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Abstract

Long-term memory is becoming a central bottleneck for language
agents. Existing RAG and GraphRAG systems largely treat mem-
ory graphs as static retrieval middleware, which limits their abil-
ity to recover complete evidence chains from partial cues, exploit
reusable graph-structural roles, and improve the memory itself
through downstream feedback. We introduce SAGE, a Self-evolving
Agentic Graph-memory Engine that models graph memory as a
dynamic long-term memory substrate. SAGE couples two roles:
a memory writer that incrementally constructs structured graph
memory from interaction histories, and a Graph Foundation Model-
based memory reader to perform retrieval and provide feedback
to the memory writer. We provide rigorous theoretical analyses
supporting the effectiveness of carefully designed architectural com-
ponents and the framework. Across multi-hop QA, open-domain
retrieval, domain-specific review QA, and long-term agent-memory
benchmarks, SAGE improves evidence recovery, answer grounding,
and retrieval efficiency: after two self-evolution rounds, it achieves
the best average rank on multi-hop QA; in zero-shot open-domain
transfer, it reaches 82.5/91.6 Recall@2/5 on NQ. Further results on
LongMemEval and HaluMem show that training and reader–writer
feedback improve multiple long-term memory and hallucination-
diagnostic metrics, suggesting that self-evolving, structure-aware
graph memory is a promising foundation for robust long-horizon
language agents. Our code is available here.

1 Introduction

As large languagemodels evolve from single-turn question-answering
systems into general-purpose agents for multi-turn dialogue, per-
sonalized assistance, multi-agent collaboration, and open-environment
exploration, the system bottleneck is shifting from whether a model
can answer within the current context to whether it can accumulate,
organize, invoke, and update memory over longer time scales. Mem-
ory is a core system capability that determines whether Agents can
achieve long-term consistency, personalized adaptation, cross-turn
reasoning, and self-improvement. Memory is to Agents what

parameters are to foundation models [31, 32, 43, 47, 56]. Recent
memory benchmarks have made this bottleneck explicit, evaluat-
ing agents on ultra-long conversational consistency, multi-session
reasoning, temporal reasoning, knowledge updating, selective for-
getting, abstention, and hallucination control [3, 7, 14, 25, 29].

In engineering practice, RAG has become the dominant non-
parametric interface for extending language models with external
memory, alleviating the static nature of parametric knowledge and
the limited size of context windows [22]. Yet standard RAG usually
retrieves independent text chunks, whereas long-term agent mem-
ory often requires recovering evidence distributed across entities,
events, aliases, temporal constraints, and multi-hop dependencies.
GraphRAG takes an important step by organizing documents, enti-
ties, relations, and summaries as graphs, making cross-document

dependencies and reasoning paths more explicit [8, 11]. However,
for long-horizon agents, graph structure should not merely serve as
an external retrieval index. In this work, we study agent graph mem-
ory as a coupled write–read–update problem. Given interaction his-
tories or external documents, a memory writer should construct an
evolving graph whose nodes and edges encode entities, episodes,
documents, aliases, temporal constraints, and cross-fragment rela-
tions. Given a query, a memory reader should not simply expand
from a fewmatched entities; it should return a compact, verifiable

evidence chain. The retrieval outcome should further provide
feedback about what the graph lacks. In other words, the graph
is not only built before retrieval and searched afterward; it is the
working substrate through which memory is written, read,

corrected, and self-improved. Around this goal, we identify the
following three core challenges.
Challenge I: Agent memory requires global associative read-

ing from fragmented cues. The first challenge is not merely to
retrieve text that is semantically similar to the query, but to recon-
struct a complete reasoning chain from sparse, fragmented, and
sometimes indirect cues. In long-term agent memory, a query may
mention only an episodic clue, an alias, or a distant conceptual hint,
while the answer depends on intermediate entities that are not
explicitly named. Standard vector retrieval tends to return locally
similar snippets, and many graph-based retrieval methods start
propagation from a small set of query-matched anchor entities.
However, if these anchors only cover a local subgraph, the neces-
sary bridge nodes may lie outside the activated region, leaving the
evidence chain disconnected even after graph propagation. Thus,
agent memory reading should not commit too early to a small set
of partial cues [11, 39].
Challenge II: Agent memory requires learned structural use

rather than fixed structural expansion. The second challenge
is that graph structure should not be used only as a fixed index
after graph construction. Many GraphRAG-style systems exploit
structure through pre-built communities, paths, graph indexes, or
heuristic expansion rules, but once the graph is constructed, the
role of structure is largely fixed: a hub remains broadly expanded,
a bridge may be missed if it is not reached by the initial anchors,
and noisy shortcuts may be treated similarly to useful evidence
edges. This is insufficient for agent memory, where the graph itself
is continuously updated by new interactions and where the same
topological pattern may have different meanings across domains. A
structure-aware reader should therefore learn how structural roles
affect retrieval [8, 11, 27, 28].

The example in Figure 1 illustrates both challenges. Given the
query, the explicit cues are only Alice, lab meeting, Cornu Ammo-
nis, and agent memory. A retrieval system that only anchors on
the most query-matched nodes may retrieve the meeting note or
the biological cue, but still fail to connect them to hippocampus,
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Three Core Challenges in Agent Graph Memory

Writing and reading should  

Associative & Selective Reading

Reading should use graph roles such
as hubs, bridges, and communities.

A small partial cue should activate
the complete memory chain, while

Self-Evolving Memory

form a closed loop that 
improves each other over time.

Structural Information

avoiding noisy distractions.

Feedback

Reader

Memory

Writer

Graph
...

Figure 1: Overview of the three core challenges in agent graph memory, illustrated with a concrete example. Given the query,

“Alice mentioned a work in last week’s lab meeting that seemed to be inspired by the Cornu Ammonis. Among works in the
same field as that work, are there any that can also help with agent memory? Give one example,” the memory reader must

address associative and selective reading by expanding sparse partial cues into the correct evidence chain while avoiding noisy

distractors. It must then exploit structural information in the memory graph, such as aliases, bridges, and hubs, to traverse

from Cornu Ammonis to SAGE. Self-evolving memory highlights the closed loop between writing and reading.

HippoRAG, GraphRAG, and finally SAGE. This is the associative-
reading challenge: the system must piece together a long chain
from scattered cues. At the same time, the correct path depends
on structural roles: HippoRAG is a bridge, GraphRAG and RAG are
hubs that must be controlled rather than blindly expanded, and
the edge from GraphRAG to SAGE is critical for reaching the final
answer. This is the structural-information challenge: the reader
must use graph topology in a learned and selective way, not simply
propagate uniformly over a fixed graph.
Challenge III: Existing methods mostly optimize retrieval

trajectories, but rarely optimize the self-evolution of the

memory system itself. Existing RAG and GraphRAG systems
often assume that the external memory graph or knowledge base
is already available, so the main problem becomes how to retrieve
from it. For long-term agents, however, writing is itself part of the
memory problem. Conversely, retrieval failures provide useful sig-
nals about what the memory graph lacks. For example, if the reader
repeatedly needs to traverse from Cornu Ammonis to hippocampus-
style GraphRAG and then to the GraphRAG literature, the memory
system should gradually add or strengthen useful structural links,
such as a more direct edge from hippocampus-style GraphRAG to
GraphRAG. Thus, a true agent memory system should not only op-
timize retrieval trajectories; it should optimize the memory graph
itself through a closed loop in which better reading exposes writing
deficiencies, and better writing makes future reading more accurate,
selective, and efficient [3].

To address these challenges, we propose SAGE, a Self-evolving
Agentic Graph-memory Engine. Unlike GraphRAG systems that

mainly use graphs as retrieval middleware, SAGE treats the graph
as a dynamic long-term memory object. It couples two mutually
reinforcing components: a memory writer incrementally constructs
and revises graph memory; a Graph Foundation Model-based mem-
ory reader to perform retrieval and provide feedback to the memory
writer. SAGE directly targets the three challenges above: it recovers
long reasoning chains from fragmented cues, learns how to use
structural roles rather than propagate uniformly, and continuously
improves the graph memory itself for future queries.

2 Related Work

Retrieval-Augmented Generation and GraphRAG.. RAG provides
a non-parametric interface for language models by retrieving exter-
nal evidence before generation [22]. Many variants further improve
retrieval timing, reasoning interaction, adaptive policies, and hierar-
chical organization [1, 19, 20, 37, 39]. GraphRAG enables structured
retrieval over cross-document dependencies and multi-hop evi-
dence paths [8, 9, 11–13, 24, 28, 41, 45, 54, 55]. Another line of work
improves retrieval by optimizing retrieval trajectories, including
interleaved retrieval and reasoning, self-reflective retrieval, adap-
tive retrieval, multi-agent RAG, and reinforcement-learning-based
query rewriting [1, 2, 5, 19, 39, 40].

Agent Memory. Agent memory studies how LLM-based agents
store, update, retrieve, and use past experiences [6, 16, 21, 31, 32,
34, 44, 46, 51–53, 56]. Recent surveys also highlight the importance
of human-inspired and graph-based memory mechanisms for LLM

2
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agents [43, 47]. Meanwhile, memory benchmarks evaluate long-
term consistency, event reasoning, multi-session reasoning, tempo-
ral reasoning, knowledge updating, selective forgetting, abstention,
and hallucination control [3, 7, 14, 25, 29].

Graph Foundation Models. Graph FoundationModels (GFMs) aim
to learn transferable graph representations through large-scale pre-
training, allowing models to reuse structural priors and semantic
patterns across graphs, tasks, and domains [27]. Representative
early works include GCC, GPT-GNN, and GraphCL, which learn
transferable graph representations through cross-network contrast,
generative graph pretraining, and graph augmentation based con-
trastive learning [15, 33, 49, 50].

3 Preliminary

Given a knowledge-intensive memory sample 𝑥 = (𝑞,D,D+, 𝑦),
where 𝑞 denotes the query,D = {𝑑𝑖 }𝑁𝑖=1 denotes the set of candidate
historical memory fragments, D+ ⊆ D denotes the gold evidence
set that supports the answer, and 𝑦 denotes the ground-truth an-
swer. The writer is viewed as a structured policy model: at step ℎ,
given state 𝑠ℎ , the policy samples a writing action 𝑎ℎ ∼ 𝜋𝜃 (· | 𝑠ℎ)
and updates the partial graph as Gℎ+1 = Gℎ ⊕ 𝑎ℎ . The memory
reader R𝜙 performs query-conditioned propagation over the graph,
obtains entity relevance scores s𝐸 = 𝑓𝜙 (𝑞,G) ∈ R |V𝐸 | , and then
projects them into memory-fragment scores. The reader finally out-
puts (D̂𝑘 , Ĝ𝑞,Π𝑞) = R𝜙 (𝑞,G,M), where D̂𝑘 = TopK𝑑∈D (s𝐷 (𝑑)),
Ĝ𝑞 is the query-activated subgraph, and Π𝑞 denotes optional re-
lational paths. The generation model then produces the answer
𝑦 = LLM(𝑞, D̂𝑘 ,Π𝑞).

4 Method

At a high level, our method builds a self-evolving graph mem-
ory pipeline (Figure 2). The memory writerW𝜃 first transforms
the query and candidate historical memory fragments into a het-
erogeneous graph memory G. The memory reader R𝜙 then per-
forms query-conditioned activation over G: it softly locates query-
relevant entities, propagates evidence signals through relational
structures, and projects the activated entity-level information back
to memory fragments.

4.1 Memory Writer: Graph Memory Writing via

Reading Feedback

Policy-basedwriting. Thewriter ismodeled as a sequential decision-
making policy. At step 𝑡 , the state is defined as 𝑠𝑡 =

(
𝑞,D,G𝑡−1,Dproc

𝑡−1
)
,

where G𝑡−1 is the partially written graph, and Dproc
𝑡−1 denotes the

set of processed documents. The action 𝑎𝑡 contains entity-relation
triples (𝑢, 𝑟, 𝑣) together with their source anchors (𝑢, source, 𝑑).
Detailed implementation information is provided in Appendix O.

Reader-aware Writing Reward. The writer’s reward stems from
the task utility of its written graph after being accessed by the mem-
ory reader. Given the current graph G, the frozen reader returns
the evidence 𝑃𝑘 (𝑞,G). Inspired by [40], we employ two comple-
mentary types of rewards. The first category measures whether
the graph is sufficient as a knowledge carrier to support the deriva-
tion of the answer: 𝑟ded (𝑞,𝑦,G) = I

[
Judge

(
𝑞,𝑦 | 𝑃𝑘 (𝑞,G)

)
= Yes

]
.

The second category measures whether the graph can serve as a
knowledge index to recover the supporting text: 𝑟rec (𝑞,D+,G) =
|𝑃𝑘 (𝑞,G)∩D+ |

|D+ | , 𝑟pre (𝑞,D+,G) = |𝑃𝑘 (𝑞,G)∩D
+ |

|𝑃𝑘 (𝑞,G) | . Where 𝑟rec encourages
the coverage of necessary evidence, while 𝑟pre penalizes the expan-
sion of irrelevant evidence. To align with end-to-end question an-
swering, we also use an answer-level auxiliary reward 𝑟ans (𝑞,𝑦,G) =
max𝑦′∈Y(𝑦) F1

(
𝑦,𝑦′

)
, 𝑦 = LLM

(
𝑞, 𝑃𝑘 (𝑞,G)

)
, where Y(𝑦) is the

set of answer aliases. In practice, we adopt a hybrid task reward
𝑟task =

𝛼𝑟rec+𝛽𝑟pre+𝛾𝑟ded
𝛼+𝛽+𝛾 .

Furthermore, to prevent the policy from inflating the graph size
by stacking duplicate triples, we define a repetition rate: 𝜌rep (G) =
|T (G)| − | uniq(T (G)) |

|T (G)| and derive the trajectory return 𝑅(𝜏) =

𝑟task (𝜏) − 𝜆rep𝜌rep (G𝜏 ) + 𝜆fmt
∑ |𝜏 |
𝑡=1 𝑟

fmt
𝑡 . This directly addresses the

issue revealed by works such as HaluMem: errors in memory sys-
tems often do not emerge only at the answering stage, but are
already written during the extraction and updating phases [3]. We
employ standard clipped GRPO to update the writer.

4.2 Memory Reader: Memory Retrieval Based

on Graph Foundation Model

The memory reader must operate stably over graph memory that
is continuously updated by the writer. Dense retrievers mainly
learn query–document semantic matching and thus struggle to ex-
ploit entity roles, bridge paths, and cross-community dependencies,
while conventional GNN retrievers are often tied to fixed graph
distributions and generalize poorly across domains, users, and evo-
lution stages. We therefore adopt a Graph Foundation Model (GFM)
as the memory reader, whose multi-graph pre-training enables
transferable structural priors and lightweight calibration on new
graphs [28, 54]. Formally, the memory reader outputs an entity
distribution, a document distribution, and an optional retrieval
subgraph 𝑓𝜙 (𝑞,G,D) =

(
𝑝𝜙 (𝑒 | 𝑞,G), 𝑝𝜙 (𝑑 | 𝑞,G,D),G𝑞

)
. Where

𝑝𝜙 (𝑒 | 𝑞,G) represents the entity memory activated by the query,
𝑝𝜙 (𝑑 | 𝑞,G,D) denotes the final retrieved textual evidence, and
G𝑞 provides an interpretable retrieval path. To obtain a compact
and query-aligned activated subgraph, we further introduce a light-
weight query-conditioned subgraph selector; implementation de-
tails are provided in Appendix I.

Cognition-inspired Structured Query Planning. When humans
extract long-term memories, the brain often automatically gener-
ates multi-dimensional retrieval cues to anchor the target based on
only a vague final intention. Inspired by this, we no longer treat
the natural language query as a single retrieval command. Instead,
we introduce a planning function P𝜔 to simulate the cue recon-
struction process of the human brain before awakening memory,
decomposing the initial query into a set of rich associative probes:
P𝜔 (𝑞) =

(
Eexp,A, Crel, Chard, 𝜏, {(𝑞𝑚, 𝛼𝑚, 𝑡𝑚)}𝑀𝑚=1

)
. Detailed defi-

nitions of the notation, additional information, and the concrete
prompt templates and output schema are provided in Appendix K.
This multi-path concurrent awakening method effectively over-
comes the "tip-of-the-tongue phenomenon" (i.e., difficulties in alias
alignment or missing bridging entities) and naturally stitches to-
gether forgotten implicit relationships [1, 39, 44, 53].

3
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trend?"

chip
hot trend

Person 
/organizat
ion

Influencer
/Driver

Query1
Who popularized "chip" 
as a hot trend?
intent: find trend 
maker

Query2
Which entity is 
associated with the rise 
of chip?
intent: association / 
graph bridge

...
Soft Addressing

score

score

Structurally Associative 
PropagationContext Channel Schema Channel

Community

Bridge

Hub

Peripheral

Context–schema Channel 

Retrieved Docs

Output

Ent. Relevance
Score

Retrieved 
Subgraphs

Recover Reward

Deduced Reward

GRPO 

LLMAnswers

Self-Evolving 

entity

answer 

type

relation

Figure 2: Overall pipeline of the proposed SAGE. The memory writer incrementally constructs and updates graph memory from

observations through state-conditioned writing actions, and receives rewards from downstream memory use. The resulting

retrieval feedback closes the loop between writing and reading, enabling graph memory to improve over time.

Soft Addressing and Pre-activation of Memory Fragments. Cogni-
tive neuroscience reveals that human memory retrieval involves
not only the extraction of perfectly matching information but also
the instinctive awakening of peripherally related memories through
Semantic Priming. And to address the first challenge, we treat the
calculation of the query-conditioned entry score 𝑠𝑒 (𝑞) as a com-
prehensive assessment of the stimulus intensity across different
Memory Engrams:

𝑠𝑒 (𝑞) =𝜆1 Exact(𝑒, Eexp) + 𝜆2 Alias(𝑒,A) (1)

+ 𝜆3 max
𝑚≤𝑀

cos
(
Emb(desc(𝑒)), Emb(𝑞𝑚)

)
+ 𝜆4 Type(𝑒, 𝜏) + 𝜆5 Cons(𝑒, Chard) + 𝜆6

∑︁
𝜉∈NER(𝑞)

EL(𝑒 | 𝜉) .

(2)

Subsequently, the system employs a Softmax function with a tem-
perature coefficient 𝑇0 to simulate the brain’s limited Attention
Allocation mechanism during retrieval. This normalizes the multi-
dimensional stimulus signals to form the initial activation distribu-
tion of the memory atlas 𝑝0 (𝑒 | 𝑞) = exp(𝑠𝑒 (𝑞)/𝑇0 )∑

𝑣∈V𝐸 exp(𝑠𝑣 (𝑞)/𝑇0 ) . Based on
this distribution, we define the initial state of the memory nodes as
h(0)𝑒 =

(
𝑝0 (𝑒 | 𝑞)

)𝜂
𝑊𝑞 Emb(𝑞) +𝑊𝑥x𝑒 . In this process, x𝑒 acts as the

solidified long-term memory (static representation of entities) in
the brain, while the query vector adjusted by the cognitive recall
degree 𝑝0 (𝑒 | 𝑞) represents the current working memory (task
context).

Synapse-inspired Structurally Conditioned Associative Propaga-
tion. To address the second challenge while avoiding indiscriminate
diffusion, we introduce edge-level vector structural gating in the

GFM. The node-level structural features, edge-pair structural fea-
tures, and graph-level summary are defined as:

𝜙 (𝑣) =
[

log(1 + 𝑑𝑣), 𝑐𝑣, 𝜅𝑣, 𝑑N(𝑣)
]
, (3)

𝜓 (𝑢, 𝑣) =
[
|𝑑𝑢 − 𝑑𝑣 |, |N (𝑢) ∩ N (𝑣) |, Jaccard(N (𝑢),N(𝑣))

]
, (4)

rG =
[

mean𝑣∈V𝐸 𝜙 (𝑣); std𝑣∈V𝐸 𝜙 (𝑣); dens(G)
]
. (5)

Detailed definitions and normalization procedures are provided
in Appendix L. The edge structural context for the 𝑙-th layer is
z(𝑙 )𝑢𝑣 =

[
𝐸
(𝑙 )
𝑛 (𝜙 (𝑢));𝐸 (𝑙 )𝑛 (𝜙 (𝑣));𝐸 (𝑙 )𝑝 (𝜓 (𝑢, 𝑣));𝐸

(𝑙 )
𝑔 (rG)

]
, which gen-

erates the vector gating g(𝑙 )𝑢𝑣 = 1 + 𝛿 tanh
(
MLP(𝑙 )𝑔 (z(𝑙 )𝑢𝑣 )

)
. Let 𝜂𝑢𝑣

be the normalized adjacency weight with self-loops; the message
and node updates are m(𝑙 )𝑢→𝑣 = 𝜂𝑢𝑣 g

(𝑙 )
𝑢𝑣 ⊙𝑊 (𝑙 )𝑚 h(𝑙−1)

𝑢 , h(𝑙 )𝑣 =

LayerNorm
(
h(𝑙−1)
𝑣 + PReLU

(
b(𝑙 ) +∑

𝑢∈N(𝑣) m
(𝑙 )
𝑢→𝑣

))
. Unlike tra-

ditional heuristic path expansion, PPR walks, or community sum-
marization [8, 9, 41], the system here can actively perform Inhibi-

tion of non-specific generalized memories (suppressing hub edges),
keenly capture and preserve long-distance associations across
different cognitive clusters (lateral thinking/bridge edge preser-
vation), and undergoHabituation (weakening redundant edges)
toward highly repetitive local information, much like the human
brain.

Traditional query-dependent GNNs or PPR-style expansion can
perform multi-hop propagation along graph structures. But the key
issue is not simply to expand the propagation range, but to preserve
the advantage of query-relevant evidence signal over distractor
noise under a limited top-𝑘 budget. Proposition 1(i) summarizes
this signal–budget view: soft addressing improves the initial evi-
dence activation, structural gating preserves bridge/evidence paths
while suppressing noisy neighborhoods, and controlled entity-to-
document projection converts the entity-level advantage into more

4
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efficient document-level retrieval. Complete definitions, assump-
tions, and proofs are provided in Appendix B.

Target Graph Calibration and Cross-graph Structural Priors. Hu-
man memory, on one hand, reorganizes cues based on the current
context, while on the other, it retains relatively stable structured
recall habits. In our self-evolving graph memory, each G gener-
ated by the writer per round alters the local topology and noise
distribution; therefore, the reader cannot rely solely on propagation
patterns from a fixed graph.

Since the writer continuously changes the memory graph, the
reader must simultaneously adapt to the current target graph and
preserve cross-graph structural priors. This is precisely why we
introduce the context–schema decomposition. As summarized in
Proposition 1(ii), the schema channel provides a transferable struc-
tural prior, while the context channel corrects the target-graph
residual induced by the current writer, current domain, entity gran-
ularity, and local noise. The complete theoretical motivation is
provided in Appendix C and Appendix D.

First, a feature prompt vector p𝑓 is used for a lightweight cali-
bration of the query-activated input h̃(0)𝑒 = p𝑓 ⊙ h(0)𝑒 . The con-
textual calibration channel performs gated propagation on the
current graph G: Hctx = 𝐹gate (H̃(0) ,G;Θgate). Where Hctx cap-
tures the immediate structural state within the current memory
graph. Simultaneously, the schema prior channel maintains a set
of cross-graph structural prompt bases {P(𝑙 )

𝑗
}𝐾𝑗=1, which are used

to encode stable reading habits formed during multi-graph train-
ing: 𝜔 (𝑙 )

𝑗
= softmax𝑗 (a(𝑙 )/𝑇𝑝 ), P(𝑙 )schema =

∑𝐾
𝑗=1 𝜔

(𝑙 )
𝑗
P(𝑙 )
𝑗
. Propaga-

tion is executed based on these schema prompts to obtain: Hsch =

𝐹prompt
(
H̃(0) ,G; {P(𝑙 )schema}

𝐿
𝑙=1

)
. The final entity representation is jointly

determined by the current context and the long-term schema:H(𝑞,G) =
Hctx + 𝛽schHsch. Here, Hctx is analogous to a context-dependent im-
mediate recall state, responsible for adapting to the specific graph
structure generated by the current writer; Hsch is akin to a memory
schema formed across experiences, retaining the ability to recog-
nize stable patterns such as bridge nodes, community boundaries,
core–periphery structures, and noise short-circuits.

Reader Training. Reader training aims to learn cross-graph trans-
ferable retrieval biases through a two-stage procedure. First, we
perform structural contrastive pre-training on multiple augmented
graph views. Then, in the supervised fine-tuning stage, we align
these transferable capabilities with question-driven evidence re-
trieval by training the reader to identify and rank supporting enti-
ties for each query using weighted classification and multi-positive
ranking objectives. Implementation details are provided in Appen-
dices M and N.

Writer–Reader Self-evolution. To address the third challenge, we
propose a self-evolution framework. Each of our self-evolution iter-
ations consists of two phases. First, we fix the reader and train the
writer using its retrieval results as rewards. Subsequently, we use
the updated writer to generate new graphs and continue training
the reader. The overall procedure is detailed in Algorithm 1.

Table 1: Open-domain retrieval results on NQ and PopQA. We

report passage/document-level Recall (%) at top-2 and top-5

when comparable numbers are available in original papers or

later works that reproduce/cite these methods. Best available

results are in bold and runner-ups are underlined. Only rows

marked with
0-shot

are our zero-shot transfer results; baseline

rows are not marked as zero-shot.

Zero-shot setting applies only to SAGE on NQ and PopQA.

Dataset NQ PopQA

Method R@2D R@5D R@2D R@5D
BM25 (� SIGIR’94) 28.2† 56.1† 24.0† 35.7†
Contriever (� TMLR’22) 29.1† 54.6† 27.0† 43.2†
GTR (� EMNLP’22) 35.0† 63.4† 40.1† 49.4†
ColBERTv2 (� NAACL’22) 36.8★ 64.3★ – –
RAPTOR (� ICLR’24) 40.3† 68.3† 40.2† 48.7†
Proposition (� EMNLP’24) 33.1★ 62.2★ – –

HippoRAG (� NeurIPS’24) 21.3† 44.4† 40.0† 53.8†
HippoRAG 2 (� ICML’25) 45.6† 78.0† 43.9

† 51.7†
PropRAG (� EMNLP’25) – 77.9‡ – 56.2

‡

SAGE (ours)
0-shot

82.5
0-shot

91.6
0-shot 41.50-shot 52.30-shot

† Values are from the reproduced passage Recall@2/5 evaluation in�. ‡ Values are
from the Recall@5 table in�; Recall@2 is not reported there. ★ Values are from the

reproduced single-step retrieval table in�; PopQA is not reported there.

Proposition 1. Theoretical consequences of SAGE

(i) Signal–budget efficiency. Soft addressing, structural
gating, and controlled entity-to-document projection
jointly improve evidence signal over distractor noise,
thereby reducing the top-𝑘 budget needed for evidence
coverage.

[� SNR proof] [� Budget proof]

(ii) Context–schema decomposition. The reader com-
bines transferable structural priors with target-graph
calibration, so adaptation only needs to correct graph-
specific residuals.

[� Proof]

(iii) Evolution stability. Under bounded graph drift, con-
secutive writer updates induce bounded document-
score changes.

[� Proof]

From a theoretical perspective, this process can be interpreted as
approximate coordinate improvement over a joint memory utility:
the writer update improves the readability of the graph memory,
while the reader update reduces writer-induced graph distribution
shift and reward bias.

We provide the full coordinate-improvement result, the surro-
gate reward bias bound, and the analysis of single-sided update
bottlenecks in Appendix F. In addition, Proposition 1(iii) shows
that although each writer update changes the graph structure in
self-evolving memory, the reader output does not oscillate arbitrar-
ily with graph evolution. We provide detailed training, inference,
memory, and selector-regularizer complexity analyses in Appen-
dix J.
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Figure 3: Visualization of the retrieved results.

5 Experiments

This section presents an experimental evaluation centered around
four research questions (RQs). RQ1: whether SAGE can bring con-
sistent benefits in tasks such as multi-hop QA and open-domain
transfer;

RQ2: whether SAGE is an agent memory system capable of
handling long-term conversation history, knowledge updates, and
memory hallucination;

RQ3: whether the writer–reader closed loop truly yields self-
evolution benefits;

RQ4: further analysis of where and how the performance gains
come from specific designs.

Datasets. We evaluate SAGE on five complementary scenar-
ios. The first category consists of general QA benchmarks and
three multi-hop QA benchmarks, including NQ, PopQA, HotpotQA,
2WikiMultiHopQA, and MuSiQue, used to examine whether the
system can recover bridge entities across documents and combine
evidence and reasoning paths. The second category focuses on a
practical e-commerce application scenario, using a Review-Based
Question Answering Task: AmazonQA, to assess its value in real
e-commerce applications with real noisy reviews. The third cate-
gory comprises long-term agent memory datasets, including Long-
MemEval and HaluMem, used to test information extraction from
long interaction histories, multi-session reasoning, temporal rea-
soning, knowledge updating, abstention, and operation-level hallu-
cination. Table 13 summarizes the details of each dataset. Further
details on baselines and metrics can be found in Appendix R.

5.1 End-to-End Effectiveness

Multi-hop Question Answering. Table 3 reports the main results
on general QA benchmarks and three multi-hop QA benchmarks.
Table 9 reports the results of retrieval performance on multi-hop
QA benchmarks. It is worth mentioning that even when we directly
test on NQ and PopQA using a model trained only on MuSiQue,
HotpotQA, and 2WikiMultiHopQA, we still achieve very strong
performance, especially on NQ; see Table 1 for the detailed results.

Domain-specific Memory. Table 10 reports the results on Ama-
zonQA. SAGE consistently outperforms the neural baseline R-Net

1memobase: https://github.com/memodb-io/memobase.
2Supermemory: https://github.com/supermemoryai/supermemory.
3MemU: https://github.com/NevaMind-AI/memU.

Table 2: Performance of representative memory systems

on LongMemEval. We report accuracy (%) on six task cate-

gories: single-session user (SS-U), single-session assistant

(SS-A), merged single-session recall (SSR), single-session pref-

erence (SS-P), knowledge update (KU), temporal reasoning

(TR), and multi-session reasoning (MS). SSR is computed as

the weighted average of SS-U and SS-A when both are avail-

able; if a source reports only merged single-session recall,

SS-U/SS-A are left blank. Best results are in bold and runner-

ups are underlined. The darker the cell, the better. Results

are grouped by reporting protocol and should not be treated

as a single strict leaderboard. Only rows marked with
0-shot

are our zero-shot transfer results; baseline rows and trained

variants are not marked as zero-shot.

Zero-shot setting applies only to Ours rows marked with
0-shot

on LongMemEval.

Dataset LongMemEval-S / LongMemEval

Method SS-U SS-A SSR SS-P KU TR MS Overall
Unified protocol in TiMem (GPT-4o-mini, LLJ accuracy)
MemoryBank (�) 50.0 9.8 32.1 0.0 21.8 0.0 0.0 11.5
A-MEM (�) 82.9 87.5 84.9 39.3 72.8 36.1 40.3 55.4
Mem0 (�) 94.3 51.8 75.4 50.0 78.7 49.2 66.2 65.0
MemoryOS (�) 81.1 78.2 79.8 51.3 56.1 53.4 44.8 58.1
MemOS (�) 93.7 67.9 82.2 50.7 76.7 65.1 58.8 68.7
TiMem (�) 95.7 82.1 89.7 63.3 86.2 68.4 70.8 76.9

MemOS evaluation suite (short-answer prompt)
MIRIX (�) 72.8 63.6 68.8 53.3 52.6 25.6 30.1 43.5
Mem0 (�) 82.9 26.8 57.9 90.0 66.7 72.2 63.1 66.4
Zep (�) 92.9 75.0 84.9 53.3 74.4 54.1 47.4 63.2
memobase1 92.8 23.2 61.9 80.0 89.7 75.9 66.9 72.4
Supermemory2 85.7 58.9 73.8 90.0 55.1 44.4 52.6 58.4
MemU3 67.1 19.6 46.0 76.7 41.0 17.3 42.1 38.4
Our method
Ours (0-shot)

0-shot 60.3 81.4 68.0 16.7 23.5 13.8 9.4 28.4
Ours (trained) 73.3 80.0 76.0 23.1 27.8 22.8 12.5 34.3
Ours +1 round 79.4 80.5 79.6 15.8 26.2 22.8 10.7 34.1

across all metrics, indicating strong cross-task generalization. After
training on AmazonQA, Ours achieves substantial gains. Over-
all, training and interaction rounds steadily enhance performance,
while the zero-shot results demonstrate promising transfer ability.

5.2 Long-term Agent Memory Evaluation

The LongMemEval results are shown in Table 2. The HaluMem
results are shown in Table 11. SAGE is compared against highly
specialized long-term memory systems, making this a challeng-
ing evaluation setting. Although SAGE does not yet surpass the
strongest system-level baselines. Notably, SAGE +1 round already
outperforms Memobase on several metrics, suggesting that it is
competitive despite being less system-engineered. The remaining
gap mainly lies in memory updating and high-coverage extraction,
indicating clear potential for further gains with stronger memory
management and update mechanisms.

5.3 Further Analysis

As shown in Table 4, SAGE demonstrates a strong speed advantage.
It achieves the fastest retrieval time, indicating strong potential
for practical and large-scale deployment. To further analyze the
interpretability of SAGE, we visualize the retrieved subgraph for
a representative case, as shown in Figure. A detailed case study
can be found in P.1. The detailed ablation study design, analysis,
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Table 3: Results of multi-hop question answering (QA) performance. We report Exact Match (EM) and F1 score, both reported as

percentages (%). Best results are in bold and runner-ups are underlined. The darker the cell, the better.

Dataset HotpotQA MuSiQue 2WikiMultiHopQA
Avg. Rank

Method EM F1 EM F1 EM F1
BM25 (� arXiv’24) 40.0 53.2 19.5 23.6 46.9 57.9 15.5
Contriever (� TMLR’22) 34.9 51.2 16.3 21.6 24.3 33.9 20.5
GTR (� EMNLP’22) 33.8 51.9 15.1 25.2 33.7 42.5 19.7
ColBERTv2 (� NAACL’22) 43.4 57.7 15.5 26.4 33.4 43.3 17.3
RAPTOR (� ICLR’24) 48.2 59.2 17.6 28.9 30.6 42.0 15.8
GraphRAG (� arXiv’24) 35.3 54.6 13.4 29.5 28.3 46.9 18.0
G-Retriever (� NeurIPS’24) 33.2 50.3 18.0 25.9 42.3 45.6 18.2
LightRAG (� arXiv’24) 36.8 48.3 18.1 27.5 45.1 49.5 16.7
HippoRAG (� NeurIPS’24) 41.8 55.0 19.2 29.8 46.6 59.5 13.8
HippoRAG 2 (� ICML’25) 57.3 69.6 33.9 40.5 75.4 78.2 4.7
SubgraphRAG (� ICLR’25) 52.6 65.8 33.0 39.2 71.0 76.2 7.5
PropRAG (� EMNLP’25) 57.2 70.1 38.9 41.3 73.0 79.9 3.8
GFM-RAG (� NeurIPS’25) 51.6 66.9 30.2 40.4 69.8 77.7 7.8
FLARE (� EMNLP’23) 48.7 60.6 16.2 28.4 46.7 65.4 12.7
Adaptive-RAG (� NAACL’24) 45.5 59.6 13.8 25.6 48.9 62.8 14.3
ColBERTv2 + IRCoT (� ACL’23) 45.5 58.4 19.1 30.5 35.4 45.1 14.4
HippoRAG + IRCoT (� ACL’23) 45.7 59.2 21.9 33.3 47.7 62.7 11.3
GFM-RAG + IRCoT (� ACL’23) 56.0 71.8 36.6 49.2 72.5 80.8 3.7
SAGE (ours) 51.3 72.7 28.0 47.3 64.5 75.3 7.5
ours +1 round 60.4 73.4 32.2 52.3 71.7 79.5 4.2
ours +2 round 56.1 80.8 34.2 53.1 74.0 80.4 2.5

ours + IRCoT 52.3 75.0 35.2 52.6 72.2 82.9 3.3

Table 4: Retrieval efficiency comparison. We report retrieval

time in seconds on HotpotQA, MuSiQue, and 2Wiki. For Time,

lower is better. Best results are in bold and runner-ups are

underlined. The darker the cell, the better.

Dataset HotpotQA MuSiQue 2Wiki

Method Time↓ Time↓ Time↓
Single-step retrieval methods
ColBERTv2 0.035 0.030 0.029
HippoRAG 0.255 0.251 0.158
LightRAG 0.861 1.109 0.911
GraphRAG (MS) 2.759 3.037 1.204
GFM-RAG 0.107 0.124 0.060
Iterative retrieval methods
IRCoT + ColBERTv2 1.146 1.152 2.095
IRCoT + HippoRAG 3.162 3.104 3.441
SAGE 0.032 0.034 0.019

and results for the Memory Writer and Reader can be found in
Appendix H and Appendix G, respectively.

6 Conclusion

We presented SAGE, a self-evolving agentic graph-memory engine
that treats memory as a dynamic substrate for writing, reading, and
continual improvement. Experiments show that SAGE improves
evidence recovery, grounding, and retrieval efficiency, suggesting
that self-evolving graph memory is a promising foundation for
long-horizon language agents.
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Algorithm 1:Writer–Reader Self-evolution Training for
SAGE
Input: Training set Dtrain, writer 𝜋𝜃0 , GFM reader 𝑓𝜙0 ,

self-evolution iterations 𝑇
Output: Trained writer 𝜋𝜃𝑇 and reader 𝑓𝜙𝑇

1 for 𝑡 = 0, . . . ,𝑇 − 1 do

2 // Writer update: fixed GFM reader as reward

environment

3 for each sample 𝑥 = (𝑞,D,D+, 𝑦) ∈ Dtrain do

4 Sample 𝐺 graph construction trajectories {𝜏𝑖 }𝐺𝑖=1
from 𝜋𝜃𝑡 ;

5 for 𝑖 = 1, . . . ,𝐺 do

6 Obtain graph G𝑖 and retrieve 𝑃𝑘 (𝑞,G𝑖 ) using 𝑓𝜙𝑡 ;
7 Calculate return 𝑅𝑖 ;
8 Update writer 𝜋𝜃𝑡 ;
9 // Reader update: improved graphs as memory

substrate

10 Construct a set of graph memories {G𝑥 } for the training
corpus using 𝜋𝜃𝑡+1 ;

11 Update GFM reader 𝑓𝜙𝑡 on {G𝑥 };

A Additional Analysis of the Memory Writer

This appendix provides a detailed analysis of the memory writer
experiments in the main text.

A.1 Reward Design and Writer Behavior

In Table 5, different RL rewards induce different writer behav-
iors. GFM-pretrained-only achieves Precision/Recall/Deducible of
0.838/0.818/0.510, while GFM-finetuned achieves 0.824/0.813/0.512,
indicating that relying solely on supervised finetuning cannot sta-
bly improve the utility of graph memory for a frozen reader. This
result is also consistent with our setup: the goal of the memory
writer is not to reproduce a static graph format.

RL-Recall improves Precision and Recall to 0.889/0.835, but De-
ducible drops to 0.502. This shows that rewarding only supporting
context coverage encourages the writer to store more locally rele-
vant evidence, but does not necessarily lead to a complete multi-hop
reasoning chain. RL-F1 further raises Recall to 0.881, but Deducible
is only 0.497, again indicating a gap between retrieval matching
quality and answer deducibility: the reader hitting the supporting
contexts does not guarantee that these contexts are organized in a
way sufficient to support answer reasoning. In contrast, RL-Deduce
achieves 0.861/0.892/0.517, showing that using answer deducibility
directly as feedback can encourage the writer to focus more on
bridging entities, cross-document relations, and answer-relevant
causal or attribute paths.

RL-Hybrid achieves Precision and Recall of 0.902 and 0.917,
respectively, representing improvements of +0.064 and +0.099 over
pretrained-only, while Deducible reaches 0.522. This indicates that
hybrid rewards can mitigate the bias of a single reward: they both
avoid the introduction of toomuchweakly relevant evidence caused
by a pure recall reward and prevent a pure deducibility reward from
overfavoring short paths or local answer clues. Hybrid + frozen

answer API achieves the highest Deducible, at 0.526, but Precision
and Recall drop to 0.832/0.874. This suggests that stronger answer-
side feedback can further improve reasoning usability, but it may
also make the writer more conservative, writing only evidence
directly related to the final answer and thereby sacrificing some
supporting context coverage.

A.2 Cross-domain Transfer

Table 6 shows that the base writer trained on HotpotQA/MuSiQue
has a certain degree of transferability to new domains, but training
on the target domain remains very important. On GRBench, Base→
GRBench achieves Precision/Recall/Deducible of 0.575/0.609/0.411,
while GRBench train→val improves to 0.794/0.833/0.596. This im-
provement indicates that the writing strategy learned for multi-hop
QA can transfer to structured product or domain graph memory
tasks, but the entity types, attribute relations, and evidence granu-
larity in the target domain still need to be re-adapted.

On HaluMem and LongMemEval, cross-domain differences are
evenmore pronounced. The Base→HaluMem results are 0.230/0.448/
0.299, which improve to 0.312/0.708/0.438 after training on the tar-
get domain; the Base→LongMemEval results are 0.232/0.376/0.475,
which improve to 0.377/0.439/0.531 after training on the target do-
main. These results indicate that memory writing in agent memory
tasks requires not only extracting explicit facts, but also maintain-
ing user preferences, temporal order, state updates, and long-term
consistency. In traditional multi-hop QA, supporting contexts often
form a relatively static set of evidence centered around a single
question, whereas information in long-term memory tasks changes
over time and involves personalization, conflict updates, and con-
text dependence. Therefore, although reader-aware RL feedback can
provide transferable writing principles, interaction feedback from
the target domain remains crucial for achieving stable performance.

A.3 Writing Protocol and Interaction Budget

Table 7 shows that the writing protocol significantly changes the
trade-off among Precision, Recall, and Deducible. The results for
Tight=True are 0.836/0.806/0.515; the results for Tight=False are
0.845/0.851/0.506. After relaxing the protocol, Recall improves
noticeably, indicating that the writer can write more potentially
relevant evidence; however, Deducible declines, suggesting that
the additional evidence also contains more noise, redundant facts,
or weakly related local information. Although this content may
increase the coverage of supporting context, it can dilute the rea-
soning chain that truly supports the answer.

Iterative writing further highlights the role of the interaction
budget. For Iterative, 12 turns, tight, Precision/Recall/Deducible are
0.852/0.829/0.516; after increasing to 20 turns, Recall reaches the
highest value of 0.881, indicating that multi-turn reader feedback
helps the writer complete cross-document bridging paths. For Itera-
tive, 24 turns, loose, Precision and Deducible reach 0.863 and 0.531,
respectively, but Recall falls back to 0.826. This shows that more
rounds of interaction are not simply “the longer, the better”: the
benefit comes from the writer revising the graph structure based
on reader feedback, whereas when the protocol is too loose or the
writing space becomes too large, the additional content may alter
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the reader’s ranking, causing some gold supporting contexts to be
pushed out of the top results.

A.4 Reader-side Sensitivity

Figure 4 analyzes the impact of the frozen reader setting on writer
training results. First, the top-𝑘 budget sweep shows a non-monotonic
trend: at 𝑘 = 5, reward and Deducible are 0.623/0.528, the better set-
ting in this group; at 𝑘 = 40, reward remains at 0.622, but Deducible
drops to 0.518; at 𝑘 = 60, reward further declines to 0.591. This
indicates that expanding the retrieval budget does not necessarily
lead to better reader feedback. Although a larger top-𝑘 improves
potential coverage, it also introduces more weakly related or redun-
dant evidence, diluting the reasoning chain that truly supports the
answer.

The ranker variants also reflect a similar coverage–noise trade-
off. topk20 achieves the highest reward andDeducible, at 0.630/0.544,
respectively; idf-only and raw both have a reward of 0.626, but their
Deducible scores are 0.538 and 0.519, respectively; idf-topk60 de-
clines to 0.595/0.506. This shows that the reader ranker cannot
rely solely on entity overlap or on expanding the candidate set, but
instead must strike a balance among entity matching, semantic rel-
evance, and contextual compactness. For the writer, an overly weak
ranker makes it difficult for effective graph structure to be read
out, while an overly broad candidate space amplifies the negative
impact of noisy writes.

Initial-entity weight is the most stable factor among the three
groups of reader-side settings.When initial-entity weight is enabled,
reward reaches 0.639 and Deducible is 0.525; when it is disabled,
reward drops significantly to 0.547 and Deducible falls to 0.505.
Even when the budget is increased after disabling it, the rewards for
off@10 and off@40 recover only to 0.613 and 0.615. This indicates
that the initial entity anchor is crucial in multi-hop graph retrieval:
it helps the reader enter the correct local subgraph from the question
entity and expand along the bridging relations written by the writer
to the evidence supporting the answer. Without this anchor, simply
increasing the retrieval budget cannot fully compensate for the
deviation in graph traversal direction.

A.5 Training Stability and Regularization

Figure 5 shows the effects of training regularization and rollout
settings on the writer. First, the repetition penalty affects both re-
ward and Deducible, but the trend is not monotonic. Without any
penalty, the result is 0.585/0.510; with a penalty of 0.10, it improves
to 0.610/0.520; with a penalty of 0.50, it reaches the best result in
this group at 0.619/0.522; after further increasing it to 1.00, it drops
to 0.597/0.500. This indicates that a moderate penalty on repeated
triples can suppress redundant edges and cyclic expressions, but an
overly strong penalty may limit the writer’s necessary restatement
of key facts. Especially in multi-hop reasoning, the same bridg-
ing entity often needs to appear in multiple relational paths, so
repetition is not always meaningless noise.

Rollout filtering brings consistent but limited gains. When fil-
tering is disabled, reward/Deducible is 0.585/0.510; after applying
thr_80, thr_90, and thr_95, reward increases to 0.621, 0.617, and
0.625, respectively, while Deducible remains stable at 0.516–0.518.
This suggests that filtering out low-quality rollouts can reduce the

interference of noisy trajectories with policy updates, allowing the
writer to learn effective writing strategies more stably. However,
the differences between thresholds are small, indicating that the
main role of filtering is to remove obviously negative samples rather
than determine the final performance ceiling.

Rollout group size and warmup ratio further affect training stabil-
ity. As group size increases from 𝑛 = 1 to 𝑛 = 10, reward/Deducible
rises from 0.610/0.511 to 0.620/0.531, indicating that a larger group
size can provide more reliable relative preference estimates and
help RL distinguish more accurately between effective and inef-
fective writing. The optimal warmup ratio appears at 0.20, where
Deducible reaches 0.529; too little warmup may lead to unstable
early policy updates, while too much warmup may delay the effect
of the RL signal. Overall, these regularization and training scale
settings can improve stability, but their gains are smaller than those
from reward design, reader-side initial-entity weight, and the in-
teraction protocol itself. This shows that the core improvement
of the memory writer comes from reader-aware RL feedback: it
forces the graph constructor to learn to preserve bridging entities,
cross-document relations, and evidence chains that support answer
derivation, while also reducing repetitive structures and irrelevant
local facts.

B Signal-to-Noise Ratio and Retrieval Budget of

Structurally Gated Propagation

This section analyzes the structural capability of the GFM mem-
ory reader in SAGE from the perspective of signal propagation
and retrieval budget. Unlike graph-isomorphism expressivity anal-
yses centered on 𝑘-WL, we focus on the following question: on
noisy graph memories dynamically written by the memory writer,
how do soft addressing, structurally gated propagation, context–
schema dual-channel calibration, and entity-to-document projec-
tion jointly improve the ratio of query-relevant evidence signal
to distractor noise, thereby reducing the top-𝑘 retrieval budget
required to achieve a given level of evidence coverage?

B.1 Review of the SAGE-GFM Reader

Formalization

Given a sample 𝑥 = (𝑞, 𝐷, 𝐷+, 𝑦), where 𝑞 denotes the query, 𝐷 =

{𝑑𝑖 }𝑁𝑖=1 denotes the candidate memory fragments, and 𝐷+ ⊆ 𝐷

denotes the gold evidence set supporting the answer 𝑦, the memory
writer constructs a heterogeneous graph

𝐺 =𝑊𝜃 (𝑞, 𝐷) = (𝑉𝐸 ∪𝑉𝐷 , 𝐸𝐸𝐸 ∪ 𝐸𝐸𝐷 ), (6)

where𝑉𝐸 is the set of entity nodes,𝑉𝐷 is the set ofmemory-fragment
nodes, 𝐸𝐸𝐸 denotes entity–entity relation edges, and 𝐸𝐸𝐷 denotes
entity–text-fragment anchoring edges. The GFM memory reader
outputs an entity distribution, a document distribution, and an
optional activated subgraph:

𝑓𝜙 (𝑞,𝐺, 𝐷) =
(
𝑝𝜙 (𝑒 | 𝑞,𝐺), 𝑝𝜙 (𝑑 | 𝑞,𝐺, 𝐷), 𝐺𝑞

)
. (7)

The reader first uses query planning and soft addressing to gener-
ate query-conditioned initial activation for entities. Let 𝑠𝑒 (𝑞) denote
the entry score of entity 𝑒 , which integrates multiple cues such as
explicit entities, aliases, pseudo-query similarity, answer type, hard
constraints, and entity linking. The initial activation distribution is
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Figure 4: Freeze the sensitivity analysis on the reader side. The impact of the initial-entity weight on reward and Deducible is

the most stable; the top-𝑘 and ranker variants exhibit a non-monotonic budget–noise trade-off.

0.00 0.10 0.30 0.50 1.00
0.0

0.2

0.4

0.6

0.8

1.0

M
ea

n 0.585 0.610 0.582 0.619 0.597
0.510 0.520 0.512 0.522 0.500

Repetition penalty

off
thr .80

thr .90
thr .95

0.0

0.2

0.4

0.6

0.8

1.0
M

ea
n 0.585 0.621 0.617 0.625

0.510 0.516 0.517 0.518

Rollout filtering

n=1 n=3 n=6 n=10
0.0

0.2

0.4

0.6

0.8

1.0

M
ea

n

0.610 0.590 0.611 0.620
0.511 0.503 0.525 0.531

Rollout group size

0.10 0.20 0.285 0.40
0.0

0.2

0.4

0.6

0.8

1.0

M
ea

n

0.601 0.600 0.585 0.614
0.521 0.529 0.510 0.513

Warmup ratio

reward deducible

Figure 5: Training regularization and scaling analysis. A larger rollout group size and a moderate warmup ratio show a slight

advantage in this batch of results, but the gains are smaller than the effects of reward design, the reader-side initial-entity

weight, and the writing protocol.

then given by

𝑝0 (𝑒 | 𝑞) =
exp(𝑠𝑒 (𝑞)/𝑇0)∑

𝑣∈𝑉𝐸 exp(𝑠𝑣 (𝑞)/𝑇0)
. (8)

The initial entity representation is written as

ℎ
(0)
𝑒 =

(
𝑝0 (𝑒 | 𝑞)

)𝜂
𝑊𝑞 Emb(𝑞) +𝑊𝑥𝑥𝑒 , 0 ≤ 𝜂 ≤ 1. (9)

The reader then constructs structural gates using node-level struc-
tural features, edge-pair structural features, and graph-level struc-
tural summaries. Specifically, let

𝜑 (𝑣) =
(
log(1 + 𝑑𝑣), 𝑐𝑣, 𝜅𝑣, 𝑑N(𝑣)

)
, (10)

𝜓 (𝑢, 𝑣) =
(
|𝑑𝑢 − 𝑑𝑣 |, |N (𝑢) ∩ N (𝑣) |, Jaccard(N (𝑢),N(𝑣))

)
, (11)

𝑟𝐺 =
(
mean𝑣∈𝑉𝐸 𝜑 (𝑣); std𝑣∈𝑉𝐸 𝜑 (𝑣); dens(𝐺)

)
. (12)

The edge structural context at layer 𝑙 is

𝑧
(𝑙 )
𝑢𝑣 =

(
𝐸
(𝑙 )
𝑛 (𝜑 (𝑢)); 𝐸 (𝑙 )𝑛 (𝜑 (𝑣)); 𝐸 (𝑙 )𝑝 (𝜓 (𝑢, 𝑣)); 𝐸

(𝑙 )
𝑔 (𝑟𝐺 )

)
, (13)

12
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which generates the vector-valued gate

𝑔
(𝑙 )
𝑢𝑣 = 1 + 𝛿 tanh

(
MLP(𝑙 )𝑔 (𝑧 (𝑙 )𝑢𝑣 )

)
. (14)

Let 𝜂𝑢𝑣 ≥ 0 denote the normalized adjacency weight with self-loops.
The message and node update are

𝑚
(𝑙 )
𝑢→𝑣 = 𝜂𝑢𝑣𝑔

(𝑙 )
𝑢𝑣 ⊙𝑊 (𝑙 )𝑚 ℎ

(𝑙−1)
𝑢 , (15)

ℎ
(𝑙 )
𝑣 = LayerNorm ©­«ℎ (𝑙−1)

𝑣 + PReLU ©­«𝑏 (𝑙 ) +
∑︁

𝑢∈N(𝑣)
𝑚
(𝑙 )
𝑢→𝑣

ª®¬ª®¬ .
(16)

In addition, the reader combines a contextual calibration channel
on the current graph with a cross-graph schema prior channel:

𝐻 (𝑞,𝐺) = 𝐻ctx + 𝛽sch𝐻sch . (17)

B.2 Recoverable Evidence Region and Effective

Signal-to-Noise Ratio

Definition B.1 (Recoverable Evidence Region). Fix a query 𝑞 and
the current memory graph 𝐺 . Let 𝑅𝑞 ⊆ 𝑉𝐸 denote the recoverable
evidence region under query 𝑞, namely the set of entities jointly
determined by the current graph structure, anchoring edges, and
reader-reachable paths. This set contains nodes that support the
answer, connect supporting documents, or serve as bridge entities.
If the entity anchor set of document𝑑 is denoted by𝐴(𝑑) ⊆ 𝑉𝐸 , then
the anchor coverage of the current graph over the gold evidence is
defined as

𝜌𝐴 =

��{𝑑 ∈ 𝐷+ : 𝐴(𝑑) ∩ 𝑅𝑞 ≠ ∅}
��

|𝐷+ | . (18)

Definition B.2 (Query-Relevant Scalar Activation). Let 𝑟𝑞 be the
direction induced by the query representation or the final scoring
head. The nonnegative query-relevant activation of node 𝑣 at layer
𝑙 is defined as

𝑎
(𝑙 )
𝑣 =

[
⟨𝑟𝑞, ℎ (𝑙 )𝑣 ⟩

]
+, (19)

where [𝑡]+ = max{𝑡, 0}. The evidence signal mass, noise mass, and
effective signal-to-noise ratio at layer 𝑙 are respectively defined as

𝑆𝑙 =
∑︁
𝑣∈𝑅𝑞

𝑎
(𝑙 )
𝑣 , (20)

𝑁𝑙 =
∑︁

𝑣∈𝑉𝐸\𝑅𝑞

𝑎
(𝑙 )
𝑣 , (21)

SNR𝑙 =
𝑆𝑙

𝑁𝑙
, (22)

with the convention that SNR𝑙 = +∞ when 𝑁𝑙 = 0.

Remark B.3 (Scope of the Scalar-Channel Analysis). Equation (19)
does not assume that the full vector update in Eq. (16) is a non-
negative linear recurrence in every coordinate. LayerNorm, PReLU,
residual connections, and linear transformationsmay all change rep-
resentation directions. We only analyze the query-relevant channel
on which the final retrieval score depends, and absorb the addi-
tional effects caused by nonlinearities and directional shifts into a
perturbation term. This avoids an overly strong coordinate-wise
monotonicity assumption.

B.3 Aggregate Propagation Assumptions and

Structural Gating Coefficients

Idealized analyses often assume that every evidence edge has a
uniform lower gate bound 𝑔+ and every noisy edge has a uniform
upper gate bound 𝑔− . However, in graph memories dynamically
constructed by an LLM writer, edges may be missing, erroneous,
or repeated; some evidence edges may be underestimated, while
some distractor edges may receive high gates. We therefore adopt
an aggregate propagation assumption.

Assumption B.4 (Query-Relevant Effective Propagation Opera-
tor). Fix a query 𝑞, the current graph memory 𝐺 , and the reader
representation at layer 𝑙 . For each layer 𝑙 ∈ {1, . . . , 𝐿}, there exists a
nonnegative matrix𝑇𝑙 ∈ R |𝑉𝐸 |× |𝑉𝐸 |≥0 and a nonnegative perturbation
vector 𝜖𝑙 ∈ R |𝑉𝐸 |≥0 such that the query-relevant activation vector at
layer 𝑙 ,

𝑎 (𝑙 ) =
(
𝑎
(𝑙 )
𝑣

)
𝑣∈𝑉𝐸 ,

is controlled by the previous-layer activation 𝑎 (𝑙−1) in the following
coordinate-wise sense:

𝑎 (𝑙 ) ⪯ 𝑇𝑙𝑎 (𝑙−1) + 𝜖𝑙 . (23)

Here,⪯ denotes coordinate-wise inequality. The operator𝑇𝑙 denotes
the effective propagation operator induced by the 𝑙-th layer on the
query-relevant scalar channel. It absorbs the combined effects of
normalized adjacency weights 𝜂𝑢𝑣 , structural gates 𝑔 (𝑙 )𝑢𝑣 , message
projection𝑊 (𝑙 )𝑚 , context–schema representation composition, and
final scoring-channel projection into a single nonnegative propa-
gation kernel. In other words, 𝑇𝑙 (𝑢, 𝑣) is the effective nonnegative
contribution strength of the query-relevant activation of node 𝑣 at
the previous layer to node 𝑢 at layer 𝑙 .

The perturbation term 𝜖𝑙 absorbs residual effects that are difficult
to exactly characterize by nonnegative linear propagation, including
LayerNorm, PReLU, residual connections, vector-direction rotation,
scoring-channel mismatch, and finite-parameter approximation
error.

Furthermore, we only require the propagation process to pre-
serve effective signal in the evidence region in an aggregate sense.
We do not require the structural gate to perfectly distinguish every
evidence edge from every noisy edge. The operator 𝑇𝑙 may allow
some evidence edges to be underestimated and some distractor
edges to be overestimated; the aggregate propagation coefficients
defined below only characterize the overall effect of these local
errors on the evidence and noise regions.

Let
𝑅𝑞 =𝑉𝐸 \ 𝑅𝑞 .

Partition 𝑇𝑙 according to the node sets 𝑅𝑞 and 𝑅𝑞 :

𝑇𝑙 =

(
𝑇
(𝑙 )
𝑅𝑅

𝑇
(𝑙 )
𝑅𝑅

𝑇
(𝑙 )
𝑅𝑅

𝑇
(𝑙 )
𝑅𝑅

)
. (24)

Here,𝑇 (𝑙 )
𝑅𝑅

denotes effective propagation within the evidence region,
𝑇
(𝑙 )
𝑅𝑅

denotes effective propagation within the noise region, 𝑇 (𝑙 )
𝑅𝑅

denotes leakage propagation from the evidence region to the noise
region, and 𝑇 (𝑙 )

𝑅𝑅
denotes propagation from the noise region to the

evidence region.
13
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Definition B.5 (Aggregate Propagation Coefficients). Given the
effective propagation operator𝑇𝑙 at layer 𝑙 and its block decomposi-
tion in Eq. (24), define the three aggregate propagation coefficients
𝐴𝑙 , 𝐵𝑙 , and 𝐶𝑙 as follows.
𝐴𝑙 is the evidence-retention coefficient. It characterizes the mini-

mum fraction of total mass that remains inside the evidence region
𝑅𝑞 after any nonnegative evidence signal 𝑥 propagates one layer
within 𝑅𝑞 . Formally, 𝐴𝑙 is any nonnegative constant satisfying

𝐴𝑙 ≤ inf
𝑥∈R|𝑅𝑞 |≥0 , 1⊤𝑥>0

1⊤𝑇 (𝑙 )
𝑅𝑅
𝑥

1⊤𝑥
. (25)

Equivalently, for any nonnegative evidence signal 𝑥 ∈ R |𝑅𝑞 |≥0 with
1⊤𝑥 > 0,

1⊤𝑇 (𝑙 )
𝑅𝑅
𝑥 ≥ 𝐴𝑙 1⊤𝑥 .

𝐵𝑙 is the noise self-propagation coefficient. It characterizes the
maximum extent to which any nonnegative noise signal 𝑦 can be
retained or expanded after one layer of propagation inside the noise
region 𝑅𝑞 . Formally, 𝐵𝑙 is any nonnegative constant satisfying

𝐵𝑙 ≥ sup
𝑦∈R|𝑅̄𝑞 |≥0 , 1⊤𝑦>0

1⊤𝑇 (𝑙 )
𝑅𝑅
𝑦

1⊤𝑦
. (26)

Equivalently, for any nonnegative noise signal 𝑦 ∈ R
|𝑅𝑞 |
≥0 with

1⊤𝑦 > 0,
1⊤𝑇 (𝑙 )

𝑅𝑅
𝑦 ≤ 𝐵𝑙 1⊤𝑦.

𝐶𝑙 is the evidence-to-noise leakage coefficient. It characterizes
the maximum fraction of an arbitrary nonnegative signal in the
evidence region that can leak into the non-evidence region 𝑅𝑞 after
one layer of propagation. Formally, 𝐶𝑙 is any nonnegative constant
satisfying

𝐶𝑙 ≥ sup
𝑥∈R|𝑅𝑞 |≥0 , 1⊤𝑥>0

1⊤𝑇 (𝑙 )
𝑅𝑅
𝑥

1⊤𝑥
. (27)

Equivalently, for any nonnegative evidence signal 𝑥 ∈ R |𝑅𝑞 |≥0 with
1⊤𝑥 > 0,

1⊤𝑇 (𝑙 )
𝑅𝑅
𝑥 ≤ 𝐶𝑙 1⊤𝑥 .

Finally, let
𝜉𝑙 = 1⊤𝜖𝑙,𝑅 (28)

denote the total perturbation mass injected into the noise region 𝑅𝑞
at layer 𝑙 by nonlinearities, normalization, representation-direction
shifts, and approximation errors. Here, 𝜖𝑙,𝑅 denotes the restriction
of the perturbation vector 𝜖𝑙 to 𝑅𝑞 .

Lemma B.6 (Aggregate Propagation Recurrence). Under Assump-
tion B.4 and Definition B.5, if 𝑆𝑙−1 > 0 and 𝑁𝑙−1 ≥ 0, then layer 𝑙
satisfies

𝑆𝑙 ≥ 𝐴𝑙𝑆𝑙−1, (29)
𝑁𝑙 ≤ 𝐵𝑙𝑁𝑙−1 +𝐶𝑙𝑆𝑙−1 + 𝜉𝑙 . (30)

Proof. Let 𝑎 (𝑙−1)
𝑅

and 𝑎 (𝑙−1)
𝑅

be the restrictions of 𝑎 (𝑙−1) to 𝑅𝑞
and 𝑅𝑞 , respectively. By the definition of the evidence-retention
coefficient in Eq. (25), the total mass retained within the evidence
region through 𝑅𝑞 → 𝑅𝑞 propagation is at least

1⊤𝑇 (𝑙 )
𝑅𝑅
𝑎
(𝑙−1)
𝑅

≥ 𝐴𝑙1⊤𝑎 (𝑙−1)
𝑅

= 𝐴𝑙𝑆𝑙−1, (31)

and thus 𝑆𝑙 ≥ 𝐴𝑙𝑆𝑙−1.
On the other hand, the layer-𝑙 mass in the noise region can be

upper-bounded by three terms: noise self-propagation, evidence
leakage, and perturbation:

𝑁𝑙 ≤ 1⊤𝑇 (𝑙 )
𝑅𝑅
𝑎
(𝑙−1)
𝑅

+ 1⊤𝑇 (𝑙 )
𝑅𝑅
𝑎
(𝑙−1)
𝑅

+ 1⊤𝜖𝑙,𝑅 . (32)

Using Eqs. (26), (27), and (28), we obtain

𝑁𝑙 ≤ 𝐵𝑙𝑁𝑙−1 +𝐶𝑙𝑆𝑙−1 + 𝜉𝑙 . (33)

This proves the lemma. □

B.4 Realistic Aggregate Signal-to-Noise Ratio

Bound

Theorem B.7 (Realistic Aggregate SNR Bound). Assume that for
all 𝑙 = 1, . . . , 𝐿, there exist 𝐴𝑙 > 0, 𝐵𝑙 ≥ 0, 𝐶𝑙 ≥ 0, and 𝜉𝑙 ≥ 0 such
that the recurrences in Eqs. (29)–(30) hold. Let

𝑄𝑙 = SNR−1
𝑙

=
𝑁𝑙

𝑆𝑙
. (34)

Then

𝑄𝐿 ≤
(
𝐿∏
𝑙=1

𝐵𝑙

𝐴𝑙

)
𝑄0 +

𝐿∑︁
𝑖=1

(
𝐶𝑖

𝐴𝑖
+ 𝜉𝑖

𝐴𝑖𝑆𝑖−1

) 𝐿∏
𝑡=𝑖+1

𝐵𝑡

𝐴𝑡
. (35)

Equivalently, if the right-hand side is finite, then

SNR𝐿 ≥
[(

𝐿∏
𝑙=1

𝐵𝑙

𝐴𝑙

)
SNR−1

0 +
𝐿∑︁
𝑖=1

(
𝐶𝑖

𝐴𝑖
+ 𝜉𝑖

𝐴𝑖𝑆𝑖−1

) 𝐿∏
𝑡=𝑖+1

𝐵𝑡

𝐴𝑡

]−1

. (36)

The empty product is defined as 1.

Proof. By Lemma B.6, for any 𝑙 ,

𝑆𝑙 ≥ 𝐴𝑙𝑆𝑙−1, 𝑁𝑙 ≤ 𝐵𝑙𝑁𝑙−1 +𝐶𝑙𝑆𝑙−1 + 𝜉𝑙 . (37)

Therefore,

𝑄𝑙 =
𝑁𝑙

𝑆𝑙
≤ 𝐵𝑙𝑁𝑙−1 +𝐶𝑙𝑆𝑙−1 + 𝜉𝑙

𝐴𝑙𝑆𝑙−1
(38)

=
𝐵𝑙

𝐴𝑙
𝑄𝑙−1 +

𝐶𝑙

𝐴𝑙
+ 𝜉𝑙

𝐴𝑙𝑆𝑙−1
. (39)

Let
𝑟𝑙 =

𝐵𝑙

𝐴𝑙
, 𝑑𝑙 =

𝐶𝑙

𝐴𝑙
+ 𝜉𝑙

𝐴𝑙𝑆𝑙−1
. (40)

Then
𝑄𝑙 ≤ 𝑟𝑙𝑄𝑙−1 + 𝑑𝑙 . (41)

Expanding this first-order nonhomogeneous recurrence yields

𝑄𝐿 ≤
(
𝐿∏
𝑙=1

𝑟𝑙

)
𝑄0 +

𝐿∑︁
𝑖=1

𝑑𝑖

𝐿∏
𝑡=𝑖+1

𝑟𝑡 . (42)

Substituting back 𝑟𝑙 and 𝑑𝑙 proves Eq. (35). Since SNR𝐿 = 𝑄−1
𝐿
,

Eq. (36) follows. □

Corollary B.8 (Layer-Homogeneous Case). If 𝐴𝑙 = 𝐴 > 0, 𝐵𝑙 =
𝐵 ≥ 0, 𝐶𝑙 =𝐶 ≥ 0, and 𝜉𝑙 = 0, then

SNR𝐿 ≥
[(
𝐵

𝐴

)𝐿
SNR−1

0 +
𝐶

𝐴

𝐿−1∑︁
𝑖=0

(
𝐵

𝐴

)𝑖 ]−1

. (43)

If further 𝐶 = 0, then

SNR𝐿 ≥
(
𝐴

𝐵

)𝐿
SNR0 . (44)
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Proof. Substituting 𝐴𝑙 = 𝐴, 𝐵𝑙 = 𝐵, 𝐶𝑙 = 𝐶 , and 𝜉𝑙 = 0 into
Theorem B.7 and simplifying the resulting geometric series gives
the result. □

Corollary B.9 (Ideal Edge-Wise Gating as a Special Case). Suppose
there exist constants 𝑔+ > 𝑔− > 0, 𝛼+ > 0, 𝛼− > 0, 𝑔0 ≥ 0, and
𝜆leak ≥ 0 such that the effective retention inside the evidence region
is 𝐴 = 𝑔+𝛼+, the self-propagation inside the noise region is 𝐵 =

𝑔−𝛼− , the evidence-to-noise leakage is 𝐶 = 𝑔0𝜆leak, and 𝜉𝑙 = 0. Then
Theorem B.7 reduces to

SNR𝐿 ≥
[(
𝑔−𝛼−
𝑔+𝛼+

)𝐿
SNR−1

0 +
𝑔0𝜆leak

𝑔+𝛼+

𝐿−1∑︁
𝑖=0

(
𝑔−𝛼−
𝑔+𝛼+

)𝑖 ]−1

. (45)

If 𝜆leak = 0, then

SNR𝐿 ≥
(
𝑔+𝛼+
𝑔−𝛼−

)𝐿
SNR0 . (46)

B.5 Document Retrieval Budget

The final retrieval targets of the SAGE-GFM reader are memory
fragments or documents. Therefore, we need to convert the entity-
level SNR bound into a document-level top-𝑘 budget bound. Let the
final document score be 𝑆𝐷 (𝑑), and let the top-𝑘 retrieval result be

𝑃𝑘 (𝑞,𝐺) = Top-𝑘𝑑∈𝐷𝑆𝐷 (𝑑). (47)

Definition B.10 (𝜌-Coverage Retrieval Budget). Given 0 < 𝜌 ≤ 𝜌𝐴 ,
let

𝑚𝜌 = ⌈𝜌 |𝐷+ |⌉ . (48)
The minimum top-𝑘 budget required to achieve 𝜌-level gold evi-
dence coverage is defined as

B𝜌 (𝑞,𝐺) = min
{
𝑘 : |𝑃𝑘 (𝑞,𝐺) ∩ 𝐷+ | ≥𝑚𝜌

}
. (49)

Let 𝜏+𝜌 denote the𝑚𝜌 -th largest score among gold evidence doc-
uments, namely the gold score threshold required to achieve 𝜌-
coverage.

Lemma B.11 (Quantile Retrieval Budget Bound). Let the total score
mass of distractor documents be

𝑀−𝐿 =
∑︁

𝑑∈𝐷\𝐷+
𝑆𝐷 (𝑑). (50)

If 𝜏+𝜌 > 0, then

B𝜌 (𝑞,𝐺) ≤𝑚𝜌 +
𝑀−
𝐿

𝜏+𝜌
. (51)

Proof. Define the set of distractor documents whose scores are
not lower than 𝜏+𝜌 as

N𝜌 = {𝑑 ∈ 𝐷 \ 𝐷+ : 𝑆𝐷 (𝑑) ≥ 𝜏+𝜌 }. (52)

For any 𝑑 ∈ N𝜌 , we have 𝑆𝐷 (𝑑) ≥ 𝜏+𝜌 , and hence

|N𝜌 |𝜏+𝜌 ≤
∑︁
𝑑∈N𝜌

𝑆𝐷 (𝑑) ≤ 𝑀−𝐿 . (53)

Thus |N𝜌 | ≤ 𝑀−𝐿 /𝜏+𝜌 . To ensure that the top-𝑘 results contain at
least𝑚𝜌 gold evidence documents, it suffices to include these𝑚𝜌

gold documents and all distractors whose scores are not lower than
the threshold 𝜏+𝜌 . Therefore,

B𝜌 (𝑞,𝐺) ≤𝑚𝜌 + |N𝜌 | ≤𝑚𝜌 +
𝑀−
𝐿

𝜏+𝜌
. (54)

This proves the lemma. □

To use entity-level SNR for document-level retrieval, we need
to control the noise expansion introduced by entity-to-document
projection.

Assumption B.12 (Projection Noise and Gold Score Concentra-
tion). There exist constants 𝐾𝐴 ≥ 0, 𝜁𝐴 ≥ 0, and 𝑐𝜌 ∈ (0, 1] such
that the final document scores satisfy

𝑀−𝐿 ≤ 𝐾𝐴𝑁𝐿 + 𝜁𝐴, (55)

𝜏+𝜌 ≥
𝑐𝜌

𝑚𝜌

𝑆𝐿 . (56)

Here,𝐾𝐴 is the noise expansion factor of entity-to-document projec-
tion, 𝜁𝐴 denotes the projection residual caused by incorrect anchors,
missing anchors, or additional text-similarity terms, and 𝑐𝜌 mea-
sures whether the evidence signal is effectively distributed over at
least𝑚𝜌 gold documents.

Theorem B.13 (Realistic Signal–Noise–Budget Bound). Under the
conditions of Theorem B.7, further assume that Assumption B.12 holds.
Then

B𝜌 (𝑞,𝐺) ≤𝑚𝜌 +
𝑚𝜌𝐾𝐴

𝑐𝜌
SNR−1

𝐿 +
𝑚𝜌𝜁𝐴

𝑐𝜌𝑆𝐿
. (57)

Substituting Theorem B.7 further yields the explicit upper bound

B𝜌 (𝑞,𝐺) ≤𝑚𝜌 +
𝑚𝜌𝐾𝐴

𝑐𝜌

[ (
𝐿∏
𝑙=1

𝐵𝑙

𝐴𝑙

)
SNR−1

0

+
𝐿∑︁
𝑖=1

(
𝐶𝑖

𝐴𝑖
+ 𝜉𝑖

𝐴𝑖𝑆𝑖−1

) 𝐿∏
𝑡=𝑖+1

𝐵𝑡

𝐴𝑡

]
+
𝑚𝜌𝜁𝐴

𝑐𝜌𝑆𝐿
.

(58)

Proof. By Lemma B.11,

B𝜌 (𝑞,𝐺) ≤𝑚𝜌 +
𝑀−
𝐿

𝜏+𝜌
. (59)

By Assumption B.12,
𝑀−
𝐿

𝜏+𝜌
≤ 𝐾𝐴𝑁𝐿 + 𝜁𝐴(𝑐𝜌/𝑚𝜌 )𝑆𝐿

=
𝑚𝜌𝐾𝐴

𝑐𝜌

𝑁𝐿

𝑆𝐿
+
𝑚𝜌𝜁𝐴

𝑐𝜌𝑆𝐿
. (60)

Since 𝑁𝐿/𝑆𝐿 = SNR−1
𝐿
, Eq. (57) follows. Substituting the upper

bound on SNR−1
𝐿

from Theorem B.7 into Eq. (57) gives Eq. (58). □

Corollary B.14 (Full Evidence Recovery Budget). If 𝜌 = 1 and
𝜌𝐴 = 1, then𝑚𝜌 = |𝐷+ |, and B𝜌 (𝑞,𝐺) reduces to the full evidence
recovery budget. In this case, Theorem B.13 provides an upper bound
on the top-𝑘 budget required to recover all gold evidence.

B.6 Interpretation of the Theoretical Bound for

the SAGE Design

Theorem B.7 and Theorem B.13 unify four reader design factors
under the same retrieval-budget upper bound. To avoid relying
only on intuitive discussion, we provide several direct monotonicity
propositions.

Proposition 2 (Monotonicity of the Budget Bound). Fix𝑚𝜌 , 𝐾𝐴 , 𝑐𝜌 ,
𝜁𝐴 , 𝑆𝐿 , and SNR0, and define

Γ𝐿 =

(
𝐿∏
𝑙=1

𝐵𝑙

𝐴𝑙

)
SNR−1

0 +
𝐿∑︁
𝑖=1

(
𝐶𝑖

𝐴𝑖
+ 𝜉𝑖

𝐴𝑖𝑆𝑖−1

) 𝐿∏
𝑡=𝑖+1

𝐵𝑡

𝐴𝑡
. (61)
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Then the budget upper bound

𝑈𝜌 =𝑚𝜌 +
𝑚𝜌𝐾𝐴

𝑐𝜌
Γ𝐿 +

𝑚𝜌𝜁𝐴

𝑐𝜌𝑆𝐿
(62)

is monotonically nondecreasing in Γ𝐿 , 𝐾𝐴, and 𝜁𝐴, and monotoni-
cally nonincreasing in 𝑐𝜌 and 𝑆𝐿 . If all other terms in the products
are fixed, decreasing any of 𝐵𝑙/𝐴𝑙 , 𝐶𝑙/𝐴𝑙 , or 𝜉𝑙/(𝐴𝑙𝑆𝑙−1) cannot
increase𝑈𝜌 .

Proof. The partial derivatives of𝑈𝜌 with respect to Γ𝐿 , 𝐾𝐴 , and
𝜁𝐴 are nonnegative, while the partial derivatives with respect to
𝑐𝜌 and 𝑆𝐿 are nonpositive. Moreover, Γ𝐿 is a nonnegative linear or
multiplicative combination of 𝐵𝑙/𝐴𝑙 ,𝐶𝑙/𝐴𝑙 , and 𝜉𝑙/(𝐴𝑙𝑆𝑙−1). When
the other terms are fixed, decreasing any such nonnegative term
cannot increase Γ𝐿 . The proposition follows. □

Proposition 3 (Effect of Soft Addressing). If soft addressing increases
the initial evidence signal 𝑆0 and decreases the initial noise mass
𝑁0, thereby increasing SNR0, then, with all other coefficients fixed,
the budget upper bound in Theorem B.13 does not increase. In par-
ticular, explicit entities, aliases, pseudo-queries, type constraints,
hard constraints, and entity-linking signals in query planning im-
prove the final budget bound whenever they increase 𝑆0/𝑁0 in an
aggregate sense.

Proposition 4 (Aggregate Advantage of Structural Gating). Com-
pared with a reader without structural gating, suppose the struc-
turally gated reader satisfies

𝐵
gate
𝑙

𝐴
gate
𝑙

≤
𝐵

plain
𝑙

𝐴
plain
𝑙

,
𝐶

gate
𝑙

𝐴
gate
𝑙

≤
𝐶

plain
𝑙

𝐴
plain
𝑙

,
𝜉

gate
𝑙

𝐴
gate
𝑙

𝑆
gate
𝑙−1

≤
𝜉

plain
𝑙

𝐴
plain
𝑙

𝑆
plain
𝑙−1

.

(63)
Then the budget upper bound of the structurally gated reader is no
larger than that of the ungated reader.

Proposition 5 (Stability Interpretation of the Context–Schema Dual
Channel). Let 𝛿𝑙 denote the failure probability of the aggregate
recurrences in Eqs. (29)–(30) at layer 𝑙 . If the schema prior channel
reduces the variance of cross-graph structural-role estimation and
the context calibration channel reduces the current-graph adapta-
tion error, so that 𝛿𝑙 decreases to 𝛿 ′𝑙 with 𝛿

′
𝑙
≤ 𝛿𝑙 , then the proba-

bility lower bound under which Theorem B.7 and Theorem B.13
simultaneously hold improves from 1 −∑𝐿

𝑙=1 𝛿𝑙 to 1 −∑𝐿
𝑙=1 𝛿

′
𝑙
.

The core quantities derived above are

SNR−1
𝐿 ≤

(
𝐿∏
𝑙=1

𝐵𝑙

𝐴𝑙

)
SNR−1

0 +
𝐿∑︁
𝑖=1

(
𝐶𝑖

𝐴𝑖
+ 𝜉𝑖

𝐴𝑖𝑆𝑖−1

) 𝐿∏
𝑡=𝑖+1

𝐵𝑡

𝐴𝑡
, (64)

and

B𝜌 (𝑞,𝐺) ≤𝑚𝜌 +
𝑚𝜌𝐾𝐴

𝑐𝜌
SNR−1

𝐿 +
𝑚𝜌𝜁𝐴

𝑐𝜌𝑆𝐿
. (65)

Equation (64) shows that soft addressing reduces the amount of
noise that subsequent propagation must overcome by improving
the initial SNR0; structural gating improves aggregate evidence
retention and noise suppression by increasing 𝐴𝑙 and decreasing
𝐵𝑙 and 𝐶𝑙 ; the context–schema dual channel makes these aggre-
gate inequalities more stable on dynamic graph memories by re-
ducing cross-graph structural-role estimation error; and entity-to-
document projection converts entity-level SNR into document-level

budget efficiency by decreasing 𝐾𝐴 and 𝜁𝐴 and increasing 𝑐𝜌 . Equa-
tion (65) further shows that the advantage of SAGE-GFM does not
rely on perfect edge-wise classification or zero-leakage assump-
tions. As long as evidence-retention dominance is achieved in an
aggregate or high-probability sense, i.e., 𝐵𝑙/𝐴𝑙 and 𝐶𝑙/𝐴𝑙 are suf-
ficiently small, the reader can improve query-relevant SNR and
reduce the top-𝑘 retrieval budget required to achieve a given level
of evidence coverage.

C Target Graph Calibration and Cross-graph

Structural Priors

C.1 Structural Role Decomposition Assumption

Definition C.1 (Structural role mapping). Given a graph 𝐺 , a
mapping

𝜌𝐺 : 𝑉 (𝐺) → R (66)
is called a structural role mapping, where R is the structural role
space. 𝜌𝐺 (𝑣) can be jointly determined by 𝜑𝐺 (𝑣), the structural
statistics of edges incident to 𝑣 , local community-boundary statis-
tics, and other graph-structure summaries. Typical structural roles
include hub, bridge, community core, boundary node, and noisy
shortcut.

Definition C.2 (Target graph reading risk). Fix a target graph
𝐺 . Let D𝐺 be the query–node sampling distribution on the target
graph, and let 𝑓 ★

𝐺
(𝑞, 𝑣) be the ideal evidence relevance function. For

any measurable function 𝑓 , define the squared risk as

R𝐺 (𝑓 ) = E(𝑞,𝑣)∼D𝐺

[ (
𝑓 (𝑞, 𝑣,𝐺) − 𝑓 ★𝐺 (𝑞, 𝑣)

)2
]
. (67)

Assumption C.3 (Context–schema decomposability). For every
target graph 𝐺 , the ideal reading function can be decomposed as

𝑓 ★𝐺 (𝑞, 𝑣) = 𝑓
★
sch (𝑞, 𝜌𝐺 (𝑣)) + 𝑓

★
ctx,𝐺 (𝑞, 𝑣), (68)

where 𝑓 ★sch denotes the cross-graph shared structural reading rule,
and 𝑓 ★ctx,𝐺 denotes the target-graph residual induced by the current
writer, current domain, current entity naming, local noise, and
writing style.

Equation (68) corresponds exactly to the structural design of
SAGE: 𝐻sch is used to approximate 𝑓 ★sch, and 𝐻ctx is used to approx-
imate 𝑓 ★ctx,𝐺 . The next subsection gives the risk meaning of this
decomposition.

C.2 Approximation Risk of Context–schema

Decomposition

Theorem C.4 (Context–schema decomposition reduces target–
graph approximation risk). Suppose Assumption 2.3 holds. LetHsch
be the schema function class, letHctx,𝐺 be the target-graph context
function class, and define the sum class

Hsch +Hctx,𝐺 = {𝑓𝑠 + 𝑓𝑐 : 𝑓𝑠 ∈ Hsch, 𝑓𝑐 ∈ Hctx,𝐺 }. (69)

If there exist 𝜖sch, 𝜖ctx ≥ 0 such that

inf
𝑓𝑠 ∈Hsch

E
[
(𝑓𝑠 (𝑞, 𝜌𝐺 (𝑣)) − 𝑓 ★sch (𝑞, 𝜌𝐺 (𝑣)))

2] ≤ 𝜖sch, (70)

inf
𝑓𝑐 ∈Hctx,𝐺

E
[
(𝑓𝑐 (𝑞, 𝑣,𝐺) − 𝑓 ★ctx,𝐺 (𝑞, 𝑣))

2] ≤ 𝜖ctx, (71)
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where both expectations are over (𝑞, 𝑣) ∼ D𝐺 , then
inf

𝑓 ∈Hsch+Hctx,𝐺
R𝐺 (𝑓 ) ≤ 2𝜖sch + 2𝜖ctx . (72)

Proof. Take any 𝛼 > 0. By the two approximation error condi-
tions, there exist 𝑓𝑠 ∈ Hsch and 𝑓𝑐 ∈ Hctx,𝐺 such that

E[(𝑓𝑠 − 𝑓 ★sch)
2] ≤ 𝜖sch + 𝛼, E[(𝑓𝑐 − 𝑓 ★ctx,𝐺 )

2] ≤ 𝜖ctx + 𝛼. (73)

Let 𝑓 = 𝑓𝑠 + 𝑓𝑐 . By the decomposition in Eq. (68), we have

𝑓 − 𝑓 ★𝐺 = (𝑓𝑠 − 𝑓 ★sch) + (𝑓𝑐 − 𝑓
★
ctx,𝐺 ). (74)

Using (𝑎 + 𝑏)2 ≤ 2𝑎2 + 2𝑏2, we obtain

R𝐺 (𝑓 ) = E[(𝑓 − 𝑓 ★𝐺 )
2]

≤ 2E[(𝑓𝑠 − 𝑓 ★sch)
2] + 2E[(𝑓𝑐 − 𝑓 ★ctx,𝐺 )

2]
≤ 2𝜖sch + 2𝜖ctx + 4𝛼. (75)

Since 𝛼 > 0 is arbitrary, taking the infimum yields the conclusion.
□

Proposition 6 (Residual bias of schema-only models). Further as-
sume that 𝐿2 (D𝐺 ) is a Hilbert space,Hsch is a closed linear subspace
of it, and 𝑓 ★sch ∈ Hsch. If only a schema-only model 𝑓𝑠 ∈ Hsch is
used, then

inf
𝑓𝑠 ∈Hsch

R𝐺 (𝑓𝑠 ) = dist2
𝐿2 (D𝐺 ) (𝑓

★
ctx,𝐺 ,Hsch). (76)

Therefore, as long as the target-graph residual 𝑓 ★ctx,𝐺 does not belong
toHsch, a schema-only reader has an irreducible target-graph bias.

Proof. By 𝑓 ★sch ∈ Hsch and the linearity ofHsch, any 𝑓𝑠 ∈ Hsch
can be written as 𝑓𝑠 = 𝑓 ★sch + 𝑔, where 𝑔 ∈ Hsch. Thus,

R𝐺 (𝑓𝑠 ) =


𝑓𝑠 − 𝑓 ★sch − 𝑓

★
ctx,𝐺



2
𝐿2 (D𝐺 )

=


𝑔 − 𝑓 ★ctx,𝐺



2
𝐿2 (D𝐺 )

. (77)

Taking the infimum over 𝑓𝑠 ∈ Hsch is equivalent to taking the
infimum over 𝑔 ∈ Hsch, and Eq. (76) follows from the definition of
distance. □

Remark C.5. Proposition 2.5 shows that the cross-graph schema
prior can only characterize cross-graph shared structural rules and
cannot replace target graph calibration. In contrast, the role of the
target graph calibration channel 𝐻ctx is to absorb 𝑓 ★ctx,𝐺 , namely the
local noise, entity granularity, relation style, and domain residual
of the graph generated by the current writer.

C.3 Sample Complexity Advantage of Schema

Prior

LemmaC.6 (Uniform convergence for bounded loss classes). Let F
be a function class, and let the loss ℓ𝑓 (𝑧) ∈ [0, 1]. Given 𝑛 independent
samples 𝑆 = {𝑧𝑖 }𝑛𝑖=1, define the true risk 𝑅(𝑓 ) = E[ℓ𝑓 (𝑧)] and the
empirical risk 𝑅𝑆 (𝑓 ) = 𝑛−1 ∑𝑛

𝑖=1 ℓ𝑓 (𝑧𝑖 ). Then, with probability at
least 1 − 𝛿 , for all 𝑓 ∈ F simultaneously,

𝑅(𝑓 ) ≤ 𝑅𝑆 (𝑓 ) + 2 Rad𝑛 (ℓ ◦ F ) + 3
√︂

log(2/𝛿)
2𝑛

, (78)

where Rad𝑛 (ℓ ◦ F ) is an upper bound on the empirical Rademacher
complexity of the loss-composed class.

Proof. This is a direct result of the standard symmetrization
and McDiarmid/Hoeffding concentration inequalities for bounded
loss function classes. Specifically, let

𝑍 (𝑆) = sup
𝑓 ∈F

���𝑅(𝑓 ) − 𝑅𝑆 (𝑓 )��� . (79)

By symmetrization, E𝑍 (𝑆) ≤ 2 Rad𝑛 (ℓ ◦F ). Moreover, since chang-
ing one sample can change 𝑍 (𝑆) by at most 1/𝑛, McDiarmid’s
inequality gives

𝑍 (𝑆) ≤ E𝑍 (𝑆) + 3
√︂

log(2/𝛿)
2𝑛

(80)

with probability at least 1−𝛿 . Combining the two inequalities gives
the conclusion. □

Theorem C.7 (Schema prior reduces the sample complexity of
target-graph adaptation). Fix a target graph 𝐺 , and suppose the
number of supervised samples available for reader calibration on the
target graph is 𝑛𝐺 . LetHfull be the full reader class that needs to be
learned on the target graph when no schema prior is used; let Hres
be the residual class that only needs to be learned given a schema
prior 𝑓𝑠 , with the combined model 𝑓 = 𝑓𝑠 + 𝑓𝑟 , 𝑓𝑟 ∈ Hres. Let 𝑓full and
𝑓res be the empirical risk minimizers over the two classes, respectively.
Then, with probability at least 1 − 𝛿 ,

R𝐺 (𝑓full) ≤ inf
𝑓 ∈Hfull

R𝐺 (𝑓 ) + 4 Rad𝑛𝐺 (ℓ ◦ Hfull) + 6

√︄
log(4/𝛿)

2𝑛𝐺
,

(81)

R𝐺 (𝑓𝑠 + 𝑓res) ≤ inf
𝑓𝑟 ∈Hres

R𝐺 (𝑓𝑠 + 𝑓𝑟 ) + 4 Rad𝑛𝐺 (ℓ ◦ (𝑓𝑠 +Hres))

(82)

+ 6

√︄
log(4/𝛿)

2𝑛𝐺
. (83)

If the complexities satisfy

Rad𝑛𝐺 (ℓ◦Hfull) =𝑂
©­«
√︄
𝑑full

𝑛𝐺

ª®¬ , Rad𝑛𝐺 (ℓ◦(𝑓𝑠+Hres)) =𝑂 ©­«
√︄
𝑑res

𝑛𝐺

ª®¬ ,
(84)

and 𝑑res ≪ 𝑑full, then the schema prior reduces target-graph learning
from estimating the full reading function to estimating the residual,
and lowers the estimation error term for target-graph adaptation.

Proof. For any function class F , let 𝑓 be the empirical risk
minimizer and let 𝑓 ◦ ∈ arg inf 𝑓 ∈F 𝑅(𝑓 ) be the true risk minimizer.
By empirical optimality, 𝑅(𝑓 ) ≤ 𝑅(𝑓 ◦), so

𝑅(𝑓 ) − 𝑅(𝑓 ◦) = 𝑅(𝑓 ) − 𝑅(𝑓 ) + 𝑅(𝑓 ) − 𝑅(𝑓 ◦) + 𝑅(𝑓 ◦) − 𝑅(𝑓 ◦)

≤ 2 sup
𝑓 ∈F

���𝑅(𝑓 ) − 𝑅(𝑓 )��� . (85)

Applying Lemma 2.7 to F =Hfull and F = 𝑓𝑠 +Hres, respectively,
and combining the two probability events by a union bound, gives
Eq. (81) and Eq. (83). The complexity-order conclusion follows by
substituting the corresponding Rademacher upper bounds. □

Remark C.8. Theorem 2.8 gives the key theoretical motivation
for the schema prior: in self-evolving memory, each new graph
generated by the writer usually provides only limited supervised
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signal. If the reader relearns the full reading function from the
target graph in every round, high-variance estimation arises; the
schema prior fixes or strongly regularizes the cross-graph shared
structural rules, so that target-graph calibration only needs to learn
the residual, thereby reducing sample complexity.

D Writer-induced Graph Distribution Shift and

Target Graph Calibration

D.1 Writer-induced Dynamic Graph

Distribution

The writer parameter 𝜃 induces a graph distribution 𝑃𝜃 (𝐺 | 𝑞, 𝐷)
on the sample (𝑞, 𝐷). For notational simplicity, denote the joint
distribution of (𝑞, 𝐷, 𝐷+, 𝑦,𝐺) by Π𝜃 . Given the reader parameter
𝜙 , define the reader risk as

L𝑅 (𝜙 ;𝜃 ) = E(𝑞,𝐷,𝐷+,𝑦,𝐺 )∼Π𝜃

[
ℓ𝑅 (𝑅𝜙 (𝑞,𝐺, 𝐷), 𝐷+, 𝑦)

]
. (86)

Here, ℓ𝑅 can be supporting-entity BCE, multi-positive ranking loss,
document recall loss, or a combination thereof.

Proposition 7 (Writer updates cause reader distribution shift). As-
sume 0 ≤ ℓ𝑅 ≤ 1. For any fixed 𝜙 and any writer parameters 𝜃, 𝜃 ′,
we have

|L𝑅 (𝜙 ;𝜃 ′) − L𝑅 (𝜙 ;𝜃 ) | ≤ TV(Π𝜃 ′ ,Π𝜃 ), (87)

where TV is the total variation distance. If, further, ℓ𝑅 (𝑅𝜙 (𝑞,𝐺, 𝐷), 𝐷+, 𝑦)
is 𝐿ℓ -Lipschitz with respect to the graph variable under some graph
metric 𝑑G , then

|L𝑅 (𝜙 ;𝜃 ′) − L𝑅 (𝜙 ;𝜃 ) | ≤ 𝐿ℓ𝑊1 (Π𝜃 ′ ,Π𝜃 ), (88)

where𝑊1 is the first-order Wasserstein distance induced by 𝑑G .

Proof. For the bounded loss case, let ℎ𝜙 (𝑞, 𝐷, 𝐷+, 𝑦,𝐺) =
ℓ𝑅 (𝑅𝜙 (𝑞,𝐺, 𝐷), 𝐷+, 𝑦) ∈ [0, 1]. Then

|L𝑅 (𝜙 ;𝜃 ′) − L𝑅 (𝜙 ;𝜃 ) | =
����∫ ℎ𝜙 𝑑Π𝜃 ′ −

∫
ℎ𝜙 𝑑Π𝜃

���� ≤ TV(Π𝜃 ′ ,Π𝜃 ),
(89)

where the last step follows from the dual definition of total variation.
If ℎ𝜙 is 𝐿ℓ -Lipschitz, the Wasserstein upper bound follows from the
Kantorovich–Rubinstein duality. □

Corollary D.1 (Necessity of target graph calibration). If updating
the writer from 𝜃 to 𝜃 ′ causes TV(Π𝜃 ′ ,Π𝜃 ) to be non-negligible, then
the risk of a fixed reader 𝜙 on the new graph distribution may increase.
Therefore, target graph calibration of the reader, namely 𝜙 ↦→ 𝜙 ′ to
reduce L𝑅 (𝜙 ′;𝜃 ′), is a necessary mechanism for handling writer-
induced graph distribution shift.

Proof. By Proposition 3.1, writer distribution shift can directly
change the new-distribution risk of the fixed reader. If the reader
is not updated, there is no optimization mechanism to offset this
drift term. Target graph calibration is precisely re-optimization of
L𝑅 (·;𝜃 ′), and is therefore a natural step for reducing the risk on
the new graph. □

E Reader Stability under Dynamic Graph

Evolution

E.1 Realistic Graph Evolution Distance

Real graphs often contain hubs, node additions and deletions, alias
merges, anchor rewrites, and structural statistics that are not glob-
ally Lipschitz. Therefore, we use the augmented graph drift actually
perceived by the reader to measure graph evolution.

Definition E.1 (Padding alignment and presence bit). Given two
consecutive-round graphs 𝐺 and 𝐺 ′, align them through persistent
memory ids to a common node universe 𝑉 = 𝑉 (𝐺) ∪𝑉 (𝐺 ′). If a
node exists only in one graph, it is treated as an isolated padding
node in the other graph, and a presence bit is added to its features.
The aligned node feature matrices are still denoted by 𝑋,𝑋 ′.

Definition E.2 (Augmented graph drift). Let 𝐴,𝐴′ be self-looped
row-normalized adjacency matrices, let 𝑆𝑞, 𝑆 ′𝑞 be the entry score
vectors before soft addressing, and let 𝐵, 𝐵′ be row-normalized
entity-to-document anchoring matrices. Define

Δ𝑋 = ∥𝑋 − 𝑋 ′∥2,∞ ,Δ𝐴 = ∥𝐴 −𝐴′∥∞ ,Δseed =




𝑆𝑞 − 𝑆 ′𝑞


∞ ,Δ𝐵 = ∥𝐵 − 𝐵′∥∞ ,
(90)

where

∥𝐻 ∥2,∞ = max
𝑣∈𝑉
∥ℎ𝑣 ∥2 , ∥𝐴∥∞ = max

𝑣

∑︁
𝑢

|𝐴𝑣𝑢 | . (91)

For the gate input 𝑧 (𝑙 )𝑢𝑣 at layer 𝑙 , define the weighted structural drift
as

Δ(𝑙 )
𝑍

= max
𝑣

∑︁
𝑢

𝐴′𝑣𝑢




𝑧 (𝑙 )𝑢𝑣 − 𝑧′(𝑙 )𝑢𝑣





2
, Δ𝑍 = max

1≤𝑙≤𝐿
Δ(𝑙 )
𝑍
. (92)

The total augmented graph drift is defined as

Δaug (𝐺,𝐺 ′;𝑞) = Δ𝑋 + Δ𝐴 + Δseed + Δ𝑍 + Δ𝐵 . (93)

E.2 Stability Assumptions

AssumptionE.3 (Normalized adjacency). For all considered graphs,
𝐴𝑣𝑢 ≥ 0 and ∑︁

𝑢

𝐴𝑣𝑢 = 1, ∀𝑣 ∈ 𝑉 . (94)

Therefore, ∥𝐴∥∞ = 1. This assumption allows high-degree hubs to
exist, but prevents single-layer propagation from being unbound-
edly amplified by node degree.

Assumption E.4 (Trajectory-local boundedness). For graph pairs
𝐺,𝐺 ′ on the training and inference trajectories, there exist constants
𝐵𝑙 such that


𝐻 (𝑙 ) (𝑞,𝐺)




2,∞
≤ 𝐵𝑙 ,




𝐻 (𝑙 ) (𝑞,𝐺 ′)



2,∞
≤ 𝐵𝑙 , 𝑙 = 0, . . . , 𝐿.

(95)

Assumption E.5 (Locally Lipschitz modules). In a neighborhood
of the training trajectory, the 𝑙-th layer satisfies


𝑊 (𝑙 )𝑚





2
≤ 𝑀𝑙 , (96)


MLP(𝑙 )𝑔 (𝑧) −MLP(𝑙 )𝑔 (𝑧′)




∞
≤ 𝐿𝑔,𝑙 ∥𝑧 − 𝑧′∥2 . (97)

The Lipschitz constant of PReLU is 𝐿𝜎 , and the Lipschitz constant
of LayerNorm with a numerical stabilizer in this trajectory neigh-
borhood is 𝐿LN,𝑙 .
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Assumption E.6 (Local Lipschitzness of score head and projection).
The entity score head satisfies

∥𝑠𝐸 (𝑞,𝐺) − 𝑠𝐸 (𝑞,𝐺 ′)∥∞ ≤ 𝐿𝐸 ∥𝐻 (𝑞,𝐺) − 𝐻 (𝑞,𝐺 ′)∥2,∞ . (98)

Meanwhile, ∥𝑠𝐸 (𝑞,𝐺)∥∞ ≤ 𝑆𝐸 , and 𝐵 is row-normalized, so ∥𝐵∥∞ ≤
1.

E.3 Stability of Soft Addressing and Initial

Representation

Lemma E.7 (Softmax and pre-activation stability). Let

𝑝 = softmax(𝑆/𝑇0), 𝑝′ = softmax(𝑆 ′/𝑇0). (99)

Then

∥𝑝 − 𝑝′∥∞ ≤
1
𝑇0
∥𝑆 − 𝑆 ′∥∞ . (100)

Furthermore, let 𝑎𝑣 = (𝑝𝑣+𝜖𝑝 )𝜂 and 𝑎′𝑣 = (𝑝′𝑣+𝜖𝑝 )𝜂 , where 0 < 𝜂 ≤ 1.
Then

∥𝑎 − 𝑎′∥∞ ≤
𝜂𝜖
𝜂−1
𝑝

𝑇0
∥𝑆 − 𝑆 ′∥∞ . (101)

Proof. The Jacobian of softmax is 𝐽 (𝑧) = diag(𝑝) − 𝑝𝑝⊤. For
any row 𝑖 , ∑︁

𝑗

��𝐽𝑖 𝑗 (𝑧)�� = 2𝑝𝑖 (1 − 𝑝𝑖 ) ≤ 1. (102)

Thus, ∥ 𝐽 (𝑧)∥∞→∞ ≤ 1. By the mean value theorem and setting
𝑧 = 𝑆/𝑇0, we obtain

∥𝑝 − 𝑝′∥∞ ≤
1
𝑇0
∥𝑆 − 𝑆 ′∥∞ . (103)

The function 𝑡 ↦→ (𝑡 + 𝜖𝑝 )𝜂 is Lipschitz on [0, 1], with constant at
most 𝜂𝜖𝜂−1

𝑝 . Composing the two inequalities gives the conclusion.
□

LemmaE.8 (Initial node representation stability). Let𝑢𝑞 =𝑊𝑞 Emb(𝑞),
and define

ℎ
(0)
𝑣 = 𝑎𝑣 (𝑞)𝑢𝑞 +𝑊𝑥𝑥𝑣 . (104)

Then 


𝐻 (0) (𝑞,𝐺) − 𝐻 (0) (𝑞,𝐺 ′)



2,∞
≤ 𝐶init (Δseed + Δ𝑋 ), (105)

where

𝐶init =
𝜂𝜖
𝜂−1
𝑝

𝑇0



𝑢𝑞

2 + ∥𝑊𝑥 ∥2 . (106)

Proof. For any node 𝑣 ,

ℎ
(0)
𝑣 − ℎ′(0)𝑣 = (𝑎𝑣 − 𝑎′𝑣)𝑢𝑞 +𝑊𝑥 (𝑥𝑣 − 𝑥 ′𝑣). (107)

Taking the norm and applying Lemma 4.8 gives


ℎ (0)𝑣 − ℎ′(0)𝑣





2
≤
𝜂𝜖
𝜂−1
𝑝

𝑇0



𝑢𝑞

2 Δseed + ∥𝑊𝑥 ∥2 Δ𝑋 . (108)

Taking the maximum over 𝑣 gives the conclusion. □

E.4 Single-layer Stability of Structurally Gated

Propagation

Lemma E.9 (Boundedness and stability of structural gate). The
structural gate of layer 𝑙 ,

𝑔
(𝑙 )
𝑢𝑣 = 1 + 𝛿 tanh(MLP(𝑙 )𝑔 (𝑧 (𝑙 )𝑢𝑣 )), (109)

satisfies 


𝑔 (𝑙 )𝑢𝑣 


∞ ≤ 1 + 𝛿, (110)

and 


𝑔 (𝑙 )𝑢𝑣 − 𝑔′(𝑙 )𝑢𝑣





∞
≤ 𝛿𝐿𝑔,𝑙




𝑧 (𝑙 )𝑢𝑣 − 𝑧′(𝑙 )𝑢𝑣





2
. (111)

Proof. Since the range of tanh is contained in [−1, 1], the first
statement follows immediately.Moreover, because tanh is 1-Lipschitz
and MLP(𝑙 )𝑔 is 𝐿𝑔,𝑙 -Lipschitz in the trajectory neighborhood,


𝑔 (𝑙 )𝑢𝑣 − 𝑔′(𝑙 )𝑢𝑣





∞
≤ 𝛿




MLP(𝑙 )𝑔 (𝑧 (𝑙 )𝑢𝑣 ) −MLP(𝑙 )𝑔 (𝑧′(𝑙 )𝑢𝑣 )




∞

≤ 𝛿𝐿𝑔,𝑙



𝑧 (𝑙 )𝑢𝑣 − 𝑧′(𝑙 )𝑢𝑣





2
. (112)

□

Lemma E.10 (Single-layer stability of structurally gated propaga-
tion). Define

𝐷𝑙 =




𝐻 (𝑙 ) (𝑞,𝐺) − 𝐻 (𝑙 ) (𝑞,𝐺 ′)



2,∞

. (113)

Under Assumptions 4.5–4.7, the 𝑙-th propagation layer satisfies

𝐷𝑙 ≤ 𝛼𝑙𝐷𝑙−1 + 𝛽𝐴𝑙 Δ𝐴 + 𝛽
𝑍
𝑙
Δ(𝑙 )
𝑍
, (114)

where one can take

𝛼𝑙 = 𝐿LN,𝑙
(
1 + 𝐿𝜎 (1 + 𝛿)𝑀𝑙

)
, (115)

𝛽𝐴
𝑙
= 𝐿LN,𝑙𝐿𝜎 (1 + 𝛿)𝑀𝑙𝐵𝑙−1, 𝛽𝑍

𝑙
= 𝐿LN,𝑙𝐿𝜎𝛿𝐿𝑔,𝑙𝑀𝑙𝐵𝑙−1 . (116)

Proof. Write

𝑀𝑣 =
∑︁
𝑢

𝐴𝑣𝑢𝑔𝑢𝑣 ⊙𝑊ℎ𝑢 , 𝑀 ′𝑣 =
∑︁
𝑢

𝐴′𝑣𝑢𝑔
′
𝑢𝑣 ⊙𝑊ℎ′𝑢 , (117)

where the layer index 𝑙 is omitted. Adding and subtracting interme-
diate terms gives

𝑀𝑣 −𝑀 ′𝑣 =
∑︁
𝑢

𝐴𝑣𝑢𝑔𝑢𝑣 ⊙𝑊 (ℎ𝑢 − ℎ′𝑢 )

+
∑︁
𝑢

(𝐴𝑣𝑢 −𝐴′𝑣𝑢 )𝑔𝑢𝑣 ⊙𝑊ℎ′𝑢

+
∑︁
𝑢

𝐴′𝑣𝑢 (𝑔𝑢𝑣 − 𝑔′𝑢𝑣) ⊙𝑊ℎ′𝑢 . (118)

The first term is controlled by row-normalization, ∥𝑔𝑢𝑣 ∥∞ ≤ 1 + 𝛿 ,
and ∥𝑊 ∥2 ≤ 𝑀𝑙 :




∑︁

𝑢

𝐴𝑣𝑢𝑔𝑢𝑣 ⊙𝑊 (ℎ𝑢 − ℎ′𝑢 )







2

≤ (1 + 𝛿)𝑀𝑙𝐷𝑙−1 . (119)

The second term satisfies




∑︁
𝑢

(𝐴𝑣𝑢 −𝐴′𝑣𝑢 )𝑔𝑢𝑣 ⊙𝑊ℎ′𝑢







2

≤ (1 + 𝛿)𝑀𝑙𝐵𝑙−1
∑︁
𝑢

��𝐴𝑣𝑢 −𝐴′𝑣𝑢 ��
(120)

≤ (1 + 𝛿)𝑀𝑙𝐵𝑙−1Δ𝐴 . (121)
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For the third term, by Lemma 4.10,




∑︁
𝑢

𝐴′𝑣𝑢 (𝑔𝑢𝑣 − 𝑔′𝑢𝑣) ⊙𝑊ℎ′𝑢







2

≤ 𝛿𝐿𝑔,𝑙𝑀𝑙𝐵𝑙−1
∑︁
𝑢

𝐴′𝑣𝑢




𝑧 (𝑙 )𝑢𝑣 − 𝑧′(𝑙 )𝑢𝑣





2

≤ 𝛿𝐿𝑔,𝑙𝑀𝑙𝐵𝑙−1Δ
(𝑙 )
𝑍
. (122)

Therefore,

𝑀𝑣 −𝑀 ′𝑣




2 ≤ (1+𝛿)𝑀𝑙𝐷𝑙−1 + (1+𝛿)𝑀𝑙𝐵𝑙−1Δ𝐴 +𝛿𝐿𝑔,𝑙𝑀𝑙𝐵𝑙−1Δ
(𝑙 )
𝑍
.

(123)
By the 𝐿𝜎 -Lipschitz property of PReLU, the residual structure, and
the 𝐿LN,𝑙 -Lipschitz property of LayerNorm,


ℎ (𝑙 )𝑣 − ℎ′(𝑙 )𝑣





2
≤ 𝐿LN,𝑙

(


ℎ (𝑙−1)
𝑣 − ℎ′(𝑙−1)

𝑣





2
+ 𝐿𝜎



𝑀𝑣 −𝑀 ′𝑣




2

)
.

(124)
Taking the maximum over 𝑣 gives Eq. (114). □

E.5 Stability of Representations, Scores, and

Retrieval Sets

Theorem E.11 (Local stability of structurally gated representations
to augmented graph drift). Under Assumptions 4.5–4.7, 𝐿-layer struc-
turally gated propagation satisfies

𝐷𝐿 ≤
(
𝐿∏
𝑙=1

𝛼𝑙

)
𝐷0 +

𝐿∑︁
𝑡=1

(
𝐿∏

𝑙=𝑡+1
𝛼𝑙

) (
𝛽𝐴𝑡 Δ𝐴 + 𝛽𝑍𝑡 Δ

(𝑡 )
𝑍

)
. (125)

Therefore, there exists a constant 𝐶𝐻 > 0 such that


𝐻 (𝐿) (𝑞,𝐺) − 𝐻 (𝐿) (𝑞,𝐺 ′)



2,∞
≤ 𝐶𝐻 (Δ𝑋 +Δseed+Δ𝐴+Δ𝑍 ) . (126)

Proof. By Lemma 4.11, the recursion in Eq. (114) holds. Un-
rolling the recursion layer by layer gives Eq. (125). By Lemma 4.9,

𝐷0 ≤ 𝐶init (Δ𝑋 + Δseed). (127)

Substituting Δ(𝑡 )
𝑍
≤ Δ𝑍 and merging all layer-related constants into

𝐶𝐻 gives the conclusion. □

Theorem E.12 (Stability of context/schema dual channels). If the
two channels respectively satisfy

∥𝐻ctx (𝑞,𝐺) − 𝐻ctx (𝑞,𝐺 ′)∥2,∞ ≤ 𝐶ctxΔaug, (128)

∥𝐻sch (𝑞,𝐺) − 𝐻sch (𝑞,𝐺 ′)∥2,∞ ≤ 𝐶schΔaug, (129)
then the additive fusion in Eq. (??) satisfies

∥𝐻 (𝑞,𝐺) − 𝐻 (𝑞,𝐺 ′)∥2,∞ ≤ (𝐶ctx + |𝛽sch |𝐶sch)Δaug . (130)

If a normalized or gated convex fusion theoretical form is adopted,

𝐻𝜆 (𝑞,𝐺) = (1 − 𝜆)𝐻ctx (𝑞,𝐺) + 𝜆𝐻sch (𝑞,𝐺), 0 ≤ 𝜆 ≤ 1, (131)

then

∥𝐻𝜆 (𝑞,𝐺) − 𝐻𝜆 (𝑞,𝐺 ′)∥2,∞ ≤
(
(1 − 𝜆)𝐶ctx + 𝜆𝐶sch

)
Δaug . (132)

In particular, if 𝐶sch < 𝐶ctx, increasing 𝜆 decreases this worst-case
stability upper bound.

Proof. The additive fusion case follows directly from the trian-
gle inequality:

∥𝐻 (𝐺) − 𝐻 (𝐺 ′)∥2,∞ ≤ ∥𝐻ctx (𝐺) − 𝐻ctx (𝐺 ′)∥2,∞ (133)
+ |𝛽sch | ∥𝐻sch (𝐺) − 𝐻sch (𝐺 ′)∥2,∞
≤ (𝐶ctx + |𝛽sch |𝐶sch)Δaug . (134)

The convex fusion case is analogous:

∥𝐻𝜆 (𝐺) − 𝐻𝜆 (𝐺 ′)∥2,∞ ≤ (1 − 𝜆)𝐶ctxΔaug + 𝜆𝐶schΔaug . (135)

If 𝐶sch < 𝐶ctx, the right-hand side is monotonically decreasing in
𝜆. □

Remark E.13. Equation (130) does not claim that the schema prior
necessarily reduces the worst-case Lipschitz constant of additive
fusion; its main theoretical role also lies in risk decomposition and
sample complexity reduction. If additional gating, normalization,
or regularization constraints are adopted in the implementation,
then Eq. (132) shows that the schema channel can also serve as a
low-sensitivity channel to reduce graph evolution drift.

Theorem E.14 (Stability of entity scores and document scores).
Under Assumption 4.7, there exist constants 𝐶𝐸 ,𝐶𝐷 > 0 such that

∥𝑠𝐸 (𝑞,𝐺) − 𝑠𝐸 (𝑞,𝐺 ′)∥∞ ≤ 𝐶𝐸Δaug, (136)

∥𝑠𝐷 (𝑞,𝐺) − 𝑠𝐷 (𝑞,𝐺 ′)∥∞ ≤ 𝐶𝐷Δaug . (137)
For additive fusion, one can take

𝐶𝐸 = 𝐿𝐸 (𝐶ctx + |𝛽sch |𝐶sch), 𝐶𝐷 =𝐶𝐸 + 𝑆𝐸 . (138)

Proof. The entity score upper bound follows from the Lips-
chitz property of the score head and Theorem 4.13. For document
projection, 𝑠𝐷 = 𝐵𝑠𝐸 , and therefore

𝑠𝐷 (𝐺) − 𝑠𝐷 (𝐺 ′) = 𝐵𝐺 (𝑠𝐸 (𝐺) − 𝑠𝐸 (𝐺 ′)) + (𝐵𝐺 − 𝐵𝐺 ′ )𝑠𝐸 (𝐺 ′). (139)

Taking the ℓ∞ norm and using ∥𝐵𝐺 ∥∞ ≤ 1 gives

∥𝑠𝐷 (𝐺) − 𝑠𝐷 (𝐺 ′)∥∞ ≤ ∥𝑠𝐸 (𝐺) − 𝑠𝐸 (𝐺 ′)∥∞+∥𝐵𝐺 − 𝐵𝐺 ′ ∥∞ ∥𝑠𝐸 (𝐺 ′)∥∞ .
(140)

Using ∥𝑠𝐸 (𝐺 ′)∥∞ ≤ 𝑆𝐸 and Δ𝐵 ≤ Δaug gives the document score
stability. □

Theorem E.15 (Boundary stability of hard top-𝑘). Let 𝑠 = 𝑠𝐷 (𝑞,𝐺)
and 𝑠′ = 𝑠𝐷 (𝑞,𝐺 ′), and suppose

∥𝑠 − 𝑠′∥∞ ≤ 𝜖𝑠 . (141)

Let 𝑡𝑘 = 𝑠 (𝑘 ) be the 𝑘-th largest score in 𝑠 , and define the boundary
set

B𝑘,2𝜖𝑠 (𝑠) = {𝑑 : |𝑠𝑑 − 𝑡𝑘 | ≤ 2𝜖𝑠 }. (142)
Then

Top-𝑘 (𝑠)△Top-𝑘 (𝑠′) ⊆ B𝑘,2𝜖𝑠 (𝑠), (143)
and hence

|Top-𝑘 (𝑠)△Top-𝑘 (𝑠′) | ≤
��B𝑘,2𝜖𝑠 (𝑠)�� . (144)

In particular, if 𝑠 (𝑘 ) − 𝑠 (𝑘+1) > 2𝜖𝑠 , then Top-𝑘 (𝑠) = Top-𝑘 (𝑠′).

Proof. Take any 𝑖 ∈ Top-𝑘 (𝑠) \ Top-𝑘 (𝑠′). Since 𝑖 drops out of
the top-𝑘 , there exists 𝑗 ∉ Top-𝑘 (𝑠) such that 𝑗 ∈ Top-𝑘 (𝑠′) and
𝑠′𝑗 ≥ 𝑠′𝑖 . By the perturbation bound,

𝑠 𝑗 + 𝜖𝑠 ≥ 𝑠′𝑗 ≥ 𝑠′𝑖 ≥ 𝑠𝑖 − 𝜖𝑠 , (145)

so 𝑠𝑖 ≤ 𝑠 𝑗 + 2𝜖𝑠 ≤ 𝑡𝑘 + 2𝜖𝑠 . Since 𝑖 ∈ Top-𝑘 (𝑠), we have 𝑠𝑖 ≥ 𝑡𝑘 ,
and hence 𝑖 ∈ B𝑘,2𝜖𝑠 (𝑠). A symmetric argument for 𝑗 ∈ Top-𝑘 (𝑠′) \
Top-𝑘 (𝑠) gives 𝑗 ∈ B𝑘,2𝜖𝑠 (𝑠). Therefore, the symmetric difference
is contained in the boundary set. If 𝑠 (𝑘 ) − 𝑠 (𝑘+1) > 2𝜖𝑠 , boundary
exchange cannot occur, and the top-𝑘 set remains unchanged. □
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Corollary E.16 (Top-𝑘 boundary stability under graph evolution).
By Theorem 4.15, taking 𝜖𝑠 =𝐶𝐷Δaug (𝐺,𝐺 ′;𝑞) yields

𝑃𝑘 (𝑞,𝐺)△𝑃𝑘 (𝑞,𝐺 ′) ⊆ B𝑘,2𝐶𝐷Δaug (𝑠𝐷 (𝑞,𝐺)). (146)

Therefore, the instability of hard top-𝑘 is restricted to candidates near
the original score boundary.

Theorem E.17 (Stability of soft retrieval distribution). Let

𝜋𝐷 (𝑞,𝐺) = softmax(𝑠𝐷 (𝑞,𝐺)/𝜏). (147)

If ∥𝑠𝐷 (𝑞,𝐺) − 𝑠𝐷 (𝑞,𝐺 ′)∥∞ ≤ 𝜖𝑠 , then

∥𝜋𝐷 (𝑞,𝐺) − 𝜋𝐷 (𝑞,𝐺 ′)∥1 ≤
2
𝜏
𝜖𝑠 . (148)

Therefore,

∥𝜋𝐷 (𝑞,𝐺) − 𝜋𝐷 (𝑞,𝐺 ′)∥1 ≤
2𝐶𝐷
𝜏

Δaug (𝐺,𝐺 ′;𝑞). (149)

Proof. The Jacobian of softmax is 𝐽 (𝑧) = diag(𝜋) − 𝜋𝜋⊤. For
any perturbation 𝑟 ,

𝐽 (𝑧)𝑟 = 𝜋 ⊙ (𝑟 − E𝜋𝑟 ). (150)

If ∥𝑟 ∥∞ ≤ 1, then |𝑟𝑖 − E𝜋𝑟 | ≤ 2, so

∥ 𝐽 (𝑧)𝑟 ∥1 ≤
∑︁
𝑖

𝜋𝑖 |𝑟𝑖 − E𝜋𝑟 | ≤ 2. (151)

Thus, the ℓ∞ → ℓ1 Lipschitz constant of softmax is at most 2. Since
the input is 𝑠𝐷/𝜏 , we obtain

∥𝜋𝐷 (𝑠) − 𝜋𝐷 (𝑠′)∥1 ≤
2
𝜏
∥𝑠 − 𝑠′∥∞ . (152)

Substituting Theorem 4.15 gives the conclusion. □

Theorem E.18 (High-probability graph evolution stability). If the
writer’s single-round graph update satisfies

P[Δaug (𝐺,𝐺 ′;𝑞) > 𝜖] ≤ 𝛿, (153)

then

P
[
∥𝑠𝐷 (𝑞,𝐺) − 𝑠𝐷 (𝑞,𝐺 ′)∥∞ > 𝐶𝐷𝜖

]
≤ 𝛿. (154)

If E[Δaug (𝐺,𝐺 ′;𝑞)] ≤ 𝜖 , then

E
[
∥𝑠𝐷 (𝑞,𝐺) − 𝑠𝐷 (𝑞,𝐺 ′)∥∞

]
≤ 𝐶𝐷𝜖. (155)

Proof. By Theorem 4.15, for any graph pair, we have

∥𝑠𝐷 (𝑞,𝐺) − 𝑠𝐷 (𝑞,𝐺 ′)∥∞ ≤ 𝐶𝐷Δaug (𝐺,𝐺 ′;𝑞). (156)

Therefore, the event {∥𝑠𝐷 (𝑞,𝐺) − 𝑠𝐷 (𝑞,𝐺 ′)∥∞ > 𝐶𝐷𝜖} implies the
event {Δaug (𝐺,𝐺 ′;𝑞) > 𝜖}, so the probability upper bound fol-
lows immediately. The expectation conclusion follows by taking
expectations on both sides of the deterministic inequality. □

E.6 Local Influence Cone

Proposition 8 (Influence cone of local graph updates). Suppose the
writer only changes nodes, edges, anchors, or attributes on a primi-
tive setU. Suppose that the structural gate input 𝑧 (𝑙 )𝑢𝑣 , except for
the graph-level summary, only depends on a local neighborhood of
radius 𝑟𝑧 , and that𝐺 and𝐺 ′ are exactly the same outsideN𝐿+𝑟𝑧 (U).
If graph-level summary drift is ignored, then for any

𝑣 ∉ N𝐿+𝑟𝑧 (U), (157)

we have
ℎ
(𝐿)
𝑣 (𝑞,𝐺) = ℎ (𝐿)𝑣 (𝑞,𝐺 ′) . (158)

If the graph-level summary drift is 𝜌𝑔 = ∥𝑟𝐺 − 𝑟𝐺 ′ ∥2, then there
exists a constant 𝐶𝑔 such that


ℎ (𝐿)𝑣 (𝑞,𝐺) − ℎ (𝐿)𝑣 (𝑞,𝐺 ′)




2
≤ 𝐶𝑔𝜌𝑔 . (159)

Proof. First consider the case without graph-level summary
drift. We induct on the layer index 𝑙 . For 𝑙 = 0, if 𝑣 ∉ N𝐿+𝑟𝑧 (U),
then its node features, presence bit, and seed score are all identi-
cal, so ℎ (0)𝑣 (𝐺) = ℎ

(0)
𝑣 (𝐺 ′). Suppose that at layer 𝑙 − 1, all nodes

whose distance from U exceeds 𝐿 + 𝑟𝑧 − (𝑙 − 1) have identical
representations. If 𝑣 ∉ N𝐿+𝑟𝑧−𝑙 (U), then all its one-hop neigh-
bors 𝑢 do not belong to N𝐿+𝑟𝑧−(𝑙−1) (U); by the induction hypoth-
esis, ℎ (𝑙−1)

𝑢 (𝐺) = ℎ (𝑙−1)
𝑢 (𝐺 ′). Meanwhile, the radius-𝑟𝑧 local struc-

tural contexts of all relevant edges are also identical, so the gate,
message multiset, and aggregation result are identical, and hence
ℎ
(𝑙 )
𝑣 (𝐺) = ℎ (𝑙 )𝑣 (𝐺 ′). Taking 𝑙 = 𝐿 gives the first conclusion. If graph-

level summary drift exists, then the gate input has an additional
uniform perturbation term 𝜌𝑔 , and a𝐶𝑔𝜌𝑔-type upper bound follows
from Lemma 4.10 and the recursion in Theorem 4.12. □

F Theoretical Motivation of the Self-evolving

Writer–Reader Loop

F.1 Joint Memory Utility

The reader-aware writer reward can consist of evidence coverage,
precision, deducibility, and answer utility. Abstractly, define the
joint memory utility as

J (𝜃, 𝜙) = E(𝑞,𝐷,𝐷+,𝑦)
[
𝑈

(
𝑅𝜙 (𝑞,𝑊𝜃 (𝑞, 𝐷), 𝐷), 𝐷+, 𝑦

) ]
, (160)

where𝑈 can be taken as

𝑈 =
𝛼𝑟rec + 𝛽𝑟pre + 𝛾𝑟ded

𝛼 + 𝛽 + 𝛾 − 𝜆rep𝜌rep + 𝜆fmt𝑟fmt, (161)

or an extended form including answer-level reward. This definition
places the writer’s graph construction quality and the reader’s
graph reading ability under the same objective.

F.2 Approximate Coordinate Improvement

TheoremF.1 (The self-evolution process is approximate coordinate
improvement on joint utility). Suppose that the writer update at
round 𝑟 satisfies

J (𝜃 (𝑟+1) , 𝜙 (𝑟 ) ) ≥ J (𝜃 (𝑟 ) , 𝜙 (𝑟 ) ) + Δ(𝑟 )
𝑊
− 𝜖 (𝑟 )

𝑊
, (162)

and the reader update satisfies

J (𝜃 (𝑟+1) , 𝜙 (𝑟+1) ) ≥ J (𝜃 (𝑟+1) , 𝜙 (𝑟 ) ) + Δ(𝑟 )
𝑅
− 𝜖 (𝑟 )

𝑅
. (163)
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Then one full round of writer–reader self-evolution satisfies

J (𝜃 (𝑟+1) , 𝜙 (𝑟+1) ) −J (𝜃 (𝑟 ) , 𝜙 (𝑟 ) ) ≥ Δ(𝑟 )
𝑊
+Δ(𝑟 )

𝑅
−𝜖 (𝑟 )

𝑊
−𝜖 (𝑟 )

𝑅
. (164)

Therefore, as long as Δ(𝑟 )
𝑊
+ Δ(𝑟 )

𝑅
> 𝜖

(𝑟 )
𝑊
+ 𝜖 (𝑟 )

𝑅
, the joint memory

utility improves in that round.

Proof. By telescoping decomposition,

J (𝜃 (𝑟+1) , 𝜙 (𝑟+1) ) − J (𝜃 (𝑟 ) , 𝜙 (𝑟 ) )

=
[
J (𝜃 (𝑟+1) , 𝜙 (𝑟+1) ) − J (𝜃 (𝑟+1) , 𝜙 (𝑟 ) )

]
+

[
J (𝜃 (𝑟+1) , 𝜙 (𝑟 ) ) − J (𝜃 (𝑟 ) , 𝜙 (𝑟 ) )

]
.

(165)

Substituting Eq. (162) and Eq. (163), respectively, gives the conclu-
sion. □

F.3 Reader Reward Bias and Calibration Benefit

Definition F.2 (True utility and reader surrogate reward). Let
𝑈★(𝐺) denote the true utility of graph memory 𝐺 with respect to
the downstream task, and let𝑈𝜙 (𝐺) denote the surrogate reward
constructed from the readout result of reader 𝑅𝜙 . We say that the
reader reward bias is at most 𝜖𝜙 if, for all considered graphs 𝐺 ,���𝑈𝜙 (𝐺) −𝑈★(𝐺)

��� ≤ 𝜖𝜙 . (166)

Theorem F.3 (Surrogate reward improvement to true utility im-
provement). If the reader reward bias is at most 𝜖𝜙 , and the writer
update improves the surrogate reward by

𝑈𝜙 (𝐺𝜃 ′ ) −𝑈𝜙 (𝐺𝜃 ) ≥ Δ, (167)

then the true utility satisfies

𝑈★(𝐺𝜃 ′ ) −𝑈★(𝐺𝜃 ) ≥ Δ − 2𝜖𝜙 . (168)

Proof. By the bias assumption,

𝑈★(𝐺𝜃 ′ ) ≥ 𝑈𝜙 (𝐺𝜃 ′ ) − 𝜖𝜙 , 𝑈★(𝐺𝜃 ) ≤ 𝑈𝜙 (𝐺𝜃 ) + 𝜖𝜙 . (169)

Subtracting the two inequalities gives

𝑈★(𝐺𝜃 ′ ) −𝑈★(𝐺𝜃 ) ≥ 𝑈𝜙 (𝐺𝜃 ′ ) −𝑈𝜙 (𝐺𝜃 ) − 2𝜖𝜙 ≥ Δ − 2𝜖𝜙 . (170)

□

Corollary F.4 (Reader calibration reduces writer optimization bias).
If the reader is calibrated from 𝜙 to 𝜙 ′ and reduces the reward bias
from 𝜖𝜙 to 𝜖𝜙 ′ , where 𝜖𝜙 ′ < 𝜖𝜙 , then for the same surrogate reward
improvementΔ, the lower bound on true utility improvement increases
by

2(𝜖𝜙 − 𝜖𝜙 ′ ). (171)

Proof. By Theorem 5.3, the true utility improvement lower
bound before calibration is Δ−2𝜖𝜙 , and after calibration it is Δ−2𝜖𝜙 ′ .
Subtracting the two gives the result. □

F.4 Irreducible Bottlenecks of Single-sided

Updates

Proposition 9 (Lower-bound bottlenecks of single-sided updates).
Assume that the overall error can be decomposed as

E(𝜃, 𝜙) = Ewrite (𝜃 ) + Eread (𝜙 ;𝜃 ) + 𝜖int (𝜃, 𝜙), (172)

where all terms are nonnegative. If only the reader is updated, i.e.,
𝜙 ↦→ 𝜙 ′ while 𝜃 is fixed, then

E(𝜃, 𝜙 ′) ≥ Ewrite (𝜃 ) . (173)

If only the writer is updated, i.e., 𝜃 ↦→ 𝜃 ′ while 𝜙 is fixed, then

E(𝜃 ′, 𝜙) ≥ Eread (𝜙 ;𝜃 ′) . (174)

Therefore, reader-only updates cannot compensate for evidence
chains that the writer has not written; writer-only updates cannot
guarantee that a fixed reader can read out the evidence structures
in the new graph distribution.

Proof. By the decomposition in Eq. (172) and the nonnegativity
of all terms,

E(𝜃, 𝜙 ′) = Ewrite (𝜃 ) + Eread (𝜙 ′;𝜃 ) + 𝜖int (𝜃, 𝜙 ′) ≥ Ewrite (𝜃 ). (175)

The second inequality is analogous. □

F.5 Stability of Closed-loop Graph Evolution

and Parameter Updates

Theorem F.5 (Score drift control under multi-round self-evolution).
Let the graph at round 𝑟 be𝐺 (𝑟 ) , and the reader parameter be 𝜙 (𝑟 ) . If
single-step graph stability satisfies


𝑠𝐷 (𝑞,𝐺 (𝑟+1) ;𝜙 (𝑟 ) ) − 𝑠𝐷 (𝑞,𝐺 (𝑟 ) ;𝜙 (𝑟 ) )





∞
≤ 𝐶𝐷Δ𝑟 , (176)

where Δ𝑟 = Δaug (𝐺 (𝑟 ) ,𝐺 (𝑟+1) ;𝑞); and if the score is locally Lipschitz
with respect to the parameter:

∥𝑠𝐷 (𝑞,𝐺 ;𝜙) − 𝑠𝐷 (𝑞,𝐺 ;𝜙 ′)∥∞ ≤ 𝐶𝜙 ∥𝜙 − 𝜙 ′∥2 , (177)

then 


𝑠𝐷 (𝑞,𝐺 (𝑇 ) ;𝜙 (𝑇 ) ) − 𝑠𝐷 (𝑞,𝐺 (0) ;𝜙 (0) )



∞

≤
𝑇−1∑︁
𝑟=0

(
𝐶𝐷Δ𝑟 +𝐶𝜙




𝜙 (𝑟+1) − 𝜙 (𝑟 )





2

)
.

(178)

Proof. For each 𝑟 , adding and subtracting the intermediate term
𝑠𝐷 (𝑞,𝐺 (𝑟+1) ;𝜙 (𝑟 ) ) gives


𝑠𝐷 (𝑞,𝐺 (𝑟+1) ;𝜙 (𝑟+1) ) − 𝑠𝐷 (𝑞,𝐺 (𝑟 ) ;𝜙 (𝑟 ) )





∞

≤



𝑠𝐷 (𝑞,𝐺 (𝑟+1) ;𝜙 (𝑟+1) ) − 𝑠𝐷 (𝑞,𝐺 (𝑟+1) ;𝜙 (𝑟 ) )





∞

(179)

+



𝑠𝐷 (𝑞,𝐺 (𝑟+1) ;𝜙 (𝑟 ) ) − 𝑠𝐷 (𝑞,𝐺 (𝑟 ) ;𝜙 (𝑟 ) )





∞

≤ 𝐶𝜙



𝜙 (𝑟+1) − 𝜙 (𝑟 )





2
+𝐶𝐷Δ𝑟 . (180)

Summing over 𝑟 = 0, . . . ,𝑇 − 1 and using the triangle inequality
gives the conclusion. □
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Corollary F.6 (High-probability multi-round stability). If P[Δ𝑟 >
𝜖𝑟 ] ≤ 𝛿𝑟 , then with probability at least 1 −∑𝑇−1

𝑟=0 𝛿𝑟 ,


𝑠𝐷 (𝑞,𝐺 (𝑇 ) ;𝜙 (𝑇 ) ) − 𝑠𝐷 (𝑞,𝐺 (0) ;𝜙 (0) )



∞

≤
𝑇−1∑︁
𝑟=0

(
𝐶𝐷𝜖𝑟 +𝐶𝜙




𝜙 (𝑟+1) − 𝜙 (𝑟 )





2

)
.

(181)

Proof. By a union bound, the event {∀𝑟,Δ𝑟 ≤ 𝜖𝑟 } holds with
probability at least 1 −∑

𝑟 𝛿𝑟 . Applying Theorem 5.7 on this event
gives the conclusion. □

G Analysis of the Memory Writer

This section further analyzes the memory writer while keeping the
memory reader fixed. The experiments mainly use HotpotQA and
MuSiQue. To further examine domain transfer capability, we also
evaluate the trainedwriting policy onGRBench-Amazon, HaluMem-
Medium, and LongMemEval-Oracle [? ? ]. We primarily report Pre-
cision, Recall, and Deducible: the first two measure whether the text
retrieved by the reader covers the gold supporting contexts, while
Deducible is determined by a judge as to whether the standard an-
swer can be inferred from the retrieved context, thus more directly
reflecting whether the graph memory is usable for reasoning.

Table 5 shows that different rewards have different preferences.
Overall, RL-Hybrid achieves the best overall results, indicating that
hybrid rewards can simultaneously constrain the selectivity and
coverage of graph writing. Hybrid + frozen answer API achieves
the highest Deducible but slightly lower retrieval Precision/Recall,
suggesting that answer-side feedback helps improve reasoning us-
ability, but may also make the writer more conservatively inclined
to write evidence that directly supports the answer. Table 6 shows
that a writer learned on HotpotQA/MuSiQue can transfer to GR-
Bench, HaluMem, and LongMemEval, but continued training on the
target domain still brings significant improvements. This indicates
that the memory structure in agent memory scenarios is not en-
tirely similar to that in traditional multi-hop QA, so target-domain
feedback remains crucial. Table 7 further shows that the writing
protocol and interaction budget affect the trade-off between cover-
age and noise. Relaxing the tight prompt can improve Recall, but
reduces Deducible; increasing iterative turns helps complete cross-
document bridging paths, but when the budget is too large or the
protocol is too loose. More detailed reader-side sensitivity, training
stability, and regularization analyses are provided in Appendix A.

H Ablation Study of the Memory Reader

We conduct ablation studies to isolate the contribution of eachmajor
component in the memory reader. All variants use the same writer-
produced graph memory and the same retrieval budget unless the
ablated component directly changes the retrieval mechanism. The
ablations are organized around four questions: (1) whether struc-
tured query planning and global soft addressing are necessary for
recovering evidence from fragmented cues; (2) whether structurally
gated propagation improves over uniform graph propagation; (3)
whether cross-graph structural priors and target-graph calibration
are both needed for evolving graph memory; and (4) whether reader
training and entity-to-document projection are important for con-
verting entity-level activation into document-level retrieval.

Table 8 summarizes the results. The first group evaluates how
the reader handles fragmented cues. Removing structured query
planning, alias/constraint cues, or global soft addressing forces
the reader to rely more heavily on surface-level query matches
or a small number of anchor entities, directly testing whether the
complete evidence chain can still be recovered when distant bridge
nodes are not initially activated. The second group studies whether
the reader uses graph structure in a learned and selective way.
Removing structural gates or replacing them with uniform message
passing tests whether treating hub edges, bridge edges, redundant
edges, and noisy shortcuts similarly harms retrieval. The third
group examines the context–schema decomposition: the schema
channel captures transferable structural reading patterns, while the
context channel adapts the reader to the current writer-produced
graph. The last group evaluates the selector, entity-to-document
projection, GFM pre-training, and supervised retrieval fine-tuning.

The ablation results show the relative contribution of eachmemory-
reader component. First, structured query planning and global soft
addressing are important for fragmented-cue retrieval: removing
them noticeably weakens performance, especially on MuSiQue
and 2WikiMultiHopQA, where evidence chains are more likely to
depend on implicit bridge entities. Second, structurally gated prop-
agation consistently improves over uniform message passing, indi-
cating that graph structure should be used selectively rather than
as a fixed expansion rule. Among the structural inputs, graph-level
summaries have a relatively smaller effect, while node-level and
edge-pair features are more important for recognizing hubs, bridges,
and cross-community evidence paths. Third, both the schema prior
and context calibration channels contribute to performance, sug-
gesting that the reader benefits from preserving transferable struc-
tural priors while adapting to the current writer-produced graph.
Finally, supervised retrieval fine-tuning is essential for aligning
the GFM reader with document-level evidence retrieval, whereas
GFM pre-training provides transferable structural initialization that
improves stability across datasets.

I Implementation Details of the

Query-conditioned Subgraph Selection

Regularizer

We provide the implementation details of the query-conditioned
subgraph selector. In addition to the base entity scoring, it further
learns a soft gating probability 𝜋𝑒 (𝑞), which characterizes whether
entity 𝑒 should enter the reading subgraph of the current query
𝑞. This module performs lightweight reweighting of the final en-
tity score, and constrains the reading subgraph through several
structural regularizers during training.

Query-conditioned Selection Probability. Given a query 𝑞 and
a graph G = (V, E), let h𝑒 ∈ R𝑑 denote the representation of
entity node 𝑒 ∈ V after propagation by the GFM backbone, and
let z𝑞 ∈ R𝑑 denote the query representation output by the query
encoder and then linearly projected. Here,𝑑 is the hidden dimension.
The selector first projects the node representation and the query
representation into the same selector space:

u𝑒 =𝑊𝑛h𝑒 , v𝑞 =𝑊𝑠z𝑞, (182)
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Table 5: Training results for the memory writer.

GFM-pretrained-only refers to using rewards fed

back only by the pretrained memory reader, while

GFM-finetuned further refers to using the fine-

tuned memory reader.

Methods Prec.↑ Recall↑ Deducible↑

GFM-pretrained-only 0.838 0.818 0.510
GFM-finetuned 0.824 0.813 0.512
RL-Recall 0.889 0.835 0.502
RL-F1 0.839 0.881 0.497
RL-Deduce 0.861 0.892 0.517
RL-Hybrid 0.902 0.917 0.522
Hybrid + frozen answer API 0.832 0.874 0.526

Table 6: Cross-dataset memory writing results.

“Base→Target” indicates direct evaluation on the

target domain after training on the HotpotQA/MuSiQue

base; “Target train→val” indicates training and valida-

tion on the target domain.

Settings Prec.↑ Recall↑ Deducible↑

Base→GRBench 0.575 0.609 0.411
GRBench train→val 0.794 0.833 0.596
Base→HaluMem 0.230 0.448 0.299
HaluMem train→val 0.312 0.708 0.438
Base→LongMemEval 0.232 0.376 0.475
LongMem train→LongMemEval 0.377 0.439 0.531

Table 7: Ablation of writing protocols and interaction bud-

gets. Tight=True indicates that the writer performs a single-

round graph write under a stricter evidence budget, meaning

the reader exposes only fewer, higher-confidence candidate

pieces of evidence to the writer; Tight=False indicates that

this evidence budget is relaxed, allowing the writer to access

a broader candidate context. Iterative indicates that multi-

round interactive writer–reader writing is enabled: the writer

first writes the initial graphmemory, the reader then returns

retrieval feedback based on the current graph, and the writer

continues to supplement or revise the graph structure. Here,

12/20/24 turns indicates the maximum number of interac-

tion rounds allowed, and tight/loose indicates that strict or

relaxed evidence budget constraints are still used during this

multi-round interaction process.

Settings Prec.↑ Recall↑ Deducible↑

Tight=True 0.836 0.806 0.515
Tight=False 0.845 0.851 0.506
Iterative, 12 turns, tight 0.852 0.829 0.516
Iterative, 20 turns, tight 0.835 0.881 0.522
Iterative, 24 turns, loose 0.863 0.826 0.531

where𝑊𝑛 ∈ R𝑑𝑠×𝑑 is the node-side projection matrix,𝑊𝑠 ∈ R𝑑𝑠×𝑑
is the query-side projection matrix, and 𝑑𝑠 is the hidden dimension
of the selector space. In our implementation, we set 𝑑𝑠 = 𝑑 , but

the two do not have to be equal. Then, the selector obtains the
selection logit of entity 𝑒 with respect to query 𝑞 through a scaled
inner product:

𝜁𝑒 (𝑞) =
u⊤𝑒 v𝑞
𝑇𝑠

, (183)

where 𝑇𝑠 > 0 is the selector temperature coefficient. The final soft
selection probability is defined as

𝜋𝑒 (𝑞) = sigmoid(𝜁𝑒 (𝑞)) =
1

1 + exp(−𝜁𝑒 (𝑞))
. (184)

Here, 𝜋𝑒 (𝑞) ∈ (0, 1) can be understood as the soft probability that
entity 𝑒 is included in the reading subgraph of the current query.
During training, we directly use 𝜋𝑒 (𝑞) for differentiable optimiza-
tion; during inference, we can either continue to use the soft prob-
ability for reweighting, or obtain a discrete subgraph according to
a threshold 𝜏𝜋 :

V𝑞 = {𝑒 ∈ V | 𝜋𝑒 (𝑞) > 𝜏𝜋 }, E𝑞 = {(𝑢, 𝑣) ∈ E | 𝑢, 𝑣 ∈ V𝑞}.
(185)

Let 𝑎𝑒 (𝑞) denote the base entity score given by the GFM back-
bone reader. This score is usually obtained from the similarity
between the node representation and the query representation, for
example

𝑎𝑒 (𝑞) = h⊤𝑒 z𝑞 . (186)

Finally, we have:

𝑎final
𝑒 (𝑞) = 𝑎𝑒 (𝑞) + 𝜆𝑠𝜁𝑒 (𝑞), (187)
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Table 8: Ablation study of the memory reader on multi-hop QA retrieval. We report document-level Recall (%) at top-2 and

top-5. All variants use the same writer-produced graph memory unless otherwise specified.

Reader Variant
HotpotQA MuSiQue 2WikiMultiHopQA

R@2 R@5 R@2 R@5 R@2 R@5
SAGE 65.1 77.6 43.2 53.1 83.6 88.6

Query planning and global addressing
SAGE w/o Structured Query Planning 62.7 75.1 40.4 50.1 80.7 86.6
SAGE w/o Global Soft Addressing 59.3 72.5 37.6 47.4 75.9 83.1
SAGE w/o Alias and Constraint Cues 63.0 75.8 41.0 50.8 80.8 86.9
SAGE w/ Anchor-only Initialization 58.6 71.4 36.8 46.5 74.2 82.4
Structurally conditioned propagation
SAGE w/o Structural Gate 60.4 73.2 39.2 48.7 78.1 84.9
SAGE w/o Node Structural Features 62.1 74.8 40.5 50.0 80.0 86.0
SAGE w/o Edge-pair Structural Features 61.5 74.0 40.1 49.4 79.1 85.6
SAGE w/o Graph-level Summary 63.2 75.9 41.6 51.0 81.3 87.0
SAGE w/ Uniform Message Passing 58.9 71.8 37.5 46.9 75.3 82.9
Cross-graph priors and target-graph calibration
SAGE w/o Schema Prior Channel 62.4 75.0 40.9 50.6 80.4 86.4
SAGE w/o Context Calibration Channel 61.8 74.3 40.0 49.8 79.5 85.9
SAGE w/o Context–Schema Fusion 60.7 73.5 39.1 48.6 77.8 84.7
Selector, projection, and reader training
SAGE w/o Controlled Entity-to-Document Projection 60.9 73.9 38.7 48.2 77.2 84.4
SAGE w/o Query-conditioned Selector 63.9 76.5 41.9 52.0 82.2 87.6
SAGE w/ Vanilla GNN Reader 57.2 70.6 36.3 45.2 72.8 80.7

where 𝜆𝑠 ≥ 0 controls the influence of the selector logit on the final
entity ranking.

Query–Subgraph Contrastive Regularizer. Using only Eq. (187)
to fuse the selector score can easily lead to two types of degenera-
tion: first, the selector may assign high probabilities to most nodes,
thereby degenerating into full-graph activation; second, the selector
may only learn local high-frequency entities, without forming a
subgraph representation that is consistent with the overall seman-
tics of the query. To this end, we first construct a query-conditioned
subgraph representation weighted by the selection probabilities:

h̄𝜋 (𝑞) =
∑
𝑒∈V 𝜋𝑒 (𝑞)h𝑒∑
𝑒∈V 𝜋𝑒 (𝑞) + 𝜖

, (188)

where 𝜖 > 0 is a numerical stability term, which avoids an exces-
sively small denominator when all 𝜋𝑒 (𝑞) are close to 0. h̄𝜋 (𝑞) can
be understood as the semantic center of the soft subgraph activated
by the current selector.

For a mini-batch B = {𝑞𝑖 }𝐵𝑖=1, we treat (h̄𝜋 (𝑞𝑖 ), z𝑞𝑖 ) within the
same sample as a positive pair, and treat (h̄𝜋 (𝑞𝑖 ), z𝑞 𝑗 ), 𝑗 ≠ 𝑖 , as
in-batch negative pairs. The query–subgraph contrastive loss is

defined as

Ωnce = −
1
𝐵

𝐵∑︁
𝑖=1

log
exp

(
sim(h̄𝜋 (𝑞𝑖 ), z𝑞𝑖 )/𝑇𝑛

)∑𝐵
𝑗=1 exp

(
sim(h̄𝜋 (𝑞𝑖 ), z𝑞 𝑗 )/𝑇𝑛

) , (189)

where 𝑇𝑛 > 0 is the contrastive learning temperature coefficient,
and sim(·, ·) is the similarity function. In implementation, we usu-
ally apply ℓ2 normalization to h̄𝜋 (𝑞) and z𝑞 , and use inner-product

similarity, so that sim(h̄𝜋 (𝑞), z𝑞) =
h̄𝜋 (𝑞)⊤z𝑞

∥h̄𝜋 (𝑞) ∥2 ∥z𝑞 ∥2
. This term encour-

ages the soft subgraph activated by the selector to semantically
represent the current query, rather than only selecting nodes with
high frequency or high centrality in the graph.

Size Regularizer. To prevent the selector from improving recall
by activating a large number of nodes, we use the average selection
probability as a size penalty:

Ωsize =
1
|V|

∑︁
𝑒∈V

𝜋𝑒 (𝑞) . (190)

This term approximately represents the expected proportion of
activated nodes. Minimizing Ωsize pushes the model to select a
smaller reading subgraph. However, this term cannot be used alone;
otherwise, the selector may degenerate into selecting too few nodes
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or even no nodes. Therefore, it needs to be jointly optimized with
Ωnce and themain retrieval loss: the former ensures query relevance,
while the latter ensures that the selected structure can still support
correct entity and document recall.

Connectivity Smoothing Regularizer. In addition to controllable
size, an effective reading subgraph should also have local structural
coherence. If the selection probabilities of adjacent nodes differ
too much, the model may form several isolated activated points,
making multi-hop paths difficult to explicitly utilize. To this end,
we use a smoothing penalty on edges:

Ωcon =
1
|E |

∑︁
(𝑢,𝑣) ∈E

(𝜋𝑢 (𝑞) − 𝜋𝑣 (𝑞))2 . (191)

Here, (𝑢, 𝑣) is a directed or undirected edge in the graph, depend-
ing on whether edge directions are preserved during graph con-
struction. If an undirected graph is used, E can be viewed as the
symmetrized edge set. This term does not force all selected nodes
to be strictly connected, but encourages adjacent nodes to have
similar selection probabilities. In matrix form, if 𝝅 (𝑞) ∈ R |V | is
the selection probability vector composed of 𝜋𝑒 (𝑞), and L is the
graph Laplacian matrix, then this term is equivalent to Laplacian
smoothing:

Ωcon ∝ 𝝅 (𝑞)⊤L𝝅 (𝑞). (192)
Therefore, it is consistent with the classical assumption of graph
signal smoothing: query relevance, as a soft signal on the graph,
should maintain a certain degree of continuity within local neigh-
borhoods.

Computational Complexity of the Selector Itself. Let the batch size
be 𝐵, the number of nodes be 𝑛 = |V|, the number of edges be
𝑚 = |E |, and the hidden dimension be 𝑑 . The cost of computing
𝑊𝑛h𝑒 is 𝑂 (𝐵𝑛𝑑2), the cost of computing𝑊𝑠z𝑞 is 𝑂 (𝐵𝑑2), and the
cost of the inner-product logits is 𝑂 (𝐵𝑛𝑑). If we cache𝑊𝑛h𝑒 in
advance, this term can be reduced to 𝑂 (𝐵𝑛𝑑). For the contrastive
term, the cost of the subgraph pooling in Eq. (188) is 𝑂 (𝐵𝑛𝑑), and
the cost of the in-batch NCE similarity matrix is 𝑂 (𝐵2𝑑); the size
term has cost𝑂 (𝐵𝑛); the connectivity term needs to traverse edges
and has cost 𝑂 (𝐵𝑚). Therefore, the additional complexity of the
selector during training is

𝑂
(
𝐵𝑛𝑑2 + 𝐵𝑛𝑑 + 𝐵2𝑑 + 𝐵𝑚

)
, (193)

and if the quadratic term of the linear projection is ignored or
cached, it can be approximated as

𝑂
(
𝐵𝑛𝑑 + 𝐵2𝑑 + 𝐵𝑚

)
. (194)

During inference, if only the selector logit is used to fuse entity
scores, without computing NCE, size, and connectivity regularizers,
then the additional cost is mainly𝑂 (𝐵𝑛𝑑2 +𝐵𝑛𝑑), or𝑂 (𝐵𝑛𝑑) under
caching/lightweight projection.

J Training and Inference Complexity

For ease of exposition, suppose that the graph G = (V, E) has
𝑛 = |V| entity nodes and𝑚 = |E | entity-relation edges. If self-loops
are added in GCN propagation, we denote 𝑚̃ =𝑚+𝑛. Let the hidden
dimension be 𝑑 , the number of propagation layers be 𝐿, the batch
size be 𝐵, and the number of pseudo-queries be𝑀 . Therefore, one
real query together with𝑀 pseudo-queries requires𝑀 + 1 graph

reads. Let M ∈ {0, 1}𝑛×𝑁𝐷 denote the sparse entity–document
association matrix, where 𝑁𝐷 is the number of documents, and
nnz(M) is the number of nonzero entity–document links. Let 𝐾𝑒
denote the number of top entities used for document projection,
and let 𝑓 denote the average number of documents linked to the
top entities.

J.1 Offline Structural Feature and Indexing Cost

Let the dimension of node structural features be 𝑝𝑛 , the dimension
of edge structural features be 𝑝𝑒 , and the dimension of graph-level
summaries be 𝑝𝑔 . In the current implementation, 𝑝𝑛 , 𝑝𝑒 , and 𝑝𝑔 are
all small constants.

Given that the adjacency list has been constructed, degrees and
average neighbor degrees can be computed in𝑂 (𝑛 +𝑚) time. Clus-
tering coefficients and the number of common neighbors require
computing intersections of neighbor sets, whose complexity can
be written as

𝑂
©­«𝑛 +𝑚 +

∑︁
(𝑢,𝑣) ∈E

min{deg(𝑢), deg(𝑣)}ª®¬ . (195)

In sparse graphs or graphs with bounded average degree, Eq. (195)
is approximately 𝑂 (𝑛 +𝑚); in extremely dense graphs, the worst
case can reach 𝑂 (𝑛3). These structural features and the entity–
document matrix can both be precomputed and cached offline, with
space cost

𝑂
(
𝑛𝑝𝑛 +𝑚𝑝𝑒 + 𝑝𝑔 + nnz(M)

)
. (196)

Since this part does not depend on a specific query, when eval-
uating multiple queries on the same candidate graph in the self-
evolving memory loop, the same set of structural features and
entity–document indices can be reused.

J.2 Forward Propagation Complexity of the

Structurally Gated GFM

We first consider a single forward propagation for one query on
one graph. A standard GCN layer contains two parts: node linear
transformation and sparse adjacency aggregation. The cost of node
linear transformation is𝑂 (𝑛𝑑2), and the cost of edge-level message
aggregation is𝑂 (𝑚̃𝑑). Therefore, the complexity of a standard GCN
layer is

𝐶plain =𝑂
(
𝑛𝑑2 + 𝑚̃𝑑

)
. (197)

Beyond ordinary message propagation, a structurally gated layer
generates a vector gate for each edge. Its message form is

m𝑢→𝑣 =≫𝑢𝑣 ⊙𝑊 h𝑢 , (198)

where h𝑢 is the source node representation,𝑊 ∈ R𝑑×𝑑 is the node
linear transformation matrix,≫𝑢𝑣∈ R𝑑 is the structural gate vector
of edge (𝑢, 𝑣), and ⊙ denotes element-wise multiplication. Let 𝑑𝑔
denote the encoding dimension of structural features, and let ℎ𝑔
denote the hidden dimension of the gating MLP. If the gate uses
four types of inputs, namely source-node structure, target-node
structure, edge-pair structure, and graph-level summary, then the
gate generation cost can be written as

𝐶gate =𝑂
(
𝑛𝑝𝑛𝑑𝑔 +𝑚𝑝𝑒𝑑𝑔 + 𝑝𝑔𝑑𝑔

+𝑚(4𝑑𝑔ℎ𝑔 + ℎ𝑔𝑑)
)
.

(199)
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Here, 𝑛𝑝𝑛𝑑𝑔 comes from node structural feature encoding,𝑚𝑝𝑒𝑑𝑔
comes from edge structural feature encoding, 𝑝𝑔𝑑𝑔 comes from
graph-level summary encoding, and𝑚(4𝑑𝑔ℎ𝑔 + ℎ𝑔𝑑) comes from
the per-edge gating MLP. If edge-pair features or graph-level sum-
maries are disabled, the corresponding terms in Eq. (199) can be
removed. If 𝑑𝑔 and ℎ𝑔 are regarded as being of the same order as
𝑑 , then gate generation is 𝑂 (𝑚𝑑2) in the worst case; if the gat-
ing MLP is regarded as a small constant-width module, or if low-
rank/dimension-wise gating is adopted, it can be approximated as
𝑂 (𝑚𝑑). Therefore, the complexity of a structurally gated layer is

𝐶gated =𝑂
(
𝑛𝑑2 + 𝑚̃𝑑 +𝐶gate

)
. (200)

The current implementation supports dual structural prompts:
one is a holistic gated branch, and the other is a specific prompt
branch. If only a standard GCN is used, the per-layer cost is𝐶plain; if
only a structurally gated GCN is used, the per-layer cost is𝐶gated; if
one gated branch and one standard branch are used simultaneously,
the per-layer cost is approximately𝐶gated +𝐶plain. Let 𝜌plain ∈ {0, 1}
denote whether the standard prompt branch is enabled, and let
𝜌gated ∈ {0, 1} denote whether the structurally gated branch is en-
abled. Then the GFM encoding cost for one batch can be uniformly
written as

𝐶enc (𝐵) =𝑂
(
𝐵𝐿

(
𝜌plain𝐶plain + 𝜌gated𝐶gated

) )
. (201)

The factor 𝐵 appears because, in the current implementation, each
query in a batch separately constructs query-conditioned node
inputs and performs graph encoding. If query-independent struc-
tural gates for a fixed graph are cached during inference, part of
the gate cost can be reduced; however, based on the current code
implementation, Eq. (201) is a more conservative upper bound.

In the most common simplified analysis, we set 𝐵 = 1, 𝑀 = 0,
disable dual branches, and regard the gating MLP as a lightweight
constant-width module. Then Eq. (201) degenerates to

𝑂
(
𝐿(𝑚𝑑 + 𝑑2𝑛)

)
, (202)

which is exactly the core propagation complexity given in the main
text. Here,𝑚𝑑 corresponds to edge-level messages, structural gat-
ing, and sparse aggregation, while 𝑑2𝑛 corresponds to node linear
projection.

J.3 Entity Scoring, Selector Regularization, and

Document Projection Complexity

After GFM encoding obtains node representations, entity scoring
is usually obtained by

𝑎𝑒 (𝑞) = h⊤𝑒 z𝑞 (203)

For one batch, the complexity of this step is

𝐶score (𝐵) =𝑂 (𝐵𝑛𝑑). (204)

If the query-conditioned subgraph selector in Appendix I is enabled,
then the additional inference-stage cost is

𝐶sel,infer (𝐵) =𝑂 (𝐵𝑛𝑑2 + 𝐵𝑛𝑑), (205)

which can be approximated as 𝑂 (𝐵𝑛𝑑) if the node-side projection
is cached or a lightweight projection is used. During training, NCE,
the size term, and the connectivity term also need to be computed,
with additional complexity

𝐶sel,train (𝐵) =𝑂 (𝐵𝑛𝑑2 + 𝐵𝑛𝑑 + 𝐵2𝑑 + 𝐵𝑚). (206)

Here, 𝐵2𝑑 comes from the in-batch query–subgraph contrastive
matrix, and 𝐵𝑚 comes from the edge-level connectivity smoothing
term.

Entity-to-document projection is performed by the entity–document
matrixM. If full sparse matrix multiplication is used, the complexity
is

𝐶doc,full (𝐵) =𝑂 (𝐵 nnz(M)) . (207)
The IDFWeightedRanker in the current code belongs to this type:
it first constructs IDF weights according to entity occurrence fre-
quency, and then performs sparse matrix multiplication. If top-𝐾𝑒
entity projection is used, conceptually only the inverted lists corre-
sponding to these entities need to be accessed, so the complexity
can be written as

𝐶doc,top𝐾 (𝐵) =𝑂
(
𝐵𝑛 log𝐾𝑒 + 𝐵𝐾𝑒 𝑓

)
, (208)

where 𝐵𝑛 log𝐾𝑒 comes from top-𝐾𝑒 entity selection, and 𝐵𝐾𝑒 𝑓
comes from accessing the documents linked on average by the top
entities. If the final document top-𝐾 ranking is performed over all
𝑁𝐷 documents, the complexity is 𝑂 (𝐵𝑁𝐷 log𝐾); if it is performed
only over the candidate document pool, it is𝑂 (𝐵𝑁cand log𝐾), where
𝑁cand ≪ 𝑁𝐷 .

J.4 Training Complexity

The main costs in the training stage come from GFM forward prop-
agation, the entity-level retrieval loss, the optional selector regu-
larizer, and backpropagation. Let 𝜅bw denote the constant-factor
cost of backpropagation relative to forward propagation, which can
usually be regarded as a constant between 2 and 3. If the entity-
level training loss is BCE, ranking loss, or ListCE, then because the
predicted scores of 𝑛 entities need to be supervised or ranked, the
loss computation complexity is

𝐶loss (𝐵) =𝑂 (𝐵𝑛) . (209)

Therefore, when the selector is not enabled, the complexity of a
single training batch is

𝐶train =𝑂 (𝜅bw [𝐶enc (𝐵) +𝐶score (𝐵) +𝐶loss (𝐵)]) . (210)

After enabling the query-conditioned subgraph selector, the train-
ing complexity becomes

𝐶sel
train =𝑂

(
𝜅bw

[
𝐶enc (𝐵) +𝐶score (𝐵) +𝐶loss (𝐵) +𝐶sel,train (𝐵)

] )
.

(211)
If a document-level loss is also explicitly added during training, then
entity-to-document projection needs to be additionally performed,
with cost 𝐶doc,full (𝐵) or 𝐶doc,top𝐾 (𝐵).

J.5 Inference Complexity

The inference stage first performs query encoding, named entity
recognition, and entity linking, whose total cost is denoted as
𝐶prep (𝑞). This part depends on the adopted text encoder, NERmodel,
and entity linking model, and does not belong to the graph propa-
gation backbone. Given the prepared query embedding and query
entity mask, the core reading complexity of a single query is

𝐶infer (𝑞) =(𝑀 + 1)
[
𝐶enc (1) +𝐶score (1) +𝐶sel,infer (1) +𝐶doc (1)

]
+𝐶fuse (𝑀,𝐾),

(212)
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where 𝑀 is the number of pseudo-queries, 𝐶doc (1) can take the
complexity of full sparse projection or top-𝐾𝑒 inverted projection,
and𝐶fuse (𝑀,𝐾) is the cost of fusing the results from the main query
and pseudo-queries. If each query keeps 𝐾 candidate documents,
then the cost of simple weighted merging is

𝐶fuse (𝑀,𝐾) =𝑂 ((𝑀 + 1)𝐾 log((𝑀 + 1)𝐾)), (213)

J.6 Space Complexity

The model parameter space mainly comes from the GFM backbone,
structural prompts, the structurally gated MLP, selector projections,
and text projection layers. If we only discuss graph- related runtime
space, offline graph storage requires

𝑂
(
𝑛 +𝑚 + nnz(M) + 𝑛𝑝𝑛 +𝑚𝑝𝑒 + 𝑝𝑔

)
. (214)

During training, node activations of each layer need to be saved,
and the space complexity is on the order of

𝑂 (𝐵𝐿𝑛𝑑) (215)

If structurally gated edge messages are fully materialized, they re-
quire𝑂 (𝑚𝑑) GPUmemory; the current implementation adopts edge
chunk streaming. Let the chunk size be 𝑐 , then the peak memory of
gated messages can be reduced to

𝑂 (𝑐𝑑), (216)

where 𝑐 ≪𝑚. This is also one of the key engineering designs that
makes the current implementation suitable for large-graph reading.
If return_gate is enabled and the gate vectors of all edges are
saved for visualization or interpretation, then the space will rise
again to𝑂 (𝑚𝑑). If document scoring materializes all 𝑁𝐷 document
scores, it requires 𝑂 (𝐵𝑁𝐷 ) space; if only a candidate document
heap is maintained, it can be reduced to 𝑂 (𝐵𝐾) or 𝑂 (𝐵𝐾𝑒 𝑓 ).

J.7 Complexity Comparison with Related Work

Overall Comparison. From the perspective of complexity, stan-
dard dense RAG has the lightest online retrieval cost, but it is
difficult to explicitly model cross-document relations; multi-step
RAG improves complex reasoning ability through multiple rounds
of retrieval, but its cost grows linearly with the number of LLM
calls; GraphRAG-style methods shift a large amount of cost to of-
fline graph construction and summary generation; SubgraphRAG
reduces online cost through lightweight triple scoring, but its effec-
tiveness depends on the candidate triple set and structural distance
features; GFM-RAG and our reader concentrate the main computa-
tion on one or a small number of query-conditioned graph propa-
gations. Therefore, when the self-evolving memory loop needs to
repeatedly evaluate the retrievability of different written graphs,
the advantage of our design lies in the following: each evaluation
does not need to start multi-round LLM agentic search, but in-
stead quickly obtains differentiable or scoreable retrieval feedback
through a fixed GFM reader, structurally gated propagation, and
sparse document projection. This allows the graph writing strategy
to perform high-frequency comparison and optimization over a
large number of candidate memory graphs.

K Implementation Details of Structured Query

Planning

K.1 Detailed definitions of the notation and

additional information

In P𝜔 (𝑞) =
(
Eexp,A, Crel, Chard, 𝜏, {(𝑞𝑚, 𝛼𝑚, 𝑡𝑚)}𝑀𝑚=1

)
, Eexp acts as

a direct anchor for memory (explicit entities); A maps the brain’s
multiple representational habits for the same concept (aliases); Crel
simulates the relational network in semantic memory; Chard serves
as the spatiotemporal and logical boundaries of episodic memory
(such as hard constraints like time and location); 𝜏 presets the
cognitive template of the target memory (answer type); and the
pseudo-queries 𝑞𝑚 with confidence 𝛼𝑚 and intent 𝑡𝑚 are analogous
to the multiple exploratory recalls conducted in the human mind
(Simulated Recall).

K.2 Two-stage Planning: Extraction and

Inference

Natural-language questions often compress key retrieval cues into
implicit relations, such as “the birthplace of the author”, “the publi-
cation year of the only mystery novel of a certain work”, or “the
death date of the father”. If the original question is sent as a whole
to the entity linker, the system can easily hit only surface entities
while missing bridge entities or answer-type constraints. Therefore,
the query planner is defined as a structured function

P(𝑞) =
(
Eexp,A, Crel, Chard, 𝜏, {(𝑞𝑚, 𝛼𝑚)}𝑀𝑚=1

)
. (217)

It consists of two stages: Extractor 6 extracts explicit entities, aliases,
relation clues, hard constraints, and the answer type; Inferer 7
generates at most𝑀 retrieval intents based on the extraction results.

L Computation Details of Topological

Structural Features

L.1 Normalized Structural Graph

Structural features are computed on an undirected, self-loop-free,
binarized adjacency matrix A𝑠 :

A𝑠 = I[(A + A⊤) > 0], diag(A𝑠 ) = 0. (218)

This avoids drastic fluctuations in topological statistics caused by
unstable relation-extraction directions. Message propagation can
still use the original bidirectional edges or relation-aware graph;
structural statistics are only used as gating conditions.

L.2 Node-level Structural Features

For node 𝑣 , let N(𝑣) = {𝑢 : A𝑠,𝑢𝑣 = 1} and 𝑑𝑣 = |N (𝑣) |. The
node-level features are

𝜙 (𝑣) =
[

log(1 + 𝑑𝑣), 𝑐𝑣, 𝜅𝑣, 𝑑N(𝑣)
]
. (219)

The local clustering coefficient is

𝑐𝑣 =


2𝑇𝑣

𝑑𝑣 (𝑑𝑣 − 1) , 𝑑𝑣 ≥ 2,

0, 𝑑𝑣 < 2,
(220)
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Extractor prompt template.

You are a retrieval planner for graph-based multi-hop QA.
Question:
{QUESTION}

Extract structured retrieval signals.
Return JSON only with keys:
{
"explicit_entities": [string],
"candidate_aliases": {"entity": [alias]},
"relation_clues": [string],
"constraints": {},
"answer_type": "string"

}
Rules: keep entries short, avoid explanations, keep empty fields as [] or {}.

Figure 6: Metadata of the case study from HotpotQA.
Inferer prompt template.

You are a retrieval planner for graph-based multi-hop QA.
Question:
{QUESTION}

Structured extraction:
{EXTRACTOR_JSON}

Generate at most M retrieval intents that help locate:
- evidence directly supporting the target relation;
- bridge entities required for multi-hop reasoning;
- documents likely to contain the target attribute;
- evidence satisfying temporal, spatial, type, comparison or negation constraints;
- evidence using aliases or alternative mentions.
Return JSON only with keys:
{
"pseudo_queries": [string],
"rewriter_confidence": [number]

}

Figure 7: Metadata of the case study from HotpotQA.

where𝑇𝑣 is the number of undirected edges inside the neighborhood
of 𝑣 ; 𝜅𝑣 is the core number; and the average neighbor degree is

𝑑N(𝑣) =


1
𝑑𝑣

∑
𝑢∈N(𝑣) 𝑑𝑢 , 𝑑𝑣 > 0,

0, 𝑑𝑣 = 0.
(221)

These quantities respectively characterize node frequency, local
clustering, core/peripheral position, and neighborhood density. For
RAG memory, they correspond to four common structural risks:
over-propagation by high-frequency hubs, redundant diffusion in-
side clustered regions, ignored peripheral bridge entities, and scale
mismatch between sparse and dense regions.

L.3 Edge-pair Structural Features

For an undirected structural edge (𝑢, 𝑣), the pairwise features are

𝜓 (𝑢, 𝑣) =
[
|𝑑𝑢 − 𝑑𝑣 |,CN(𝑢, 𝑣), Jac(𝑢, 𝑣)

]
, (222)

where

CN(𝑢, 𝑣) = |N (𝑢) ∩ N (𝑣) |, Jac(𝑢, 𝑣) = |N (𝑢) ∩ N (𝑣) |
|N (𝑢) ∪ N (𝑣) | + 𝜀 .

(223)
Degree difference reflects cross-level connections, while common
neighbors and Jaccard reflect local community overlap. Based on

these features, the gate can distinguish intra-community evidence
aggregation edges from cross-community bridge edges.

L.4 Graph-level Summary and Normalization

The graph-level summary concatenates the mean, standard devia-
tion, and density of node features:

rG =
[

mean𝑣∈V 𝜙 (𝑣); std𝑣∈V 𝜙 (𝑣); dens(G)
]
, (224)

where

dens(G) =


2𝑚𝑠

𝑛(𝑛 − 1) , 𝑛 ≥ 2,

0, 𝑛 < 2,
(225)

𝑛 = |V|, and𝑚𝑠 is the number of undirected structural edges. To
remove graph-size differences, node and edge features are z-scored
within each graph, and the graph-level summary computes global
mean and standard deviation over the set of training graphs:

r̄G =
rG − 𝜇𝑟
𝜎𝑟 + 𝜀

. (226)

If the standard deviation of a certain dimension is close to zero,
we only perform centering to avoid division by an unstable small
value.
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L.5 Gating Input Encoding

For each message edge 𝑢 → 𝑣 , the structural gate reads the source
node, target node, pairwise features, and graph-level summary:

𝜙 (𝑢) = NormNode(𝜙 (𝑢)), 𝜓 (𝑢, 𝑣) = NormPair(𝜓 (𝑢, 𝑣)), (227)

𝑢
(𝑙 )
𝑢 = 𝐸

(𝑙 )
𝑛 (𝜙 (𝑢)), 𝑢

(𝑙 )
𝑣 = 𝐸

(𝑙 )
𝑛 (𝜙 (𝑣)), (228)

𝑣
(𝑙 )
𝑢𝑣 = 𝐸

(𝑙 )
𝑝 (𝜓 (𝑢, 𝑣)), 𝑟

(𝑙 )
G = 𝐸

(𝑙 )
𝑔 (r̄G). (229)

The encoders 𝐸𝑛, 𝐸𝑝 , 𝐸𝑔 are all two-layer MLPs. The concatenated
gating input is

z(𝑙 )𝑢𝑣 = [u(𝑙 )𝑢 ; u(𝑙 )𝑣 ; v(𝑙 )𝑢𝑣 ; r(𝑙 )G ] . (230)
The gate itself is a vector rather than a scalar:

g(𝑙 )𝑢𝑣 = 1 + 𝛿 tanh
(
MLP(𝑙 )𝑔 (z(𝑙 )𝑢𝑣 )

)
, 𝛿 = 0.1. (231)

The last layer of the gating MLP is initialized to zero, so initially
g(𝑙 )𝑢𝑣 = 1. At the beginning of training, the model does not destroy
the original propagation scale; the learned structural bias gradually
emerges in a residual manner.

L.6 Message Propagation with Normalized

Weights

Let Ẽ be the edge set after adding self-loops. Structural gates are
used for non-self-loop edges, and unit gates are used for self-loops.
The GCN normalization coefficient is

𝜂𝑢𝑣 =
𝑤𝑢𝑣√︃
𝑑𝑢𝑑𝑣

, 𝑑𝑣 =
∑︁

𝑢:(𝑢,𝑣) ∈Ẽ

𝑤𝑢𝑣, (232)

where𝑤𝑢𝑣 defaults to 1, but can also come from edge weights. The
propagation at layer 𝑙 is

m(𝑙 )𝑢→𝑣 = 𝜂𝑢𝑣 g
(𝑙 )
𝑢𝑣 ⊙𝑊 (𝑙 )h(𝑙−1)

𝑢 , (233)

h(𝑙 )𝑣 = 𝜎
©­«b(𝑙 ) +

∑︁
𝑢:(𝑢,𝑣) ∈Ẽ

m(𝑙 )𝑢→𝑣
ª®¬ . (234)

The multi-layer wrapper also contains inter-layer residuals: when
𝑙 > 1 and the dimensions are consistent,

H(𝑙 ) ← H(𝑙 ) + H(𝑙−1) . (235)

This residual and Eq. (231) form a dual stability mechanism: the for-
mer stabilizes deep propagation, while the latter stabilizes structural
modulation.

L.7 Chunked Gating and GPU Memory

Complexity

Explicitly storing all gates requires𝑂 ( |E|𝑑) GPU memory. For large
graphs, gates are computed by edge chunks:

E =

𝐵𝑒⋃
𝑏=1

E𝑏 , |E𝑏 | ≤ 𝐶𝑒 . (236)

Each edge chunk sequentially executes

g𝑏 → m𝑏 → scatter_add(m𝑏 ), (237)

and immediately releases the intermediate gate tensor. Online GPU
memory is reduced from 𝑂 ( |E|𝑑) to 𝑂 (𝐶𝑒𝑑), while the time com-
plexity remains linear, 𝑂 ( |E|𝑑). This is especially important for

self-evolving memory, because the same reader needs to repeatedly
evaluate candidate graphs produced by different writers.

M Pretraining Objective and Augmented Views

M.1 GraphCL View Construction

The goal of the pretraining stage is to learn cross-graph transfer-
able structural–semantic propagation, rather than fitting specific
question-answering labels. Given the original graph view (G0, 𝑋0),
we construct two augmented views (G1, 𝑋1), (G2, 𝑋2) and one neg-
ative feature view (G0, 𝑋

−). The augmentation types include edge
perturbation, feature masking, node perturbation, and subgraph
sampling; let the augmentation operators be A1,A2, then

(G𝑗 , 𝑋 𝑗 ) =A 𝑗 (G0, 𝑋0), 𝑗 ∈ {1, 2}. (238)

If structural gating is enabled, each view precomputes its own node
structural features, edge-pair features, and graph-level summary;
the negative feature view shares the base graph structure, but its
node features are shuffled or replaced.

M.2 Graph-level Contrastive Objective

The encoder outputs four sets of node representations:

𝐻0 = 𝑓𝜃 (𝑋0,G0), 𝐻1 = 𝑓𝜃 (𝑋1,G1), 𝐻2 = 𝑓𝜃 (𝑋2,G2), 𝐻− = 𝑓𝜃 (𝑋 −,G0).
(239)

The graph readout of each augmented view is

𝑐 𝑗 = sigmoid ©­« 1
|V𝑗 |

∑︁
𝑣∈V𝑗

𝐻 𝑗,𝑣
ª®¬ , 𝑗 ∈ {1, 2}. (240)

The bilinear discriminator

𝐷 (𝑐, ℎ) = ℎ⊤𝑊𝐷𝑐 (241)

determines whether the node representation comes from the same
graph semantics. The pretraining loss is

LGCL =
1
2

2∑︁
𝑗=1

[
BCE

(
𝐷 (𝑐 𝑗 , 𝐻0), 1

)
+ BCE

(
𝐷 (𝑐 𝑗 , 𝐻−), 0

) ]
. (242)

When edge-level gating is enabled, traditional static structural
prompts are neutralized into identity mappings to avoid scale con-
fusion caused by two sets of structural modulations acting simulta-
neously; the structural bias is mainly carried by the target edge’s
g(𝑙 )𝑢𝑣 .

M.3 Feature Alignment Layer

When the input dimensions produced by different graphs or differ-
ent text encoders are consistent but their distributions have large
shifts, the feature alignment layer can be enabled:

Align(𝑥) = Dropout (LayerNorm (PReLU(𝑊𝑎𝑥 + 𝑏𝑎))) . (243)

𝑊𝑎 is initialized as the identity matrix, and 𝑏𝑎 is initialized as zero.
Therefore, this layer is initially an approximately identity transfor-
mation; after training, it absorbs inter-graph feature-scale differ-
ences without changing the core structure of the graph propagator.
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N Supervised Fine-tuning Objective

N.1 Entity-level Supervision

For each question 𝑞𝑏 , the data provide a supporting-entity mask
𝑦𝑏,𝑒 ∈ {0, 1}. The model outputs entity logits 𝑎𝑏,𝑒 . The weighted
BCE is defined as

Lbce =
1
𝐵

𝐵∑︁
𝑏=1

∑
𝑒 𝑤𝑏,𝑒 BCEWithLogits(𝑎𝑏,𝑒 , 𝑦𝑏,𝑒 )∑

𝑒 𝑤𝑏,𝑒 + 𝜀
. (244)

Positive weights are uniformly normalized within the positive set;
if the adversarial temperature 𝑇𝑎 is enabled for negative weights,
they are computed by applying softmax to the current model scores:

𝑤−
𝑏,𝑒

=
exp(𝑎𝑏,𝑒/𝑇𝑎)∑

𝑣:𝑦𝑏,𝑣=0 exp(𝑎𝑏,𝑣/𝑇𝑎)
, 𝑦𝑏,𝑒 = 0. (245)

If 𝑇𝑎 = 0, the negative weights degenerate into a uniform distri-
bution. This design makes training focus more on high-scoring
hard negatives, rather than being dominated by a large number of
obviously irrelevant entities.

N.2 Multi-positive List Cross-Entropy

Using only BCE treats each entity as an independent binary classi-
fication problem, lacking the constraint that “supporting entities
should collectively rank near the top of the same candidate list”. To
this end, we introduce a multi-positive list loss. Let

𝑝𝑏,𝑒 =
sigmoid(𝑎𝑏,𝑒 )∑

𝑣 sigmoid(𝑎𝑏,𝑣) + 𝜀
. (246)

If sample 𝑏 has at least one supporting entity, the list loss is

Llist = −
1
|B+ |

∑︁
𝑏∈B+

1
|𝑌𝐸 (𝑞𝑏 ) |

∑︁
𝑒∈𝑌𝐸 (𝑞𝑏 )

log(𝑝𝑏,𝑒 + 𝜀). (247)

Samples with empty supporting-entity sets are skipped. The final
entity fine-tuning objective is

Lent = 𝜆bceLbce + 𝜆listLlist, (𝜆bce, 𝜆list) = (0.3, 0.7) . (248)

N.3 Optional Document-level Supervision

If the training configuration provides a document-level loss, entity
logits are first projected into document logits:

𝑆𝑏 = 𝑎⊤
𝑏
M, (249)

and then the same type of BCE or list loss is computed with the
supporting-document mask 𝑧𝑏,𝑖 . This term is suitable for tasks
where entity annotations are noisy but the document support set
is reliable; if it is not enabled, training is entirely driven by the
entity-level support set, and document ranking is obtained through
projection only during inference or validation.

O Memory Writer Implementation Details

O.1 The Markov Decision Process for

Multi-turn Graph Construction

Specifically, the training of our graph constructor is implemented
through VeRL’s multi-turn GRPO loop. The state machine of the
interactor can be abstracted as a finite-horizon MDP:

M = (S,A, 𝑃,R, 𝜌0, 𝐻 ). (250)

Given a sample 𝑥 , at round 𝑡 , the state can be written as

𝑠𝑡 = (𝑞,G𝑡 ,Dproc
𝑡 ,Drem

𝑡 , 𝜁𝑡 ), (251)

where G𝑡 is the current partially written graph, Dproc
𝑡 and Drem

𝑡

denote the processed and remaining documents, respectively, and
𝜁𝑡 is an interaction control flag, such as whether the process is
still in the graph-construction stage or has already switched to the
RAG stage. The action is generated by the language model in JSON
format:

𝑎𝑡 ∼ 𝜋𝜃 (· | 𝑠𝑡 ), (252)

and is restricted to two types of legal actions:

(1) Triple action: output a JSON array, where each element is of
the form {subject, relation, object}, representing the set
of facts T𝑡 written in the current round;

(2) Termination action: after graph construction is completed,
output a JSON object carrying the terminal fields required by
the reader side, such as answer, recall, precision, deducible,
and so on.

In implementation, the environment first checks whether the
action can be parsed by json_repair, and strictly cleans the triples:
items with missing keys, empty strings, or non-dictionary entries
are all removed. If illegal JSON is output during the graph-construction
stage, the interaction terminates immediately and returns zero re-
ward; if legal triples are output, the environment proceeds to the
next round and returns a round-level format reward. The corre-
sponding environment transition can be written as

𝑠𝑡+1 = 𝑃 (𝑠𝑡 , 𝑎𝑡 )

=


(𝑞, G𝑡 ⊕ T𝑡 ,Dproc

𝑡 ∪ {𝑑𝑡 },
Drem

𝑡 \ {𝑑𝑡 }, 𝜁𝑡+1 )
𝑎𝑡 is legal,

(𝑞, G𝑡 ,Dproc
𝑡 ,Drem

𝑡 , STOP) 𝑎𝑡 is illegal,

(𝑞, G𝑡 ,Dproc
𝑡 ,Drem

𝑡 , RAG) 𝑎𝑡 triggers reading.

(253)

Iterative and non-iterative writing. Two strategies are supported.
In the non-iterative mode, the model reads the entire context D at
once and outputs all triples. In the iterative mode, the environment
reads the documents segment by segment in document order, and
in each round the model is only allowed to write triples for the
current document. After all documents have been processed, the
environment then switches to the RAG stage. If T𝑖 denotes the set of
triples output for document 𝑑𝑖 , then the final graph constructed in
the iterative mode is G =

⊕𝑚

𝑖=1 T𝑖 , where ⊕ denotes edge-set union
and node deduplication. We adopt the iterative strategy by default,
because it decomposes the long-context problem into a sequence
of local writing decisions, significantly reducing the difficulty of
performing global planning in advance. At the same time, it also
allows the source document of each triple to be precisely recorded,
providing explicit source edges for subsequent text-graph retrieval.

Constructing text-graph memory from output triples. To enable
the frozen retriever to operate under the graph-guided text re-

trieval setting, the environment does not directly pass the raw
triple strings to the retriever. Instead, it first constructs a text graph
with document nodes:

G = (V𝑒 ∪V𝑑 , E𝑒𝑒 ∪ E𝑒𝑑 ), (254)
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where the entity node setV𝑒 comes from the subjects and objects
in the triples, and the document node setV𝑑 = {𝑑1, . . . , 𝑑𝑚} corre-
sponds to the original documents in the context. The entity-entity
edges are defined as

E𝑒𝑒 = {(𝑢, 𝑟, 𝑣) | (𝑢, 𝑟, 𝑣) ∈ T }, (255)

and the entity-document source edges are defined as

E𝑒𝑑 = {(𝑢, source, 𝑑𝑖 ), (𝑣, source, 𝑑𝑖 ) | (𝑢, 𝑟, 𝑣) ∈ T𝑖 }. (256)

In the iterative mode, the source edges are explicit, because the
environment already knows that the triples in each round come
from the current document. In the non-iterative mode, we use a
heuristic alignment method based on tokenizer token overlap to
map each triple to the most similar document. The significance of
this design is that, after separating writing from reading, the graph
constructor is only responsible for deciding “what to write into
memory”; as for how the reader aggregates entities on the graph
and retrieves documents, this is entirely determined by the frozen
𝑓𝜙 .

Frozen GFM retrieval environment. When training the graph con-
structor, the reader 𝑓𝜙 is fixed as the already trained GFM retriever.
Let the entity set be V𝑒 = {𝑒1, . . . , 𝑒𝑛} and the document set be
V𝑑 = {𝑑1, . . . , 𝑑𝑀 }. We then construct:
(1) the relation-edge index E with both forward and reverse di-

rections, together with the relation types r;
(2) the sparse entity-document matrix M ∈ {0, 1}𝑛×𝑀 , where

𝑀𝑖 𝑗 = 1 if entity 𝑒𝑖 appears in document 𝑑 𝑗 ;
(3) the question-related entity mask m𝑞 ∈ {0, 1}𝑛 , which is ob-

tained preferentially through lexical matching with the ques-
tion; if lexical matching fails, it falls back to a heuristic seed
set ranked by entity degree.

After encoding the question as a vector q and the relation names
as a matrix R, the frozen GFM forward pass computes the entity
relevance scores:

s𝑒 = 𝑓𝜙 (G, q,m𝑞 ;𝜙) ∈ R𝑛 . (257)

The entity scores are then projected into document scores. Let
MTop-𝑘 (s𝑒 ) denote the masking operation that retains only the top-
𝐾 entity scores, and let widf denote the inverse-frequency weights
defined according to the document frequency of each entity. The
four document-scoring modes can be written uniformly as

s̃𝑒 =


s𝑒 , raw,

MTop-𝑘 (s𝑒 ), topk,

widf ⊙ s𝑒 , idf,

widf ⊙MTop-𝑘 (s𝑒 ), idf_topk,

(258)

and the document scores are obtained by

s𝑑 =M⊤s̃𝑒 . (259)

We then take Top-𝑘 (s𝑑 ) as the retrieval result. In actual use, we also
enable init_entities_weight, that is, during the GFM forward
pass, a 1/𝑓 (𝑒) weight is applied to high-frequency entities to sup-
press the dominance of entities connected to too many documents
in the retrieval results.

P Additional Detailed Experimental Results

The results of retrieval performance on multi-hop QA benchmarks
are in Table 9.

The results on AmazonQA are in Table 10.
The HaluMem results are shown in Table 11.

P.1 Path Interpretations

We provide path interpretations of SAGE for multi-hop reasoning
in Table 12. The importance of each path to the final prediction
can be measured by the partial derivative of the prediction score
with respect to the triples at each reasoning layer. The top-𝑘 path
interpretations are then obtained by selecting the top-𝑘 longest
paths with beam search.

As shown in Table 12, SAGE successfully identifies the answer
by connecting two key constraints in the question: the person who
presented the Australia 2022 FIFA World Cup bid and the person
born on October 22, 1930. Specifically, the first path starts from the
entity “the bid for the 2022 FIFAWorld Cup” and follows the inverse
relation of “was one of the representatives of” to reach “Frank
Lowy”. Then, through an entity-equivalence relation, it links “Frank
Lowy” to “Sir Frank P. Lowy”, whose birth date is “22 October 1930”.
The second path verifies the reasoning in the reverse direction by
starting from the birth date and tracing back to the representative
of the World Cup bid. These paths demonstrate that SAGE can
effectively align different surface forms of the same entity and
integratemultiple question constraints within a single-step retrieval
process, showing its ability to perform interpretable multi-hop
reasoning.

Q Dataset Details

Table 13 summarizes the details of each dataset.

General and Multi-hop QA.. We first evaluate SAGE on a set of
general open-domain and multi-hop QA benchmarks that stress
different aspects of retrieval-augmented reasoning. NQ-Open is de-
rived from Natural Questions and is widely used as a standard
open-domain short-answer QA benchmark; it evaluates whether
a system can retrieve and ground factual answers from a large
Wikipedia-scale corpus. PopQA complements NQ by focusing on
entity-centric factual questions whose subjects span different pop-
ularity levels, making it particularly useful for testing whether a
retrieval or memory system can recover long-tail factual knowledge
rather than relying only on parametric memorization. HotpotQA
contains Wikipedia-based multi-hop questions with sentence-level
supporting facts, allowing us to evaluate not only answer correct-
ness but also whether the system can recover bridge evidence and
produce interpretable reasoning chains. 2WikiMultiHopQA further
stresses structured multi-hop reasoning by combining Wikipedia
text with Wikidata-derived relations and providing evidence paths
for 2–4 hop questions. Finally, MuSiQue is designed to reduce short-
cut reasoning by composing connected single-hop questions into 2–
4 hop questions, making it a strong testbed for evaluating whether
SAGE can retrieve and integrate multiple pieces of evidence in a
genuinely compositional manner.
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Table 9: Results of retrieval performance on multi-hop QA benchmarks. We report document-level Recall (%) at top-2 and top-5.

Best results are in bold and runner-ups are underlined. The darker the cell, the better.

Dataset HotpotQA MuSiQue 2WikiMultiHopQA
Avg. Rank

Method R@2 R@5 R@2 R@5 R@2 R@5
BM25 (� SIGIR’94) 55.4 72.2 32.3 41.2 51.8 61.9 18.2
Contriever (� TMLR’22) 57.2 75.5 34.8 46.6 46.6 57.5 17.2
GTR (� EMNLP’22) 59.4 73.3 37.4 49.1 60.2 67.9 13.8
ColBERTv2 (� NAACL’22) 64.7 79.3 37.9 49.2 59.2 68.2 11.5
RAPTOR (� ICLR’24) 58.1 71.2 35.7 45.3 46.3 53.8 17.7
Proposition (� EMNLP’24) 58.7 71.1 37.6 49.3 56.4 63.1 14.8
GraphRAG (� arXiv’24) 58.3 76.6 35.4 49.3 61.6 77.3 12.2
G-Retriever (� NeurIPS’24) 53.3 65.5 38.8 45.1 60.8 67.8 15.7
LightRAG (� arXiv’24) 38.8 54.7 24.8 34.7 45.1 59.1 20.5
HippoRAG (� NeurIPS’24) 60.1 78.5 41.2 53.2 68.4 87.0 8.7
HippoRAG 2 (� ICML’25) 80.5 88.1 47.0 56.7 88.9 90.1 2.4
SubgraphRAG (� ICLR’25) 61.5 73.0 42.1 49.3 70.7 85.5 9.7
PropRAG (� EMNLP’25) 81.9 88.0 47.7 57.9 87.9 90.1 1.9

GFM-RAG (� NeurIPS’25) 75.6 89.6 43.5 57.6 79.1 92.4 2.9
FLARE (� EMNLP’23) 73.1 81.3 44.3 55.1 67.1 73.1 6.5
Adaptive-RAG (� NAACL’24) 61.0 76.4 35.1 44.7 44.7 61.4 16.6
BM25 + IRCoT (� ACL’23) 65.6 79.0 34.2 44.7 61.2 75.6 12.4
Contriever + IRCoT (� ACL’23) 65.9 81.6 39.1 52.2 51.6 63.8 10.7
ColBERTv2 + IRCoT (� ACL’23) 67.9 82.0 41.7 53.7 64.1 74.4 7.2
HippoRAG + IRCoT (� ACL’23) 67.0 83.0 45.3 57.6 75.8 93.9 3.6
SAGE (ours) 65.1 77.6 43.2 53.1 83.6 88.6 7.0

E-commerce Review-based QA.. We use AmazonQA to evaluate
SAGE in a practical, noisy, user-generated e-commerce setting. Un-
like Wikipedia-style QA benchmarks, AmazonQA consists of real
product questions, community answers, product reviews, and prod-
uct metadata, and includes answerability annotations indicating
whether a question can be answered from available reviews. This
makes it a suitable benchmark for testing whether amemory system
can identify useful evidence from noisy review collections, distin-
guish answerable from unanswerable questions, and synthesize
grounded answers from multiple user-generated snippets. From
the perspective of self-evolving memory, AmazonQA is especially
valuable because the system must learn which review facts, product
attributes, and user opinions are worth indexing for future retrieval,
rather than simply matching a question to a clean encyclopedic
passage.

Long-term Agent Memory. To move beyond conventional RAG
evaluation, we further evaluate SAGE on long-term agent mem-
ory benchmarks. LongMemEval is designed to assess the long-term
memory abilities of chat assistants over extended multi-session

interaction histories. It covers five core memory abilities: infor-
mation extraction, multi-session reasoning, temporal reasoning,
knowledge updates, and abstention. This benchmark directly tests
whether SAGE can retrieve sparse but relevant memory traces from
long histories, combine evidence across sessions, respect temporal
order, and update previously stored information when new interac-
tions supersede old memories. We use HaluMem as a complementary
benchmark for evaluating hallucination in memory systems. Rather
than only measuring end-to-end QA accuracy, HaluMem decom-
poses memory evaluation into memory extraction, memory updat-
ing, and memory question answering, thereby revealing at which
operational stage hallucinations, omissions, or conflicts arise. This
is particularly important for our setting because errors introduced
during graph construction or memory updating may propagate to
graph-guided retrieval and final answer generation.

Evaluation Rationale. Together, these datasets form a progres-
sively broader evaluation suite. NQ and PopQA test factual open-
domain retrieval; HotpotQA, 2WikiMultiHopQA, and MuSiQue test
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Table 10: Performance of representative baselines on the original AmazonQA full-test protocol. BLEU-1/2/3/4 are denoted as

B-1/2/3/4, and R denotes ROUGE. Best results are in bold and runner-ups are underlined. Only rows marked with
0-shot

are our

zero-shot transfer results; baseline rows and trained variants are not marked as zero-shot.

Zero-shot setting applies only to Ours rows marked with
0-shot

on AmazonQA.

Method B-1 B-2 B-3 B-4 R
Heuristic baselines from the original AmazonQA protocol
Random Sentence (� IJCAI’19) 78.56 63.95 44.37 29.87 49.12
Top-1 using IR (� IJCAI’19) 89.49 74.80 56.76 43.52 61.48
Top-1 Using BLEU (� IJCAI’19) 92.74 78.43 60.91 48.08 62.68

Top-1 Helpfulness (� IJCAI’19) 20.66 19.78 16.39 12.54 37.01
Top-1 Wilson Score (� IJCAI’19) 20.74 19.84 16.44 12.58 37.26
Neural baseline from the original AmazonQA protocol
R-Net (� IJCAI’19) 47.04 40.32 31.48 23.92 40.22
Human answers under the original AmazonQA protocol
Amazon User Community (� IJCAI’19) 80.88 68.86 54.36 42.01 62.18
Expert (Spans) (� IJCAI’19) 68.33 57.79 44.61 34.43 51.09
Expert (Descriptive) (� IJCAI’19) 53.67 46.56 37.81 30.76 53.31
Our method
Ours (0-shot)0-shot 61.840-shot 49.360-shot 37.820-shot 28.410-shot 46.730-shot
Ours (trained) 74.92 61.58 47.63 35.86 54.92
Ours +1 round 82.76 68.91 52.74 39.68 58.83

Table 11: Results on HaluMem-Medium. We report memory extraction metrics, memory updating metrics, and memory question-

answeringmetrics. R denotes Recall, W-R denotesWeighted Recall, T-P denotes Target Memory Precision, Acc. denotes Memory

Accuracy, FMR denotes False Memory Resistance, F1 denotes Memory Extraction F1-score, C denotes Correct Rate, H denotes

Hallucination Rate, and O denotes Omission Rate. For R, W-R, T-P, Acc., FMR, F1, and C, higher is better; for H and O, lower is

better. Best results are in bold and runner-ups are underlined. The darker the cell, the better. For systems whose public reports

only provide a subset of metrics, missing entries are denoted by “–”. Only rows marked with
0-shot

are our zero-shot results;

baseline rows and trained SAGE rows are not marked as zero-shot.

Zero-shot setting applies only to SAGE variants marked with
0-shot

on HaluMem-Medium.

Dataset Memory Extraction Memory Updating Memory QA

Method R↑ W-R↑ T-P↑ Acc.↑ FMR↑ F1↑ C↑ H↓ O↓ C↑ H↓ O↓
Memory-system baselines from the original HaluMem benchmark
Memobase ( https://github.com/memodb-io/memobase) 14.55 25.88 92.24 32.29 80.78 25.13 5.20 0.55 94.25 35.33 29.97 34.71
Supermemory ( https://github.com/supermemoryai/supermemory) 41.53 64.76 90.32 60.83 51.77 56.90 16.37 1.15 82.47 54.07 22.24 23.69
Mem0 (� arXiv’25) 42.91 65.03 86.26 60.86 56.80 57.31 25.50 0.45 74.02 53.02 19.17 27.81
Zep (� arXiv’25) – – – – – – 47.28 0.42 52.31 55.47 21.92 22.62
MemOS (� arXiv’25) 74.07 84.81 86.25 59.55 44.94 79.70 62.11 0.42 37.48 67.23 15.17 17.59

SAGE (ours, 0-shot)
0-shot 13.12 20.91 31.36 22.80 32.59 19.38 21.67 1.61 84.53 30.14 33.68 36.17

SAGE (ours, trained) 16.42 29.36 71.88 35.41 44.96 28.52 7.34 0.68 91.98 38.26 28.73 33.01
SAGE +1 round 20.18 35.74 71.02 40.63 40.28 33.47 10.86 0.76 88.38 42.91 26.64 30.45

multi-hop evidence composition; AmazonQA evaluates noisy real-
world review memory in an e-commerce domain; LongMemEval
tests long-horizon interactive memory; and HaluMem diagnoses

operation-level hallucinations in memory systems. This combina-
tion allows us to evaluate SAGE notmerely as a retrieval-augmented
QA pipeline, but as a self-evolving memory system that must decide
what to store, how to organize stored information, how to retrieve
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Table 12: Path interpretations of SAMGPT for multi-hop reasoning, where 𝑟−1
denotes the inverse of original relation.

Question Which man who presented the Australia 2022 FIFA World Cup bid was born on October 22, 1930?

Answer Frank Lowy

Sup. Doc. [ “Frank Lowy”, “Australia 2022 FIFA World Cup bid”]

Paths

1: (the bid for the 2022 fifa world cup, was one of the representatives of−1, frank lowy)→ (frank
lowy, equivalent, sir frank p lowy)→ (sir frank p lowy, was born on, 22 october 1930)
2: (22 october 1930, was born on−1, sir frank p lowy)→ (sir frank p lowy, equivalent, frank lowy)→
(frank lowy, was one of the representatives of, the bid for the 2022 fifa world cup)

Table 13: Dataset statistics and evaluation scenarios. We evaluate SAGE on three complementary categories: general and

multi-hop QA, practical e-commerce review QA, and long-term agent memory. “Train/Dev/Test” denotes the standard split

when available. For benchmark-only datasets without a conventional supervised training split, we report the total number of

evaluation instances or benchmark scale.

Category Dataset Scale / Split Evidence Source Task Type Key Capabilities Main Metrics

General /
Multi-hop QA

NQ-Open (�; �) 79,168 / 8,757 / 3,610 English Wikipedia Open-domain short-answer
QA

Factual retrieval; entity-level
knowledge access; open-domain
answer generation

EM / F1 / Acc.; Recall@k

PopQA (�) 14,267 QA pairs Wikidata triples +
Wikipedia page-view
popularity

Entity-centric open-domain
QA

Long-tail factual recall; paramet-
ric vs. non-parametric memory;
retrieval under entity popularity
shift

Acc. / EM; long-tail break-
down

HotpotQA (�) 90,447 / 7,405 / 7,405 Wikipedia paragraphs; 10-
paragraph distractor setting

Explainable 2-hop QA Bridge-entity recovery; compari-
son reasoning; sentence-level sup-
porting facts

Answer EM/F1; Support
EM/F1; Joint EM/F1

2WikiMultiHopQA (�) 167,454 / 12,576 / 12,576 Wikipedia + Wikidata; 10
passages per instance

2–4 hop multi-hop QA Reasoning-path recovery; compari-
son, bridge, and bridge-comparison
reasoning

Answer EM/F1; Evidence /
path recall

MuSiQue (�) 19,938 / 2,417 / 2,459
(24,814 total)

Composed single-hop QA
over textual passages

2–4 hop connected multi-hop
QA

Connected reasoning; shortcut-
resistant evidence aggregation;
multi-hop compositionality

Answer EM/F1; Support /
evidence recall

E-commerce
Review QA AmazonQA (�) 923K questions; 3.6M an-

swers; 14M reviews; 156K
products

Amazon product reviews,
questions, answers, and
product metadata

Review-based QA with an-
swerability annotation

Noisy review retrieval; answerable
/ unanswerable detection; evidence
synthesis from user-generated re-
views

BLEU / ROUGE; answerabil-
ity Acc./F1; groundedness

Long-term
Agent Memory

LongMemEval (�) 500 eval. instances per
file; S: ∼115K tokens /
30–40 sessions; M: ∼1.5M
tokens / ∼500 sessions;
Oracle: evidence ses-
sions only

Long multi-session human–
AI chat histories

Long-term interactive mem-
ory QA

Information extraction; multi-
session reasoning; temporal
reasoning; knowledge update;
abstention

Overall Acc.; category-wise
Acc.; context tokens; la-
tency

HaluMem (�) Medium: 20 users, 30,073
dialogue rounds, ∼160K
tokens/user, 14,948
memory points, 3,467
QA pairs; Long: 53,516
rounds, ∼1M tokens/user

Synthetic long-term
human–AI interaction
histories with memory
points and multi-type
questions

Operation-level memory hal-
lucination benchmark

Memory extraction; memory up-
dating; memory QA; hallucination,
omission, and conflict propagation
across memory operations

Extraction R/P/F1; Updat-
ing C/H/O; QA C/H/O

it under different query conditions, and how to update or suppress
unreliable memories over time.

R Baselines and Metrics

Baselines. We evaluate SAGE against state-of-the-art baselines,
including their combined variants, which are grouped into four

categories:

• Base LLM: GPT-4o-mini [17].
• Single-stepRAGs: including BM25 [35], Contriever [18], GTR [30],

ColBERTv2 [36], RAPTOR [37], and Proposition [4].

• Graph-enhancedRAGs: including GraphRAG [8], G-Retriever [13],
LightRAG [9], HippoRAG [11], HippoRAG 2 [11], SubgraphRAG [24],
PropRAG [41], and the closely related GFM-RAG [28].

• Multi-stepRAGs: IRCoT [39], FLARE [20], and Adaptive-RAG [19].

In particular, IRCoT [39] is a general multi-step reasoning frame-
work that can be integrated with non-iterative retrievers, allowing
both single-step RAG and graph-based methods to conduct multi-
hop reasoning through interleaved retrieval and generation. Ta-
ble ?? presents a comprehensive comparison between all baselines
and SAGE.

35



4061

4062

4063

4064

4065

4066

4067

4068

4069

4070

4071

4072

4073

4074

4075

4076

4077

4078

4079

4080

4081

4082

4083

4084

4085

4086

4087

4088

4089

4090

4091

4092

4093

4094

4095

4096

4097

4098

4099

4100

4101

4102

4103

4104

4105

4106

4107

4108

4109

4110

4111

4112

4113

4114

4115

4116

4117

4118

Workshop Submission, 2026, Anon.

4119

4120

4121

4122

4123

4124

4125

4126

4127

4128

4129

4130

4131

4132

4133

4134

4135

4136

4137

4138

4139

4140

4141

4142

4143

4144

4145

4146

4147

4148

4149

4150

4151

4152

4153

4154

4155

4156

4157

4158

4159

4160

4161

4162

4163

4164

4165

4166

4167

4168

4169

4170

4171

4172

4173

4174

4175

4176

Metrics. To evaluate retrieval quality, we report Recall@2 and
Recall@5 for both retrieved entities and documents, denoted as
R@2/5E and R@2/5D, respectively.. For end-to-end QA evaluation,
we use standard metrics, including Exact Match (EM), F1 score,
Precision (P), and Recall (R), in the main experiments to compre-
hensively measure answer correctness and coverage.

Limitations

SAGE treats graph memory as a dynamic substrate for writing,
reading, and self-evolution, but its effectiveness still depends on the
quality of entity extraction, relation writing, source anchoring, and
reader feedback. Errors introduced during graph construction may
propagate to retrieval and final answer generation, especially in
long-term memory settings involving temporal updates, conflicting
user preferences, or sparse evidence. Our experiments show promis-
ing results across multi-hop QA, open-domain retrieval, review-
based QA, and long-term agent-memory benchmarks, but the cur-
rent system still leaves room for improvement on memory updating,
high-coverage extraction, and hallucination control in more realis-
tic deployments. The theoretical analysis also relies on assumptions
such as bounded graph drift, aggregate signal propagation, and
local Lipschitz stability, which provide useful intuition but may
not capture all failure modes of large-scale, noisy, continuously
evolving memory graphs.

Broader Impact

This work may have positive societal impact by improving the reli-
ability and grounding of long-horizon language agents. A structure-
aware and self-evolving memory system can help agents recover
evidence chains from fragmented cues, maintain more consistent
long-term interactions, and reduce unsupported answers in appli-
cations such as knowledge assistance, research support, customer
support, and review-based question answering. At the same time,
long-term agent memory raises important risks. If deployed on
personal or sensitive interaction histories, such systems may store
private information, infer user preferences, preserve outdated or
incorrect memories, or enable profiling and surveillance. Incor-
rect graph writes or retrieval failures may also lead to confidently
grounded but wrong answers. Practical deployments should there-
fore use consent-based data collection, data minimization, access
control, deletion and forgetting mechanisms, provenance tracking,
auditing, and human oversight for high-stakes use cases.

Compute Resources

All experiments were run on a server equipped with 8 NVIDIA
A100 GPUs. The main computational cost of SAGE comes from
graph-memory construction, GFM-based graph propagation, selec-
tor regularization, and entity-to-document projection. Appendix J
analyzes the training and inference complexity in terms of the num-
ber of graph nodes 𝑛, edges𝑚, hidden dimension 𝑑 , propagation
layers 𝐿, batch size 𝐵, pseudo-queries𝑀 , and entity-document links.
In our implementation, structural features and entity-document
indices can be precomputed and cached, while edge-level gates are
computed in chunks to reduce peak GPU memory from 𝑂 ( |𝐸 |𝑑)
to 𝑂 (𝐶𝑒𝑑) for chunk size 𝐶𝑒 . The dominant inference cost is one

or a small number of query-conditioned graph propagations fol-
lowed by sparse document projection, making the reader suitable
for repeated evaluation inside the self-evolving writer–reader loop.

Licenses and Existing Assets

This paper uses existing public benchmarks and baselines, includ-
ing NQ-Open, PopQA, HotpotQA, 2WikiMultiHopQA, MuSiQue,
AmazonQA, LongMemEval, HaluMem, BM25, Contriever, GTR, Col-
BERTv2, RAPTOR, GraphRAG, G-Retriever, LightRAG, HippoRAG,
HippoRAG 2, SubgraphRAG, PropRAG, GFM-RAG, IRCoT, FLARE,
and Adaptive-RAG. We cite the original papers or repositories for
these assets and use them only for research evaluation under their
stated licenses and terms of use. We do not redistribute modified
versions of the datasets beyond the preprocessing scripts and in-
structions needed for reproducibility. The released code is intended
for research use and includes documentation for environment setup,
data preparation, training, and evaluation.
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