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ABSTRACT

Sequential multi-agent reasoning frameworks such as Chain-of-Agents (CoA) han-
dle long-context queries by decomposing inputs into chunks and processing them
sequentially using LLM-based worker agents that read from and update a bounded
shared memory. From a probabilistic perspective, CoA aims to approximate the
conditional distribution corresponding to a model capable of jointly reasoning
over the entire long context. CoA achieves this through a latent-state factorization
in which only bounded summaries of previously processed evidence are passed
between agents. The resulting bounded-memory approximation introduces a lossy
information bottleneck, making the final evidence state inherently dependent on
the order in which chunks are processed.
In this work, we study the problem of chunk ordering for long-context reasoning.
We use the well-known Chow–Liu trees to learn a dependency structure that prior-
itizes strongly related chunks. Empirically, we show that a breadth-first traversal
of the resulting tree yields chunk orderings that reduce information loss across
agents and consistently outperform both default document-chunk ordering and se-
mantic score-based ordering in answer relevance and exact-match accuracy across
three long-context benchmarks.

1 INTRODUCTION

Large Language Models (LLMs) (Yang et al., 2025; Brown et al., 2020; Touvron et al., 2023;
Grattafiori et al., 2024; OpenAI et al., 2024) exhibit strong reasoning capabilities, but their perfor-
mance degrades when tasks require processing context beyond the model’s (effective) input window
(Liu et al., 2024; Hsieh et al., 2024). Approaches such as retrieval-augmented generation (RAG)
(Lewis et al., 2020; Guu et al., 2020; Ram et al., 2023) attempt to mitigate this issue by select-
ing and passing only relevant information to the model, while architectural extensions increase the
amount of context that can be processed in a single pass (Song et al., 2024; Beltagy et al., 2020; Press
et al., 2022; Su et al., 2024). However, these methods remain insufficient for applications where the
required context exceeds even these extended limits. Sequential reasoning frameworks address this
limitation by decomposing reasoning into multiple stages, allowing larger contexts to be processed
through multiple coordinated LLM calls rather than a single pass (Wei et al., 2022; Yao et al., 2023;
Du et al., 2024).

Among such sequential reasoning approaches, Chain-of-Agents (CoA) (Zhang et al., 2024b) has
emerged as a representative framework for long-context reasoning. CoA partitions documents into
chunks and processes them sequentially through a chain of LLM-based worker agents, each updating
a shared memory state. By transforming joint reasoning over the entire context into incremental
memory construction, CoA enables reasoning over inputs far exceeding an LLM’s native context
window.

However, this sequential design introduces a fundamental but underexplored challenge: memory is
constructed through lossy and order-dependent compression. Because each update operates under a
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Figure 1: Overview of CoA with chunk order induced by a breadth-first traversal on the Chow–Liu
dependency tree (CL–ORDER). First, we build a complete graph on chunks, where each edge mod-
els mutual information between two chunks using an embedding-based inner-product proxy. The
maximum-spanning tree over the chunk graph gives the Chow–Liu tree, which provides a second-
order approximation of the global dependency structure between chunks. A breadth-first traversal
on the Chow–Liu tree rooted at chunk most similar to query yields the CL–ORDER.

limited token budget, incorporating new information necessarily requires discarding or compressing
prior content, thereby affecting how earlier context is retained and how later chunks are interpreted.
Consequently, different permutations of the same chunk set can lead to distinct memory trajectories
and ultimately different answers — a sensitivity already observed in the original CoA work (Zhang
et al., 2024b). Despite this, existing CoA-style approaches typically rely on default document-chunk
order or naive similarity score-based orderings (Gupta et al., 2025), without explicitly modeling
inter-chunk dependencies.

This observation suggests that chunk ordering is not merely a preprocessing choice but a central
component of reasoning under memory constraints. In this work, we take a principled approach and
treat chunk ordering in CoA as a structured inference problem under a memory bottleneck. Ide-
ally, reasoning would operate jointly over the entire set of retrieved chunks. In sequential memory
construction, however, reasoning is mediated through a compressed latent memory state that must
approximate the information contained in the full context. Because different chunks often depend
on or complement one another, the usefulness of a chunk can depend on what has already entered
memory. The ordering of chunks therefore governs how memory interacts across successive com-
pression steps and ultimately determines how closely the final memory approximates full-context
reasoning.

To address this ordering challenge, we model retrieved chunks as dependent random variables and
approximate their dependency structure using a tree-structured graphical model (Chow & Liu, 1968;
Meila & Jordan, 2001). Specifically, we employ well-known Chow–Liu trees (Chow & Liu, 1968) to
capture dominant pairwise dependencies among chunks and derive a dependency-aware processing
order. Traversing this tree in a breadth-first manner from a query-relevant root keeps semantically
and statistically related chunks close in the update sequence. This reduces the likelihood that com-
plementary information becomes separated by successive compression steps. An overview of the
proposed methodology is presented in Figure 1, while Section 4 describes the approach in detail.

Empirically, we show that this dependency-aware ordering consistently improves answer relevance
and exact-match (EM) accuracy across multiple long-context benchmarks (Zhang et al., 2024a;
Kočiský et al., 2018) and model families compared to both naive document order and semantic
score-based ranking. These results suggest that a significant portion of error in sequential long-
context reasoning arises not only from missing relevant information but also from suboptimal order-
ing of interdependent chunks under memory constraints.

To summarize, our contributions are as follows:
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• We provide a probabilistic formulation of sequential CoA-style reasoning as approximate
inference over a compressed memory state, identifying chunk ordering as a key factor gov-
erning information preservation under memory constraints.

• We introduce an efficient dependency-aware chunk ordering strategy based on a Chow–Liu
tree approximation of inter-chunk relationships.

• We demonstrate consistent empirical gains across all evaluated models and benchmarks. In
EM-based tasks, our approach outperforms default document-chunk ordering and semantic
score-based ordering by 10.68% and 6.89% relative gains, respectively. We observe similar
trends on Ragas-based benchmarks, where our method yields relative gains of 5.86% over
the default order and 6.01% over semantic score-based baseline.

2 RELATED WORK

Here we state the related work for the long-context reasoning problem.

Long-Context Modeling and Evaluation. Extending transformer models to long contexts has
been widely studied. Architectural approaches include sparse attention mechanisms such as Long-
former (Beltagy et al., 2020), improved positional encodings such as RoPE (Su et al., 2024), and
large-scale models supporting extended windows (Team et al., 2024; Grattafiori et al., 2024). How-
ever, empirical evaluations reveal that increasing nominal context length does not guarantee effec-
tive utilization. Benchmarks such as LongBench (Bai et al., 2024), RULER (Hsieh et al., 2024), and
∞BENCH (Zhang et al., 2024a) show performance degradation when reasoning requires integrating
information distributed across long inputs. The “lost in the middle” phenomenon further highlights
positional biases in long-context reasoning (Liu et al., 2024). In contrast to architectural scaling, our
work addresses reasoning when total context fundamentally exceeds single-pass limits.

Retrieval-Augmented and Multi-Hop Reasoning. Retrieval-augmented generation (RAG)
(Lewis et al., 2020; Guu et al., 2020; Izacard & Grave, 2021; Ram et al., 2023) reduces context
length by selecting relevant evidence. Multi-hop retrieval systems such as Baleen (Khattab et al.,
2021) model sequential retrieval conditioned on intermediate reasoning steps. Although these meth-
ods improve evidence selection, they typically treat retrieved passages independently during rank-
ing. Our work differs from both retrieval ranking and coherence-based ordering in focusing on
dependency-aware ordering of already-retrieved chunks under constrained shared memory, explic-
itly modeling statistical dependencies among chunks.

Sentence Ordering. A distinct but related body of work studies the sentence ordering task where
the goal is to recover a coherent passage from a set of unordered sentences (Pour et al., 2020; Cui
et al., 2020; Prabhumoye et al., 2020). These approaches focus on local semantic coherence or
discourse structure in static text reconstruction settings. In contrast, our work addresses ordering
under a dynamic memory bottleneck, where the sequence directly affects information preservation
and reasoning outcomes in sequential LLM-based systems.

Sequential and Multi-Agent Reasoning. Recent work decomposes reasoning into sequential or
collaborative processes. ReAct (Yao et al., 2023) interleaves reasoning and tool use. Multi-agent
frameworks such as debate-based reasoning (Du et al., 2024) and MetaGPT (Hong et al., 2024) ex-
plore structured collaboration among LLM agents. Divide-and-conquer frameworks analyze when
partitioned reasoning is effective under noise accumulation (Xu et al., 2026). Chain-of-Agents
(CoA) (Zhang et al., 2024b) provides a general long-context framework in which agents sequen-
tially update bounded shared memory. Our work builds directly on CoA, identifying chunk ordering
as a central yet underexplored design dimension in such systems.

Dependency Modeling and Tree-Structured Approximations. Chow–Liu trees (Chow & Liu,
1968) provide the optimal tree-structured approximation of a joint distribution based on pairwise
mutual information. Extensions such as mixtures of trees (Meila & Jordan, 2001) and improved
estimators for large alphabets (Jiao et al., 2016) have expanded their applicability. Cutset networks
further generalize tree-structured approximations for tractable probabilistic inference (Rahman et al.,
2014).
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In this work, we adopt this principled probabilistic tool to model inter-chunk dependencies and
derive ordering policies for long-context sequential reasoning systems.

3 PROBLEM FORMULATION

Given retrieved chunks x1:N = (x1, . . . , xN ) relevant to a query q, the ideal answer obtainable from
the full context is defined as a sample from the conditional distribution

P (a | q, x1:N ), (1)

which corresponds to a model capable of jointly reasoning over all available chunks. In prac-
tice, however, large language models (LLMs) cannot process arbitrarily long contexts due to fi-
nite context-length constraints. Approaches such as Chain-of-Agents (CoA) (Zhang et al., 2024b)
address this limitation by partitioning long contexts into smaller segments processed sequentially,
thereby recasting long-context reasoning as incremental memory construction.

We model this process through an idealized latent-state factorization, where previously processed
content is compressed into a memory state that preserves essential information while allowing new
inputs to be incorporated. Summaries provide one example of information stored in such mem-
ory. Because memory is constructed incrementally, early compression decisions influence how later
information is interpreted and retained. Consequently, the order in which chunks are processed
directly affects the final memory state and the resulting answer. The goal is therefore to find an
ordering that best approximates the ideal full-context inference in Equation 1 under context-length
constraints.

3.1 SEQUENTIAL MEMORY CONSTRUCTION AND ORDER DISCOVERY

Given an ordering π of retrieved chunks, memory evolves sequentially as

Mπ
i = F (Mπ

i−1, xπ(i)),

where F is an LLM-based memory update operator and M0 is an initial empty memory state. Since
the memory state is represented using a token-bounded summary, F necessarily performs lossy com-
pression of previously observed evidence. After all chunks are processed, an answer is generated
as

aπ = G(Mπ
N , q),

where G denotes the answer-generation operator, which performs reasoning conditioned only on the
compressed memory state rather than the full set of chunks. Consequently, any information from
the context that is not preserved in the final memory state cannot influence the generated answer,
making answer quality directly dependent on how well the sequential memory construction process
retains task-relevant evidence.

We assume the following sufficiency properties.

Incremental sufficiency (Markov property).

P (Mπ
i+1 | xπ(1:i+1),M

π
i ) = P (Mπ

i+1 | Mπ
i , xπ(i+1)),

meaning that the current memory state contains all information required for future updates.

Answer sufficiency.
P (aπ | xπ(1:N), q,M

π
N ) = P (aπ | Mπ

N , q),

meaning that the final memory state contains all information necessary to produce the answer.

The update operator F is order-sensitive, since compression decisions made early in the sequence
constrain how later evidence is integrated and retained. Different orderings lead to different mem-
ory states and therefore different answers (Zhang et al., 2024b). Producing the ideal answer thus
critically depends on chunk ordering, making order discovery a central algorithmic challenge.1

1These assumptions are modeling abstractions rather than guarantees of actual LLM behavior; they serve
only to motivate the CoA framework and analyze how information may be preserved or lost.
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Let Y ⋆ denote the random variable corresponding to the ideal full-context answer and Aπ the ran-
dom variable corresponding to the answer generated under ordering π. The objective of ordering
is to ensure that the distribution of answers produced through incremental memory construction
matches, as closely as possible, the distribution of ideal full-context answers. In this sense, order
discovery seeks an ordering whose incremental incorporation of chunks into memory preserves the
reasoning behavior of full-context inference despite context-length constraints, which requires pro-
cessing mutually dependent evidence in a manner that reduces the risk of premature compression.

4 EMBEDDING-BASED TREE CONSTRUCTION FOR ORDER DISCOVERY

As discussed in the earlier sections, the effectiveness of incremental memory construction depends
on how well the processing order aligns with latent dependencies among retrieved chunks. Some
chunks provide complementary evidence, while others only become meaningful after related infor-
mation has already entered memory. A reasoning system with unlimited context can exploit these
dependencies jointly, but incremental processing compresses information into a linear sequence,
potentially separating related evidence across distant updates and reducing reasoning quality.

We model retrieved chunks as random variables X1, . . . , XN drawn from a query-conditioned dis-
tribution P (X1:N | q), which captures co-occurrence patterns of evidence across similar queries.
Dependencies among chunks can be quantified using mutual information, where large values of
I(Xi;Xj) indicate strong statistical or semantic dependence. Recovering these dependencies in
principle corresponds to learning a directed acyclic graph (DAG) over (X1, . . . , XN ) that best ex-
plains their joint distribution via maximum-likelihood structure learning. However, learning general
DAGs is computationally intractable.

To obtain a tractable approximation, we restrict dependencies to tree structures, inspired by the
Chow–Liu algorithm. This algorithm efficiently computes the best tree-structured approximation to
a joint distribution. Let PT denote a tree-structured distribution approximating the true distribution
P (X1:N | q). Chow–Liu shows that the tree minimizing the Kullback–Leibler divergence,

DKL(P ∥ PT )

over all trees is exactly the tree maximizing total pairwise mutual information:

T ⋆ = argmax
T tree

∑
(i,j)∈T

I(Xi;Xj).

Thus, the optimal tree can be recovered efficiently using a maximum-weight spanning tree algo-
rithm, avoiding the intractability of general DAG learning.

In practice, especially in long-context reasoning, reliable mutual-information estimates are often
unavailable. We therefore use embedding similarity as a scalable proxy for mutual information. Let
ϕ(·) denote an embedding encoder producing representations ei = ϕ(xi). The similarity between
chunks is measured using cosine similarity,

sij =
e⊤i ej

∥ei∥ ∥ej∥
, (2)

which approximates semantic relatedness. We construct a complete weighted graph over chunk
indices {1, . . . , N} with weights sij and compute a maximum-weight spanning tree

T sim = argmax
T tree

∑
(i,j)∈E(T )

sij .

This tree captures dominant relationships among chunks while remaining computationally efficient.
Figure 1 illustrates the order discovery process using the Chow–Liu algorithm. Since the final
answer is unknown at inference time, we select a traversal root based on the query. Let eq = ϕ(q)
denote the query embedding, and choose

r(q) = argmax
i

cos(eq, ei).

Orienting the tree at r(q) and performing a breadth-first traversal yields a structure-aware ordering
for sequential memory construction. Processing chunks in this order keeps related evidence close in
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memory updates, mitigating compression-induced information loss and improving answer relevance
under context-length constraints. Algorithm 1 outlines our proposed methodology.

Algorithm 1: Chow–Liu CoA
Input: q: input query; {xi}Ni=1: document chunks;

ϕ: embedding encoder.
Output: ŷ: final answer

1 Let ei ← ϕ(xi) for all i ∈ [N ] and
sij ← cos(ei, ej) for all i, j ∈ [N ]

2 T sim ← MWST({sij})
3 eq ← ϕ(q)
4 r(q)← argmaxi cos(eq, ei)

5 π ← BFS(T sim, r(q))
6 M0 ← ∅
7 for k = 1 to N do
8 j ← π(k)
9 Mk ←Worker(q, xj ,Mk−1)

10 aπ ← Manager(q,MN )
11 return aπ

Algorithm Overview
• Step: 1 Encode each chunk xi into

embedding ei and compute pairwise
cosine similarities sij .

• Step: 2 Build a maximum-weight
spanning tree T sim, capturing the
embedding-based dependency.

• Step: 3–5 Select root r as the chunk
most similar to eq , then perform BFS
traversal to obtain ordering π.

• Step: 6–9 Process chunks sequen-
tially via CoA message passing,
where each Worker compresses evi-
dence into message Mk.

• Step: 10 The Manager aggregates
the final message MN to produce an-
swer aπ .

5 EXPERIMENTAL SETUP

Here we provide details of the experimental setup.

Datasets. We evaluate our approach on the long-document question answering (LongQA) bench-
mark HELMET (Yen et al., 2025). LongQA includes English book QA and multiple choice (MC)
subsets from ∞BENCH (Zhang et al., 2024a) and NarrativeQA (Kočiský et al., 2018). In Narra-
tiveQA, we restrict evaluation to queries with context length over 256K tokens. These datasets
feature extremely long contexts and dispersed evidence, creating a strong memory bottleneck under
sequential processing, making them suitable testbeds for evaluating order sensitivity in CoA-style
systems.

Evaluation. For LongQA and NarrativeQA, we use the answer relevance metric from Ragas (Re-
trieval Augmented Generation Assessment) (Es et al., 2024) — an open-source framework designed
to evaluate, benchmark LLM reasoning applications. It uses LLM-as-a-judge to measure perfor-
mance metrics like answer relevance, allowing for scalable, and reliable assessment. We use Ragas
instead of n-gram matching metrics like ROUGE F1 (Lin, 2004) as they penalize long and para-
phrased, although correct LLM generations, making it unreliable for free-form answer evaluation.
In LongQA MC, we use Exact Match (EM) accuracy as the evaluation metric.

Model Pool. We use a heterogeneous model pool comprising proprietary and open-weight LLMs.
Specifically, we evaluate across three models: GPT-4.1 (OpenAI, 2024a), GPT-4.1-MINI (OpenAI,
2024a), and QWEN-3-14B (Yang et al., 2025). They span different capacity regimes. For comput-
ing chunk similarities, we generate dense embeddings of raw chunks using TEXT-EMBEDDING-3-
LARGE (OpenAI, 2024b).

CoA Design. In the CoA setup, we split query-specific long-documents into chunks of 8K tokens,
and process one chunk per agent step until all chunks are exhausted. Further, we allocate a memory
budget of 8K tokens per agent step. For the QWEN-3-14B model, we limit the number of thinking
tokens to 4K tokens. Additionally, we use the same prompts as proposed in CoA. To ensure repro-
ducibility, we provide exact prompts, and hyperparameters details in Appendix A and Appendix B,
respectively.

Baselines. To assess the efficacy of Chow–Liu ordering (CL–ORDER), we compare CoA with
our principled approach against two other natural ordering variants: 1) DEFAULT and 2) DENSE.
DEFAULT uses CoA with the natural document-chunk order. DENSE uses semantic score-based
chunk order, where document chunks are ranked by similarity to the query.
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LONGQA (RAGAS ↑) LONGQA–MC (EM ↑) NARRATIVEQA (RAGAS ↑)
MODEL MEMORY DEFAULT DENSE CL–ORDER DEFAULT DENSE CL–ORDER DEFAULT DENSE CL–ORDER

QWEN-3-14B CoA 41.43 42.25 44.12 24.89 26.20 30.26 35.72 38.26 41.23
GPT-4.1-MINI CoA 51.94 47.96 54.35 65.22 67.39 70.29 50.16 50.81 52.39
GPT-4.1 CoA 59.03 58.56 60.68 82.84 84.33 85.07 57.30 55.93 58.08

Table 1: Performance on long-context benchmarks with GPT-4.1 series and QWEN-3. Here, ↑
indicates that higher is better. For LongQA and NarrativeQA, we use answer relevance metric from
Ragas (Es et al., 2024).

BM25 QWEN-3 EMBEDDING

MODEL MEMORY DEFAULT DENSE CL–ORDER DEFAULT DENSE CL–ORDER

QWEN-3-14B CoA 24.89 26.64 27.51 24.89 26.20 28.82
GPT-4.1-MINI CoA 72.83 75.00 73.90 73.26 75.58 77.91
GPT-4.1 CoA 82.47 83.51 84.54 82.17 83.16 85.14

Table 2: Scoring function and embedding ablation on LONGQA–MC.

6 RESULTS AND DISCUSSION

In this section, we present our main results. Table 1 compares CoA with our chunk order induced
by breadth-first traversal on the Chow–Liu dependency tree (CL–ORDER) against two other order-
ing baselines: (i) default document-chunk order (DEFAULT) and (ii) semantic score-based dense
ranking baseline (DENSE). We benchmark performance on LONGQA, LONGQA–MC, and NAR-
RATIVEQA across the three LLM backbones. Significantly, across all configurations, CL–ORDER
consistently outperforms DEFAULT and DENSE.

For instance, on LONGQA, CL–ORDER improves over DEFAULT by +2.69 in the Answer Rele-
vance metric from Ragas (Es et al., 2024) for QWEN-3, +2.41 for GPT-4.1-MINI, and +1.65 for
GPT-4.1. In contrast, DENSE shows inconsistent gains over DEFAULT, with +0.82 points im-
provement for QWEN-3, and −3.98, and −0.47 for GPT-4.1-MINI and GPT-4.1, respectively. On
LONGQA–MC, DENSE improves over DEFAULT by +1.31, +2.17, and +1.49 EM points across
the three models and CL–ORDER further provides gains over DENSE with +4.06 points in QWEN-3,
+2.9 points in GPT-4.1-MINI, and +0.74 EM points in GPT-4.1. On NarrativeQA, CL–ORDER
again showcases consistent gains over DENSE with +2.97 answer relevance in QWEN-3, +1.58 in
GPT-4.1-MINI, and +2.15 for GPT-4.1.

Overall, these results show that modeling global chunk dependencies with Chow–Liu trees and de-
riving chunk ordering based on this tree structure yields consistent gains over naive document-chunk
ordering and ranking chunks solely on their isolated similarity score to the query. In the remainder of
this section, we present ablation studies using different embedding strategies and different traversal
strategies over the mutual information graph.
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Figure 2: Comparison of DFS on the
complete chunk graph against BFS on
the Chow–Liu tree. EM reported on
LongQA–MC for the three models.

Representation Ablation. To ascertain that our find-
ings are not an artifact of a specific dense represen-
tations from TEXT-EMBEDDING-3-LARGE, we eval-
uate our experimental setup using (1) a sparse lexi-
cal function, BM25 and (2) QWEN-3-EMBEDDING-
8B (Zhang et al., 2025), an open-weight dense embed-
ding model. Particularly, BM25 replaces the seman-
tic embeddings and embedding-based similarity scor-
ing with a term-based ranking score between chunks.
Due to the asymmetric nature of BM25 function, we
compute a symmetric similarity score via the mean of
the bidirectional rankings. Results on LONGQA–MC
are summarized in Table 2.

With BM25, the efficacy of CL–ORDER is not con-
sistent against the local DENSE ranking baseline, with
−1.1 EM accuracy drop on LONGQA–MC with GPT-
4.1-MINI. The scoring function in BM25 measures
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lexical overlap between chunks using TF-IDF-style matching, serving as only a coarse proxy for
mutual information. With open-weight QWEN-3-EMBEDDING-8B, we see a similar trend as TEXT-
EMBEDDING-3-LARGE across all datasets. Here, CL–ORDER consistently outperforms the DENSE
baseline. Similarly, we observe larger gains for the smaller models, GPT-4.1-MINI and QWEN-3.

Traversal Strategy. We also compare our CL–ORDER ordering strategy against a greedy DFS
traversal directly operated on the complete document-chunk graph. The DFS strategy first selects
the chunk node most similar to the query, and then proceeds to greedily choose the closest unvis-
ited neighbour from the full document-chunk graph, purely local to chunk Xt at time-step t. In
contrast, CL–ORDER builds the global dependency structure via a maximum spanning tree, which
finds optimal pairwise dependencies across all chunks, before the traversal. Figure 2 reports this
ablation on LONGQA–MC. Here, CL–ORDER consistently outperforms DFS across all the three
models. Chow-Liu captures global dependencies more robustly than local DFS-based chaining. In
DFS even a single step toward a highly similar but contextually irrelevant neighbor may lead the
traversal away from the optimal path.

7 CONCLUSION

In this work, we study a dependency-aware chunk ordering strategy for sequential multi-agent rea-
soning over long contexts. By modeling inter-chunk dependencies using a Chow–Liu tree con-
structed from embedding-based pairwise similarities, our approach (CL–ORDER) derives a breadth-
first processing order that keeps related chunks close in the memory update sequence, thereby
reducing compression-induced information loss. Empirically, CL–ORDER consistently outper-
forms default document-chunk ordering and semantic score-based ordering by 10.68% and 6.89%
relative gains, respectively, in EM-based LongQA–MC. Similarly, CL–ORDER yields relative
gains of 5.86% over the default order and 6.01% over semantic score-based baseline in Ragas-
based LongQA, NarrativeQA, demonstrating that principled ordering of interdependent document-
chunks is a key tool for improving sequential long-context reasoning under memory constraints.
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Tomáš Kočiský, Jonathan Schwarz, Phil Blunsom, Chris Dyer, Karl Moritz Hermann, Gábor Melis,
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Worker Prompt

{chunk}
Here is the summary of the previous source text: {summary_till}
Question: {query}
You need to read current source text and summary of previous source
text (if any) and generate a summary to include them both. Later , this
summary will be used for other agents to answer the Query , if any. So
please write the summary that can include the evidence for answering
the Query.

Manager Prompt

{task_specific_inst}
The following are given passages. However , the source text is too long
and has been summarized. You need to answer based on the summary:
{summary}

Question: {query}
Answer:

Task-Specific Instruction

Answer the question based on the context provided. Provide a concise
and direct answer to the question. Avoid unnecessary details ,
explanations , or context. Just the answer is enough.

For example , if the query were "What is the capital of France?", you
should answer with "Paris" and not something like "Paris is the capital
of France".

B HYPERPARAMETER DETAILS

Hyperparameter Value Hyperparameter Value
Per-chunk token limit 8000 Qwen embedding size 4096
Summary token limit 8000 Generation temperature 0.0
OpenAI embedding size 3072 Nucleus sampling (top p) 0.95

Table 3: Hyperparameters for the long-context QA problem setting with CoA and Chow–Liu Trees.
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