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Abstract

Multi-agent debate systems require agents to
retain and revisit arguments across multiple
rounds, yet limited context windows and un-
structured memories make relevant informa-
tion increasingly difficult to recover. Exist-
ing flat and pairwise-graph memories also
struggle to capture higher-order relations, in-
cluding multi-agent agreement, conflicting ev-
idence, and evolving consensus. We intro-
duce HEDGE, a selective memory framework
that represents debate trajectories as seman-
tic hypergraphs. Hyperedges connect related
claims across agents, while intra-hyperedge
relational graphs preserve fine-grained argu-
mentative structure. A learned memory se-
lection module (MSM), trained through su-
pervised learning and reinforcement learn-
ing, routes each memory candidate to STORE,
BACKUP, or OMIT, retaining useful informa-
tion while limiting redundancy. Across seven
diverse benchmarks, HEDGE consistently out-
performs strong single-agent, multi-agent, and
memory baselines, improving accuracy by 5.0
points on average over the strongest multi-
agent system with GPT-40-mini. The gains
reach 8.2 points on conflict-heavy tasks, while
HEDGE reduces memory usage by 48% and
the number of debate rounds by 34%."!

1 Introduction

Multi-agent debate (MAD) frameworks, in which
multiple LLM-based agents propose, critique, and
refine arguments over several iterative rounds, have
emerged as an effective inference-time strategy for
complex reasoning (Du et al., 2024; Liang et al.,
2024). By fostering divergent thinking, MAD miti-
gates the degeneration-of-thought problem, where
a single model becomes trapped in a flawed reason-
ing path (Liang et al., 2024), and produces more re-
liable consensus than single-agent evaluation (Chan
et al., 2024; Chen et al., 2024).
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However, as debates grow longer, their expand-
ing histories make earlier evidence, rejected hy-
potheses, and cross-round dependencies increas-
ingly difficult to recover (Liu et al., 2024a). Im-
portant arguments may become buried in the tran-
script, causing agents to repeat previously rejected
claims, overlook unresolved conflicts, or reconsider
evidence without its original context. Retaining
the full interaction history is equally problematic,
as irrelevant and redundant content increases to-
ken cost and can degrade reasoning quality (Jiang
et al., 2026; Yu et al., 2026). Recent methods ad-
dress parts of this challenge: MAD-M? masks erro-
neous memories between rounds (Tian et al., 2026),
while EquiMem calibrates updates to shared mem-
ory (Meng et al., 2026). However, neither jointly
organizes debate trajectories into structured argu-
mentative memory, learns the evolving utility of
individual memory items, and supports continuous
access throughout the debate.

Simply pruning the debate history using heuris-
tic rules is insufficient because an argument’s util-
ity changes as the interaction evolves (Yan et al.,
2026). Effective debate memory therefore requires
a learned mechanism that determines what to re-
tain, back up, or discard. It also requires an appro-
priate structure: flat text or pairwise graphs (Zhang
et al., 2025a) cannot naturally represent higher-
order relations such as multi-agent agreement, con-
flicting evidence chains, and evolving consensus.
Finally, memory must be integrated into the intra-
debate reasoning loop, allowing agents to write,
retrieve, and revise information across rounds.
Thus, scalable MAD requires three complemen-
tary capabilities: structured trajectory representa-
tion, learned utility-aware selection, and dynamic
intra-debate memory access.

To address these challenges, we propose
HEDGE (Hypergraph-Enhanced Debate with
Gated Evidence memory), a framework that main-
tains a structured, shared memory throughout an on-
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Figure 1: Trajectory-level memory in HEDGE dur-
ing multi-agent debate. Without memory (left), agents
revisit a rejected founder hypothesis; with HEDGE
(right), the stored rationale avoids redundant reasoning
and reaches the correct answer in 3 instead of 4 rounds.

going debate. HEDGE represents the debate trajec-
tory as a semantic hypergraph, where hyperedges
capture higher-order dependencies among claims
and agents beyond pairwise relations. Within
each hyperedge, a relational graph preserves fine-
grained argumentative structure, including support,
refutation, and evidential links. A learned mem-
ory selection module (MSM), pretrained with su-
pervised learning and refined through reinforce-
ment learning using multi-agent feedback, routes
each candidate memory item to STORE, BACKUP,
or OMIT. Agents retrieve and update the shared
memory across rounds, preserving useful depen-
dencies while reducing redundancy and cost. Fig-
ure 1 shows how HEDGE avoids repeated reason-
ing and improves efficiency.

Empirically, across seven benchmarks spanning
mathematical reasoning, knowledge conflicts, and
long-context QA, HEDGE consistently outper-
forms strong baselines. Compared with the best
multi-agent system, HEDGE improves accuracy
by 5.0 points on average, with gains of up to 8.2
points on conflict-heavy tasks such as Conflic-
tQA (Xie et al., 2024). These gains increase to
11.5 and 16.2 points over the strongest advanced
single-agent baseline and the vanilla single-agent
using the same backbone, respectively. HEDGE
also reduces memory usage by 48% and debate
rounds by 34% relative to the strongest multi-agent

baseline.

Overall, our contributions are: (i) a shared
hypergraph-based memory that captures higher-
order semantic dependencies and fine-grained ar-
gumentative relations across agents; (ii) a learned
memory selection module, trained with supervised
learning and refined through reinforcement learn-
ing from debate outcomes, that selectively man-
ages information based on its evolving utility; and
(iii) an intra-debate memory framework that en-
ables agents to retrieve and update relevant infor-
mation across rounds.

2 Related Work

Multi-agent debate and debate memory. Multi-
agent debate (MAD) improves reasoning by allow-
ing agents to iteratively propose, critique, and re-
fine their answers (Du et al., 2024; Liang et al.,
2024; Chan et al., 2024; Chen et al., 2024; Liu et al.,
2025). Most MAD frameworks, however, preserve
earlier interactions only as an unstructured tran-
script, making claims, revisions, and cross-round
dependencies difficult to track. MeMAD retrieves
summaries of completed debates to support new
tasks (Ling et al., 2025), while G-Memory mod-
els cross-trial collaboration through pairwise graph
structures (Zhang et al., 2025a). Recent methods
more directly address intra-debate memory: MAD-
M? masks potentially erroneous information inher-
ited from previous rounds (Tian et al., 2026), and
EquiMem calibrates updates to a shared memory
based on agent reliability (Meng et al., 2026). Un-
like these approaches, HEDGE jointly structures
the ongoing debate as a shared semantic hyper-
graph, preserves higher-order dependencies among
multiple agents and claims, and exposes this mem-
ory for retrieval and revision throughout the debate.

Memory representation and selection. Ex-
isting language-agent memories include flat
stores (Zhong et al., 2024; Packer et al., 2024),
retrieval-based architectures (Qian et al., 2025b;
Wang and Han, 2025), and learned memory-
management methods such as Memory-R1, MemA-
gent, and CoOMAM (Yan et al., 2026; Yu et al., 2026;
Mao et al., 2026). Flat memories provide limited
relational context, while conventional graph memo-
ries generally represent only pairwise connections.
HyperGraphRAG (Luo et al., 2025) and PRoH (Zai
et al., 2026) capture N-ary relations, but focus on
retrieving external knowledge rather than maintain-
ing an evolving argumentative state. Moreover,



existing learned memory managers primarily tar-
get single-agent long-context reasoning or general
memory pipelines. In contrast, HEDGE combines
a semantic hypergraph with fine-grained relational
graphs and a learned selection module trained from
debate outcomes, enabling utility-aware manage-
ment of higher-order information within an ongo-
ing multi-agent debate.

3 HEDGE

As shown in Figure 2, HEDGE maintains a shared
two-level memory for the ongoing debate, with
the memory selection module (MSM) controlling
how newly generated information is written. At
each step t, MSM assigns each candidate node v;
to STORE, BACKUP, or OMIT based on the current
debate and memory contents. Stored nodes are or-
ganized at the top level into a semantic hypergraph
that groups related debate elements, while a di-
rected relational graph within each hyperedge pre-
serves fine-grained support, refutation, evidence,
and dependency links. This compact structure
evolves throughout the debate and can be retrieved
and updated by all agents across rounds.

At debate step ¢, the memory consists of a hyper-

graph H®) = (V) £®) and directed relational

()
graphs {g,gt) l,;g:tl'. Each node v € V® repre-

sents an atomic debate element, such as a claim,
counterclaim, evidence statement, or intermediate
conclusion. Each hyperedge e,(f) e E® forms a
cluster of semantically related nodes. For each
hyperedge, we define Q,(:) = (W, @) RS) ), where
./\/'k(t) = {v € V® | v belongs to e,(f)} and R,(f)
captures relations such as support and refutation.
Nodes may belong to multiple hyperedges, allow-
ing overlapping topics and shared conclusions. Be-
cause the memory is updated online (Zhang et al.,
2025a; Zhou et al., 2026), its nodes, hyperedges,
relations, and corresponding cardinalities refer to
a particular step of the evolving debate. Unlike
static retrieval memories (Luo et al., 2025; Wang
and Han, 2025), it is directly accessed and revised
throughout the current interaction.

3.1 Memory Construction and Maintenance

For each node v with text x,,, we compute an {-
normalized embedding and a sparse semantic sig-
nature:

h, = femb($v)7 Oy = gsig(xv)7 (D

where o, contains salient lexical features such as
entities, noun phrases, numerical values, and con-

tent lemmas. At debate step ¢, each hyperedge eg)

has member set k(t). We maintain the unnormal-
ized sum of its member embeddings and compute
the mean embedding as:

s
Z h., h = ’f(t). )
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The normalized centroid and union signature are
then:
(t)
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e
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We cache the unnormalized embedding sums to
support incremental centroid updates and hyper-
edge merging without recomputing embeddings
for unchanged nodes.

For an incoming node v, we compare its signa-
ture and embedding with each existing hyperedge:

) ‘UU N U]gt)’

k )
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Compatible hyperedges are identified using both se-
mantic embeddings and salient entities (e.g., names
and numbers):

If M;(v) = @, we create a new hyperedge; oth-
erwise, v joins every compatible hyperedge. This
multi-membership supports overlapping topics and
shared conclusions. For each affected hyperedge,
the cached embedding sum is updated to reflect
its new membership, and the centroid is obtained
by normalization. Signatures are likewise updated
incrementally.

For each hyperedge, we maintain a directed,
typed relational graph g,gt) that captures fine-
grained connections among its nodes using five
relation types: SUPPORTS, REFUTES, EVIDENCE-
FOR, DEPENDS-ON, and LEADS-TO, where
(vi, 7, v;) denotes relation 7 from v; to v;. When a
node joins a hyperedge, an LLM-based module us-
ing GPT-40-mini (OpenAl, 2024) compares it with
existing members and predicts one of these rela-
tions or no relation using the prompt in Prompt O.1.
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pipeline. The current debate is organized as a semantic

hypergraph, while the memory selection module uses candidate features and cross-attention over hyperedge

centroids to route new information to STORE, BACKUP,

This local update avoids global recomputation
while preserving support, refutation, and depen-
dency chains.

Online Maintenance. We update the memory at
the end of each debate round, first reconsidering
BACKUP nodes for promotion to STORE. Promoted
and newly stored nodes are assigned to compatible
hyperedges using Eq. (5), or initialize new hyper-
edges when no match exists. We then merge re-
dundant hyperedges, prune those with persistently
low utility, and reassign their useful nodes when
possible. To limit overhead, node embeddings and
signatures are cached, unchanged relations are pre-
served, and only hyperedges whose membership
changes are recomputed. Appendix A provides the
complete procedure.

3.2

Retrieval follows the two-level memory structure.
At debate step ¢, the agent forms a query ¢ with
embedding h, and signature o,. It first selects
relevant hyperedges and then retrieves fine-grained
argument structures within them.

At the hyperedge level, we select the top-K hy-
peredges whose signatures are compatible with the

query:

Two-Level Memory Retrieval

(t)

t
Sé ) = TopK D eg® cos (hq, cy

). ®©
J(qual(:) )>Tsig
Within each selected hyperedge, we retrieve the
top-m member nodes by embedding similarity:

Vék’t) = TOPMUeNIEt) cos(hg, hy). 7

or OMIT.

(t)
k
graph G ,(:) [Vék7t)], containing the retrieved nodes
and all relations whose endpoints are both among
them. The resulting subgraphs are combined into
a bounded memory readout containing relevant
claims, evidence, refutations, and dependencies.

Foreache,’ € Eq(t), we return the induced sub-

3.3 Memory Selection Module

Given a candidate node vy, extracted as an
atomic fact from an agent response using
GPT-40-mini (OpenAl, 2024) and Prompt O.2,
MSM predicts a; € {STORE,BACKUP, OMIT}
based on the candidate and current memory. Let
X, € R™*4 denote its token representations and
x; = Pool(X}) its pooled representation.

For each hyperedge e,it), we first compute the
candidate-to-hyperedge alignment:

).

We then construct the alignment and specificity
features:

(t)

Xty Cp

®)

Ut J; = COS (

N = [0, V), )

where
Ui

mMAX Ut f,

)
= Ut - |€(t)| ; ut,k"

Here, u; ;, measures the alignment of candidate v,
with hyperedge e,(ct), U, measures its strongest hy-
peredge alignment, and NV; measures the specificity

of that alignment relative to other hyperedges. The

(10)
Ny



hyperedge-specific scores u; ) are also used for
utility-based pruning, as detailed in Appendix A.
To incorporate memory context, we stack the cur-
rent hyperedge centroids into C; € R¥t*de where
K; = |E®|. We project the candidate and centroid
representations into a shared hidden dimension dp:

X, =XW,, C=CW,. (I

Candidate-to-memory cross-attention is then com-
puted as:

7, — MultiHeadAttn (Xt, C, ét) )

The projected candidate and context representa-

tions are obtained by pooling:
xP°% = Pool(Xy), P! = Pool(Z). (13)

The routing representation combines utility fea-
tures, candidate semantics, and hypergraph context:

_ UN pool pool
o= [0 |t o]

The action distribution is:

(14)

mo(at | @) = Softmax (W, MLP(¢;) + by) .
15)
Here, MLP comprises two hidden linear layers,
while W and b, parameterize the third, output
layer. Further architectural details are provided in
Appendix B.

3.4 Training the Memory Selection Module

MSM is a lightweight three-layer MLP with
normalization and dropout that predicts
{STORE, BACKUP,OMIT} from the candidate
representation and current hypergraph context.
Architectural details are provided in Appendix B.

Data and setup. We construct training data from
simulated multi-agent debates on the HotpotQA
FullWiki training split (Yang et al., 2018). For each
sample, we provide the HotpotQA question and
context to GPT-40 (OpenAl, 2024), which gener-
ates a task-specific roster of 3—6 agents with com-
plementary roles, goals, model sizes, and turn order
using Prompt O.3. We then simulate the full debate
and log all agent outputs, retrieved evidence, mem-
ory references, routing decisions, and final answers.
For Stage I, these trajectories are analyzed post
hoc to determine whether each candidate memory
item is later reused, supports conflict resolution,
or contributes to the final answer, yielding 6.5K

pseudo-labeled routing examples. For Stage II, we
use an additional 1K HotpotQA training questions
to simulate online debates and refine the policy
through interaction. Appendix C provides full data-
generation details.

Stage I: Supervised pretraining. We derive la-
bels post hoc based on whether an item is reused,
resolves a conflict, contributes to the final out-
put, or is redundant. Frequently useful and non-
redundant items are labeled STORE, potentially use-
ful items BACKUP, and unused items OMIT. MSM
is trained with categorical cross-entropy and a class-
balancing loss that prevents collapse toward the
dominant routing action. This stage provides a gen-
eral initialization for utility-aware routing based on
relevance, specificity, and redundancy.

Stage II: Reinforcement learning. We further
optimize MSM with PPO (Schulman et al., 2017)
in an online multi-agent debate environment. PPO
is suitable because routing decisions have delayed
trajectory-level effects: a stored item may be-
come useful several rounds later, while exces-
sive retention gradually increases memory cost.
Its value estimates support delayed credit assign-
ment, and clipped updates preserve stability around
the supervised initialization. PPO also handles
MSM’s discrete actions and directly optimizes non-
differentiable objectives, including task accuracy,
future memory use, and memory size. The reward
combines task success, routing utility based on
later item usage, and a penalty for memory growth.
Training uses the clipped PPO objective with value
loss and entropy regularization to support long-
horizon adaptation without collapsing to a single
action.

Full details on pseudo-label construction, re-
ward design, and optimization are provided in Ap-
pendix D.

4 Experiments and Results

4.1 Experimental Settings

Baselines. We compare against vanilla single-
agent models (GPT-5.4 (OpenAl, 2026), GPT-
40, GPT-40-mini (OpenAl, 2024), and Qwen3.5-
27B (Qwen, 2026)), self-improvement meth-
ods (Self-Refine (Madaan et al., 2023), Self-
Consistency (Wang et al., 2023b), and Reflex-
ion (Shinn et al., 2023)), and multi-agent base-
lines (MAD (Liang et al., 2024) and MoA (Wang
et al., 2025b)). Memory-aware baselines include



Method MATHS500 GPQA FaithEval ConflictQA NovelQA HotpotQA MMLU-Pro
Single-Agent (Vanilla)
GPT-5.4 5710 56.2:04  T2.7403 48.9:0 5 62.4.0.4 453403 89240
GPT-40 53.2.405 442, 5 66.4.0.4 41.5.0 58.1.03 3890, T77.6.03
GPT-40-mini 49.8.0.4 33.8.40 61.4.5 29.2.,,., 53.3.04 29.4 .5 66.8.0.4
Qwen3.5-27B 51.4.05 48.9.0.4 69.2. 5 36.8.0.6 57.6.0.5 39.8.0.4 83.4.0.
Single-Agent (Advanced) (GPT-40-mini)
Self-Refine 53.7405 37.6.04 64.9.., 33440, 54.1.05 30.7106 T1.2.05
Self—Consistency 54.8.0.4 36.5.0.7 65.7 0.5 341,05 53.8.0.6 31.2.0.4 72.6.0.4
Reflexion 55.6.0.5 38.2.05 66.5.0.6 35.340 54.8.0.4 319405 73.8.03
Multi-Agent (GPT-40-mini)
MAD 55.4. 0 38.8.05 67.4. 0 36.7+0.7 55.5.05 324, 74.6.4 .4
MAD‘M2 55'9l0.4 39‘4;0.6 67-8Ln.3 37‘6;0.8 56~5i().b 32-8l0.5 75«4;0.:;
MoA 562105 397104 683106 38.1.07 572405 33.1504 75.840.3
MeMAD 57.840 41545 70.2.4 4 40.6.06 58. 706 34.9.5 T7.1. 0.4
G—Memory 58.6lo.5 42.8;0_6 73.6l“_3 46:3;()_8 58.9io.7 36.1lo.4 78.4;0_3
G-Memory + EquiMem 59.4.,, 43.7. 5 74.9. 0.4 47.8. 07 59.8 .05 37.0.056 79.0. 0.4
HEDGE 62.2.,, 47.7.,, 79.8.,; 56.0., 66.0. ., 424, 82.7 .,
Single-Agent (Advanced) (Qwen3.5-27B)
Self-Refine 54.2.0., 51.3.05 721, 39.6.0 59.8.05 42144, 86.0-0.5
Self-Consistency 551405 52.0.406 72.8.05 40.3.40.~ 60.2.0 4 426, 5 86.9.5
Reflexion 56.0.0.4 53.1.05 73.640.4 41.5, 0 61.0.¢5 43.4. 4 88.1.,
Multi-Agent (Qwen3.5-27B)
MAD 973104 92405  73.0104 42,1505 99.1505 42.040.4 85.8.10.3
MAD-M? 577405 53.2.0.4 73.8.405 43.1.¢; 60.0-0.4 4250 5 86.3. 0.
MoA 58.1. .4 53.6.0.5 T4.2405 43.7 06 60.4. 5 42.8 4,4 86.6.¢.5
MeMAD 59~3L0_3 56-8;(1_4 76-1l11.3 47.0;(]_7 61-7i0.4 44-2LU-5 87.4;0_2
G-Memory 60.2.., 576405 78.3.0.4 50.1. 06 62.0.0.5 44.6. 4 88.2. 05
G-Memory + EquiMem 61.0.¢5 58.7 04 79.5.403 51.8.0.7 63.1.0.4 454, 5 88.7 0.5
HEDGE 64‘3i0.2 62‘2i0.3 83~6:0.:5 57‘9i0.3 67-6in.4 49»2i0.1 90-3iu.2

Table 1: Accuracy (%) across seven benchmarks. Each value reports the mean over three runs, with red subscripts
indicating the corresponding error. All multi-agent methods use a three-agent topology. HEDGE performs best
under both backbone models, with particularly strong gains on FaithEval, ConflictQA, and NovelQA.

MeMAD (Ling et al., 2025), G-Memory (Zhang
et al., 2025a), G-Memory + EquiMem (Meng et al.,
2026), and the perplexity-based variant of MAD-
M2 (Tian et al., 2026). To test portability, we inte-
grate HEDGE into AutoGen (Wu et al., 2024), G-
Designer (Zhang et al., 2025b), DyLAN (Liu et al.,
2024b), and MacNet (Qian et al., 2025a), and com-
pare against Voyager (Wang et al., 2023a), Memory
Bank (Zhong et al., 2024), Generative Agents (Park
et al., 2023), and native memory variants. See Ap-
pendix E.1 for baseline details and Appendix F for
descriptions of the multi-agent frameworks.

Benchmarks. We evaluate on GPQA (Rein et al.,
2024) and MATH500 (Hendrycks et al., 2021)
for mathematical and scientific reasoning; FaithE-
val (Ming et al., 2025) and ConflictQA (Xie et al.,
2024) for faithfulness under conflicting evidence;
NovelQA (Wang et al., 2025a) and HotpotQA full-
wiki (Yang et al., 2018) for long-context and multi-
hop reasoning; and MMLU-Pro (Wang et al., 2024)
for broad knowledge reasoning. MSM is trained
only on the HotpotQA fullwiki training split and

evaluated on a disjoint HotpotQA set and six exter-
nal benchmarks, testing both in-domain robustness
and cross-benchmark transfer. We report mean ac-
curacy over three runs. For more information on the
benchmarks and baselines refer to Appendix E.2.
The prompts used for each benchmark are listed in
Appendix O.2.

Experimental setup. We use a temperature of 0.7
and Qwen3-Embedding-4B (Zhang et al., 2025c¢)
for normalized node, query, and hyperedge em-
beddings. Stage I uses AdamW with learning
rate 1074, batch size 64, weight decay 0.01, and
dropout 0.1; Stage II uses learning rate 1072,
v = 0.99, GAE parameter 0.95, PPO clipping
threshold 0.2, value coefficient 0.5, entropy co-
efficient 0.01, and four epochs per batch. We set
Tsig = 0.30 and 7epp, = 0.70 for node assignment,
Tingrge = 0.50 and 7820 = 0.85 for merging, and
prune hyperedges with utility below 0.10 for three
rounds. Backup nodes are retained for at most two
rounds. During retrieval, we set K = 3, returning
the top three hyperedges with up to top eight nodes



Memory MATHS500 GPQA FaithEval ConflictQA NovelQA HotpotQA MMLU-Pro
AutoGen 2024
No-memory 55.510.5 38.9.0 68.0.¢.4 36.5.¢.- 56.3.0.5 32.7 04 T4.7 05
Voyager 573504 40.705 69.8.6 38.6.0.5 58.1.0.4 34.2. 5 76.3.0.3
Memory Bank 94.9.06 38207 673405 37206 5711046 33.5.0.4 75.310.4
Generative 57.8.05 41.4. 4, 70.5. 0.4 39.3.0.7 58.9. 05 34.7. 05 771,05
MetaGPT-M 584404 421,05 711,05 40.2.06 59.6.0.4 35.3.05 T7.9.05
MacNet-M 56.5.0.5 40.3.06 69.1.,, 383408 57.9.06 341405 76.1.0.4
ChatDev-M 54.1 375,07, 66.4.5 35.6.0.7 56.0.0.5 32.6.0 4.2, 0.4
MAD-M? 58.8.05 42.7 0.4 71.6 05 41.1., - 59.8.0.4 35.5.05 78.2.03
MeMAD 99.2504 43.1505 721504 41.9.0 60.0..5 35.6.0.4 78.6.0.5
G-Memory 60.3.0.4 44.6 ., 5 75.940.4 48.0.06 60.5.¢.5 36.1.0.4 80.1.5
G-Memory + EquiMem 60.9. 5 454, 77.0.0.4 49.6. 5 61.4.,, 37705 80.8. 5
HEDGE 629.,, 483.,, 80.7.,, 57.8.,, 67.2.,, 423.,, 83.5.,,
DyLAN 2024b
No-memory 53.2.056 36.8..7 65.7. 05 34.6. 54.3 .06 31.3.05 72.6.0.4
Voyager 54'9l().3 38‘4;(].6 67'4Lll.3 36‘5l(].7 56’0i0.5 32'6l().6 74‘1;().3
Memory Bank 92.6.0 .7 36.2.06 65.0-0.6 35.1.05 99.1.05 32105 73.010.4
Generative 55.3.405 39.00.~ 68.0.0.4 36.9.06 56.6.0.6 33.0405 74.6.0 .4
MetaGPT-M 55.8 0.4 39.6.0 68.6.¢5 37.6.0.- 972,05 33.5.04 75.2.05
MacNet-M 54.1.0 379,05 66.7 0.6 3590 55.6.0.5 32.5. 0 73.9. 0.4
ChatDev-M 51.8.- 3540 64.1.5 33.3.0- 53.9.06 30.8.05 71.8.0.4
MAD-M? 562105  40.0105  68.9404 38.4.0, 575404 338405 75.6.0.5
MeMAD 56.6.0.5 40.3.06 69.1..4 39.2.07 57.8.05 34.0.40.4 76.0.0.5
G-Memory 57.5. 0.4 41.6. 5 7245 44.8. 6 58.2.0.4 3445 T77.3403
G-Memory + EquiMem | 58.1., 42.4_ 5 735504 46.0.06 59.1.05 35.2.0.4 78.0.0.5
HEDGE 606.,, 448.,; 751,.; 50.7 .5 62.4., 374, 80.1.,

Table 2: Comparison of memory mechanisms under AutoGen and DyLAN. Values are mean accuracy over three runs,
with red subscripts indicating standard deviation. HEDGE achieves the best performance across all benchmarks.
See Appendix I for the results on MacNet and G-Designer.

per hyperedge (M = 8). Memory is updated after
each debate round. Further details are provided in
Appendix G.

4.2 Performance Across Reasoning Tasks

Performance across backbones. Table 1 reports
results in a three-agent setting with two proposers
and one critic. HEDGE achieves the best perfor-
mance among methods using the same backbone
on all seven benchmarks. With GPT-40-mini, it out-
performs G-Memory + EquiMem by 5.0 points on
average, with gains ranging from 2.8 on MATH500
to 8.2 on ConflictQA. With Qwen3.5-27B, the
average gain is 3.8 points, ranging from 1.6 on
MMLU-Pro to 6.1 on ConflictQA. Improvements
are particularly strong on ConflictQA, NovelQA,
and FaithEval, where agents must retain compet-
ing claims, track evidence provenance, and revise
conclusions as new information emerges. This
pattern suggests that HEDGE is most beneficial
when reasoning depends on integrating informa-
tion distributed across agents and debate rounds.
The gains of 5.4 and 3.8 points on HotpotQA fur-

ther indicate that intra-hyperedge relations help
preserve multi-step evidence chains, whereas the
smaller gain on MMLU-Pro suggests less benefit
when answers rely primarily on parametric knowl-
edge. Notably, HEDGE with Qwen3.5-27B also
surpasses vanilla GPT-5.4 on all seven bench-
marks, showing that structured debate memory
can partly compensate for differences in backbone
scale. Appendix H provides a qualitative example.

Comparison of memory mechanisms. Ta-
ble 2 compares memory mechanisms under Au-
toGen (Wu et al., 2024) and DyLAN (Liu et al.,
2024b). HEDGE achieves the best result on ev-
ery benchmark under both frameworks. MAD-M?
consistently improves over native and lightweight
memory variants, but remains slightly below
MeMAD and substantially behind graph-based
memories, suggesting that filtering erroneous con-
tent alone cannot fully capture cross-agent depen-
dencies. Under AutoGen, HEDGE outperforms
the strongest baseline, G-Memory + EquiMem, by
4.3 points on average, including gains of 2.0 on
MATHS500, 2.9 on GPQA, 3.7 on FaithEval, and



8.2 on ConflictQA. Under DyLAN, the average
gain is 2.7 points, including improvements of 2.5
on MATHS500, 2.4 on GPQA, and 4.7 on Conflic-
tQA. The largest gains again occur on Conflic-
tQA and NovelQA, indicating that selective hyper-
graph memory is particularly effective for preserv-
ing and reconciling competing information. The
larger gains under AutoGen may reflect its richer
interaction pattern, while DyLAN’s dynamic or-
chestration may already reduce some redundant
exchanges. Consistent gains across both frame-
works show that HEDGE is orchestration-agnostic.
Appendix I reports results for G-Designer (Zhang
et al., 2025b) and MacNet (Qian et al., 2025a).

4.3 Efficiency Analysis

We evaluate efficiency from two complementary
perspectives: (i) total token usage and reasoning
rounds, and (ii) persistent memory footprint. Fig-
ure 3 presents representative results, with detailed
values for all benchmarks reported in Appendix J.

Token usage and reasoning rounds. The
top panel of Figure 3 shows that HEDGE
achieves a stronger performance—cost trade-off
than structured-memory baselines. Compared with
G-Memory + EquiMem, HEDGE reduces token
usage by 15-17% and reasoning rounds by 36—
41% across the displayed settings, while improv-
ing accuracy by 2.2-8.2 points. For example, on
ConflictQA with AutoGen, HEDGE reaches 57.8
accuracy using 36.9K tokens and 5.7 rounds, com-
pared with 49.6 accuracy, 43.6K tokens, and 9.2
rounds for G-Memory + EquiMem. MAD-M? uses
fewer tokens through perplexity-based masking,
but its lower accuracy suggests that aggressively re-
moving context cannot replace structured retention
of cross-agent dependencies.

Memory footprint. The bottom panel shows
that HEDGE avoids the large persistent state re-
quired by graph-based memories. Relative to G-
Memory + EquiMem, it reduces memory foot-
print by approximately 47-48% across the dis-
played settings while improving accuracy by 1.6—
2.7 points. On MATHS500 with AutoGen, for
instance, HEDGE improves accuracy from 60.9
to 62.9 while reducing memory from 31.9K to
16.5K tokens. Although lightweight methods re-
tain less memory, they perform worse, indicating
that HEDGE provides a more favorable accuracy—
memory trade-off. Learned selection and hyper-
graph organization allow HEDGE to preserve use-

ful argumentative structure while limiting redun-
dant context and accelerating convergence.

4.4 Effect of MSM and Its Training Stages

Table 3 analyzes the contribution of MSM and its
two training stages. Storing all candidates produces
the largest memory footprint and the weakest ac-
curacy, confirming that indiscriminate retention in-
troduces redundant and distracting context. Stage I
supervised training provides substantial gains, im-
proving accuracy by 3.5 points on ConflictQA and
3.1 points on HotpotQA while reducing memory
by approximately 26%. Stage II reinforcement-
learning refinement yields a further 2.6- and 1.7-
point improvement, respectively, while additionally
reducing rounds, token usage, and memory. Over-
all, the complete MSM improves accuracy by 6.1
points on ConflictQA and 4.8 points on HotpotQA
relative to storing all candidates, while reducing
memory footprint by approximately 39-41%. The
larger Stage II gain on ConflictQA suggests that
feedback from debate outcomes is particularly valu-
able for retaining useful conflicting evidence and
refutations.

Configuration ConflictQA HotpotQA

Acc. R T M Acc. R T M
No MSM 51.7 8.1 448K 30.6K | 37.5 8.0 463K 32.1K
Stage I only 552 6.5 396K 227K | 406 6.6 412K 23.8K
Stage I + Stage Il | 57.8 5.7 369K 182K | 423 5.8 381K 19.6K

Table 3: Effect of MSM and its training stages on accu-
racy, rounds (R), token usage (T), and memory footprint
in tokens (M).

Additional analysis. We further evaluate sensi-
tivity to the embedding model, retrieval breadth,
and relation extraction model in Appendices K, L,
and M, respectively. Appendix N analyzes the com-
plementary effect of sparse signatures and dense
embeddings.

5 Conclusion

We introduced HEDGE, a selective intra-debate
memory framework that represents evolving de-
bate trajectories as semantic hypergraphs and uses
a learned memory selection module to retain useful
information while reducing redundancy. Across
seven benchmarks, HEDGE outperforms strong
single-agent, multi-agent, and memory baselines,
improving accuracy by 5.0 points on average over
the strongest multi-agent system with GPT-40-mini
and by up to 8.2 points on conflict-heavy tasks.
It also reduces memory usage by 48% and de-
bate rounds by 34%, demonstrating that structured,
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Figure 3: Performance—efficiency trade-offs across representative benchmarks and orchestration frameworks. Top:
performance versus total token usage, with bubble size indicating the average number of reasoning rounds. Bottom:
performance versus persistent memory footprint. See Appendix J for full results across benchmarks.

utility-aware memory improves both the effective-
ness and efficiency of multi-agent debate.

Limitations

HEDGE has some limitations. First, MSM is
trained using pseudo-labels derived from debate
trajectories rather than human-annotated memory
decisions, so it may discard claims whose utility
becomes apparent only in later rounds. Second,
memory construction depends on accurately de-
composing agent responses into atomic items and
representing them through embeddings and pre-
dicted relations; errors in either step may propagate
through the hypergraph. Third, Stage II relies on
reward weights and routing thresholds that balance
task accuracy against memory compactness, and
different settings may shift this trade-off.

Ethical Considerations

Potential risks. HEDGE inherits the limitations
and risks of its underlying language models, in-
cluding hallucinations, biases, and unsupported
reasoning. Because information is shared across
agents, an incorrect claim admitted to memory may
influence later rounds or create false consensus. Er-
rors in decomposing responses or predicting intra-

hyperedge relations may similarly distort the stored
argumentative structure. Although MSM is de-
signed to filter low-utility content, it does not guar-
antee factuality or fairness. Deployments in high-
stakes domains should therefore include source ver-
ification, human oversight, and auditing of both
model outputs and stored memory.

LLM usage and computational cost. We use
GPT-40 to generate debate configurations and
MSM training trajectories, GPT-40-mini as a de-
bate backbone and relation predictor, and Qwen3.5-
27B as an alternative backbone. These models
are used for research evaluation and not for mak-
ing decisions about individuals. Multi-agent de-
bate remains more computationally expensive than
single-agent inference. While HEDGE reduces
token usage, memory footprint, and debate rounds
relative to strong memory-based systems, its over-
all computational and environmental costs remain
non-trivial. We report detailed efficiency measure-
ments in Appendix J to support assessment of this
trade-off.

Use of Al assistance. During manuscript prepa-
ration, we used large language models to improve
phrasing and presentation and to generate icons
used in figures. All technical contributions, exper-



imental designs, analyses, and conclusions were
developed and verified by the authors.

Reproducibility statement. We describe the
memory construction procedure, MSM architec-
ture, training objectives, hyperparameters, and eval-
uation protocol in the main paper and appendices.
The MSM data-generation pipeline, including de-
bate simulation, memory logging, and pseudo-label
construction, is detailed in Appendix C, and all
prompts are provided in Appendix O. Upon publi-
cation, we will release the implementation, MSM
training scripts, generated trajectories, checkpoints,
and evaluation code under a permissive research
license.

Licensing and artifact release. We use exter-
nal datasets, models, and baseline implementations
according to their original licenses and terms of
use. Before release, we will document the source,
license, and required attribution for each depen-
dency. Our original code will be released under
a permissive license. Generated trajectories and
checkpoints will be redistributed only when permit-
ted by the licenses and terms governing their source
datasets and models; otherwise, we will release
generation scripts, configuration files, and dataset
identifiers needed to reproduce them. We will not
redistribute third-party model weights, datasets, or
baseline artifacts when their licenses prohibit doing
sO.

Use of existing artifacts and data. All experi-
ments use publicly available benchmarks, models,
and baseline implementations according to their
original licenses and access conditions. MSM
training trajectories are generated from the Hot-
potQA full-wiki training split (Yang et al., 2018),
which is derived from Wikipedia. We do not col-
lect new user data, attempt to identify individuals,
or involve human subjects. Naturally occurring
names or other entities may remain in the original
benchmark content, and our released artifacts are
intended solely for research and reproducibility.
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A Online Memory Maintenance

Memory maintenance is performed once per debate
round rather than after every memory operation.
We use r to index debate rounds, distinguishing it
from the candidate-level step ¢ in Section 3.3. Let
B(") be the set of nodes assigned to BACKUP during
round r. At the end of each round, the memory is
updated as follows.

Backup reconsideration and insertion. The
MSM reevaluates each node in B(") using the up-
dated debate state. Nodes promoted to STORE,
together with newly stored nodes, are assigned to
all compatible hyperedges according to Eq. (5). A
node with no compatible hyperedge initializes a
new hyperedge.

Hyperedge merging. We consider two hyper-
edges e,(:) and ey) redundant when both their sig-
nature overlap and centroid similarity exceed the

merge thresholds:

Ty 2 e NS 2Tt (16)
where J, ,g? denotes the Jaccard similarity between

their signatures and S,(C? denotes the cosine simi-

larity between their centroids. Their merged mem-
bership and signature are:
(r)

o) = o},

ND =NDUNS, ol Uol”.
A7
Consistent with Section 3.1, we maintain the
cached unnormalized embedding sum s,(:) for each
hyperedge. Rather than combining normalized cen-

troids directly, we merge these sums:

s,(j;) = Z h,

UENT(,«T)

_ S](:) + Sér)

(18)

>

veN v

The overlap correction prevents shared nodes from
being counted twice. The merged centroid is then
obtained by normalization:

)
o) = =1 (19)
[ [|2

Utility-based pruning. Let Vc(;)ld denote the set
of candidate nodes extracted during debate round

r. For each hyperedge, we compute its round-level
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utility as the maximum candidate-to-hyperedge
similarity:

where x; is the unprojected pooled representation
of candidate v;. This uses the same hyperedge-
specific alignment underlying Eq. (10). However,
while the candidate-level feature U; takes the maxi-
mum across hyperedges for a given candidate, U ,gr)
takes the maximum across candidates within a de-

bate round for a given hyperedge.

Uk(f) = max cos(xi,c,(:)

20
(s EV(T) ( )

For each hyperedge, we maintain a counter q,(f)

recording consecutive rounds of low utility:

{

A hyperedge is removed when q,(f) > P, where
P denotes the pruning patience. Each of its nodes
is then matched against the surviving hyperedges
using Eq. (5). Compatible nodes are reassigned
to the highest-scoring surviving hyperedge, while
unmatched nodes are discarded.

—1
g\

0,

)11, Uér) < Tutil,

otherwise.

(r) _

@ 21

Incremental relational update. When hyper-
edges are merged or nodes are reassigned, previ-
ously inferred relations between unchanged node
pairs are retained. The relation module is invoked
only for pairs involving newly added or moved
nodes. Centroids and signatures are likewise up-
dated only for affected hyperedges. Thus, exist-
ing node embeddings, signatures, memberships,
and relation labels are reused across rounds, and
maintenance depends primarily on the round-level
changes rather than the complete memory size.

B MSM C(lassifier Architecture

The MSM routing policy is implemented as a three-
layer multi-layer perceptron (MLP). Its input com-
bines candidate content, the current hypergraph
context, and two scalar utility features.

Input representation. At candidate step ¢, the
classifier input contains three components:

« Utility features ¢~ Uy, Ny € R2,
where U; measures alignment with the current
memory and N; measures candidate speci-
ficity, as defined in Eq. (10).

« Candidate representation x°°' ¢ R% , ob-
tained by pooling the projected token repre-
sentations of the candidate.



« Hypergraph context ¢’ € R%:, obtained

by attending from the candidate tokens to the
current hyperedge centroids.

Let X; € R™*d denote the candidate token
representations, and let C; € R5¢Xde stack the
centroids of the K; hyperedges available at step ¢.
Here, d. is the embedding dimension; for Qwen3-
Embedding-4B (Zhang et al., 2025¢), d. = 2560.

The utility features are computed using the un-
projected pooled representation x; = Pool(Xy)
and the original hyperedge centroids. For cross-
attention, candidate and centroid representations
are projected into a shared dimension dp, < d:

X, =X,W,, C;=CW. (22

We compute candidate-to-memory
attention using

Cross-

7, — MultiHeadAttn (f(t, C, ét) . 23)

where candidate tokens form the queries and hyper-
edge centroids form the keys and values.

The projected candidate and memory representa-
tions are then pooled:

pool
Cy =

xP°! = Pool(X,), Pool(Z;). (24)
This cross-attention allows MSM to emphasize hy-
peredges relevant to the incoming candidate. Be-
cause the hypergraph evolves during debate, C;
and K reflect the memory state at step .

The three components are concatenated to form

o for

pool
X

din = 2dj,+2.
(25)
Network structure. The classifier contains three

linear layers:

pool

o Linear(di,,dp), followed by LayerNorm,
GELU, and Dropout;

* Linear(dp,dp/2), followed by LayerNorm,
GELU, and Dropout;

* Linear(dy/2,3).

The first two layers constitute MLP(¢;). The
final layer, parameterized by W and b, produces
logits over {STORE, BACKUP, OMIT}. The result-
ing policy distribution is

mo(at | @) = Softmax (W, MLP(¢p;) + by) .
(26)
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By combining candidate semantics, context-
aware hypergraph information, and utility features,
MSM makes routing decisions conditioned on both
incoming content and the evolving debate mem-
ory.

C Data Generation via Debate Simulation
for Training MSM

We provide detailed information on the data gener-
ation pipeline used to construct training trajectories
for the memory selection module (MSM).

C.1 Dataset

We generate training data using the HotpotQA
dataset (Yang et al., 2018), specifically the train
split of the fullwiki variant. Each instance consists
of a multi-hop question paired with a set of sup-
porting Wikipedia passages. During simulation,
agents are provided only with the question and its
associated context passages; gold answers and sup-
porting facts are withheld. For reproducibility, we
store the full original HotpotQA record (including
answers and annotations) alongside each generated
trajectory, although these fields are never exposed
to the agents during simulation.

C.2 Retrieval Setup

To support grounded reasoning, we construct a
lightweight retrieval module over the provided
context. Each context passage is segmented into
sentence-level chunks, and each sentence is as-
signed a unique identifier. Agents may issue re-
trieval queries during the debate, which are han-
dled using a sparse similarity method (BM25). Re-
trieved sentences and their identifiers are returned
to the agent and logged. This design ensures that
all external information access is explicit, traceable,
and grounded in the dataset-provided evidence.

C.3 Agent Configuration

For each sample, we instantiate a multi-agent de-
bate consisting of 3 to 6 agents. The debate config-
uration is generated once per sample using a high-
capacity model (GPT-40) (OpenAl, 2024), which
specifies: (i) the number of agents, (ii) each agent’s
role and objective, (iii) a fixed turn order, and (iv)
the model size assigned to each agent (Qwen3-4B
or Qwen3-8B (Yang et al., 2025)).

This procedure introduces diversity in agent be-
havior and reasoning strategies while maintaining
a consistent and reproducible interaction protocol.



C.4 Debate Protocol

Each debate proceeds for at most 15 rounds, with
agents acting sequentially according to a predefined
turn order. At each turn, an agent may PROPOSE,
SUPPORT, REFUTE, QUESTION, REVISE, SUM-
MARIZE, or RETRIEVE.

When an agent issues a REFUTE action or ex-
presses strong disagreement, the simulator initiates
a conflict-resolution sub-dialogue. This consumes
one round from the global budget and continues
until the agents reach a consistent interpretation
or produce an explicit resolution. The outcome
is summarized and written to memory before the
main debate resumes.

C.5 Memory Logging and Traceability

Throughout the simulation, we maintain a global,
append-only memory that records all agent outputs.
Each memory item is assigned a unique identifier
and stored together with metadata, including the
round index, agent role, action type, and references
to previously used memory items or retrieved evi-
dence.

To enable fine-grained supervision, agents are
required to explicitly reference the memory items
or retrieved sentences they rely on when generating
new outputs. This design allows us to track how
information propagates through the debate and to
identify which memory items contribute to future
reasoning steps, conflict resolution, and final out-
puts.

While dependency annotations are fully logged,
only the textual content, identifiers, and action
types are exposed to agents during simulation. This
ensures that training signals are derived from ob-
servable interactions rather than injected supervi-
sion.

C.6 Trajectory-Level Supervision and
Pseudo-Labeling

Training examples are constructed from full multi-
agent debate trajectories. For each candidate mem-
ory item x;, we compute trajectory-level signals
post hoc, capturing its role in future reasoning.
These signals include: (i) whether the item is re-
trieved or explicitly referenced in subsequent steps,
(ii) whether it participates in conflict resolution,
and (iii) whether it contributes to the final answer
or summary.
Based on these signals, we derive pseudo-labels
€ {STORE, BACKUP, OMIT} in conjunction

*
ay
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with redundancy and novelty statistics. Items that
are frequently reused and provide non-redundant in-
formation are labeled STORE, partially useful or re-
dundant items are labeled BACKUP, and items that
are never reused are labeled OMIT. These pseudo-
labels provide supervised targets for training MSM
in Stage L.

D MSM Training Procedure

Dataset. Both training stages use simulated multi-
agent debates from the HotpotQA FullWiki train-
ing split (Yang et al., 2018). For each sample,
we instantiate three to six agents that collabora-
tively reason over the question and its associated
passages. Agent responses are decomposed into
atomic candidate items, and agents explicitly ref-
erence previously retrieved evidence or memory
items whenever applicable. This makes memory
usage traceable across the trajectory and allows us
to determine whether each candidate is later reused,
involved in conflict resolution, or incorporated into
the final answer. These signals are used to construct
pseudo-labels for STORE, BACKUP, and OMIT. Fur-
ther details are provided in Appendix C. After train-
ing, the same MSM policy is applied to all evalua-
tion benchmarks without target-specific adaptation;
HotpotQA evaluation uses examples disjoint from
its training split.

Training. We train MSM in two stages. Stage I
uses supervised learning to initialize the routing
policy from trajectory-derived pseudo-labels, while
Stage II refines this policy through reinforcement
learning on additional simulated HotpotQA de-
bates.

Stage I: Supervised pretraining. For each can-
didate node v;, MSM predicts an action a; €
{STORE, BACKUP, OMIT} from its representation
¢, which encodes the candidate and current mem-
ory state. Pseudo-labels a; are derived post hoc
from the complete trajectory. Candidates that are
repeatedly reused, support conflict resolution, or
contribute to the final answer are labeled STORE;
candidates with potential but limited future use
are labeled BACKUP; and redundant candidates
that are neither reused nor contribute downstream
are labeled OMIT. Redundancy and specificity sig-
nals are also considered when resolving ambiguous
cases.

The routing policy is

mo(at | @) = Softmax (W, MLP(¢p;) + by),
27)



where MLP consists of two hidden linear layers,
while W and b, parameterize the third, output
layer, as detailed in Appendix B. We optimize

Li=— logm(a} | ¢¢) + \Loat,  (28)
t

with the class-balancing regularizer

Loar =Y _ (Bofmo(a | ¢1)] — pa)?,

a

(29)

where a ranges over the three routing actions and
pa 1s its empirical frequency in the training data.
This term prevents degenerate policies caused by
label imbalance, such as consistently predicting
OMIT.

Stage II: Reinforcement learning with multi-
agent feedback. Starting from the Stage I check-
point, we further optimize MSM using PPO on
simulated debates from the HotpotQA FullWiki
training split. No trajectories or labels from the
downstream evaluation benchmarks are used for
target-specific refinement. Each atomic candidate
forms a sequential decision point, and the result-
ing routing decisions determine how the shared
memory evolves throughout the debate.

At the end of each trajectory 7, we compute

RT = )\tasthask + )\routeRroute + AeﬂRefFa (30)

where R;,qc measures final-answer correctness.
The routing reward is

Rroute = WsPstore + WpPbackup — WoPmiss 3D

where psiore and ppackup are the proportions of
stored and backed-up items subsequently used, and
Pmiss 18 the proportion of omitted items later identi-
fied as useful. Ratios with no corresponding routed
items are defined as zero.

The efficiency reward penalizes unnecessary
memory growth:

Regr = — (acﬁstore + aaﬁavg + O‘fﬁlﬁnal) ’
(32)

where Nstore, Mavg, and Mg, denote normalized
counts of stored candidates, average memory size,
and final memory size, respectively. The trajectory
reward is propagated to earlier routing decisions
through discounted returns and generalized advan-
tage estimation.

The PPO loss is

L1 = — Ei[min(o, Ay, clip(or, 1 — €,1 4 €) Ay)]

+ cvLvalue — CEH(’JTQ),
(33)

16

where

mo(at | ¢r)
T0o1a (at | ¢t)

is the policy probability ratio and Ay is the gener-
alized advantage estimate. Clipping limits abrupt
policy changes between updates.

A critic head estimates the expected future re-
turn:

0t = (34)

Lvatue = By {(w(@) - étﬂ . 69)

where CA?t is the return target obtained from the
trajectory rewards. The entropy term is

H(mp) = —E;

Z?Te(a | ¢t) log ma(a | th)]

(36)
This term encourages exploration and prevents pre-
mature collapse to a single routing action, particu-
larly early in Stage II.

E Baselines and Benchmarks

E.1 Baselines

Single-agent baselines. We evaluate GPT-
5.4 (OpenAl, 2026), GPT-40, GPT-40-mini (Ope-
nAl, 2024), and Qwen3.5-27B (Qwen, 2026)
in a standard single-pass setting. We also
include Self-Refine (Madaan et al., 2023),
Self-Consistency (Wang et al., 2023b), and
Reflexion (Shinn et al., 2023), which improve
reasoning through iterative refinement, multiple
reasoning paths, or verbal feedback but do not
maintain structured shared memory.

Multi-agent and memory-aware baselines. We
compare against MAD (Liang et al., 2024) and
MoA (Wang et al.,, 2025b), which use debate
and layered aggregation, respectively. The clos-
est memory-aware baselines are MeMAD (Ling
et al., 2025), which reuses experiences from com-
pleted debates; G-Memory (Zhang et al., 2025a),
which represents collaboration through pairwise
graphs; MAD-M? (Tian et al., 2026), for which
we use the perplexity-based masking variant; and
EquiMem (Meng et al., 2026), which calibrates
shared-memory updates and is evaluated together
with G-Memory. These methods cover cross-
episode reuse, graph-based memory, erroneous-
memory masking, and shared-memory calibration.



Memory mechanisms and orchestration frame-
works. To evaluate HEDGE as a modular mem-
ory component, we integrate it into AutoGen (Wu
et al., 2024), G-Designer (Zhang et al., 2025b),
DyLAN (Liu et al., 2024b), and MacNet (Qian
et al., 2025a), which differ in agent roles, com-
munication structures, and orchestration policies.
Within these frameworks, we compare against Voy-
ager (Wang et al., 2023a), Memory Bank (Zhong
et al., 2024), Generative Agents (Park et al., 2023),
MAD-M? (Tian et al., 2026), MeMAD, G-Memory,
and G-Memory + EquiMem (Meng et al., 2026),
as well as the native memory mechanisms of
MetaGPT (Hong et al., 2024), MacNet (Qian et al.,
2025a), and ChatDev (Qian et al., 2024). This
setup evaluates whether the benefits of HEDGE
generalize across different interaction and control
strategies.

E.2 Benchmarks

We evaluate seven benchmarks covering mathe-
matical reasoning, scientific knowledge, contextual
faithfulness, conflicting evidence, long-context un-
derstanding, multi-hop retrieval, and broad-domain
reasoning. Table 4 summarizes their scale and eval-
uation setting; in aggregate the suite spans 33,234
evaluation instances, ranging from single-sentence
prompts to inputs exceeding 200K tokens.

MATHS500. MATHS00 (Hendrycks et al., 2021)
contains 500 competition-level mathematics prob-
lems requiring multi-step symbolic reasoning and
precise intermediate computation. The subset
spans seven subjects (Algebra 124, Intermediate
Algebra 97, Prealgebra 82, Number Theory 62,
Precalculus 56, Geometry 41, Counting and Proba-
bility 38) and five difficulty levels (Level 1-5: 43,
90, 105, 128, 134), so accuracy is not dominated
by any single topic or difficulty band.

GPQA. GPQA (Rein et al., 2024) contains
448 graduate-level science questions in biology,
physics, and chemistry, each with four options, re-
quiring deep domain knowledge and conceptual
reasoning. Questions are validated to remain dif-
ficult for non-experts even with unrestricted web
access, making the benchmark a test of knowledge
rather than of retrievability.

FaithEval. FaithEval (Ming et al., 2025) evalu-
ates contextual faithfulness under unanswerable,
inconsistent, and counterfactual evidence, compris-
ing 4.9K problems in total. We use its counterfac-
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tual subset (1,000 instances), in which each ques-
tion is paired with a single passage asserting a fact
that contradicts world knowledge, to test whether
agents follow the provided context despite conflicts
with parametric knowledge.

ConflictQA. ConflictQA (Xie et al., 2024) mea-
sures the ability to identify and resolve conflict-
ing evidence. We use the PopQA setting, derived
from the entity-centric questions of PopQA, in
which each instance pairs an elicited memory pas-
sage with a generated counter-memory support-
ing an incompatible answer. We evaluate on the
ConflictQA-popQA-gpt4 configuration (9,544 in-
stances). We treat this as an evidence-conflict
task rather than a parametric-versus-contextual one,
since the memories were elicited from GPT-4 rather
than from the backbones we evaluate; fixing a sin-
gle configuration also keeps the evaluation set iden-
tical across systems.

NovelQA. NovelQA (Wang et al., 2025a) eval-
uates question answering over full-length novels,
with 2,305 manually annotated questions over 89
English novels and an average input length exceed-
ing 200K tokens. Questions are annotated by com-
plexity (detail, single-hop, multi-hop) and by as-
pect (character, plot, relation, setting, span, times,
meaning), requiring retrieval and reasoning across
long narrative contexts.

HotpotQA. HotpotQA (Yang et al.,, 2018)
requires multi-hop reasoning over multiple
Wikipedia documents. We use the FullWiki de-
velopment set (7,405 questions), where relevant ev-
idence must be retrieved from a corpus of roughly
5.2M Wikipedia introductory paragraphs rather
than from a small distractor pool.

MMLU-Pro. MMLU-Pro (Wang et al., 2024) ex-
tends MMLU with 12,032 test questions across
14 domains, expanding the option set from four
to ten and filtering trivial items, which lowers the
random-guess floor from 25% to 10%. Together,
MATHS00 and GPQA test structured reasoning;
FaithEval and ConflictQA stress faithfulness and
contradiction handling; NovelQA and HotpotQA
evaluate long-context and multi-hop evidence inte-
gration; and MMLU-Pro measures broad reasoning
robustness.



Benchmark  Capability probed Split / subset #Eval Context scale Answer format
MATHS500  Symbolic reasoning test 500 short problem statement  free-form

GPQA Expert scientific knowledge = main 448  short question 4-way multiple choice
FaithEval Contextual faithfulness counterfactual 1,000 single passage short-form extractive
ConflictQA  Evidence conflict resolution ~ popQA (gpt4) 9,544 two conflicting passages short-form

NovelQA Long-context comprehension  full 2,305 >200K tokens per novel free-form (generative)
HotpotQA  Multi-hop retrieval dev (fullwiki) 7,405 5.2M-passage corpus short-form extractive
MMLU-Pro Broad-domain reasoning test 12,032 short question 10-way multiple choice
Total 33,234

Table 4: Statistics of the seven evaluation benchmarks. Context scale refers to the evidence available at inference

time rather than to the question length.

F Multi-Agent Frameworks

We briefly introduce the multi-agent frameworks
used to evaluate HEDGE as a modular memory
component. These frameworks differ in how agents
are organized, communicate, and coordinate, pro-
viding diverse settings for assessing memory effec-
tiveness.

AutoGen. AutoGen (Wu et al., 2024) is a flexible
framework for building LLM-based multi-agent
systems through structured conversations. Agents
interact via message passing, enabling modular
composition of roles such as planners, executors,
and critics. Its general-purpose design makes it a
strong baseline for evaluating plug-in components
like memory modules.

DyLAN. DyLAN (Liu et al., 2024b) introduces
a dynamic agent network where agents are se-
lected and connected adaptively based on the task.
Instead of using a fixed communication pattern, Dy-
LAN learns to route information between agents,
enabling more efficient and task-specific collabora-
tion.

G-Designer. G-Designer (Zhang et al., 2025b)
formulates multi-agent collaboration as a graph de-
sign problem. It leverages graph neural networks
to learn communication topologies among agents,
optimizing how information flows between them.
This allows for structured and adaptive coordina-
tion beyond predefined interaction patterns.

MacNet. MacNet (Qian et al., 2025a) focuses on
scaling multi-agent collaboration by organizing
agents into structured communication and coor-
dination protocols. It emphasizes efficiency and
scalability, enabling large numbers of agents to
collaborate effectively while maintaining coherent
reasoning.
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Discussion. These frameworks span a spectrum
from flexible conversational systems (AutoGen) to
dynamically structured (DyLAN), graph-optimized
(G-Designer), and scalable coordinated architec-
tures (MacNet). This diversity ensures that our
evaluation of HEDGE is not tied to a specific in-
teraction paradigm, but instead reflects its general
applicability across different multi-agent settings.

G Experimental and Training Settings

We provide the full experimental configura-
tion for HEDGE, including supervised pretrain-
ing (Stage 1), reinforcement-learning refinement
(Stage II), memory construction, and retrieval.

Models and compute. We use a temperature
of 0.7 and Qwen3-Embedding-4B (Zhang et al.,
2025c) to obtain normalized node, query, and hy-
peredge embeddings. Stage I takes approximately
three hours, while Stage II requires approximately
five hours.

Training data. Both stages use simulated de-
bates generated from the HotpotQA FullWiki train-
ing split (Yang et al., 2018). Stage II continues
training on HotpotQA rather than adapting MSM
to any target evaluation benchmark.

Stage I configuration. We optimize the super-
vised routing objective using AdamW with learning
rate 10~%, batch size 64, weight decay 0.01, and
dropout 0.1.

Stage II configuration. We refine the Stage I
checkpoint using PPO over approximately 10K de-
bate episodes. We use a learning rate of 1075,
discount factor v = 0.99, GAE parameter 0.95,
clipping threshold € = 0.2, value-loss coefficient
0.5, entropy coefficient 0.01, batch size 64, and
four optimization epochs per batch.



Reward configuration. The trajectory reward is

R = AtaLsthask + )\routeRroute + /\effRefb (37)

with Aiaek = 1.0, Aroute = 0.5, and Mg = 0.3.
For the efficiency term, we set a. = 0.1, ag =
0.05, and ay = 0.01 to penalize the number of
stored candidates, average memory size, and final
memory size, respectively.

Memory construction and retrieval. We set
Tsig = 0.30 and 7epy, = 0.70 for node assign-
ment, and Thgge = 0.50 and Tonb . = 0.85 for
hyperedge merging. Hyperedges with utility below
0.10 for three consecutive rounds are pruned, and
backup nodes are retained for at most two rounds.
During retrieval, we use K = 3 hyperedges and
retrieve up to M = 8 nodes from each hyperedge.
Memory is updated after every debate round.

H Qualitative Analysis

We examine the hypergraph memory constructed
for a HotpotQA question: “What government posi-
tion was held by the woman who portrayed Corliss
Archer in the film Kiss and Tell?” Answering this
question requires identifying the actress from the
film and connecting her identity to a government
position. Table 5 presents the corresponding mem-
ory structure, including retained claims, hyperedge
memberships, and directed argumentative relations.

The memory organizes information into three
hyperedges. H1 captures the film and cast informa-
tion, where n; provides evidence for no, establish-
ing that Shirley Temple portrayed Corliss Archer.
H2 organizes information about her government
career. Here, n3 provides evidence for n5 by es-
tablishing that Shirley Temple served as Chief of
Protocol, while ny supports n; by establishing that
Chief of Protocol is a government position. These
relations preserve the evidential basis for the rele-
vant intermediate claims.

H3 connects the two reasoning contexts through
overlapping node membership. Specifically, ny be-
longs to both H1 and H3, while n5 belongs to both
H2 and H3. These are the same memory nodes
participating in multiple hyperedges, rather than
duplicated claims. Within H3, the final conclusion
ng depends on both shared nodes, connecting the
actress identified through the film to her govern-
ment position. Importantly, these dependencies are
represented as individual directed DEPENDS-ON re-
lations. The higher-order structure arises from the
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shared hyperedge membership of multiple related
claims, rather than from separate cross-hyperedge
or n-ary argumentative relations.

The retained claims also demonstrate how the
memory organizes information for subsequent re-
trieval. Nodes ny and ns5 preserve the two interme-
diate facts required to answer the question, while
ng captures their combined conclusion. Retrieving
H3 therefore provides access to both supporting
claims and their argumentative dependencies with-
out requiring the complete debate history. This
organization supports the correct answer, Chief of
Protocol, while avoiding the need to reconstruct the
connection between the film and the government
position from unstructured dialogue.

I Generalization of HEDGE on Different
Multi-agent Frameworks

Table 6 extends the comparison to G-
Designer (Zhang et al., 2025b) and MacNet (Qian
et al., 2025a). HEDGE achieves the best result
on all seven benchmarks under both frameworks,
outperforming G-Memory + EquiMem by 3.5
points on average in each case. Under G-Designer,
gains range from 1.7 points on MATHS500 to 5.5
on ConflictQA; under MacNet, they range from
2.0 to 5.4 points on the same tasks. The largest
improvements occur on ConflictQA, NovelQA,
and HotpotQA, where agents must preserve
competing claims and multi-step evidence across
rounds. Improvements on MATHS500, GPQA, and
MMLU-Pro further show that the benefits are not
limited to conflict-heavy tasks. The similar gains
and generally lower run-to-run variation across
both frameworks reinforce that HEDGE is robust
to different multi-agent orchestration designs.

J Detailed Results on Efficiency

Tables 7, 8, and 9 report the average reasoning
rounds, total token usage, and memory footprint
across all benchmarks.

Token accounting. The total token usage (T)
in Tables 7, 8, and 9 includes debate interactions
and auxiliary LLM calls for memory construction.
Specifically, HEDGE’s counts include GPT-40-
mini calls for atomic-fact and relation extraction;
the G-Memory+EquiMem counts likewise include
its atomic extraction calls. Auxiliary tokens are
a subset of the reported totals, not an additional
cost to be added. Embedding computation, mem-
ory maintenance, and MSM inference consume



Hyperedge Nodes (Claims)

Connections

HI: Film and Cast e
ng:

Kiss and Tell stars Shirley Temple as Corliss Archer
Shirley Temple portrayed Corliss Archer in Kiss and Tell

EVIDENCE-FOR

ns:
H2: Government Position ny:

ns:

Shirley Temple served as U.S. Chief of Protocol
Chief of Protocol is a U.S. government position

Shirley Temple held the government position of Chief of Protocol

EVIDENCE-FOR

SUPPORTS,
SR

ng:

H3: Actress—-Government Role Linking | ns:

Ng:

Shirley Temple portrayed Corliss Archer in Kiss and Tell
Shirley Temple held the government position of Chief of Protocol
The actress portraying Corliss Archer held the position of Chief of Protocol

DEPENDS-ON
ng — N2
DEPENDS-ON
ng—————— N3

Table 5: Hypergraph memory constructed by HEDGE. Nodes represent atomic claims, while typed directed
relations encode evidential support and argumentative dependencies within each hyperedge. Nodes ns and ng
belong to multiple hyperedges, connecting entity-specific reasoning with the final conclusion through overlapping

membership.

no additional LLM tokens, but their overhead con-
tributes to wall-clock latency. Table 10 reports
these auxiliary costs and end-to-end latency for the
two evaluated tasks with available timing measure-
ments.

Auxiliary costs and wall-clock latency. On Con-
flictQA, HEDGE uses 8,746 auxiliary tokens, com-
pared with 4,312 for G-Memory+EquiMem, yet
reduces total tokens by 15.4%, memory footprint
by 49.2%, and latency from 49.3 to 41.2 seconds
(16.4%). On HotpotQA, it uses 9,381 auxiliary
tokens, compared with 4,587, while reducing total
tokens by 15.6%, memory by 49.3%, and latency
from 51.1 to 43.5 seconds (14.9%). The additional
relation-extraction cost is therefore outweighed by
fewer debate rounds and more targeted memory
retrieval in these settings.

Scalability and latency. Table 11 reports costs
when varying the number of debating agents and
the debate length. Increasing the agent count from
three to six maintains similar accuracy (57.8% to
58.6%) and reduces the average number of de-
bate rounds from 5.7 to 4.8, but increases total
tokens from 36,891 to 57,962, memory tokens from
18,214 to 29,741, and wall-clock latency from 41.2
to 64.1 seconds. With three agents and the debate
length increased from three to twelve rounds, accu-
racy rises from 56.1% to 58.3% and largely satu-
rates by nine rounds; total tokens rise from 25,284
to 68,967, memory tokens from 13,472 to 29,314,
and latency from 29.4 to 75.2 seconds. These re-
sults show that the accuracy gains stabilize while
additional agents and longer debates impose in-
creasing computational cost.

Non-memory systems. Computational cost in-
creases with iterative and multi-agent reasoning.
Vanilla GPT-40-mini uses one round and averages
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7.3K tokens, whereas advanced single-agent meth-
ods average 2.4—4.3 rounds and 13.5K-21.2K to-
kens. MAD and MoA further increase these aver-
ages to 5.9 and 6.9 rounds and 27.0K and 30.7K
tokens, respectively. The highest non-memory cost
occurs on HotpotQA, where MoA uses 8 rounds
and 36,208 tokens. Thus, longer reasoning alone
substantially expands the interaction context even
without persistent memory.

Memory-based systems. Memory introduces an
additional trade-off between retaining useful state
and controlling context growth. Under AutoGen,
MAD-M? has the smallest average token usage
and memory footprint among memory baselines,
at 27.7K and 6.4K tokens, respectively, while G-
Memory averages 40.5K total tokens and 27.9K
memory tokens. Adding EquiMem reduces G-
Memory’s average rounds from 8.3 to 7.5 and token
usage from 40.5K to 39.0K, but increases its mem-
ory footprint to 31.1K. The same pattern appears
under DyLAN: G-Memory + EquiMem lowers av-
erage rounds and total tokens from 9.3 and 45.1K
to 8.6 and 43.4K, while increasing memory from
31.8K to 35.5K. Costs are generally higher under
DyLAN than AutoGen, showing that memory over-
head also depends on the underlying orchestration
framework.

HEDGE versus structured memory baselines.
HEDGE achieves the fewest rounds among all
memory-based methods on every benchmark. Un-
der AutoGen, it averages 4.9 rounds, 32.8K to-
tal tokens, and 16.1K memory tokens. Relative
to G-Memory + EquiMem, this corresponds to
reductions of 34.5% in rounds, 15.9% in token
usage, and 48.1% in memory footprint. Under
DyLAN, HEDGE averages 5.1 rounds, 36.2K to-
tal tokens, and 18.5K memory tokens, reducing



Memory MATHS00 GPQA FaithEval ConflictQA NovelQA HotpotQA MMLU-Pro
G-Designer 2025b
No—memory 99.3 105 38.6.0.6 67.5.0.4 36.1.0.7 55.8.10.5 32.6.0.4 T4.2.05
Voyager 57.040.4 40.4.5 69.3, 05 38.2, - 57.640.4 33.9,5 75.9. 05
Memory Bank 54.8 06 379.0- 66.9.05 36.8.0.¢ 56.510.¢ 33.1.04 74.6.0.4
Generative 57.3.05 41.1. 4 70.1 0.4 38.9. 05 58.2, 05 34.3.05 76.4.
MetaGPT-M S57. 7104 41.8 5 70.7. 05 39.6.0.6 58.8.10.4 34.8.05 770105
MacNet-M 56.0.05 40.0.06 68.8.0.4 3790~ 572106 33.8405 75.6.40.4
ChatDev-M 54.0.06 37.3. 07 66.2, 5 352,05 55.6.405 32.3.05 73.6+0.4
MAD-M?2 58.2. 05 42.2. 0.4 70.9.05 40.8..7 59.2, 0.4 35.3405 77.6.05
MeMAD 58.6.10.4 42.6. 5 711,04 41.5. 0 59.5.05 35.6.10.4 78.0,05
G-Memory 99.510.4 44.0. 5 T4.8. 04 475 06 59.9.05 36.0.0.4 79.3.05
G-Memory+EquiMem | 60.2. 45.050.4 76.1.., 49.0. 5 60.8.0.4 371,04 80.0..3
HEDGE 61.9 ., 48.1 4 79.3.,. 54.5_ 65.1., 41.0.; 83.1.,
MacNet 2025a
No-memory 53.0.10.6 37.040.7 67.1,05 35.310.5 59.6.1.0.6 324,45 2.7 0.4
Voyager 54.8. 05 388106 69.0.05 374, 57.3405 33.8.406 74.3.05
Memory Bank 52.4.,0, 36.3.05 66.4.4 35.9.405 56.3.0.5 33.2.05 73.3.0.4
Generative 55.1.05 39.6.0, 69.8.,. 381,05 58.050.6 34.2.0 5 T4.8.04
MetaGPT-M 55.6.0.4 40.2. 06 70.4., 38.8.0.7 58.6.4¢5 34.7, 0.4 75.5.03
MacNet-M 54.0.0.6 38.6.0.5 68.6..0.6 372,05 57.040.5 33.710. 741504
ChatDev-M 51.9. . 35.9.06 66.0,0.5 34.5,.7 554106 32.2,05 72.2.0.4
MAD-M? 56.0.0. 405,05 705,05 39.8.0.6 58.8.04 350405 762,
MeMAD 56.4. 5 41.0406 70.8.0.4 40.540.7 59.2, 5 3540, 76.5. 03
G-Memory 57.3. 0.4 42.5. 45 4.1 5 46.4. ¢ 59.610.4 35.9.05 T7.8. 05
G-Memory+EquiMem 58.040.4 43.3. 0.4 754 0.4 47.8. 05 60.4,, 4 36.8,0.4 78.5. 03
HEDGE 60.0. . 46.0. 5 79.1,,, 53.2, 5 64.0. 41.1.,, 81.4.,,

Table 6: Additional results under the G-Designer and MacNet multi-agent frameworks. Values report the mean over
three runs, with red subscripts indicating the standard deviation. EquiMem consistently improves G-Memory, while
HEDGE achieves the strongest performance across all benchmarks with lower run-to-run variability.

the same metrics by 39.9%, 16.6%, and 47.8%,
respectively. For example, on HotpotQA under
DyLAN, HEDGE uses 5.7 rounds, 41,762 tokens,
and 22,631 memory tokens, compared with 9.7
rounds, 50,219 tokens, and 43,816 memory tokens
for G-Memory + EquiMem.

Trade-off with lightweight masking. MAD-M?
remains one of the most storage-efficient methods
because its perplexity-based variant masks prior
content rather than maintaining a richer structured
state. Accordingly, HEDGE uses 18.3% more
total tokens than MAD-M? under AutoGen and
6.4% more under DyLAN. However, it requires
17.4% and 32.7% fewer rounds, respectively,
while providing substantially stronger task perfor-
mance. Overall, the results show that HEDGE
does not merely minimize storage; it selectively
maintains sufficient structured context to improve
reasoning while preventing the uncontrolled growth
observed in stronger graph-memory baselines.
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K Sensitivity to the Embedding Model

Table 12 evaluates HEDGE with six embedding
models while keeping all other components fixed.
Performance generally improves with embedding
quality, but the overall trends remain stable across
models. Compared with text-embedding-ada-002,
the default Qwen3-Embedding-4B improves accu-
racy by 1.9-3.4 points, with the largest gains on
FaithEval and ConflictQA, where accurate seman-
tic grouping is particularly important for separating
competing claims and evidence.

Scaling from Qwen3-Embedding-4B to Qwen3-
Embedding-8B yields only 0.2-0.3 points of addi-
tional accuracy across benchmarks. We therefore
use the 4B model as the default because it provides
a better performance—computation trade-off while
remaining close to the strongest embedding model.
These results indicate that HEDGE benefits from
stronger semantic representations but is not depen-
dent on a particular embedding backbone.



Method

MATHS500 GPQA FaithEval ConflictQA NovelQA HotpotQA MMLU-Pro

R T |[R T |R T IR T |[R T |R T |[R T
Single-Agent (Vanilla)
GPT-40-mini 1 8566 [1 73121 5489 |1 8235 |1 5791 |1 9147 |1 6623
Single-Agent (Advanced) (GPT-40-mini)
Self-Refine 2 14273 |2 13158]2 9276 |3 15342 |3 14895|3 16211 |2 11367
Self-Consistency | 4 22491 |4 20358|3 14872 |5 24137 |5 23705 25164 17628
Reflexion 318342 |3 17486|3 12657 |4 19372 |4 19108 |4 20476 |3 14392
Multi-Agent (GPT-40-mini)
MAD 5 28417 |6 26783]4 18954 |7 30126 |7 296887 32451 |5 22379
MoA 32714 |7 30892 |5 21865 |8 34127 |8 33654|8 36208 |6 25491

Table 7: Average number of reasoning rounds (R) and total token usage (T) for non-memory systems built on
GPT-40-mini. Methods are grouped into single-agent, advanced single-agent, and multi-agent settings.

L. Sensitivity to Retrieval Breadth

We study the effect of the number of retrieved hy-
peredges K and the maximum number of nodes
retrieved from each hyperedge M. Table 13 varies
M while fixing K = 3. Performance improves
consistently from M = 2 to M = 8, with partic-
ularly large gains on ConflictQA (+10.2 points)
and NovelQA (+8.7 points). Retrieving too few
nodes therefore omits relevant evidence and argu-
mentative links. Performance declines slightly at
M = 12 and more noticeably at M = 16, sug-
gesting that excessive within-hyperedge retrieval
introduces redundant or weakly relevant content.
We therefore use M = 8.

Table 14 varies K while fixing M = 8. Increas-
ing K from 1 to 3 improves all four benchmarks,
indicating that reasoning often requires evidence
distributed across multiple semantic groups. How-
ever, retrieving four or five hyperedges reduces per-
formance, likely because less relevant groups intro-
duce distracting context. The effect is strongest on
ConflictQA and NovelQA, where preserving mul-
tiple related perspectives is useful but excessive
retrieval can obscure the relevant conflicts. Over-
all, K = 3 and M = 8 provide the best balance
between information coverage and retrieval noise,
and are used as the default configuration.

M Sensitivity to the Relation Extraction
Model

Table 15 evaluates the sensitivity of HEDGE to
the LLLM used for predicting intra-hyperedge re-
lations while keeping all other components fixed.
Performance varies by at most 0.6 points across

the evaluated models, indicating that HEDGE is
not strongly dependent on a particular relation ex-
tractor. Larger closed-source models provide small
gains, particularly on ConflictQA, where distin-
guishing support and refutation relations is more
important. However, GPT-40-mini remains within
0.1-0.4 points of the strongest model across all
benchmarks, providing a substantially more eco-
nomical default with minimal performance loss.

N Effect of Signature-Based Hyperedge
Matching

We evaluate whether sparse semantic signatures
provide useful information beyond dense embed-
ding similarity. The default configuration uses both
signals: Jaccard similarity over signatures first iden-
tifies lexically compatible hyperedges, after which
dense similarity measures semantic compatibility.
The ablated configuration removes the signature
gate and assigns nodes using embeddings alone.
Table 16 shows that combining sparse signa-
tures with dense embeddings consistently improves
performance. Removing the Jaccard signature
gate reduces accuracy across all benchmarks, with
the largest drops on MMLU-Pro, NovelQA, and
FaithEval. Sparse signatures retain exact lexical
cues such as entities, numerical values, and salient
content terms that dense representations may blur,
making them particularly useful for separating
closely related or conflicting claims.
Embedding-only matching also produces fewer
hyperedges. This suggests that dense similarity
tends to merge semantically related but argumen-
tatively distinct items into broad groups. The sig-
nature gate prevents such over-merging, produc-
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Method MATHS500 GPQA FaithEval
R T M | R T M | R T M

ChatDev-M 5.2 30185 6124 |6.1 28462 5783 |4.3 20137 4215

MacNet-M 6.3 33982 8142 |6.8 32174 7685 |5.1 22648 5562

MetaGPT-M 6.1 36125 10284 |7.3 34418 9681 |5.4 24102 7025

MAD-M? 54 29164 6487 |5.8 27546 6038 |4.2 19482 4476

MeMAD 7.2 38261 18472|7.8 36847 17365|6.1 25973 12498

G-Memory 7.4 42673 28714|8.2 40921 26903 | 6.3 28954 18456

G-Memory+EquiMem | 6.7 40984 31926 |7.5 39368 29875|5.7 27842 20583

HEDGE 4.8 34712 16483 |4.2 32985 15372|3.9 22468 10895
Method ConflictQA NovelQA HotpotQA MMLU-Pro

R T M R T M | R T M R T M

ChatDev-M 8.2 32214 6982 |7.1 31785 7126 |7.3 33942 7451 |5.2 23618 5087
MacNet-M 8.8 36521 9384 |8.2 35894 9621 |8.1 37712 10173|6.2 27365 6941
MetaGPT-M 9.6 38954 11873|8.4 38211 12145|8.5 40137 12988 6.4 29108 8842
MAD-M? 7.3 30985 7324 |6.8 30416 7463 |7.1 33278 7835 |5.3 22964 5376
MeMAD 9.8 41256 20311]9.2 40538 20954 9.1 42814 22417 |7.1 30965 15386
G-Memory 10.1 45318 32175|9.4 44782 31492 9.3 46811 34788 |7.3 33867 22741
G-Memory+EquiMem | 9.2 43615 35864 | 8.6 43206 35091 | 8.5 45187 38742 |6.6 32641 25368
HEDGE 5.7 36891 18214 (5.6 36277 18763 |5.8 38145 19628 | 4.6 27854 13491

Table 8: Average reasoning rounds (R), average total token usage (T), and average memory footprint (M) for
memory-based multi-agent systems implemented with AutoGen using GPT-40-mini.

ing a more fine-grained memory in which distinct
claims and evidence chains remain separable. Thus,
sparse and dense matching provide complementary
signals: embeddings capture semantic relatedness,
while signatures preserve precise lexical distinc-
tions needed for reliable hypergraph construction.

O Prompts

We provide all prompts used by HEDGE and for
benchmark evaluation to support reproducibility.
The method-specific prompts define the construc-
tion of the debate roster and structured memory,
while the benchmark prompts follow each dataset’s
task format and answer requirements.

0.1 Prompts Used by HEDGE

HEDGE uses three prompts during debate and
memory construction. The roster-generation
prompt designs a team of three to six agents
with complementary roles, model sizes, and per-
mitted debate actions (Prompt O.3). Agent re-
sponses are then decomposed into self-contained
atomic claims using Prompt O.2. For each pair of
claims within a hyperedge, Prompt O.1 predicts a
directed argumentative relation—SUPPORTS, RE-
FUTES, EVIDENCE-FOR, DEPENDS-ON, or LEADS-
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TO—or determines that no relation exists. Together,
these prompts define the agent configuration, mem-
ory nodes, and intra-hyperedge relational structure
used by HEDGE.

0.2 Benchmark Evaluation Prompts

The evaluation prompts are adapted to the structure
and output format of each benchmark. MATH500
and GPQA request concise but precise reasoning,
with final answers returned in a standardized for-
mat (Prompts O.4 and O.5). MMLU-Pro similarly
constrains the final output to one of its predefined
answer choices (Prompt O.7). ConflictQA uses a
strict entity-extraction format that permits only the
target entity in the response (Prompt O.8).

For context-intensive tasks, HotpotQA and Nov-
elQA instruct agents to integrate evidence across
the provided context while avoiding unnecessary
explanation (Prompts O.10 and O.9). For FaithEval,
agents receive benchmark-provided counterfactual
contexts and are instructed to answer questions us-
ing only the supplied information, even when it con-
tradicts their parametric knowledge (Prompt O.6).
No gold answers are exposed during evaluation.
These task-specific prompts preserve each bench-
mark’s evaluation requirements while maintaining



Method MATHS00 GPQA FaithEval
R T M R T M R T M

ChatDev-M 7.2 37210 11245|8.1 35590 10384 |6.2 24830 7412

MacNet-M 7.5 39185 13672 (8.4 37421 12755(6.5 26194 9156

MetaGPT-M 8.3 41562 16841(9.2 39873 15892 |7.1 27945 11237

MAD-M? 6.9 35984 11736|7.8 34327 1094259 23916 7798

MeMAD 8.1 43218 21495]9.0 41576 20184 |7.3 29163 14122

G-Memory 8.5 47294 32871]9.4 45618 30955|7.6 32107 20944

G-Memory+EquiMem | 7.8 45481 36692 (8.7 43862 34531|6.9 30916 23384

HEDGE 4.7 38975 18642 |5.6 37214 17530 4.4 25196 12158
Method ConflictQA NovelQA HotpotQA MMLU-Pro

R T M R T M R T M R T M

ChatDev-M 9.2 39584 12845| 8.9 38872 13211| 9.3 40963 13894 |7.2 29541 9123
MacNet-M 9.5 41827 15873] 9.2 41055 16324 | 9.6 43211 17095|7.5 31284 11842
MetaGPT-M 10.2 44591 19218 | 9.8 43802 19871 |10.1 46137 20744 |8.1 33315 14392
MAD-M? 8.7 38126 13472 | 8.5 37365 13796| 8.9 39742 14538 6.8 28617 9564
MeMAD 10.0 46275 23891 | 9.7 45482 24563 |10.3 47894 25817 |8.3 34876 17845
G-Memory 10.4 50538 36472 |10.1 49821 35890 |10.5 52147 39284 |8.6 37952 26108
G-Memory+EquiMem | 9.6 48642 40685 | 9.3 48036 40072| 9.7 50219 43816|7.9 36528 29174
HEDGE 5.8 40218 21184 | 5.0 39475 21763 | 5.7 41762 22631 |4.8 30485 15627

Table 9: Average reasoning rounds (R), average total token usage (T), and average memory footprint (M) for
memory-based multi-agent systems implemented with DyLAN using GPT-40-mini.

Benchmark Method R Atomic calls Relation calls Aux. tokens Total tokens Memory tokens Latency (s)
ConflictQA  G-Memory+EquiMem | 9.2 27.6 0 4,312 43,615 35,864 493
ConflictQA'  HEDGE 5.7 17.1 26.8 8,746 36,891 18,214 41.2
HotpotQA  G-Memory+EquiMem | 8.5 25.5 0 4,587 45,187 38,742 51.1
HotpotQA' HEDGE 5.8 17.4 29.6 9,381 38,145 19,628 43.5

Table 10: End-to-end efficiency comparison under AutoGen with GPT-40-mini on ConflictQA and HotpotQA. Values
are per-question averages. R denotes debate rounds; atomic and relation calls count auxiliary LLM invocations;
auxiliary tokens include atomic-fact and relation-extraction usage. Total tokens include auxiliary LLM calls, while
memory tokens measure the persistent memory footprint. Latency is end-to-end wall-clock time.

consistent, concise interaction across methods.

24



Scaling factor Setting Accuracy (%) Total tokens Memory tokens Relation calls Latency (s)
Agent count 3 agents 57.8 36,891 18,214 26.8 41.2
Agent count 4 agents 58.5 43,276 21,637 37.1 479
Agent count 5 agents 58.9 50,418 25,483 49.6 55.8
Agent count 6 agents 58.6 57,962 29,741 63.4 64.1
Debate length 3 rounds 56.1 25,284 13,472 16.3 294
Debate length 6 rounds 57.9 37,426 18,608 28.7 423
Debate length 9 rounds 58.4 53,218 24,576 43.5 58.7
Debate length 12 rounds 58.3 68,967 29,314 57.8 75.2

Table 11: Scaling analysis of HEDGE on ConflictQA under AutoGen with GPT-40-mini. The agent-count sweep
uses the default debate-stopping procedure; the debate-length sweep keeps three agents fixed. All token, memory,
call, and latency measurements are averages per question.

Embedding Model MATHS500 GPQA FaithEval ConflictQA NovelQA HotpotQA MMLU-Pro
text-embedding-ada-002 60.3 45.2 76.5 52.6 63.7 39.9 80.2
text-embedding-3-small 61.0 46.1 77.6 54.1 64.6 40.8 81.3
text-embedding-3-large 61.6 46.9 78.7 55.4 65.4 41.7 82.1
Qwen3-Embedding-0.6B 60.8 45.8 78.2 54.6 65.0 41.2 81.5
Qwen3-Embedding-4B 62.2 47.7 79.8 56.0 66.0 42.4 82.7
Qwen3-Embedding-8B 62.4 47.9 80.1 56.3 66.2 42.6 83.0

Table 12: Sensitivity of HEDGE to the embedding model. Performance remains stable across models, with only
modest gains from increasing embedding-model scale. Qwen3-Embedding-4B is the default.

M | MATH500 GPQA ConflictQA NovelQA
2 57.8 41.9 47.6 585
59.2 43.9 50.6 61.9
8 62.9 48.3 57.8 67.2
12 62.6 47.9 57.1 66.7
16 61.9 47.1 55.8 65.6

Table 13: Effect of the number of retrieved nodes per
group M on HEDGE with GPT-40-mini, keeping the
number of retrieved groups fixed at K = 3.

K | MATH500 GPQA ConflictQA NovelQA
1 60.8 45.9 53.1 63.8
2 62.1 472 56.0 65.9
3 62.9 48.3 57.8 67.2
4 62.5 47.8 57.0 66.5
5 61.7 46.9 55.4 65.1

Table 14: Effect of the number of retrieved groups k
on HEDGE with GPT-40-mini, keeping the number of
retrieved nodes per group fixed at M = 8.
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Relation Extraction Model MATHS00 GPQA FaithEval ConflictQA NovelQA HotpotQA MMLU-Pro
Qwen3-32B (Yang et al., 2025) 62.1 47.6 79.7 55.8 65.9 423 82.6
GPT-40-mini 62.2 47.7 79.8 56.0 66.0 42.4 82.7
GPT-40 62.3 47.8 79.9 56.2 66.1 42.5 82.8
GPT-5.4 62.4 479 80.0 56.3 66.2 42.6 82.9
Claude-Sonnet-4.6 (Anthropic, 2026) 62.4 47.9 80.1 56.4 66.2 42.7 83.0

Table 15: Sensitivity of HEDGE to the relation extraction model. Performance remains stable across models, with
only marginal gains from larger relation extractors. GPT-40-mini is used by default.

Benchmark Accuracy Avg. Number of Hyperedges
Signature + Embedding Embedding Only | Signature + Embedding Embedding Only
MATHS500 62.2 60.8 52 3.8
GPQA 47.7 46.0 5.7 4.1
FaithEval 79.8 77.3 6.5 4.6
ConflictQA 56.0 54.2 7.3 5.1
NovelQA 66.0 63.2 6.9 4.8
HotpotQA 42.4 40.5 5.8 39
MMLU-Pro 82.7 78.9 4.6 34

Table 16: Effect of combining sparse signatures with dense embeddings for hyperedge matching. The embedding-
only variant removes the Jaccard signature gate.
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Prompt O.1: Relation Extraction

Given two claims from an ongoing multi-agent debate, identify the directed relation from node A to
node B.
Choose exactly one relation:

SUPPORTS: A strengthens B.

REFUTES: A contradicts or weakens B.

EVIDENCE-FOR: A directly provides evidence for B.

DEPENDS-ON: A logically requires B.

e LEADS-TO: A causes or implies B.

NO-RELATION: no clear relation exists.

Use only information explicitly stated in the claims. When the relation is ambiguous or weak, return
NO-RELATION. The direction is always from A to B.

Input
{
"node_A": {
"id": "<node_id>",
"text”: "<claim text>"
by
"node_B": {
"id": "<node_id>",
"text": "<claim text>"
}
}
Output
{
"node_A_id": "<node_id>",
"node_B_id": "<node_id>",
"relation”: "<relation type>",
"confidence”: "<high | medium | low>"
}

Return only the JSON object.
<input_nodes>
{{input_nodes}}
</input_nodes>
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Prompt O.2: Atomic Fact Extraction

You are given a passage from an ongoing multi-agent debate. Extract all atomic facts as the smallest
independently verifiable claims.

Each fact must be self-contained, express one claim, remain faithful to the passage, and be concise.
Remove greetings, filler, opinions, uncertainty markers, and agent meta-commentary. Do not use
unresolved pronouns or combine multiple claims.

Return only JSON in the following format:

{
"atomic_facts”: [
{
"id": "f1",
"text"”: "Atomic fact.”
}
1
}

Assign unique IDs as f1, f2, and so on.
<input_passage>

{{passage}}

</input_passage>
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Prompt O.3: Roster Generation

You are a multi-agent debate orchestrator. Design an optimal team of AI agents to collaboratively
answer a complex multi-hop question through debate.
Output only valid JSON with the following structure:

{
"agents": [
{
"name": "<unique agent name>",
"role": "<brief role description>",
"goals": ["<goal 1>", "<goal 2>"],
"preferred_actions”: ["<action 1>", "<action 2>"],
"avoid”: ["<behavior to avoid>"],
"model_size": "<4b or 8b>"
}
];
"turn_order”: ["<agentl1>", "<agent2>", "..."],
"notes"”: "<system-level guidance>"
}
Constraints

e Create 3-6 agents, each with a unique name.

e Include every agent exactly once in turn_order.

e Use 8b for complex reasoning roles and 4b for supporting roles.

* Allowed actions are Propose, Support, Refute, Question, Revise, Summarize, and Retrieve.
Design principles

e Include at least one proposer, one critic, and one synthesizer.

e Balance evidence gathering, inference, and verification.

e Select model sizes according to the complexity of each role.

Return only the JSON object without explanation.

Question

{{question}}

Context preview

{{context_preview}}

Design the optimal team for answering this HotpotQA question through multi-agent debate.

Prompt O.4: MATHS00 Prompt

Can you solve the following math problem as accurately as possible?
<question>{{question}}</question>

Provide a concise solution using only essential reasoning steps. Avoid unnecessary explanations.
Return the final answer in double parentheses at the end of your response:

((final answer))
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Prompt O.5: GPQA Prompt

Please analyze the following multiple-choice question and select the correct answer.
<question>{{question}}</question>

Use concise reasoning with only essential steps.

Return your final answer in double parentheses:

((answer))

where answer is one of A, B, C, or D.

Prompt O.6: FaithEval Prompt

You are an expert in retrieval-based question answering. Please respond with the exact answer, using
only the information provided in the context.

Context:

{{context}}

Question:

{{question}}

Prompt O.7: MMLU-Pro Prompt

Please analyze the following {{topic}} question and select the correct answer.
<question>{{question}}</question>

Use concise reasoning with only essential steps.

Return your final answer in double parentheses:

((answer))

where answer is one of A, B, C, D, E, F, G, H, I, or J.

Prompt O.8: ConflictQA Prompt

You are a precise knowledge engine.

Your task is to answer the question using only the provided context.
Rules:

1. Output ONLY the entity name.

2. Do NOT use full sentences.

3. Do NOT provide explanations.

4. Be concise and exact.

Context:{{context}}

Question: {{question}}

Prompt 0.9: Novel QA Prompt

Answer the following question based on the provided context.

<context>

{{context}}

</context>

<question>

{{question}}

</question>

Provide a concise answer using only the necessary reasoning steps. Avoid unnecessary details.

Return the final answer clearly at the end of your response.
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Prompt O.10: HotpotQA Prompt

Answer the following multi-hop question using the provided context.

<context>

{{context}}

</context>

<question>

{{question}}

</question>

Use concise reasoning to combine evidence from multiple parts of the context.
Return the final answer at the end of your response.
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