory for 1lm agents,” arXiv preprint
Transient-RAG (Fulll | 63.8 733 | 694 752 QX 2308 12110, 2025, . Acadim

[12] Alan Baddeley, “Working memory,” Comptes Rendus de I’Académie des
w/o SSPPR (Chunk-level) 54.2 64.5 62.1 68.5 Sciences-Series IlI-Sciences de la Vie, vol. 321, no. 2-3, pp. 167173,
w/o Hypothetical Edges 59.7 69.8 | 428 474 1998.
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