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Abstract Retrieval-Augmented Generation

(RAG) for multi-hop question answering suffers

from noisy context and weak retrieval–generation

alignment. Apple’s Continuous Latent Reason-

ing (CLaRa) improves efficiency by compressing

retrieved documents into dense latent memory

tokens, but this compression obscures the structural

relationships between documents required for

multi-hop reasoning. We propose GraphCLaRa,

a lightweight (∼1.3M-parameter) graph-based

reranker for a frozen CLaRa reader. It constructs a

query-aware document graph, propagates evidence

with a Graph Attention Network (GAT), and se-

lects a compact document subset with an adaptive

context-budget head. Across four single- and multi-

hop QA benchmarks, GraphCLaRa improves answer

F1 on three of four datasets (up to +6.6) while using

fewer documents, and trails by only 1.1 F1 on the

retrieval-saturated benchmark. Our analysis shows

that graph-guided selection consistently helps when

retrieval leaves room for improvement, whereas

on saturated retrieval tasks compression can only

discard evidence. These results demonstrate that

graph-based evidence propagation complements

latent-memory compression.

1 Introduction

Multi-hop question answering (QA) requires retriev-

ing and reasoning over evidence distributed across

multiple documents rather than a single passage [1,

2]. Recent Retrieval-Augmented Generation (RAG)

systems increasingly adopt latent-memory architec-

tures that compress retrieved documents into com-

pact continuous representations for efficient long-

context reasoning [3, 4]. Apple’s Continuous Latent

Reasoning (CLaRa) is one such architecture, encod-

ing documents into dense memory tokens while sub-

stantially reducing context length [4]. However, end-

to-end QA remains sensitive to retrieval quality, as

irrelevant documents introduce noise that degrades
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downstream reasoning [5, 6].

Graph-based retrieval methods capture structural

dependencies and evidence chains in multi-hop QA

by modeling bridge entities and multi-step reasoning

paths [7, 8]. However, they have been studied almost

exclusively with text-conditioned readers, leaving it

unclear whether graph-guided retrieval remains ben-

eficial when reasoning is performed over compressed

latent memory instead of raw text.

To address this question, we propose

GraphCLaRa, a graph-guided reranking framework

for latent-memory retrieval. Given a question and

a fixed candidate pool, it constructs a query-aware

document graph, propagates relational evidence

with a Graph Attention Network (GAT) [9], and

passes only a compact graph-curated subset to

a frozen CLaRa reader. Across four QA bench-

marks, GraphCLaRa improves answer F1 on three

of four while using fewer documents, with the

only regression on a retrieval-saturated benchmark

(Section 4).

In summary, our contributions are:

• We propose GraphCLaRa, a lightweight

graph-guided reranking framework that com-

bines query-aware graph propagation with se-

mantic query–document interaction via a Graph

Attention Network (GAT), modeling multi-

document reasoning before a frozen latent-

memory reader.

• We show consistent improvements on three of

four QA benchmarks (up to +6.6 F1) while

reducing retrieved context, and we provide an

analysis explaining when graph-guided selec-

tion benefits latent-memory retrieval.

2 Related Research

GraphCLaRa relates to two lines of work and departs

from them by placing graph-guided selection before

a frozen latent-memory generator.

Multi-hop retrieval and graph reasoning. Multi-

hop dense retrieval assembles evidence chains it-

eratively [6, 10, 11, 12, 13]. A parallel line

builds entity-, sentence-, or passage-level graphs

over benchmarks such as HotpotQA [1], 2Wiki-

MultiHopQA [14], and WikiHop [15] via hier-

archical graph networks [7], select-answer-explain

models [16], and knowledge-graph prompting for

LLMs [17]. All graft graph structure onto a text-

conditioned reader; GraphCLaRa instead leaves

CLaRa’s retrieval untouched and uses graph at-

tention [9] — self-attention [18] on graphs, with

GCNs [19] as background — only to rerank a fixed

candidate pool before a frozen generator.

Contrastive retrieval and context compression.

Dense retrievers and sentence encoders [5, 20,

21] built on pretrained transformers [22] typically

use contrastive objectives with a single positive,

which introduces false negatives when several gold

documents exist; GraphCLaRa instead supervises

with all gold indices through a multi-positive In-

foNCE objective [23] (Section 3.6). Separately,

retrieval-augmented generation [24, 3] and fusion-

in-decoder readers [25, 26, 27] have been made

cheaper by prompt compression [28, 29] and adap-

tive retrieval [30, 31], while latent-memory methods

such as CLaRa [4] compress documents into contin-

uous memory tokens. GraphCLaRa is complemen-

tary: it compresses at the document-selection level,

keeping CLaRa frozen. Because CLaRa compresses

retrieved documents into latent memory, the selec-

tor must choose a compact subset that survives com-

pression — so our experiments test whether struc-

tured selection alone, with no generator fine-tuning

or larger budgets, improves latent-memory QA.
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3 Method

3.1 Problem Formulation

This work considers retrieval-augmented multi-hop

question answering with a fixed candidate document

pool. Each instance consists of a natural-language

question q and a candidate set D = {d1, . . . ,dN}
with N = 20 passages, following the standard CLaRa

evaluation protocol [4]. A frozen BGE-large-en-

v1.5 encoder [32] maps q and each di into a shared

de = 1024-dimensional embedding space, producing

the query embedding eq and document embeddings

ei ∈ R
de , which remain fixed throughout training.

During training, each instance additionally provides

a gold supporting-document set Y ⊆ {1, . . . ,N} and

a reference answer a.

From these frozen embeddings, the model learns

two question-conditioned functions: (i) a ranking

function fθ(q,D) → s = (s1, . . . ,sN) ∈ R
N that as-

signs a score to every candidate document, and (ii) a

budget predictor gφ(q,D) → K⋆ ∈ K = {5,10,20}.

Selecting the top-K⋆ documents according to s pro-

duces the ordered context SK⋆ , which is passed to the

frozen CLaRa reader to generate the predicted an-

swer â.1 The model therefore learns only document

ranking and adaptive budget prediction, while both

the encoder and reader remain frozen; answer F1 is

used only for evaluation, never optimized directly.

3.2 System Overview

Figure 1 summarizes GraphCLaRa. Given a ques-

tion q and a fixed candidate set D = {d1, . . . ,dN},

frozen BGE embeddings are formed into a query-

aware document graph. A lightweight graph re-

triever fuses each document with the query and prop-

agates evidence through a two-layer GAT; two heads

1The frozen reader applies its own soft top-5 filter

(generation top k= 5): each selected document is com-

pressed into 16 latent memory tokens, and only the top

min(5, |SK⋆ |) are forwarded to the decoder.

then produce a per-document ranking score and an

adaptive budget K⋆ ∈ {5,10,20}. The top-K⋆ doc-

uments are read by the frozen CLaRa reader. Only

the graph retriever and budget head are trained; the

BGE encoder and CLaRa reader remain frozen. Sec-

tions 3.3–3.6 define each component; standard com-

ponents are cited where introduced.

3.3 Query-Aware Document Graph Con-

struction

We define a query-aware adjacency matrix A ∈
[0,1]N×N that determines which documents may

exchange evidence during GAT propagation (Sec-

tion 3.4). It is a deterministic, parameter-free func-

tion of the frozen BGE embeddings [32] with one hy-

perparameter, the similarity threshold τ = 0.3, com-

puted in two steps (Eqs. (1)–(2)).

Step 1 — Query-aware raw adjacency. For each

document di we take its rescaled query relevance

ρi ≜
1
2

(
cos(eq,ei)+1

)
∈ [0,1] and combine it multi-

plicatively with the pairwise cosine into a raw adja-

cency Araw ∈ R
N×N ,

Araw
i j = cos(ei,e j) ·

ρi +ρ j

2
⏞ ⏟⏟ ⏞

µi j ∈ [0,1]

, (1)

with µi j ≜ (ρi + ρ j)/2. The multiplicative form

keeps an edge strong only when two documents are

both relevant to q and mutually similar, suppressing

irrelevant clusters before propagation.

Step 2 — Sparsify, self-loop, clamp. We then

sparsify the raw matrix by a threshold τ= 0.3 (which

also drops anti-correlated pairs, since τ > 0), add

unit self-loops (the N×N identity matrix IN) so each

node keeps a copy of its own features, and clip the re-

sult to yield the final adjacency, where 1[ · ] ∈ {0,1}
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Figure 1: GraphCLaRa pipeline. Frozen BGE embeddings are converted into a query-aware document

graph, reranked by a lightweight graph retriever, adaptively filtered, and passed to the frozen CLaRa reader.

Blue modules are frozen, orange modules are trainable, and green denotes selection.

denotes the indicator function:

Ai j = min
(

Araw
i j 1[Araw

i j > τ] + 1[i = j], 1
)

∈ [0,1].

(2)

The resulting matrix is symmetric and non-negative,

with Aii = 1.

3.4 Graph-Guided Reranking

The ranking function fθ maps the frozen BGE

embeddings and graph adjacency A to document

scores s through four learnable components: query–

document fusion, graph propagation, content scor-

ing, and graph-residual fusion. The graph features

are also pooled to produce the representation used

by the adaptive budget predictor.

Step 1 — Query-aware document enhancement.

Each frozen document embedding is fused with

the query through the matching feature [ei;eq;ei ⊙
eq], a standard pairwise interaction pattern [33];

GraphCLaRa adapts it with a two-layer MLP, resid-

ual connection, and LayerNorm:

hi = LayerNorm(ei +MLPfuse([ei;eq;ei ⊙ eq])) .
(3)

Following residual zero-initialization schemes [34],

only the final projection is zero-initialized, so hi =
ei at initialization and training starts from the strong

BGE prior; gradients remain non-zero because the

preceding layers use standard initialization.

Step 2 — Graph propagation. A two-layer, four-

head GATv1 [9] propagates {hi} over the graph A,
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attending only to neighbors with Ai j > 0 and us-

ing learnable residual projections. The layer widths

are 1024→256→128, producing graph features zi.

As in standard GATv1, A enters attention only as a

binary connectivity mask (Ai j > 0); the continuous

edge weights are consumed instead by the learnable

edge-refinement gate below (Eq. (4)) and the two-

hop path supervision (Eq. (11)), both of which oper-

ate on the weighted adjacency.

We modify the GAT pipeline with a learnable

edge-refinement step: a linear head predicts βi =
w⊤

β zi +bβ and gates the existing edges:

Ãi j = min
(

Ai j σ
(βi+β j

2

)
+1[i = j],1

)

, (4)

followed by one additional GAT layer over Ã —

three GAT layers in total when refinement is en-

abled (two propagation layers over A and one refine-

ment layer over Ã). Because Ã depends on learned

features, graph supervision back-propagates through

this one-pass refinement.

Step 3 — Content scoring. GraphCLaRa defines

a content residual head that predicts δc
i = MLPc(hi),

which refines the frozen cosine similarity:

sc
i = stop grad(cos(eq,ei))+δc

i , (5)

where stop grad(·) keeps the encoder frozen.

Step 4 — Graph-residual fusion. A gate γi =
σ(w⊤

γ zi + bγ) and residual ri = w⊤
r zi + br combine

the content and graph signals. The heads are initial-

ized near the cosine prior.

We define the final ranking score as

si = sc
i γi + ri. (6)

Finally, the graph features are mean-pooled, z̄ =
1
N ∑i zi, and passed to the adaptive budget predictor.

3.5 Document Selection Strategies

Given the scores s, the selection stage forms the sub-

set SK passed to the reader. Let TopKk(v) denote the

indices of the k largest entries of v. Following the

motivation of adaptive retrieval [31, 30], all main ex-

periments use adaptive selection: a two-layer budget

head maps z̄ = 1
N ∑i zi to logits over K = {5,10,20},

and predicts K⋆ = argmaxk∈K [MLPg(z̄)]k. The se-

lected subset is

S Ada =

⎧

⎨

⎩

(
d j : j ∈ TopKK⋆

(s)
)

if K⋆ < N,

D if K⋆ = N,
(7)

In evaluation, the K⋆ = N branch reuses the base-

line answer/top-K trace, making it safety-equivalent

to the full-context baseline.

3.6 Training Objective

Since CLaRa is frozen, only the reranker fθ and bud-

get predictor gφ are optimized using the supporting-

document annotations Y and the model’s internal

quantities s, Ã, zi, and z̄.

The total loss combines standard con-

trastive/margin/smoothness terms with two

GraphCLaRa-specific terms, path supervision

and proxy budget prediction:

L = Lrank+λnegLneg+λpathLpath+λregLreg+λKLK ,
(8)

with (λneg,λpath,λreg,λK) = (0.5,0.2,0.01,0.2).

Term 1 — Multi-positive InfoNCE ranking. The

primary ranking objective adapts InfoNCE [23] to

the multi-positive setting [35]:

Lrank = log

(
N

∑
i=1

esi/T

)

− log

(

∑
i∈Y

esi/T

)

, (9)

with temperature T = 0.1, encouraging all sup-

porting documents to receive higher scores without

competing against one another.
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Term 2 — Hard-negative margin. Let N − =
{1, . . . ,N} \ Y and H = TopKκ(sN −) with κ = 3.

We use a hinge-style hard-negative margin objective

related to triplet ranking losses [36]:

Lneg =
1

|Y ||H | ∑
p∈Y

∑
h∈H

[mneg − sp + sh]+. (10)

where mneg = 0.5.

Term 3 — Two-hop path supervision.

For every gold pair (p, p′) ∈ P , let Bpp′ =
max

(
Ãpp′ , maxm̸=p,p′ ÃpmÃmp′

)
be the strongest

length-≤ 2 path strength. The path loss hinges it

toward a margin mpath = 0.2:

Lpath =
1

|P | ∑
(p,p′)∈P

[mpath −Bpp′ ]+. (11)

Term 4 — Graph smoothness. Following graph

smoothness regularization [37], adjacent nodes are

encouraged to receive similar scores:

Lreg =
1

|E | ∑
(i, j)∈E

(si − s j)
2. (12)

where E = {(i, j) : i ̸= j, Ai j > 0}.

Term 5 — Budget prediction. The budget head is

supervised by a retrieval-only proxy target K
prox
⋆ =

min{k ∈ K : Y ⊆ TopKk(s)} (defaulting to 20 if

no such k exists), computed on stop grad(s). It

is trained with target-weighted cross-entropy using

weights (w5,w10,w20) = (0.65,1.00,0.85).

Curriculum. Training uses a two-stage curricu-

lum. During epochs 0 and 1, λK = 0, allowing the

ranker to stabilize before enabling budget supervi-

sion. After warm-up, λK = 0.2, while all other loss

weights remain unchanged.

Dataset Hops Avg. |Y | Role in evaluation

NQ 1 ∼1 Single-hop control

HotpotQA 2 2 Bridge-entity reasoning

2Wiki 2 2 Compositional multi-hop QA

MuSiQue 2–4 2–4 Long evidence chains

Table 1: Evaluation datasets. All use the same in-

put format: one question, 20 candidate documents,

gold supporting-document indices, and a reference

answer. “2Wiki” abbreviates 2WikiMultiHopQA.

4 Experiments

This section evaluates whether graph-guided selec-

tion improves frozen-reader QA and when it helps.

After the data/setup (Sections 4.1–4.2), Section 4.3

reports the main comparison and Section 4.4 ex-

plains the per-dataset outcomes through retrieval

headroom and answer sensitivity.

4.1 Datasets

We evaluate on four datasets from the public

apple/CLaRa multi stage release in the gold-

annotated with pos setting: Natural Questions

(NQ) [38], HotpotQA [1], 2WikiMultiHopQA [14],

and MuSiQue [2]. These are the same datasets used

by CLaRa [4], which allows a controlled comparison

in which the reader is fixed and only the document

selection mechanism changes.

Each example consists of a question q, a fixed

candidate pool D = {d1, . . . ,dN} with N = 20 docu-

ments, a gold supporting-document set Y , and a ref-

erence answer a; the four datasets span single-hop to

long-chain retrieval regimes (Table 1).

For evaluation, we keep only examples with

non-empty supporting-document annotations. To

avoid positional or shard-order bias, each dataset

is sampled with a fixed seed and each candidate

pool is shuffled with a deterministic per-example

seed before being scored by both the baseline and

GraphCLaRa. Thus, both systems receive the same
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candidate documents in the same initial order, and

any difference is due to GraphCLaRa’s reranking and

adaptive context selection.

4.2 Experimental Setup

Baseline. The primary comparison is the canonical

CLaRa baseline (CLaRa-BL) [4]: all N = 20 docu-

ments, in shuffled original order, are passed to the

frozen CLaRa-7B-E2E reader (compression-16)

without external reranking or adaptive budgeting.

Thus, any difference from GraphCLaRa comes from

document ordering and context selection, not from

reader fine-tuning.

Metrics. We report retrieval metrics over the doc-

ument list delivered to the reader: R@k, P@k for

k ∈ {2,5}, and MRR. For MuSiQue, which may

require up to four supporting documents, we also

report coverage@5 and all@5. End-to-end answer

quality is measured by token-level F1 and Exact

Match (EM) after standard SQuAD-style normaliza-

tion.

Implementation. GraphCLaRa adds 1,291,271

trainable parameters on top of the frozen BGE-large-

en-v1.5 encoder, with fp16 embedding caching.

Training uses AdamW (lr 10−4, weight decay 0.01),

gradient accumulation of 4, mixed precision, and the

two-stage curriculum in Section 3.6. Checkpoint se-

lection uses all@5 + 0.25 · MRR, with early stop-

ping from Stage B. All runs use a single NVIDIA

RTX 5060 Ti (16 GB); during end-to-end evaluation,

CLaRa occupies most VRAM, so the GraphCLaRa

retriever is placed on CPU. Table 2 collects the full

hyperparameter setting.

4.3 Main Results

Table 3 contrasts the baseline (BL) and GraphCLaRa

(GC) on each benchmark’s full evaluation set.

GraphCLaRa improves answer F1 on three of four,

Hyperparameter Value

GAT layers / heads 2 (+1 refinement) / 4

GAT hidden dims 1024→256→128

Edge threshold τ 0.3

InfoNCE temperature T 0.1

Hard negatives κ 3

Margins mneg / mpath 0.5 / 0.2

Loss weights (λneg,λpath,λreg,λK) (0.5,0.2,0.01,0.2)

Learning rate / weight decay 10−4 / 0.01

Budget set K {5,10,20}

Table 2: GraphCLaRa hyperparameters, collected

from Sections 3–4.2.

largest on the two hardest multi-hop sets (+6.6 on

2Wiki, +6.4 on MuSiQue, +2.5 on NQ); Exact

Match moves in lockstep (+5.1, +6.8, +2.3), so the

gains reflect more exactly-correct answers, not token

overlap. These are precisely the datasets where the

baseline leaves room to improve (Section 4.4.1).

The retrieval columns show where the gains orig-

inate: on MuSiQue and 2Wiki GraphCLaRa lifts

MRR (+0.19, +0.11) and pushes R@5 near ceiling

(0.953, 0.997), surfacing gold documents the base-

line had buried. HotpotQA is the lone exception

— its baseline ranking is already saturated (R@5=
0.988, MRR= 0.904), so there is little to recover

and GC trails slightly (−1.1 F1); it is also the only

dataset where GC’s MRR (0.865) falls below the

baseline’s.

4.4 Analysis

4.4.1 Where reranking helps: a headroom anal-

ysis

To explain the per-dataset pattern of Table 3, Ta-

ble 4 decomposes the baseline by retrieval success:

retALL is how often all gold documents already lie

in its top-5, and F1 | all / F1 | miss split its F1 by

that event. Together these reveal both how much re-

trieval headroom each dataset offers a reranker and

how much that headroom matters for the answer.
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F1 (%) EM (%) R@5 MRR

Dataset N BL GC ∆ BL GC BL GC BL GC

MuSiQue 2,417 25.9 32.4 +6.4 14.9 21.7 0.844 0.953 0.606 0.800

2Wiki 12,576 42.7 49.4 +6.6 36.3 41.4 0.958 0.997 0.807 0.920

NQ 6,489 56.6 59.1 +2.5 46.0 48.3 0.892 0.932 0.698 0.781

HotpotQA 7,384 69.5 68.5 −1.1 56.8 55.5 0.988 0.983 0.904 0.865

Table 3: Main results: CLaRa baseline (BL, full 20-document context) vs. GraphCLaRa (GC, adaptive K).

Best per metric in bold; ∆ uses unrounded F1.

Retrieval headroom Budget K⋆ (%)

Dataset retALL F1|all F1|miss 5 10 20

MuSiQue 15.2 0.469 0.222 97.8 0.1 2.1

2Wiki 39.5 0.550 0.347 88.0 12.0 0.0

NQ 26.4 0.553 0.570 36.8 3.7 59.6

HotpotQA 77.0 0.744 0.534 99.3 0.3 0.3

Table 4: Baseline retrieval headroom and

GraphCLaRa predicted-budget distribution. re-

tALL is the fraction of examples whose gold set lies

fully in the baseline top-5; F1|all/miss splits baseline

F1 by that event.

Two conditions must hold for a reranker before a

frozen reader to help. First, retrieval headroom: the

baseline must miss the full gold set often enough to

leave something to fix — on MuSiQue and 2Wiki it

retrieves all gold documents only 15.2% and 39.5%

of the time, headroom GraphCLaRa converts into

R@5 of 0.953 and 0.997. Second, retrieval must

matter, quantified by the gap F1 | all − F1 | miss,

large on MuSiQue (+0.247) and 2Wiki (+0.203):

when retrieval fails there the answer collapses, so

closing the gap translates directly into answer gains.

Both conditions hold on exactly the two datasets

where GraphCLaRa wins widest.

On the other two datasets one condition fails.

HotpotQA is retrieval-saturated (retALL = 77.0%

with a full-context baseline): the gold pair is al-

most always present, so there is little to recover

and compression can only remove evidence, while

the head’s collapse to K=5 on 99.3% of instances

(Table 4) compounds the loss: that top-5 keeps

both golds only 74.0% of the time (Table 5b),

and the weighted change 0.74× (+0.044)+ 0.26×
(−0.167) ≈ −0.011 reproduces the observed −1.1
F1, so compression helps only when it preserves

the full bridge. NQ shows the opposite failure:

retrieval is irrelevant to the answer, since F1 | all

(0.553) and F1 | miss (0.570) are indistinguishable.

GraphCLaRa’s NQ gain therefore cannot come from

reranking; Section 4.4.2 traces it to the budget head.

4.4.2 Decomposing the adaptive budget

The right block of Table 4 shows that the budget

head usually selects K=5 on the multi-hop sets:

88.0% on 2Wiki, 97.8% on MuSiQue, and 99.3%

on HotpotQA. This compression is useful when the

graph top-5 retains the evidence, as on MuSiQue and

2Wiki, but risky when the baseline is already satu-

rated, as on HotpotQA. NQ is different: the head

predicts K=20 on 59.6% of instances, often defer-

ring to the full-context baseline.

Table 5a decomposes the NQ gain by predicted

budget. The K=20 bucket is identical to the baseline

and contributes no F1 change; nearly all of the +2.5
F1 comes from the K=5 bucket, where a shorter,

reranked context appears to remove distractors rather

than recover missing gold evidence.
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(a) NQ gain by predicted

budget K⋆

K⋆ Inst. (%) BL F1 GC F1 ∆F1 Contrib.

5 36.8 0.548 0.615 +0.067 +0.025

10 3.7 0.652 0.673 +0.021 +0.001

20 59.6 0.571 0.571 +0.000 +0.000

(b) HotpotQA by

GC top-5 bridge retention

Subset Inst. (%) BL F1 GC F1

Keeps bridge 74.0 0.713 0.757

Drops ≥1 gold 26.0 0.646 0.479

Overall 100.0 0.695 0.685

Table 5: (a) NQ gain by predicted budget; “con-

trib.” is share-weighted ∆F1. (b) HotpotQA split by

whether GC keeps the full gold bridge: compression

helps when it survives but hurts sharply when a gold

is dropped.

4.4.3 Retrieval metrics decouple from answer

quality

A higher MRR does not translate into higher an-

swer F1 at a fixed rate, because a multi-hop an-

swer needs the entire bridge in context: promoting

one gold raises MRR without helping if its partner

stays outside the budget. This is why we treat end-

to-end F1 as primary and report coverage@5/all@5

on MuSiQue, where GraphCLaRa lifts coverage@5

from 0.49 to 0.71 and all@5 from 0.15 to 0.40 —

the gains come from recovering complete chains, not

single entry points.

4.5 Ablation: role of the graph attention

network

To isolate the contribution of graph propagation, we

retrain a −GAT variant whose ranking uses only the

content head (the GAT, its gate/residual heads, and

the graph-dependent losses are removed); all other

settings are identical and the frozen BGE cache is

shared, so the two models differ only in the graph

pathway. Table 6 reports the effect on the full evalu-

Full −GAT

Ranking

MuSiQue all@5 0.40 0.36

MuSiQue R@5 0.953 0.937

2Wiki P@5 0.446 0.430

NQ R@5 (single-hop) 0.932 0.951

Budget NQ share of K=20 (%) 59.6 0.0

Table 6: Ablating the GAT (ranking uses the con-

tent head alone). Graph propagation helps precisely

the multi-hop coverage metrics and is unnecessary

on single-hop NQ; it is also required for the adap-

tive budget head, which collapses to a constant K=5

without graph features.

ation set (retrieval-only, so no CLaRa call is needed).

Removing the GAT degrades exactly the multi-

hop coverage the reader depends on: MuSiQue

all@5 drops 0.40 → 0.36 and 2Wiki P@5 drops

0.446→ 0.430, whereas single-hop NQ is unaffected

— indeed marginally better without graph propa-

gation (R@5 0.932 → 0.951), consistent with the

headroom analysis that graph structure helps only

where multi-hop evidence must be assembled. The

GAT is also what makes the adaptive budget possi-

ble: its pooled features feed the budget head, and

without them the head degenerates to a constant,

predicting K=5 for every instance and never ab-

staining to the safety-equivalent K=20 — the NQ

K=20 share collapses from 59.6% to 0%, removing

the mechanism behind the NQ gain (Section 4.4.2).

The path-supervision and refinement terms instead

shape the graph for downstream reasoning rather

than first-stage ranking, so their effect is not visible

in retrieval-only metrics and we leave their end-to-

end evaluation to future work.

5 Limitations

The same analysis pinpoints three limitations.

9



Budget-head collapse. The hard target-weighted

proxy is dominated by K=5 labels once the ranker

warms up, so the head collapses to K=5 on the multi-

hop sets (99.3% on HotpotQA; Table 4), removing

the full-context fallback exactly where it is needed

and producing the −1.1 HotpotQA regression.

Proxy target is not downstream F1. The budget

head is supervised by a retrieval surrogate — the

smallest K covering the gold set — which keeps

training cheap (CLaRa is never invoked) but blind

to cases where a larger K would answer better.

Single baseline, no isolated budget ablation. The

comparison is only against the full-context CLaRa

reader; a BL@K control and stronger baselines such

as BM25 and cross-encoders are left for future work.

6 Conclusion

We presented GraphCLaRa, a lightweight (∼1.3M-

parameter) graph-based reranker with an adaptive

context-budget head that augments a frozen CLaRa-

7B-E2E reader. Casting the candidate pool as a

query-conditioned weighted graph and propagating

evidence with a multi-head GAT, it improves end-to-

end answer F1 on three of four benchmarks (+6.6 on

2Wiki, +6.4 on MuSiQue, +2.5 on NQ) and stays

within 1.1 F1 on the retrieval-saturated HotpotQA,

all with the reader frozen — showing that graph-

based evidence propagation and adaptive selection

complement latent-memory compression, especially

when answering depends on recovering complete ev-

idence chains. Natural next steps are downstream-

aware budget objectives, richer budget features, and

query decomposition that creates retrieval headroom.

Declarations

Funding

This research received no funding.

Data availability

The datasets analysed during the current study

are available in the apple/CLaRa multi stage

repository, https://huggingface.co/datasets/apple/

CLaRa multi stage. [39] This public release

provides the Natural Questions, HotpotQA,

2WikiMultiHopQA, and MuSiQue data used

in the gold-annotated with pos setting. The

original benchmark resources are also pub-

licly available at https://ai.google.com/research/

NaturalQuestions/, https://hotpotqa.github.io/,

https://github.com/Alab-NII/2wikimultihop, and

https://github.com/StonyBrookNLP/musique, re-

spectively. [40, 41, 42, 43]

Ethical Approval and accordance

Not applicable. This study is a secondary computa-

tional analysis of publicly available question answer-

ing benchmarks. Human annotation was performed

during the original benchmark creation, not as part

of this study. No new participants were recruited and

no new human annotation was commissioned for this

study.

Consent to participate

Not applicable. This study reused existing public

benchmark data and did not recruit human partici-

pants.

Consent to publish

Not applicable. This study does not report newly

collected participant data or identifiable information

about the original benchmark annotators.

Clinical trial number

Not applicable.

References

[1] Zhilin Yang, Peng Qi, Saizheng Zhang, Yoshua

Bengio, William Cohen, Ruslan Salakhutdinov,

and Christopher D. Manning. HotpotQA: A

10

https://huggingface.co/datasets/apple/CLaRa_multi_stage
https://huggingface.co/datasets/apple/CLaRa_multi_stage
https://ai.google.com/research/NaturalQuestions/
https://ai.google.com/research/NaturalQuestions/
https://hotpotqa.github.io/
https://github.com/Alab-NII/2wikimultihop
https://github.com/StonyBrookNLP/musique


dataset for diverse, explainable multi-hop ques-

tion answering. In Proceedings of the 2018

Conference on Empirical Methods in Natural

Language Processing, pages 2369–2380. As-

sociation for Computational Linguistics, 2018.

URL https://doi.org/10.18653/v1/D18-1259.

[2] Harsh Trivedi, Niranjan Balasubramanian,

Tushar Khot, and Ashish Sabharwal. Musique:

Multihop questions via single-hop question

composition. Transactions of the Associa-

tion for Computational Linguistics, 10:539–

554, 2022. URL https://doi.org/10.1162/tacl

a 00475.

[3] Patrick Lewis, Ethan Perez, Aleksandra Pik-

tus, et al. Retrieval-augmented generation

for knowledge-intensive NLP tasks. In Ad-

vances in Neural Information Processing Sys-

tems 33, pages 9459–9474. Curran Associates,

Inc., 2020.

[4] Jie He, Richard He Bai, Sinead Williamson,

Jeff Z. Pan, Navdeep Jaitly, and Yizhe Zhang.

CLaRa: Bridging retrieval and generation with

continuous latent reasoning, 2025. URL https:

//doi.org/10.48550/arXiv.2511.18659.

[5] Vladimir Karpukhin, Barlas Oguz, Sewon Min,

Patrick Lewis, Ledell Wu, Sergey Edunov,

Danqi Chen, and Wen-tau Yih. Dense pas-

sage retrieval for open-domain question an-

swering. In Proceedings of the 2020 Con-

ference on Empirical Methods in Natural

Language Processing (EMNLP), pages 6769–

6781. Association for Computational Linguis-

tics, 2020. URL https://doi.org/10.18653/v1/

2020.emnlp-main.550.

[6] Wenhan Xiong, Xiang Lorraine Li, Srini Iyer,

Jingfei Du, Patrick Lewis, William Yang

Wang, Yashar Mehdad, Wen-tau Yih, Sebas-

tian Riedel, Douwe Kiela, and Barlas Oğuz.
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