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Abstract

Reasoning-intensive retrieval is fundamentally
challenged when queries demand deep seman-
tic inference and arrive in multimodal form.
Existing systems treat each query in isolation,
rely on monolithic rerankers, and lack retriev-
ers trained for cross-modal reasoning. We
introduce MEMORA1, a Memory-Enhanced
Multimodal Orchestrated Reranking Agent
built around three contributions: (1) Collab-
orative Factor-Committee Reranking, which
decomposes queries into intent factors, ex-
tracts factor-specific evidence into a struc-
tured matrix, and synthesizes judgments via
a memory-conditioned meta-verdict model;
(2) an Episodic Memory Module that tracks
factor outcomes across queries and dynami-
cally adjusts priorities at inference time; and
(3) a Reasoning-Aware Dense Retriever fine-
tuned with chain-of-thought augmentation on
20k+ reasoning-intensive pairs. Evaluated on
MM-BRIGHT across 29 domains, MEMORA
achieves nDCG@10 of 41.5 (text-to-text) and
38.9 (multimodal query-to-text), outperforming
the strongest agentic text-only baseline by +8.3
points and the strongest agentic multimodal
baseline by +7.9 points.

1 Introduction

Retrieval systems are increasingly expected to han-
dle queries that demand genuine reasoning rather
than surface-level matching. This challenge is com-
pounded in real-world settings, where users com-
bine natural language with images — attaching
circuit diagrams to technical questions, screenshots
of error logs to debugging requests, or scientific
figures to research queries. In these settings, identi-
fying the relevant document requires understanding
what the image depicts, how it relates to the tex-
tual question, and which documents in the corpus

1Code and data are available: https://github.com/
HarnessLab/MEMORA.

collectively address both dimensions. Yet most re-
trieval systems are designed for text-only queries,
and those that support multimodal input lack the
reasoning capacity to handle this level of cross-
modal inference.

This gap is starkly exposed by MM-
BRIGHT (Abdallah et al., 2026), the first
benchmark for reasoning-intensive multimodal
retrieval. Despite significant advances in vision-
language models, the best multimodal encoder
achieves only 27.6 nDCG@10 on the multimodal-
to-text task — lower than the best text-only
retriever (32.2), meaning that adding visual
information actively hurts performance. This
counterintuitive result reveals three compounding
failure modes that existing approaches have not
addressed jointly: (a) Monolithic reranking:
existing rerankers apply a single, uniform reason-
ing pass over all candidates, regardless of how
heterogeneous the query’s underlying information
needs are; (b) Stateless retrieval: systems treat
every query independently, discarding accumulated
knowledge about which retrieval strategies succeed
or fail within a domain; and (c) Weak multimodal
grounding: standard dense encoders are not
trained to handle the abstract, cross-modal reason-
ing that multimodal queries demand, producing
embeddings where visual signals add noise rather
than signal. Prior work addresses at most one of
these failures in isolation (Sun et al., 2023; Weller
et al., 2025; Wang et al., 2023; Gao et al., 2023;
Zhang et al., 2024; Jiang et al., 2024).

We introduce MEMORA (Memory-Enhanced
Multimodal Orchestrated Reranking Agent), a uni-
fied agentic framework that addresses all three
failure modes jointly. As illustrated in Figure 1,
MEMORA operates through four tightly integrated
stages: (1) a Reasoning-Aware Dense Retriever
encodes queries enriched with chain-of-thought
traces to produce a high-quality initial candidate
pool; (2) an Episodic Memory Module retrieves
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similar past queries from domain memory and uses
accumulated factor outcome experience to decom-
pose the current query into prioritized intent fac-
tors; (3) a Collaborative Factor Committee is-
sues factor-specific subqueries, extracts targeted
evidence per candidate, and organizes judgments
into a bipartite factor-document evidence ma-
trix that a memory-conditioned meta-verdict model
consults to produce the final ranking; and (4) an
Adaptive Controller dynamically decides whether
to expand retrieval, invoke the judge, or stop based
on ranking margin and evidence support, making
MEMORA responsive to query difficulty rather
than fixed in its computation.

Our contributions are as follows:

• We identify three compounding failure modes
in reasoning-intensive multimodal retrieval —
monolithic reranking, stateless retrieval, and
weak multimodal grounding — and propose
MEMORA, a unified agentic framework that
addresses all three jointly (§3).

• We introduce Collaborative Factor-
Committee Reranking, in which query
intent is decomposed into factors, evidence
is extracted per factor and organized into
a bipartite factor-document graph, and a
memory-conditioned meta-verdict model
produces the final ranking (§3).

• We propose an Episodic Memory Module
that accumulates domain-specific factor out-
come experience across queries, dynamically
adjusting factor priorities at inference time
without retraining, and train a Reasoning-
Aware Dense Retriever on 20k+ reasoning-
intensive Stack Exchange pairs with CoT an-
notation and hard negatives (§3.2).

• The full MEMORA system achieves 41.5 and
38.9 nDCG@10 on MM-BRIGHT Tasks 1
and 2, outperforming the strongest agentic
text-only baseline by +8.3 points and the
strongest agentic multimodal baseline by +7.9
points (§5.1).

2 Related Work

Retrieval benchmarks and models. Early
benchmarks such as BEIR (Thakur et al., 2021) and
MTEB (Muennighoff et al., 2023) focus on surface-
level relevance, while BRIGHT (Su et al., 2025)

and RAR-b (Xiao et al., 2024) introduced reason-
ing as a core requirement, exposing sharp perfor-
mance drops. MM-BRIGHT (Abdallah et al., 2026)
extends this to the multimodal domain, with con-
current benchmarks MRMR (Zhang et al., 2025)
and ARK (Lin et al., 2026) confirming that vi-
sual and spatial reasoning remain persistent bot-
tlenecks. Dense retrievers such as E5 (Wang
et al., 2024), GritLM (Muennighoff et al., 2024),
and SFR-Embedding (Meng et al., 2024) perform
well under standard conditions but struggle un-
der reasoning pressure; ReasonIR (Shao et al.,
2025) and DiVeR (Sun et al., 2025) partially ad-
dress this through reasoning-aware training. Multi-
modal retrievers including VLM2Vec (Jiang et al.,
2024), GME (Zhang et al., 2024), and Nomic-
Vision (Nussbaum et al., 2024) extend dense re-
trieval to vision-language settings, yet their best
result of 27.6 nDCG@10 on MM-BRIGHT Task 2
still falls below the best text-only baseline, confirm-
ing that visual signals add noise without explicit
reasoning.

Reranking, query expansion, and memory.
LLM-based rerankers (Zhuang et al., 2023;
Pradeep et al., 2023) substantially outperform
dense retrieval alone; RankGPT (Sun et al., 2023)
pioneered listwise reranking, while Rank1 (Weller
et al., 2025) and RankR1 (Zhuang et al., 2025) fur-
ther incorporate chain-of-thought reasoning and
reinforcement learning. Query expansion meth-
ods (Gao et al., 2023; Wang et al., 2023; Lei et al.,
2025) and agentic systems (Trivedi et al., 2023;
Chen et al., 2026) improve recall through LLM-
generated subqueries and interleaved reasoning.
Memory-augmented approaches draw on episodic
experience for LLMs (Fountas et al., 2024), case-
based RAG (Wiratunga et al., 2024), and multi-
modal episode indexing (Xie et al., 2024). Despite
this progress, no prior work addresses all three
failure modes jointly: existing rerankers are mono-
lithic, retrievers are stateless, and no system uni-
fies episodic factor memory with committee-based
reranking under multimodal conditions.

3 Method

MEMORA is a memory-conditioned retrieval
agent that treats each query q = (t, x) — text t and
optional image x — as a composition of latent in-
tent factors. Given a corpus D = {dj}Nj=1, the goal
is to produce a ranking π(q) = (d(1), . . . , d(K))
that maximizes relevance to the full user intent.
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Figure 1: Overview of MEMORA. Given a multimodal query (t, x), the Episodic Memory Module retrieves domain-
specific prior experience to guide factor decomposition and candidate expansion. The Multimodal Reasoning-Aware
Dense Retriever produces an initial candidate pool, which is expanded via factor-specific subqueries. A factor
evidence extractor then builds a bipartite factor-document evidence graph, whose structured signals feed into a
memory-conditioned meta-verdict model for final ranking. An Adaptive Controller decides at each step whether to
expand retrieval, invoke the judge, or stop.

Unlike fixed prompt pipelines, MEMORA per-
sistently stores which factors helped or failed in
previous queries and uses this signal to guide both
retrieval and ranking.

3.1 Overview

The pipeline proceeds in four stages: (1) a
reasoning-aware dense retriever produces an ini-
tial candidate pool; (2) domain memory episodes
guide decomposition of the query into intent fac-
tors; (3) factor-specific subqueries expand the
pool and a factor-document evidence graph is con-
structed; (4) a factor-aware scorer ranks candidates,
with a memory-aware listwise judge invoked when
needed.

3.2 Reasoning-Aware Dense Retriever

Standard dense retrievers are not trained for the
deep semantic inference that reasoning-intensive
queries demand. We therefore train a dedicated
retriever on a purpose-built corpus of reasoning-
intensive pairs as the backbone of MEMORA.

Architecture. We adopt a bi-encoder built on
Qwen-Embedding. The query encoder ϕq pro-
duces q = ϕq(q) ∈ Rd; document embeddings

dj = ϕd(dj) are pre-computed offline. Retrieval
scores are:

s
(0)
j = q⊤dj . (1)

Training Data. We construct 20,000+
reasoning-intensive question–answer pairs
from Stack Exchange, where each question is
augmented with a GPT-4o chain-of-thought
annotation articulating the latent retrieval intent.
Hard negatives are mined via an initial BM25 pass.

Reasoning Signal. The query encoder receives
the concatenation [r; q], where r is the CoT anno-
tation, teaching it to embed latent retrieval intent
rather than surface features. At inference time the
encoder operates on the raw query alone, having
internalized this behavior during training.

Training. We fine-tune with in-batch and hard
negatives via InfoNCE:

L = − log
exp

(
q⊤d+/τ

)

exp(q⊤d+/τ) +
∑

j exp
(
q⊤d−

j /τ
) ,

(2)
where d+ is the positive document, d−

j are hard
negatives, and τ is a temperature hyperparameter.
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3.3 Initial Retrieval
The top-K0 documents scored by R form the ini-
tial candidate set C(0). For multimodal queries, R
consumes both t and x; for text-only queries, x is
omitted.

3.4 Domain Memory
For each domain c, MEMORA maintains an
episodic memory Mc = {ei}Tc

i=1. Each memory
entry stores the previous query, its factor graph,
evidence snippets, factor scores, factor outcomes,
and final reward:

ei =
(
qi, Gi, Si, ∆i, ri

)
. (3)

Here, Gi is the stored factor graph, Si contains
factor scores per document, and ∆i summarizes
which factors helped or failed.

Given a new query q, we retrieve the most similar
episodes from the same domain using a lightweight
hybrid similarity:

sim(q, ei) = λJ J
(
T (q), T (qi)

)
+(1−λJ) ρ(q, qi),

(4)
where T (·) extracts content tokens, J(·, ·) is Jac-
card similarity, and ρ(·, ·) is a string-level similar-
ity score. The top-Km episodes form the retrieved
memory set M(q) ⊆ Mc.

From M(q), we compute two types of priors.
The first is a document prior

mj =
1

|M(q)|
∑

ei∈M(q)

I[dj ∈ TopDocs(ei)],

(5)
which tracks documents that repeatedly appeared
in related episodes; this prior is only beneficial
when combined with factor outcome signals, as
it can otherwise introduce frequency bias toward
common documents over genuinely relevant ones
(see §5.3). The second is a factor prior: for each
factor label fk, memory returns a helpfulness prior
hk and a failure prior ℓk, estimated from previous
outcomes stored in ∆i.

3.5 Memory-Conditioned Factor
Decomposition

Instead of treating the query as a single unit, MEM-
ORA decomposes it into a small set of intent fac-
tors

F (q) = {f1, . . . , fK}. (6)

Each factor fk contains a factor name, a focused
factor question, a retrieval-oriented subquery, and

a priority score. The number of factors K is itself
adaptive: it is set by the controller based on the
number of memory hits |M(q)| and whether an
image is present, within the range [Kmin,Kmax].
The factor planner is conditioned on the query and
the retrieved memory summary, so the decomposi-
tion is informed by both the current input and past
domain experience. For multimodal queries, the
factor planner is additionally conditioned on a vi-
sual description of x produced by a vision-language
model (GPT-4o), enabling factors to explicitly ref-
erence visual content.

Let pk ∈ {1, . . . , 5} denote the planner’s initial
priority for factor fk. We then adjust this priority
using memory:

p̃k = clip
(
pk + I[hk > τ+]− I[ℓk > τ−], 1, 5

)
.

(7)
This simple rule increases the weight of factors that
have historically helped and suppresses factors that
repeatedly over-supported distractors.

3.6 Factor-Guided Retrieval Expansion
The initial pool C(0) may miss documents needed
by one specific factor. To improve recall, MEM-
ORA may issue factor-specific retrieval calls. For
factor fk, let zk denote its subquery. The retriever
returns

sexpj,k = R(zk, dj). (8)

We normalize all retrieval scores and combine the
initial retrieval, factor expansion, and memory prior
into a single candidate score:

ŝj = max
(
s̄
(0)
j , max

k
s̄expj,k

)
+ λmmj . (9)

The refined candidate set is then

C = TopKKc

(
{ŝj}Nj=1

)
. (10)

3.7 Factor Evidence Extraction
For each candidate document dj ∈ C and each
factor fk, an evidence extractor returns a factor
relevance score aj,k ∈ [0, 10] and a short evidence
snippet uj,k:

(aj,k, uj,k) = E(q, fk, dj). (11)

Scores are normalized within each factor:

āj,k =
aj,k

maxj′ aj′,k + ϵ
. (12)

This step yields factor-specific evidence rather than
a single opaque relevance judgment.
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3.8 Factor Evidence Graph

The core representation in MEMORA is a bipartite
graph G = (Vd, Vf , E), where document nodes
Vd = {dj} connect to factor nodes Vf = {fk}.
An edge (dj , fk) ∈ E carries two attributes: the
normalized factor score āj,k and the extracted snip-
pet uj,k. The edge weight wj,k = āj,k encodes
how strongly document dj satisfies factor fk, en-
abling the meta-verdict judge to consult structured
per-factor support rather than a single opaque rele-
vance score.

3.9 Factor-Aware Document Scoring

A good document should satisfy multiple factors
simultaneously. We therefore combine four signals:
average factor support, factor coverage, factor con-
sensus, and retrieval prior. For document dj , we
define

uj =
1

K

K∑

k=1

āj,k, (13)

cj =
1

K

K∑

k=1

I[āj,k ≥ τ ], (14)

vj = min
k

āj,k, (15)

where uj measures overall support, cj measures
how many factors are covered, and vj penalizes
documents that fail any single critical factor. The
final factor-based score is

sj = λu uj + λc cj + λv vj + λr ŝj , (16)

where the weights λu, λc, λv, λr balance structural
evidence against retrieval confidence.

3.10 Adaptive Controller

MEMORA does not execute the same action se-
quence for every query. Instead, an adaptive con-
troller decides whether to expand retrieval, invoke
the final judge, or stop. At step t, the controller ob-
serves a compact state vector zt ∈ R5: normalized
ranking margin, memory hit ratio, mean evidence
support, Spearman correlation between retriever-
based and factor-based rankings, and a binary im-
age indicator. The action is selected as

at = argmax
a∈A

ga(zt), ga(zt) = w⊤
a zt + ba,

(17)
where A = {expand, judge, stop}. The weights
wa and biases ba are set by cross-validation on
a held-out development split. The linear form is

intentional: it is interpretable, adds negligible infer-
ence overhead, and can be replaced with a learned
policy in future work.

3.11 Memory-Aware Final Ranking and
Memory Update

When ambiguity remains after factor scoring,
MEMORA invokes a listwise meta-verdict judge
that receives the query, optional image, top candi-
date documents, the factor evidence graph, and the
retrieved memory summary. The judge consults the
factor graph rather than raw documents alone, keep-
ing the final ranking grounded in explicit structured
evidence.

After ranking, MEMORA computes which fac-
tors were useful and writes this signal back to mem-
ory. For factor fk, let µ+

k and µ−
k denote the aver-

age factor scores over relevant documents D+ and
non-relevant candidates D−:

µ±
k =

1

|D±|
∑

dj∈D±
āj,k. (18)

The helpfulness and failure signals are then:

δ+k = max(0, µ+
k − µ−

k ),

δ−k = max(0, µ−
k − µ+

k ).
(19)

These are written back to domain memory as the
helpfulness and failure priors hk and ℓk for future
queries, closing the memory loop illustrated in Fig-
ure 1.

4 Experiments

4.1 Dataset
We evaluate on MM-BRIGHT (Abdallah et al.,
2026), the first reasoning-intensive multimodal
retrieval benchmark, comprising 2,803 queries
across 29 technical domains in four categories
(STEM & Life Sciences, Software & Technical Sys-
tems, Social Sciences & Humanities, and Applied
Domains) over a corpus of 2.5M documents from
Stack Exchange. We evaluate on Task 1 (text-to-
text) and Task 2 (multimodal query-to-text, where
queries include diagrams, charts, and screenshots),
using nDCG@10 as the primary metric.

To prevent training-test contamination, we con-
structed MEMORA-R’s training set by excluding
all Stack Exchange threads whose post IDs appear
in the MM-BRIGHT document corpus, as well
as any threads posted after the benchmark’s data
collection cutoff. The resulting training split is
temporally and ID-disjoint from both the retrieval
corpus and the query set used for evaluation.
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Table 1: Task 1 (text-to-text) nDCG@10 per domain across 29 MM-BRIGHT domains. Each retriever is paired
with SelfRAG, Search-o1, and MEMORA as reranking layers.

Domain BM25 BM25+
SelfRAG

BM25+
Search-o1

BM25+
Memora E5 E5+

SelfRAG
E5+

Search-o1
E5+

Memora DiVeR DiVeR+
SelfRAG

DiVeR+
Search-o1

DiVeR+
Memora

STEM & Life Sciences

Acad 9.1 11.1 10.5 15.2 24.6 26.6 30.1 35.7 31.6 34.0 37.2 44.9
Bio 4.8 6.4 7.5 10.4 18.2 21.4 27.1 36.1 27.7 32.5 40.0 54.3
Chem 7.8 8.8 10.2 11.8 25.4 26.6 28.8 32.1 33.8 35.2 32.8 41.8
Phys 4.0 5.3 6.2 10.2 14.6 15.1 15.9 17.1 19.9 20.0 20.2 20.6
Math 2.0 3.1 4.9 10.5 18.1 19.3 21.4 24.6 34.2 35.0 32.5 38.8
Earth 4.7 5.8 7.5 11.1 29.1 31.0 34.4 39.7 34.6 36.7 40.4 46.2
BioAc 8.5 10.2 15.1 18.1 20.5 21.8 24.0 27.5 27.4 28.4 30.1 32.9
BioInf 5.3 6.4 8.4 10.5 18.9 19.1 19.4 19.8 32.7 32.7 31.7 29.3
Med 12.6 13.2 11.2 15.4 34.7 36.1 38.7 42.7 36.1 37.6 40.2 44.4

Software & Technical Systems

Apple 1.0 2.0 5.1 7.2 24.8 24.9 25.1 25.3 22.8 23.0 21.3 23.8
Ubuntu 17.4 15.1 20.0 22.0 29.0 29.8 31.2 33.3 44.6 45.3 43.5 48.5
BTC 3.3 4.3 5.1 7.0 32.4 33.1 34.4 36.4 30.4 31.1 31.4 34.4
Crypto 0.8 3.1 6.2 8.7 10.2 10.7 11.5 12.8 24.3 24.3 21.3 18.9
GIS 1.3 2.1 4.5 10.5 25.0 25.0 25.0 25.0 31.7 31.7 30.7 28.4
QC 3.8 4.2 6.2 12.5 11.4 11.7 12.4 13.3 13.0 13.1 11.2 13.5
Robot 5.0 6.0 9.7 11.8 20.2 20.8 21.8 23.5 33.4 33.4 30.5 33.6
Sales 3.9 4.8 3.1 12.1 25.7 27.7 31.2 36.7 38.6 40.9 41.9 51.2

Social Sciences & Humanities

Econ 4.0 5.0 6.1 9.8 27.7 29.2 31.7 35.8 31.9 33.4 31.1 40.4
Psych 5.3 5.4 7.9 10.7 22.8 24.4 27.3 31.8 29.3 31.2 31.5 39.7
Phil 4.1 5.3 7.7 15.2 21.3 22.8 25.4 29.4 17.4 19.0 20.8 26.2
Law 6.2 7.5 10.1 14.9 50.2 52.4 56.3 62.4 52.3 54.5 54.5 64.7
Christ 30.3 20.1 25.1 35.1 29.9 30.7 32.0 34.1 35.2 37.4 40.2 47.3
Islam 9.8 10.2 12.8 17.2 27.5 28.1 29.2 31.0 34.9 35.2 31.8 36.7

Applied Domains

Aviat 1.1 2.2 7.1 6.8 21.9 22.6 24.0 26.1 29.5 30.1 30.3 33.1
Game 36.0 32.1 40.2 41.0 42.1 44.5 48.9 55.7 50.4 54.9 50.0 75.6
PM 18.0 17.0 15.1 20.7 31.0 31.0 31.0 31.0 40.4 35.4 30.4 37.8
Sustain 11.2 12.0 15.1 19.2 30.6 32.4 35.7 40.7 34.8 30.7 35.1 45.4
Travel 22.2 23.4 25.1 24.8 24.8 25.6 27.1 29.4 38.3 40.9 41.6 53.0
Quant 2.3 5.1 7.2 10.1 22.5 24.3 27.5 32.4 23.2 25.0 28.2 33.2

Avg. 8.5 8.9 11.1 14.8 25.3 26.5 28.6 31.8 32.2 33.2 33.2 39.3

4.2 Experimental Setup

The retriever was trained on 4×H100 80GB GPUs
with distributed data-parallel training (bf16). All
LLM calls — factor decomposition, evidence ex-
traction, and the meta-verdict judge — use GPT-
4o, with GPT-4o Vision generating image descrip-
tions for multimodal queries. Document embed-
dings are cached and reused across runs. Unless
stated otherwise, we use K0=50, Kc=30, K=10,
Kmin=2, Kmax=5 (default N=3), Km=4,
λm=0.1, (λu, λc, λv, λr)=(0.4, 0.3, 0.2, 0.1), and
LLM temperature 0.2 / 0.0 for evidence extraction
and the judge.

4.3 Baselines

Retriever Baselines. For Task 1: BM25 (sparse),
E5-Mistral-7B (Wang et al., 2024) (dense), and
DiVeR (Sun et al., 2025) (reasoning-aware, state-
of-the-art on BRIGHT). For Task 2 we addition-
ally evaluate multimodal retrievers BGE-VL (Zhou
et al., 2024), CLIP (Radford et al., 2021), and

BGE-VL CLIP NOMIC
0

10

20

30

40

15.8 16.0

34.9

nD
C

G
@

10

Base +SelfRAG +Search-o1 +MEMORA

Figure 2: Task 2 average nDCG@10 across 29 MM-
BRIGHT domains. MEMORA consistently outper-
forms SelfRAG and Search-o1 across all three multi-
modal base retrievers. Full per-domain results in Ap-
pendix A.

Nomic-Vision (Nussbaum et al., 2024) (best pub-
lished Task 2 result: 27.6 nDCG@10).

Agentic Reranking Baselines. Each retriever is
paired with SelfRAG (Asai et al., 2023), which
selectively retrieves and critiques passages, and
Search-o1 (Li et al., 2025), which combines iter-
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Table 2: Component analysis of MEMORA. All config-
urations use DiVeR (Task 1) and Nomic-Vision (Task 2)
as base retrievers.

Configuration nDCG@10 T1 nDCG@10 T2

Base retriever only 32.2 27.6
+ Factor decomposition only 33.5 28.9
+ Factor expansion 34.6 30.4
+ Evidence graph + factor scoring 36.8 32.2
+ Episodic memory 36.4 33.1
+ Meta-verdict judge 37.9 33.9
Full MEMORA (+ adaptive controller) 39.3 34.9

w/o episodic memory 35.5 30.3
w/o factor expansion 34.4 33.4
w/o meta-verdict judge 35.5 31.5
w/o adaptive controller 36.7 32.1

ative search with chain-of-thought reasoning, to
isolate MEMORA’s agentic contribution from the
underlying retriever.

4.4 Main Results

Task 1: Text-to-text retrieval. Table 1 reports
nDCG@10 across all 29 domains. MEMORA con-
sistently improves over every base retriever: +6.3
points over BM25 (8.5 → 14.8), +6.5 over E5-
Mistral-7B (25.3 → 31.8), and +7.1 over DiVeR
(32.2 → 39.3), the strongest text-only result, out-
performing the next best agentic reranker Search-o1
by +6.1 points. Gains are largest where domain-
specific factor memory provides most leverage:
Gaming (+25.2), Travel (+14.7), and Law (+12.4).
The only exception is Crypto (DiVeR+MEMORA:
18.9 vs. DiVeR: 24.3), where cryptocurrency termi-
nology causes the factor planner to generate over-
lapping subqueries with low discriminative power.

Task 2: Multimodal query-to-text retrieval. Ta-
ble 8 reports Task 2 results. CLIP (10.4) and
BGE-VL (10.0) perform far below text-only DiVeR
(32.2), confirming that standard vision-language en-
coders fail under reasoning pressure. MEMORA
substantially recovers this gap: paired with Nomic-
Vision (27.6), it reaches 34.9 (+7.3 over base, +3.9
over Search-o1); CLIP+MEMORA (16.0) nearly
doubles CLIP alone. Gains are strongest in STEM
domains requiring cross-modal reasoning (Math-
ematics: 34.0 → 42.5; Bioinformatics: 33.8 →
42.2) and GIS, where visual-spatial factor decom-
position proves particularly effective (Nomic: 25.8
→ 32.2).

Component analysis. Table 2 traces each com-
ponent’s contribution (DiVeR / Nomic-Vision as
base retrievers). Factor decomposition alone yields

Table 3: Standalone retriever comparison on MM-
BRIGHT (nDCG@10). MEMORA-R is evaluated
without any agentic reranking.

Model Type T1 ∆ T1 T2 ∆ T2

BM25 Sparse 8.5 −23.7 – –
Contriever Dense 20.1 −12.1 – –
E5-Mistral-7B Dense 25.3 −6.9 – –
GritLM-7B Dense 25.3 −6.9 – –
SFR-Embedding Dense 26.9 −5.3 – –
ReasonIR Reasoning 28.6 −3.6 – –
DiVeR Reasoning 32.2 0.0 – –

CLIP Vision-Lang – – 10.4 −17.2
BGE-VL Vision-Lang – – 10.0 −17.6
GME VLM – – 22.0 −5.6
Nomic-Vision VLM – – 27.6 0.0

MEMORA-R (ours) Ours 34.1 +1.9 33.4 +5.8

modest gains (+1.3 T1/T2); factor-guided expan-
sion adds +1.1/+1.5 by surfacing domain-specific
documents missed by the base retriever. The largest
single gain comes from the evidence graph and fac-
tor scoring (+2.2 T1, +1.8 T2). Episodic memory
contributes more on T2 (+0.9) than T1 (+0.4),
reflecting its value for cross-modal factor prioriti-
zation. The meta-verdict judge (+1.5/+0.8) and
adaptive controller (+1.4/+1.0) complete the sys-
tem. Removing any single component degrades
performance, with episodic memory and the meta-
verdict judge being the most critical.

Table 4: Training ablation of MEMORA-R. Each row
adds one ingredient on top of the previous. ∆ is cumula-
tive gain over the contrastive FT baseline. nDCG@10.

Configuration T1 ∆ T1 T2 ∆ T2

Base Qwen-Embedding (no fine-tuning) 24.3 – 25.1 –
+ Contrastive FT (InfoNCE, baseline) 28.1 0.0 28.9 0.0
+ Hard negative mining 31.1 +3.0 30.7 +1.8
+ Reasoning trace augmentation 32.8 +4.7 31.8 +2.9

Full MEMORA-R 34.1 +6.0 33.4 +4.5

5 Additional Studies

5.1 Standalone Retriever Evaluation

Table 3 evaluates MEMORA-R before any agentic
reranking. It achieves 34.1 T1 (+1.9 over DiVeR)
and 33.4 T2 (+5.8 over Nomic-Vision) — notably,
as a text-only encoder at inference time, it outper-
forms all dedicated multimodal retrievers, confirm-
ing that CoT-augmented training captures latent
multimodal intent without direct visual encoding.
Using MEMORA-R as the first-stage retriever, the
full system achieves 41.5 T1 and 38.9 T2, outper-
forming the best agentic baselines by +8.3 and
+7.9 points respectively (Table 7, Appendix B).
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Table 5: nDCG@10 as a function of episodic memory
depth. Results with MEMORA-R as base retriever.

Episodes stored T1 nDCG@10 T2 nDCG@10

0 (no memory) 35.5 30.3
1–10 36.1 32.1
11–25 37.2 33.5
26–50 37.4 33.6
>50 41.5 38.9

Table 6: Memory signal decomposition. Each row ac-
tivates a different subset of the episodic memory sig-
nals; all other MEMORA components are held fixed.
nDCG@10 with MEMORA-R.

Memory signals used T1 T2

No memory 35.5 30.3
Document prior only (mj) 33.4 28.1
Factor prior only (hk, ℓk) 34.6 30.4
Memory summary → decomposition only 36.5 31.9
Memory summary → meta-judge only 35.7 32.0
All memory signals (full MEMORA) 41.5 38.9

5.2 Retriever Training Ablation

Table 4 isolates each training ingredient. The zero-
shot Qwen-Embedding baseline (24.3 T1, 25.1 T2)
already shows reasonable capability; contrastive
fine-tuning on Stack Exchange pairs brings the
first substantial gain (+3.8 T1/T2). Hard nega-
tive mining adds +3.0/+1.8 by forcing the encoder
to distinguish semantically similar but non-relevant
documents, and reasoning trace augmentation con-
tributes a further +1.7/+1.1 by conditioning on
CoT annotations that articulate latent retrieval in-
tent. Each ingredient provides an additive benefit,
yielding +6.0 T1 and +4.5 T2 over the contrastive
FT baseline for the full MEMORA-R.

5.3 Memory Effectiveness Analysis

To evaluate memory depth without leakage, we
split each domain’s queries chronologically: the
first 80% form the warm-up pool whose episodes
are written before test time, and the remaining 20%
are held out as test queries. Table 5 reports per-
formance as a function of the number of warm-
up episodes available per domain, showing mono-
tonic improvement from 35.5/30.3 (no memory) to
41.5/38.9 (>50 episodes). The largest gains accrue
on T2 (+8.6), confirming that episodic memory is
especially valuable for cross-modal queries where
factor priorities are harder to set without prior do-
main experience. Domains with dense query pop-
ulations — Law, Gaming, Travel, and Biology —
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Figure 3: T1 nDCG@10 (blue, left axis) and LLM API
calls per query (red dashed, right axis) as a function of
the number of intent factors N . Performance improves
monotonically but LLM calls grow super-linearly, as
each additional factor requires evidence extraction and
subquery retrieval calls across all candidates.

benefit most, with individual gains exceeding +10
nDCG@10 at full memory depth.

Table 6 decomposes memory signals. The docu-
ment prior alone (mj) slightly hurts performance
(T1: 33.4 vs. 35.5; T2: 28.1 vs. 30.3), as it
boosts documents that appeared frequently in past
episodes regardless of whether those retrievals
were successful, introducing a frequency bias to-
ward common documents over genuinely relevant
ones. The factor prior (hk, ℓk) consistently helps
by conditioning on outcome signals rather than ap-
pearance counts, and routing the memory summary
to factor decomposition provides the single largest
individual gain (36.5 T1, 31.9 T2) — confirming
that prior experience is most valuable when shaping
which factors are generated rather than adjusting
downstream scoring alone.

5.4 Analysis

Effect of intent factor count. Figure 3 plots T1
nDCG@10 and LLM API calls per query as a func-
tion of the number of intent factors N . Perfor-
mance improves monotonically from 32.7 at N = 1
to 47.6 at N = 5, confirming that richer intent de-
composition consistently benefits retrieval quality.
However, LLM API calls grow super-linearly with
N — from 4 calls at N = 1 to 25 at N = 5
— because each additional factor incurs evidence
extraction and subquery retrieval across the full
candidate pool. We therefore adopt N = 3 as the
default, which recovers 87.2% of the N = 5 gain
at 44% of the inference cost, representing the best
nDCG@10-to-cost operating point on this curve.
Sensitivity analyses of candidate pool size K0 and
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failure mode analysis are provided in Appendix C.

6 Conclusion

We presented MEMORA, a memory-enhanced
multimodal reranking agent addressing three com-
pounding failures in reasoning-intensive retrieval:
monolithic reranking, stateless retrieval, and weak
multimodal grounding. MEMORA achieves 41.5
and 38.9 nDCG@10 on MM-BRIGHT Tasks 1
and 2, outperforming the strongest agentic text-
only baseline by +8.3 points and the strongest
agentic multimodal baseline by +7.9 points across
all 29 domains. Future work will explore ro-
bust factor generation under lexically ambiguous
queries and cross-domain memory transfer for low-
resource settings.

Limitations

MEMORA relies on GPT-4o for factor decompo-
sition, evidence extraction, and the meta-verdict
judge, which introduces API cost and latency that
may limit deployment in low-resource settings.
The episodic memory requires a warm-up period of
>50 queries per domain before yielding its largest
gains, making it less effective for rare or newly-
added domains. The Reasoning-Aware Dense Re-
triever is trained on Stack Exchange data and may
not generalize equally to domains with substan-
tially different writing styles. Finally, the adap-
tive controller uses a fixed linear decision rule that,
while interpretable, may be suboptimal compared
to a learned policy.
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A Per-Domain Task 2 Results

Figure 2 summarizes Task 2 results (full per-
domain breakdown in Table 8, Appendix A) across
all 29 MM-BRIGHT domains. Each multimodal
base retriever (BGE-VL, CLIP, Nomic-Vision) is
paired with SelfRAG, Search-o1, and MEMORA
as reranking layers. MEMORA consistently im-
proves over both agentic baselines across all do-
mains and retrievers, with the largest gains in Law
(Nomic: 47.6 → 59.5), Gaming (Nomic: 43.1 →
53.9), and Mathematics (Nomic: 34.0 → 42.5).
The only domain where gains are modest across all
retrievers is Quantum Computing, where the sparse
query population limits the episodic memory’s abil-
ity to accumulate reliable factor priors.

Table 7: Full end-to-end system performance.
nDCG@10 averaged over 29 domains. T1 = text-to-
text; T2 = multimodal query-to-text.

Configuration T1 nDCG@10 T2 nDCG@10

DiVeR (best published text retriever) 32.2 –
Nomic-Vision (best published MM retriever) – 27.6

DiVeR + SelfRAG 33.2 –
DiVeR + Search-o1 33.2 –
Nomic + SelfRAG – 29.0
Nomic + Search-o1 – 31.0

DiVeR + MEMORA 39.3 –
Nomic + MEMORA – 34.9
MEMORA-R + MEMORA 41.5 38.9

B Full System Results with Trained
Backbone

Table 7 reports end-to-end performance when
MEMORA-R is used as the first-stage retriever
instead of a third-party backbone. The full sys-
tem achieves 41.5 T1 and 38.9 T2, adding +2.2
T1 and +4.0 T2 over the best third-party pairings
(DiVeR+MEMORA: 39.3; Nomic+MEMORA:
34.9), confirming that the reasoning-aware retriever
and agentic reranking framework are synergistic.

C Analysis

Effect of candidate pool size. Figure 4 shows
T1 nDCG@10 as a function of K0. Performance
increases from 38.0 (K0 = 25) to 41.5 (K0 =
50) and 43.0 (K0 = 75), with diminishing returns
beyond the default K0 = 50. The +3.5 gain from
25 to 50 reflects a higher-quality candidate pool
for the factor committee, while the smaller +1.5
gain from 50 to 75 suggests marginal documents at
larger pool sizes add noise to evidence extraction.
We adopt K0 = 50 as the default.
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Figure 4: T1 nDCG@10 as a function of the initial
candidate pool size K0. Performance improves con-
sistently with larger pools, with diminishing returns
beyond K0 = 50 (default). Results with MEMORA-R
+ full MEMORA on MM-BRIGHT.

Failure modes. Two recurring patterns emerge
from per-domain results. First, high-ambiguity
domains — Crypto (T1: 18.9 vs. base 24.3) and
GIS (T1: 28.4 vs. 31.7) — see MEMORA un-
derperform the base retriever, as the factor plan-
ner generates semantically overlapping subqueries
that introduce noise rather than diversity. Sec-
ond, low-resource domains with fewer than 10
stored episodes (e.g., Quantum Computing, Phi-
losophy) show modest memory gains, confirming
that episodic memory requires sufficient query vol-
ume to learn reliable factor priors. Both failure
modes point to natural future directions: more ro-
bust factor generation under ambiguous queries,
and cross-domain memory transfer to bootstrap
low-resource domains.
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Domain BGE-VL BGE-VL+
SelfRAG

BGE-VL+
Search-o1

BGE-VL+
Memora CLIP CLIP+

SelfRAG
CLIP+

Search-o1
CLIP+

Memora NOMIC NOMIC+
SelfRAG

NOMIC+
Search-o1

NOMIC+
Memora

STEM & Life Sciences

Acad 4.2 4.5 5.1 9.2 4.8 5.2 5.8 8.0 22.6 23.7 25.3 30.2
Bio 5.7 6.2 7.0 10.4 14.8 16.0 17.8 21.5 26.9 28.2 30.1 33.6
Chem 10.8 11.7 13.2 16.0 9.6 10.4 11.5 13.9 30.6 32.1 34.3 38.2
Phys 6.8 7.3 8.3 11.1 6.1 6.6 7.3 10.8 17.2 18.1 19.3 21.5
Math 13.1 14.1 16.0 19.4 17.9 19.3 21.5 26.0 34.0 35.7 38.1 42.5
Earth 10.1 10.9 12.3 14.9 10.9 11.8 13.1 15.8 30.1 31.6 33.7 37.6
BioAc 13.3 14.4 16.2 20.7 11.4 12.3 13.7 16.5 23.4 24.6 26.2 29.2
BioInf 11.6 12.5 14.2 18.2 9.4 10.2 11.3 13.6 33.8 35.5 37.9 42.2
Med 12.6 13.6 15.4 18.6 9.8 10.6 11.8 14.2 33.9 35.6 38.0 42.4

Software & Technical Systems

Apple 7.2 7.8 8.8 12.7 12.3 13.3 14.8 17.8 28.7 30.1 32.1 35.9
Ubuntu 11.6 12.5 14.2 17.2 5.5 5.9 6.6 11.0 34.3 36.0 38.4 42.9
BTC 8.9 9.6 10.9 15.2 8.3 9.0 10.0 12.0 22.7 23.8 25.4 28.4
Crypto 11.3 12.2 13.8 16.7 14.8 16.0 17.8 21.5 22.4 23.5 25.1 28.0
QC 4.5 4.9 5.5 10.7 2.6 2.8 3.1 8.8 12.1 12.7 13.6 18.1
Robot 16.1 17.4 19.6 23.8 10.6 11.4 12.7 15.4 30.3 31.8 33.9 37.9
Sales 14.2 15.3 17.3 21.0 2.3 2.5 2.8 9.3 26.2 27.5 29.3 32.8
GIS 13.8 14.9 16.8 20.4 13.1 14.1 15.7 19.0 25.8 27.1 28.9 32.2

Social Sciences & Humanities

Econ 9.5 10.3 11.6 14.1 6.0 6.5 7.2 10.7 21.1 22.2 23.6 28.4
Psych 6.4 6.9 7.8 10.5 8.7 9.4 10.4 12.6 23.9 25.1 26.8 29.9
Phil 2.4 2.6 2.9 7.6 5.4 5.8 6.5 10.8 21.7 22.8 24.3 27.1
Law 10.2 11.0 12.4 15.1 19.7 21.3 23.6 28.6 47.6 50.0 53.3 59.5
Christ 8.9 9.6 10.9 13.2 15.0 16.2 18.0 21.8 30.9 32.4 34.6 38.6
Islam 12.0 13.0 14.6 17.8 10.7 11.6 12.8 15.5 28.9 30.3 32.4 36.1

Applied Domains

Aviat 9.6 10.4 11.7 15.2 15.4 16.6 18.5 22.3 24.1 25.3 27.0 32.1
Game 17.5 18.9 21.3 25.9 19.1 20.6 22.9 27.7 43.1 45.3 48.3 53.9
PM 8.6 9.3 10.5 13.7 8.9 9.6 10.7 12.9 27.6 29.0 30.9 34.5
Sustain 10.1 10.9 12.3 17.9 9.0 9.7 10.8 13.0 24.7 25.9 27.7 31.9
Travel 10.1 10.9 12.3 18.9 16.1 17.4 19.3 23.3 36.7 38.5 41.1 45.9
Quant 8.1 8.7 9.9 12.0 2.1 2.3 2.5 10.0 16.2 17.0 18.1 20.2

Average 10.0 10.8 12.2 15.8 10.4 11.2 12.4 16.0 27.6 29.0 31.0 34.9

Table 8: Task 2 (multimodal query-to-text) nDCG@10 per domain across 29 MM-BRIGHT domains. Queries
include images such as diagrams, charts, and screenshots paired with natural language questions. Each multimodal
retriever is paired with SelfRAG, Search-o1, and MEMORA as reranking layers.
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