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Calendar check reveals the Legal
Consultation from 09:00–12:00 at
City Hall every Wed.

Docx metadata from past weeks shows that the user
is at the LAB office from 14:00 to 17:00 every Wed.
NextWednesday, the user should attend LAB 5.

Every Wednesday night, the
“Church” folder updates with the
same subfolder structure, showing
the community's weekly activities.

Based on past patterns, the user’s Wednesday
typically includes a morning court session,
afternoon lab, and evening church visit.

(b) User’s Multimodal Personalized Contextual Agent (a) User’s Personal Computer

Church

Fig. 1: Overview of task in HippoCamp benchmark. HippoCamp is a benchmark
designed to evaluate agents’ ability to search, perceive, and reason over long-term,
realistic, large-scale personal file systems. It instantiates profile-local multimodal file-
system environments containing tens of gigabytes of profile-specific assets across diverse
modalities. Through tasks that demand grounded retrieval, cross-file pattern inference,
and long-horizon reasoning, the benchmark rigorously evaluates the personalized
multimodal memory of contextual agents.

Abstract. We present HippoCamp, a new benchmark designed to eval-
uate agents’ capabilities on multimodal file management. Unlike exist-
ing agent benchmarks that focus on tasks like web interaction, tool-
use, or software automation in generic settings, HippoCamp evaluates
agents in user-centric environments to model individual user profiles
and search from massive personal files for context-aware reasoning. Our
benchmark instantiates device-scale file systems over real-world profiles
spanning diverse modalities, comprising 42.4 GB of data across over
2K heterogeneous files. Building upon the raw files, we construct 581
QA pairs to assess agents’ capabilities in search, evidence perception,
and multi-step reasoning. To facilitate fine-grained analysis, we pro-
vide 46.1K fine-grained trajectory annotations for step-wise failure di-
agnosis. We evaluate a wide range of state-of-the-art multimodal large
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language models (MLLMs) and agentic methods on HippoCamp. Our
comprehensive experiments reveal a significant performance gap: even
the most advanced commercial models achieve merely a 48.3% accu-
racy in user profiling, struggling particularly with long-horizon retrieval
and cross-modal reasoning within dense personal file systems. Further-
more, our step-wise failure diagnosis identifies multimodal perception
and evidence grounding as the primary bottlenecks. Ultimately, Hip-
poCamp exposes the critical limitations of current agents in realistic,
user-centric environments and provides a robust foundation for develop-
ing next-generation personal AI assistants. Our dataset is publicly avail-
able at: https://huggingface.co/datasets/MMMem-org/HippoCamp.

Keywords: Multimodal Agents · File-System · Contextual Benchmark-
ing · Personalized Memory

1 Introduction

The rise of large multimodal models (LMMs) and agentic systems has accelerated
progress toward intelligent assistants capable of operating across perception,
reasoning, and action [38, 51, 55]. A natural and impactful application of such
systems lies in personalized digital environments [45], where agents manage,
retrieve, and reason over users’ heterogeneous digital assets [23]. Unlike web-
based or task-specific agents [27, 47, 56], personalized agents operating in local
digital environments must navigate continuously evolving devices composed
of multimodal files, diverse formats, and long-term behavioral traces [43, 49].
Reasoning in such contexts requires integrating perception across modalities
with retrieval and reflection over past interactions, paralleling the role of the
human hippocampus in contextual memory consolidation and recall.

However, despite recent progress in long-context reasoning and multimodal
retrieval [24], there remains no standardized benchmark for evaluating an agent’s
ability to understand, recall, and reason over massive, personalized, multimodal
file systems. While recent efforts address document-level multimodal retrieval [9]
or personalized tool-use planning [52], none target the scale and heterogeneity of
personal computing environments. Existing evaluations predominantly target
general domains such as web automation [15, 19, 36], code generation [58],
document understanding [31], or embodied planning [35], while neglecting
the rich information encoded in personalized file systems. Although these
benchmarks have advanced perception and tool-use capabilities, they operate
in isolated, goal-specific scenarios detached from the user’s personal context.
Consequently, they fail to capture the long-term continuity, complex cross-
referencing and validation across interrelated multimodal files over time, and
the personalized reasoning required for realistic personal computing.

To fill this gap, we introduce HippoCamp, a benchmark for evaluating
memory-augmented agents in realistic personal computing environments, as il-
lustrated in Fig. 1. HippoCamp constructs three high-density archetypal personal
file systems from real-world personal-device artifacts. Rather than serving as de-
mographic samples or a literal three-way categorization of personal-computing

https://huggingface.co/datasets/MMMem-org/HippoCamp
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users, these environments are archetypal instantiations of a high-dimensional
profile space. Together, they expose device-scale file-system challenges such as
deep hierarchical organization, heterogeneous long-tail file formats, and cross-
modal evidence dependencies. The benchmark encompasses two diagnostic task
categories that mirror authentic computer usage: factual retention and profiling.
Each task demands agentic behaviors integrating search, perception, and
reasoning, enabling systematic evaluation of personalized multimodal intelli-
gence. In summary, HippoCamp makes three main contributions:

1. Personal file-system environments. We construct profile-local, device-
scale file systems through three distinct, file-intensive profiles. This design
captures long-term continuity, idiosyncratic folder structures, and the inter-
connected nature of real-world personal file systems.

2. Device-scale corpus with dense supervision. We provide a massive
dataset comprising over 2000 heterogeneous files (totaling 42.4 GB), accom-
panied by 581 user-need-driven, evidence-grounded queries. To support di-
agnostic analysis, we provide 46.1K fine-grained annotations, including file
grounding, localized evidence, rationale steps, capability labels, and atomic
units; these fields support evidence-level evaluation and step-wise failure di-
agnosis rather than constituting additional evaluation questions.

3. Diagnostic agent capability evaluation. We formulate a rigorous
question-answering benchmark built on two core task categories: factual
retention: retrieving specific information, and profiling : inferring user-level
patterns, constraints, routines, and preferences. These tasks go beyond
simple retrieval, requiring agents to combine file-system search, multimodal
evidence perception, and personalized reasoning across interrelated files over
time.

2 Related Works

Benchmarks for Multimodal Contextual Agents. Contextual retrieval
benchmarks span from text-centric datasets [11, 32, 40, 54] to multimodal and
agentic settings driven by richer evidence needs. MultimodalQA [39] supports
cross-modal grounding over text, images, and tables, while WebQA [4] studies
retrieval from distractor-containing candidate pools. Document benchmarks such
as M3DocRAG [6] and MMDocRAG [10] emphasize fine-grained selection under
noise. Agentic benchmarks move from static corpora to interactive environments:
WebShop [56] and PaperBench [37] evaluate goal-driven action sequences, and
MetaTool [16], MINT [44], InfoDeepSeek [50], and BrowseComp [47] probe
tool use, multi-turn reasoning, and web exploration. These benchmarks largely
assume public data and fully observable states, leaving long-lived personalized
context and device-resident multimodal evidence underexplored. Real personal
environments contain identity cues, behavioral histories, and longitudinal records
across diverse file types—signals largely absent from current evaluations.
Agentic Systems with Memory and Personalization. Agentic systems
perform multi-step workflows in interactive environments and thus require



4 Z. Yang et al.

Table 1: Comparison of Benchmarks Related to Multimodal Context and Agentic
Reasoning. For modalities, denotes text, denotes images, denotes documents,

denotes videos, and denotes audio. HippoCamp introduces a personalized
multimodal file-system environment that spans all these modalities, enabling cross-
file and cross-modal reasoning tasks at real-world scale.

Benchmark Source Modalities #Samples Multimodal User Profile File-System

HotpotQA [54] / KILT [32] Wikipedia ∼100k ✗ ✗ ✗

BrowseComp [47] Web 1,266 ✗ ✗ ✗

MetaTool [16] / MINT [44] Web + Tools (w/ code) ∼3k–20k ✗ ✗ ✗

WebQA [4] Web 7.5k ✓ ✗ ✗

GAIA [27] / WebShop [56] / PaperBench [37] Web ∼1k–10k ✓ ✗ ✗

MultiModalQA [39] Web (Table-Only) 29k ✓ ✗ ✗

MMDocRAG [10] / M3DocRAG [6] Documents ∼4k–10k ✓ ✗ ✗

LoCoMo [26]† Personal Lifelog 300 ✗ ✓ ✗

EgoLifeQA [53] / Ego-R1-Bench [42]‡ Personal Lifelog ∼5k ✓ ✓ ✗

HippoCamp (Ours) Personal File Systems 581 QA pairs ✓ ✓ ✓

† LoCoMo contains 300 text-only personal questions;
‡ EgoLifeQA/Ego-R1-Bench provides approximately 20% personalized samples, and is limited to
videos/audio single-modal context.

context integration; memory is central to long-horizon coherence. Prior work
explores (i) trajectory-based memory, e.g., internalizing experience via finetuning
or reinforcement learning [12, 61]; (ii) retrieval-based memory, e.g., storing
and retrieving past episodes or tool traces [25, 63]; and (iii) skill distillation,
compressing reusable skills into inference-time modules [46, 64]. Other lines
build structured episodic/semantic memories to organize interaction histories
and improve multi-step reliability [53, 60]. Building on these mechanisms,
personalization operationalizes memory at the user level: PersonaAgent [62]
maintains user-specific episodic/semantic records, while recent systems learn
user knowledge graphs, preference embeddings, or long-term histories to adapt
without parameter updates [20,45]. Complementarily, Telemem [5] consolidates
user-grounded interactions into narrative and multimodal episodic memories,
enabling personalized retrieval over dialogue and visual experience. However,
existing evaluations are often small-scale or synthetic and are typically built
around curated interaction histories or narrow modalities (e.g., text/webpages),
rather than unstructured personal file systems where evidence is dispersed across
text, images, documents, videos, and audio. This motivates benchmarks that
test whether agents can recover, ground, and reason over user-specific evidence
at device scale.
Multimodal Contextual Retrieval. Retrieval-augmented generation (RAG)
uses retrieval as external memory to surface evidence beyond the context win-
dow, while reasoning-centric models such as DeepSeek-R1 [13] refine intermediate
traces and invoke tools during multi-step inference. Multimodal RAG generalizes
text retrieval to heterogeneous evidence: document systems [6, 9] encode layout
and mixed text–image content for fine-grained grounding; image–text frame-
works [14, 59] fuse visual and textual features for cross-modal alignment; and
video methods such as VideoRAG [34] index temporal clips for long-range visual
retrieval. Despite broader coverage, top-k retrieval remains brittle when cues are
dispersed across many files or long time spans. Reasoning models partially miti-
gate this by generating intermediate traces to coordinate search: Search-R1 [18]
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Benchmark Scale

User Needs: A photo for "Japanese Visa
application." & Unknown file structure.
Keywords: Japan Visa, Photograph,
Standard, Application Form.

Reject Examples (Violations):
       Id photo_2.png (White Background)
       Id photo_0.png (White Background)
       Id photo_PNG.png (45mm x 45mm)
       Id photo_JPG.jpg (45mm x 45mm)

Application Date: 30/04/2024
Photo Creation Date: 27/4/2024
Time Gap: 3 Days
Result: Id photo_1.jpeg Accept

🔍 Search
System Search
Semantic Search
Goal: locate relevant evidence
within massive atomic signals

Benchmark Scale

file_path

file_number

file_modality

file_type

question

evidence

answer

agent_cap

211

2

document

pdf

Your rented apartment requires an
**Automatic + manual** fire alarm system.
This is determined based on your residence
being located on the 11th floor (indicated
by the unit number #11-28), which
classifies it as a building of more than one
storey [Identity/ID Card 2.png]. According to
the fire safety regulations for residential
buildings (Purpose Groups III to VIII) with
stay-in facilities, buildings of more than one
storey must be equipped with both
automatic and manual fire alarms
[policy/CODE_OF_PRACTICE_FOR_FIRE_PR
ECAUTIONS_IN_BUILDINGS_2023.pdf].

rationale

QA_type

"policy/CODE_OF_PRA
CTICE_FOR_FIRE_PRE
CAUTIONS_IN_BUILDI
NGS_2023.pdf",
 "Personal Form/Rental
application form 2.pdf"

factual_retain

46.1K structured annotation units
QA fields: question, answer
4.6K step-wise rationale annotations
3.2K localized evidence annotations
File grounding & capability tags

Each annotation links reasoning steps with grounded evidence.

"search": 
     ["semantic"],
 "evidence_perception": 
     ["document_understanding"],
 "reasoning": 
     ["verification", "summarization"]

id

What type of fire
alarm system does
my rented
apartment require?

Structured Trajectory Annotations

Evidence Alignment
Enables the agent to align
reasoning steps with
grounded evidence across
modalities and file structures.

Benchmark Scale

Benchmark Scale

Movies & TV

Vi
de

o

Editing Assets

Screen Recordings

Raw File SystemRaw File SystemRaw File System
Rich metadata (path, size,

creation time, modification

time, location ...)

Screenshots

Daily Life Photos

Audio Assets

Step 3: Contextual Validation + Result

STAGE 2: Perception + Reasoning

Photo Requirements: White Background.
Within 6 months. 45mm x 45mm, no edge.
Pose: Frontal, no hat.

Within 6
months.

Daily Footage

Courses & Lectures

Short Videos

Identity Photos

Im
ag

e

Posters & Signage

Drawings & Design

42.4 GB42.4 GB

2K Files2K Files

5 Modalities5 Modalities

42.4 GB

2K Files

5 Modalities

Music

Voice Memos

Au
di

o
Meeting Recordings

Podcasts / Audiobooks

Code & Scripts

Te
xt

Config Files

Logs

Notes & Quick Text

LaTeX Source

Terminal History

Notes & Drafts

Chat Logs

Do
cu

m
en

t

Webpages (Saved)

Forms

Financial Reports

Personal Files

Recipes

Books

Textbooks

Exams & Practice

Bills / Receipts

Meeting Minutes

Academic Papers

Publications

Policies / Manuals

Slides Legal Documents

Policy Document: Photograph Standard.pdf

521 QA samples:
 Avg. 4 files / question
 Avg. 2 modalities /
question

Objective:
Evaluates the agent’s ability
to answer a single question by
retrieving and reasoning over
verifiable, file-grounded
personal information.

STAGE 1: Search

Question

Can you help me find my photo that meets
the official Japanese visa requirements?

Search Action

Search Result

Application Form: Application Form for
Japanese Visa.pdf
Candidate Identity Photos: Id photo_PNG.png, Id
photo_JPG.jpg, Id photo_2.png, Id photo_1.jpeg, Id
photo_0.png

Step 1: Constraint Extraction

Step 2: Constraint-based Filtering

Grounded Reasoning

Factual Retention QA Annotations

Q
A
 B
en
ch
m
ar
k

Q
A
 B
en
ch
m
ar
k

Q
A
 B
en
ch
m
ar
k

Tests whether the agent
can perform multi-file,
multi-modal reasoning
while maintaining strict
evidence grounding in
personal files.

Benchmark Scale

60 QA samples:
 Avg. 15 files /
question
 Avg. 3
modalities /
question

Objective:
Evaluates the agent’s
ability to construct a
coherent user-level
understanding by
aggregating
grounded personal
facts across time.

User Modeling

STAGE 1: Search

Week 1 (Sept 24, 2025)

STAGE 2: Perception + Reasoning

Q1: Morning Routine?

Evidence: Adam_Calendar_Oct_2025.ics,
starbucks_jem_reminder.eml, Starbucks Receipt.png
Reasoning: Skips run for coffee start.

Question: What are my Wednesdays usually like?

Week 2 (Oct 1, 2025)

Week 3 (Oct 8, 2025)

Q2: Mid-Day Location?

Evidence: Adam_Calendar_Sept_2025.ics,
TJCC_Clinic_Setup_011025.png, Case_Memo_081025_C01.mp3
Reasoning: Taman Jurong Community Club for CLC session.

Q3: Afternoon Work Focus?

Evidence: TJCC_Case_Report_240925.docx,
TJCC_Case_Report_011025.docx, TJCC_Case_Report_081025.docx
Reasoning: Intense paperwork in office.

Q4: Dinner Habit?

Evidence: Sent_Email_Report_240925/011025/081025.eml,
yakiniku_like_order_confirmation.eml, Like Dinner.png
Reasoning: Reward treat for hard work.

Q5: Night Decompression?

Evidence: Diary.txt, Friends08_01.mkv, Friends08_06.mkv
Reasoning: “Friends” TV series reset.

Derivation of Private Habits

F
ina

l I
nte

gra
te

d
 U

se
r Profile

Expect 8:30 AM coffee stop at JEM J&M
Reserve Wed evening for a solo reward dinner
(Yakiniku preferred)
Wednesday mid-day blocked for Clinic dedication
End-of-day resets with specific TV shows (e.g.,
Friends)

Profiling QA Annotations

Requires global
consistency, cross-
temporal reasoning,
and long-horizon
aggregation of
personal
information.

Benchmark Scale

Note: All modalities are normalized using structure-preserving, ceil-based atomic accounting.

Documents — 103.4K AU:
     PDF / DOCX — page equivalents
     Email (.eml) — subject + body
     Calendar (.ics) — event-level
     SQLite — row aggregation

Atomic Unit (AU) Annotations

Video — 161.9K AU [1 FPS frames]
 Image — 15.9M AU [16×16 patches]
 Audio — 5.9M AU [20ms frames]
 Text — 30.7M AU [token units (tiktoken)]

Grounding
Locating evidence
within files, including
file paths, metadata,
and fine-grained
content positions.

+ Actions

+ Actions

+ Actions

Fig. 2: HippoCamp hierarchical annotation schema. The pyramid organizes
supervision from atomic grounding and action traces to structured trajectories and
task-level QA, with increasing abstraction and aggregation toward user-level
memory. Factual retention relies on localized evidence and intermediate reasoning,
while profiling requires long-horizon, cross-modal synthesis into user-level inference.

and MMSearch-R1 [48] iteratively refine queries, and Ego-R1 [42] extends this
paradigm to egocentric streams. However, both RAG and reasoning models pri-
marily assume public or task-bounded retrieval spaces, rather than the person-
alized, long-lived multimodal context of real user ecosystems. Our benchmark
targets this setting directly (see Tab. 1), evaluating models where relevant sig-
nals accumulate across all modalities, and where both retrieval and reasoning
must operate within authentic, user-specific digital environments.

3 The HippoCamp Benchmark

HippoCamp is a benchmark for evaluating memory-augmented agents in realis-
tic, device-resident personal file systems. It models personal computing as a mul-
timodal, long-tail information space organized by file-system structure and tem-
poral metadata, and formulates personalized file understanding as open-ended,
evidence-grounded question answering. Fig. 2 specifies the benchmark’s super-
vision hierarchy, progressing from localized evidence and action traces to struc-
tured trajectories and task-level evaluation, with increasing abstraction toward
user-level memory. Within this structure, factual retention requires retrieving
and reasoning over verifiable file-grounded facts, whereas profiling synthesizes
grounded facts across time into user-level inferences such as preferences, behav-
ioral patterns, scheduling information, retrospective reflections, and workflows.
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Both tasks require search, perception, and reasoning to locate files, inter-
pret multimodal contents, and integrate cross-file, cross-temporal evidence into
context-aware answers.

3.1 Dataset Construction

Use Case #1 (Factual):  Please find the photo that meets the official
Japanese visa requirements for my application.

Use Case #2 (Profiling): 
Can you trace the full editing workflow of my “La La Land.mp4” video?
Suggest a novel and convenient way to relieve my academic stress.

(c) Profile C: Victoria Anne Clarke

ID Card

NAME:

AGE:

GENDER:

Bei Weiwei

LANGUAGE
DEBT PROFILE:

DEPENDENTS:

PET:

OCCUPATION:

None

COMMUNITY:

INTERESTS:
SKILL: Self-directed CS; Video editing

Early 20s

Female

Chinese, English

None

Cat

Student & Content Creator

Social media; Tutoring
Tennis; Urban exploration;
Film & Animation

ID Card

NAME:

AGE:

GENDER:

Adam Turner

LANGUAGE

DEBT PROFILE:

DEPENDENTS:

PET:

OCCUPATION:

None

COMMUNITY:

INTERESTS:
SKILL: Bar exam prep; Spaced repetition

Early 30s

Male

Yoruba, English

Student loan

None

Legal Executive

Alumni network; Legal-aid clinics

Running; Football; Sitcom

ID Card

NAME:

AGE:

GENDER:

Victoria Anne Clarke

LANGUAGE
DEBT PROFILE:

DEPENDENTS:

PET:

OCCUPATION:

One child (8 yrs)

COMMUNITY:

INTERESTS:
SKILL: Calligraphy; Musical theatre; Multilingual study

Late 30s

Female

English (UK)

Mortgage loan

Cat

Senior Financial Analyst
Professional events; 
School network

Theatre; Travel; Photography

(a) Profile A: Bei Weiwei
Use Case #1 (Factual):  Based on the legal aid email I received from
Ms. Rachel, how should I reply to her professionally?

Use Case #2 (Profiling): 
What should I prepare for a court hearing on February 14, 2026?
Help me choose a birthday gift for my girlfriend.

(b) Profile B: Adam Turner
Use Case #1 (Factual):  What were the driving factors for Walmart's
revenue growth in each quarter？

Use Case #2 (Profiling): 
Review everything related to Shadow since she came home.
How should I plan Lily’s upcoming school break?

Fig. 3: Archetypal user profiles in HippoCamp. Each profile instantiates a
distinct personal-device environment characterized along multiple dimensions, and is
paired with a word-cloud summary of text-converted file contents, together with factual
retention and profiling QA examples for (a) Bei, (b) Adam, and (c) Victoria.

Source. HippoCamp is derived from a coverage-oriented source pool formed
through interviews with 100+ personal-device users. Source selection retained
candidates whose file systems exhibited stable routines, heterogeneous organi-
zation, longitudinal traces, and cross-file evidence sufficient for auditable user-
level inference. We aggregated selected contributors’ files into three coherent
high-density archetypal profiles by matching modality/file-type distributions,
directory organization, temporal scope, and recurring workflows. The released
profiles therefore function as profile-local diagnostic environments rather than
raw single-user archives (see Fig. 3 for detailed specifications): Bei emphasizes
a multimodal-heavy student/content-creation setting, Adam a document-centric
legal/professional setting, and Victoria a finance/workplace setting with ana-
lytical, scheduling, and administrative records. Coherence checks, privacy fil-
tering, and consistent pseudonymization produce unindexed “haystack” file sys-
tems that preserve task-relevant messiness such as native folder hierarchies, ir-
regular naming, long-tail formats, metadata cues, and user-generated redun-
dancy. All contributor data were processed under opt-in consent, privacy filter-
ing, pseudonymization, and participant review before release (Supplementary
Secs. A.1–A.5). To cover underrepresented professional document forms while
preserving privacy, we use limited FinanceBench [17] and LegalBench-RAG [33]
materials as document-form enrichment. Imported materials are sanitized to
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match the fictional profile identities and re-annotated under the HippoCamp
schema; details are provided in Supplementary Sec. A.6.

(i) Raw Data Collection

Real-world profiles

Judge

Manual QA Synthetic QA

metadata

Domain-aware annotators

Proprietary LLMs

Candidate QA 
proposals

personal habits,
workflows,
file usage, etc.

Task category
Domain labels
Source labels

Reasoning Trace
+

Capability Labels

HippoCamp

Interview +

(a) Data Annotation Pipeline

(iii) Annotation 
Structuring

(ii) Human-LLM Collaborative 
QA Annotation (b) Data Distribution

(c) Agent Capabilities Distribution

521
(89.7%)

60
(10.3%)

Fig. 4: Benchmark overview. (a) Human-led QA construction pipeline for grounded
trajectory construction. The LLM-assisted branch denotes proposal cues for coverage
checking, not finalized synthetic QA. (b) Distribution of factual retention and profiling
tasks. (c) Distribution of annotated agent capability labels over search, perception, and
reasoning.

Annotation. As shown in Fig. 4(a), QA construction is human-led, with LLMs
used only as bounded proposal tools for coverage checking. Domain-aware an-
notators, drawn from the contributor groups underlying each archetypal profile,
manually author user-driven questions grounded in their own files, routines, and
realistic personal-computing needs. LLMs [7] may suggest candidate directions
from restricted metadata and seed examples to surface coverage blind spots, but
they do not author benchmark records: 0% of released QA/trajectory records
are directly model-generated or accepted verbatim from LLM output. Retained
items are human-finalized, file-verified, deduplicated, and balanced over task
family, modality combination, and evidence-set size. For each finalized QA, an-
notators construct a grounded trajectory with step-wise rationale, explicit file-
grounded evidence, and agent capability labels. Further details are provided in
Supplementary Sec. B.

3.2 Tasks

Each QA pair is annotated as a structured trajectory stored as a JSON record,
including the question and ground-truth answer, a step-wise rationale, and fine-
grained localized evidence with atomic pointers into file content (e.g., page in-
dices, table cells, or textual spans), together with file-level grounding metadata.
Each trajectory is further labeled with agent capability tags (Fig. 4(c)) that
decompose the required behaviors into three stages: search (system-level nav-
igation, semantic retrieval), perception (file-system understanding, modality-
specific understanding and grounding for text, documents, images, videos, and
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audio), and reasoning (basic inference, computation, summarization, and verifi-
cation). All trajectories are authored by human annotators following a minimal-
ist annotation principle that explicitly links these stages, enabling interpretable
diagnosis of multimodal agent behavior. This schema supports fine-grained ca-
pability analysis, evidence-level benchmarking, and evaluation of long-horizon,
multi-step reasoning in realistic personalized file ecosystems.
Profiling. The profiling tasks evaluate whether an agent can construct a co-
herent user-level model from device-resident files by aggregating grounded per-
sonal facts across time. Each query targets high-level persona attributes, in-
cluding preferences and routines, scheduling constraints, retrospective accounts,
and workflow patterns spanning life, work, and study. Unlike single-fact queries,
profiling requires synthesizing heterogeneous cues from multimodal content, file-
system organization, and temporal regularities, and producing a globally consis-
tent, actionable response. For example, “For the afternoon on October 27, 2025,
schedule a good plan for me.” tests whether the agent can integrate evidence
from relevant files (e.g., calendars and communications) with historical routines
and stated preferences to produce a feasible, personalized plan consistent with
existing commitments.
Factual retention. The factual retention tasks focus on evaluating an agent’s
capability to retrieve, comprehend, and reason over factual information dis-
tributed across multimodal files within the user’s device. Unlike conventional
open-domain QA, these tasks are grounded in user-specific, device-scale con-
texts, requiring the agent to accurately locate relevant files, interpret heteroge-
neous content types, and integrate information to produce precise, context-aware
answers. For example, a query such as “I have notes on the maximum flow prob-
lem. Which class is the notes record from, and what is the course duration?”
tests whether the agent can identify, understand, and reason over content stored
in diverse formats. Solving such tasks does not only require fine-grained retrieval
and multimodal comprehension but also long-horizon contextual reasoning across
temporally and semantically related files.

4 Experiment

4.1 Experimental Setup

All evaluations are conducted in a controlled, profile-isolated setting. For each
test case, a method is given access only to the corresponding profile’s file
system in HippoCamp, with no external retrieval, web access, or auxiliary side-
channel metadata. Agents receive the natural-language query as input and may
freely explore the environment under full access permissions, using their native
mechanisms to search, perceive, and reason over the multimodal file corpus.
Model-system results in Tab. 2 follow a max-budget protocol: each method
runs up to its predefined step, token, or platform budget rather than being
truncated by an additional fixed wall-clock cutoff; human solvers receive no
artificial wall-clock cap and serve only as a solvability reference under the same
answer-plus-evidence protocol. We evaluate three method regimes under the
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Table 2: Main results on HippoCamp. Representative MLLMs and agent
methods are evaluated on profiling and factual retention; F1/Acc are reported per
archetypal profile and as a profile-balanced average over the three profiles. Values are
percentages (one decimal; % omitted). Best/second-best results among model systems
are highlighted/underlined; human results provide a solvability reference.

Method
Profiling Factual Retention

(a) Bei (b) Adam (c) Victoria Overall (a) Bei (b) Adam (c) Victoria Overall

F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc

RAG Methods

Standard RAG [21] 13.7 10.0 20.8 35.0 20.6 35.0 18.4 26.7 29.7 24.2 39.7 42.7 20.5 23.6 30.0 30.2
Self RAG [2] 13.8 5.0 16.0 25.0 15.9 0.0 15.2 10.0 33.9 26.1 41.5 38.8 20.2 17.7 31.9 27.5

Search Agent Methods

ReAct [57] (Qwen3-30B-A3B [41]) 5.5 5.6 17.8 25.0 12.2 10.0 11.8 13.5 42.4 26.1 60.4 37.9 26.5 21.7 43.1 28.5
ReAct [57] (Gemini-2.5-flash [7]) 13.7 10.0 21.4 25.0 20.5 25.0 18.5 20.0 26.9 24.2 35.7 55.3 17.0 36.4 26.5 38.7
Search-R1 [18] 6.6 0.0 16.5 15.0 9.4 0.0 10.8 5.0 38.7 23.7 58.0 28.2 26.4 24.1 41.0 25.3

Autonomous Agent Systems

Terminal Agent (Qwen3-VL-8B-Instruct [3]) 5.4 0.0 16.3 25.0 13.2 25.0 11.6 16.7 14.6 10.7 21.6 13.6 15.7 10.3 17.3 11.5
Terminal Agent (Gemini-2.5-flash [7]) 9.0 5.0 17.0 45.0 19.0 25.0 15.0 25.0 21.8 18.1 33.1 31.1 24.4 20.7 26.4 23.3
Terminal Agent (GPT-5.2 [29]) 8.1 15.0 14.9 45.0 10.5 30.0 11.1 30.0 13.0 29.8 31.6 59.2 29.0 55.7 24.6 48.2
ChatGPT Agent Mode [28] 23.8 35.0 22.7 55.0 16.7 55.0 21.0 48.3 20.4 31.2 56.2 90.3 29.3 67.0 35.3 62.8

Human Solvability Reference

Human Solvers (3 non-author) 82.0 87.0 89.0 90.0 93.0 84.0 88.0 87.0 95.0 88.0 87.0 78.0 84.0 79.0 89.0 82.0

same profile-local file structures and without additional supervision, external
plug-ins, or manually curated signals: retrieval-augmented baselines index the
full corpus with method-required reformatting, search agents interleave retrieval
with iterative reasoning/tool use, and autonomous agents operate either in
a Dockerized Ubuntu environment replicating the full file system or in non-
vacuum product-grade agent modes. Supplementary Secs. D.1–D.3 provide
implementation, tooling, and budget details.

4.2 Baseline Methods

RAG methods. Standard RAG [21] and Self-RAG [2] represent classical
retrieval-and-generation pipelines. They rely on semantic retrieval over multi-
modal embeddings and assume that relevant evidence can be surfaced within a
retrieved candidate set. These methods do not explicitly model the multi-step in-
spection, adaptive search, cross-file synthesis, or persistent-memory capabilities
targeted by HippoCamp.
Search agent methods. Search-agent baselines embed retrieval within an
explicit multi-turn search–reason loop. Following the ReAct framework [57],
we instantiate ReAct with both Gemini 2.5 Flash [7] and Qwen3-30B-A3B [41]
models, where the system alternates between reasoning steps and explicit search
actions, conditioning subsequent generation on retrieved observations. Search-
R1 [18] similarly interleaves reasoning and search through structured tags,
enabling dynamic evidence acquisition across multiple steps.
Autonomous agent systems. We evaluate Docker-based autonomous agents
instantiated with multiple model backends, including Gemini 2.5 Flash [7],
GPT-5.2 [29], Claude Sonnet 4.5 [1], and Qwen3-VL-8B-Instruct [3], alongside
proprietary product-grade agent modes. In the main table, we report ChatGPT
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Agent Mode [28]; Claude-based agent settings are discussed separately due to
severe file-system and long-document processing failures. These systems operate
through recursive tool use, including issuing queries, browsing file previews,
interpreting intermediate results, and updating hypotheses. They represent
widely used publicly accessible paradigms for grounded reasoning, though their
tool policies and architectural assumptions differ significantly.

4.3 Evaluation Protocol

Under the shared profile-local interface described above, HippoCamp evaluates
two core dimensions: question answering quality and evidence retrieval
accuracy. Both are computed from the same submitted answer and evidence
outputs, so answer correctness and file grounding are measured under identical
access constraints. The corresponding LLM-judge and file-set metrics are
specified below; detailed execution-regime, budget, and robustness specifications
are provided in Supplementary Secs. D.1–D.5.
Question answering evaluation. For all tasks, we adopt an LLM-as-a-
judge [22] paradigm. A strong reference LLM, GPT-4o [30], is prompted
with the question, ground-truth answer, and the model’s generated response,
and instructed to produce a binary correctness judgment (yes/no) together
with a quality score on a standardized 0–5 scale. The prompt explicitly
instructs the judge to consider factual alignment, reasoning soundness, and
contextual personalization. We report overall accuracy, measured as the fraction
of responses judged correct. We further calibrate the default GPT-4o judge on
matched model outputs using Claude Sonnet 4.5 [1], DeepSeek V3.2 [8], and
human verification. The calibration shows no systematic provider-specific shift
in the relative conclusions: model rankings and group-level trends remain stable
across judges, so the main findings are not driven by the choice of GPT-4o as the
default judge. Evidence retrieval evaluation. For tasks requiring document
or file retrieval, we assess retrieval quality using recall hit rate and F1 score
based on the ground-truth evidence file set. F1 captures the balance between
retrieving relevant files and avoiding spurious ones, while recall measures the
agent’s ability to identify all necessary evidence supporting correct reasoning.

4.4 Experimental Results

Tab. 2 reports results across all profiles and both task types. Human solvers
achieve 88.0/87.0 File-F1/Acc on profiling and 89.0/82.0 on factual retention, in-
dicating that the tasks are solvable under profile-local file access. In contrast, the
best-performing evaluated agent setting reaches only 21.0/48.3 and 35.3/62.8,
respectively, revealing substantial remaining gaps in discovery, verification, and
evidence binding. We next analyze performance by method family.
RAG methods. RAG pipelines perform poorly overall, especially on profiling
(Standard RAG: 18.4 F1 / 26.7 Acc; Self-RAG: 15.2 F1 / 10.0 Acc). Retrieval
is brittle and frequently returns shallow or contextually irrelevant files, while
generation lacks robust cross-file aggregation. This is most evident on Profile
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(c) Victoria, where Self-RAG fails to produce any correct profiling answer (0.0
Acc). Factual retention improves only modestly (30.0–31.9 overall F1), largely in
direct-lookup-like cases, but models still often overfit to filenames or directory
strings rather than grounding in file content.
Search agent methods. Iterative search agents improve factual retention
through multi-step exploration and file inspection, reaching up to 55.3 Acc
on Profile (b) Adam with ReAct (Gemini-2.5-flash). Search-R1 obtains strong
factual-retention F1 in the document-heavy Adam profile (58.0), suggesting
benefits in dense document environments. However, these gains do not transfer
to profiling: Search-R1 reaches only 10.8 overall profiling F1 with 5.0 Acc and
0.0 Acc on Profiles (a) and (c), showing that locating candidate files alone is
insufficient for longitudinal user-level inference.
Autonomous agent systems. Autonomous agents yield moderate gains over
search-based agents but remain far below the human solvability reference. Chat-
GPT Agent Mode performs best among evaluated non-human systems, reaching
55.0% profiling accuracy on Profiles (b) Adam and (c) Victoria and the highest
overall scores among evaluated methods (profiling: 21.0 F1 / 48.3 Acc; factual
retention: 35.3 F1 / 62.8 Acc). Despite these gains, remaining errors include
imprecise file localization, inconsistent metadata interpretation, hallucinated file
references, and unsupported metadata, indicating brittle grounding under con-
strained access. The strongest hosted setting is also computationally expensive
and operationally unstable in long-horizon cases, often requiring 10–15 minutes
per query and sometimes producing incomplete outputs or missing file references
that trigger re-execution. Detailed retry handling, budget limits, and Claude-
style interface boundary cases are provided in Supplementary Secs. D.2–D.3.

5 Analysis

Our main results (Tab. 2) and capability decomposition (Tab. 3) show that
failures arise not only from evidence retrieval, but also from post-retrieval
discrimination, grounding, integration, and verification under profile-local, cross-
modal, and temporally extended conditions. We first localize these gaps through
capability-wise metrics (Sec. 5.1), then examine representative failure modes
(Sec. 5.2) and their implications for file-system agent design (Sec. 5.3).

5.1 Capability-wise Decomposition

Profiling requires a different capability composition than factual re-
tention. Across methods, profiling accuracy is systematically lower than fac-
tual retention, and the gap is largest for search-centric methods. For example,
Search-R1 drops from 25.3% factual accuracy to 5.0% on profiling, while Chat-
GPT Agent Mode narrows but does not close the gap (62.8% vs. 48.3%). Factual
retention rewards localized, file-grounded lookup; profiling requires weak-signal
aggregation across temporally extended traces, referent disambiguation among
co-occurring entities, and longitudinal abstraction into stable user-level patterns.
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Table 3: Agent capability-wise analysis on HippoCamp. For the methods
in Tab. 2, we report F1 and LLM-judge accuracy (Acc) aggregated by agent capability
labels, decomposed into search, perception, and reasoning, for profiling and factual
retention as well as the overall average. Values are percentages (one decimal; %
omitted). Best is highlighted; second-best is underlined.

Method
Profiling Factual Retention

Search Perception Reasoning Overall Search Perception Reasoning Overall

F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc

RAG Methods

Standard RAG [21] 26.4 26.2 21.8 13.8 26.7 25.5 25.0 21.8 19.0 26.2 21.1 28.7 13.0 19.1 17.7 24.7
Self RAG [2] 27.8 23.1 23.1 13.2 27.7 22.4 26.2 19.6 15.2 8.9 16.4 12.2 10.7 7.0 14.1 9.4

Search Agent Methods

ReAct [57] (Qwen3-30B-A3B [41]) 36.3 26.1 27.9 16.7 36.3 23.9 33.5 22.2 11.9 13.4 14.5 18.7 8.6 10.6 11.7 14.2
ReAct [57] (Gemini-2.5-flash [7]) 23.5 34.9 20.5 20.4 23.4 33.0 22.5 29.4 19.4 19.1 21.3 23.4 13.2 14.8 18.0 19.1
Search-R1 [18] 34.8 24.9 32.8 15.7 35.1 25.8 34.2 22.1 10.2 3.8 12.3 7.2 7.8 3.9 10.1 5.0

Autonomous Agent Systems

Terminal Agent (Qwen3-VL-8B-Instruct [3]) 15.8 11.1 14.6 5.7 16.9 11.4 15.8 9.4 12.2 18.6 14.0 24.2 8.1 12.2 11.4 18.3
Terminal Agent (Gemini-2.5-flash [7]) 24.5 21.0 26.9 13.7 25.2 21.1 25.5 18.6 14.9 23.3 14.4 24.7 12.2 17.2 13.8 21.7
Terminal Agent (GPT-5.2 [29]) 23.6 46.3 15.4 27.3 22.6 44.1 20.5 39.2 10.0 27.2 10.2 29.7 15.5 36.4 11.9 31.1
ChatGPT Agent Mode [28] 28.9 56.5 15.1 28.5 30.2 55.8 24.7 46.9 19.5 49.1 17.3 55.5 30.4 33.8 22.4 46.1

Methods built around retrieval strength alone therefore lack the full capability
composition required for user-level inference.
Profile difficulty is more consistent with structural explicitness and
entity ambiguity than with domain label alone. Performance varies
consistently across profiles. Adam’s document-centric legal environment yields
the highest scores, with ChatGPT Agent Mode reaching 90.3% factual accuracy
and 55.0% profiling accuracy, whereas Bei’s socially entangled, media-rich college
environment is hardest (31.2% factual and 35.0% profiling for the same system).
Victoria falls between these extremes. This pattern is more consistent with
structural explicitness, role boundaries, and entity ambiguity than with domain
label alone: informal, multi-entity environments amplify referential ambiguity
and weaken the signal-to-noise ratio of individual traces.
F1 and accuracy decouple in two directions. Tabs. 2 and 3 show that
retrieval quality and answer quality are separable. When F1 exceeds accuracy,
as with ReAct (Qwen3) on factual retention (43.1% F1 vs. 28.5% Acc), the
method retrieves relevant files but fails to convert them into correct answers,
indicating a breakdown in evidence discrimination or synthesis. When accuracy
exceeds F1, as with Terminal Agent (GPT-5.2) on factual retention (24.6% F1 vs.
48.2% Acc), correct outputs may occur without retrieving the annotated support
files, suggesting incomplete grounding or reliance on parametric knowledge.
Capability-level scores reinforce this pattern: search is necessary but not decisive,
perception is the most consistent bottleneck, and reasoning quality depends on
prior evidence selection.

To localize where in the agent pipeline these gaps originate, we turn to the
capability-wise decomposition in Tab. 3.
Search is necessary but not decisive. Search-centric agents achieve the
highest retrieval F1 on profiling: ReAct (Qwen3) reaches 36.3% and Search-R1
reaches 34.8%. Their overall profiling accuracy, however, lags far behind—22.2%
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and 22.1%, respectively. ChatGPT Agent Mode inverts this pattern: despite a
lower search F1 of 28.9%, it achieves the highest search accuracy (56.5%) and the
strongest capability-wise overall profiling accuracy (46.9%). Locating candidate
files is a prerequisite, but remains insufficient for end-task correctness.
Perception is the most consistent bottleneck. Across all method families,
perception accuracy on profiling is uniformly low, ranging from 13.2% (Self-
RAG) to 28.5% (ChatGPT Agent Mode). Even the best-performing evaluated
system achieves perception accuracy roughly half of its search accuracy (28.5%
vs. 56.5%). This gap reflects more than OCR or vision failures. It captures
the broader difficulty of converting heterogeneous file content—PDFs, calendar
entries, photos, voice memos—into evidence units that can support downstream
reasoning.
Reasoning quality is contingent on prior evidence discrimination.
Reasoning is not an independent capability; it inherits errors from earlier
stages. Terminal Agent (GPT-5.2) achieves 44.1% profiling reasoning accuracy
despite only 27.3% perception accuracy, raising the possibility that some correct
answers stem from parametric knowledge rather than grounded evidence—
consistent with the Acc-exceeds-F1 pattern observed in Tab. 2. Search-R1 shows
the converse: strong retrieval signals (35.1% reasoning F1) but weak answer
commitment (25.8% accuracy). Among evaluated systems, ChatGPT Agent
Mode shows the comparatively strongest and most balanced capability-wise
accuracy across search, perception, and reasoning, consistent with its iterative
exploration advantage, although all three axes remain far below human-level
reliability. Strong reasoning cannot compensate for weak evidence selection, and
high retrieval F1 does not guarantee that the evidence reaching the reasoning
stage is correct.

5.2 Systematic Failure Analysis

The capability gaps identified above manifest as concrete error patterns in
agent outputs. Fig. 5 illustrates these patterns on a representative profiling
query whose ground truth requires cross-modal synthesis over calendar events,
running logs, photos, voice memos, text notes, and emails. We identify four
primary failure modes. Retrieval mismatch occurs when a method retrieves
semantically related but profile-irrelevant files, as in Standard RAG. Grounding
avoidance occurs when a method surfaces partially relevant candidates but
answers generically instead of committing to file-grounded evidence, as in
Search-R1. Hard evidence hallucination occurs when a method fabricates file
paths, metadata, or support chains, as in Terminal Agent (GPT-5.2). Entity
misattribution occurs when a method finds real evidence but binds it to the
wrong profile-local referent, as in ChatGPT Agent Mode. Complementarily, the
main success pattern is iterative discovery: ChatGPT Agent Mode repeatedly
explores directories, reads candidate files, and revises hypotheses, which helps
explain its stronger behavior in structured profiles but remains insufficient for
weak, distributed, cross-modal profiling evidence.
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Audio

Document

I found that the user is concerned
about their health and wants to
analyze their records for the past
week. However, I couldn't find their
health records. I advise the user to
search for their health records or
consult with a healthcare
professional for a detailed analysis
of their health.

I can see you have several health record
files available, but I’m not able to read
their contents right now. 

Journals:
Documents/Health/Health_Journal_2
024_Q4.txt;
Health_Journal_2025_Q1.txt; 
Logs: Health_Workout_Log_2024.txt;
Health_Sleep_Log_2024.txt ...
Meal logs:
Health_Meal_Log_Sep2024.txt ...

Based on the records found in your folder ... your weekly health
routine mainly revolves around caring for your cat Shadow:

You feed Shadow … scoop the litter box … 
Weekly tasks … trim Shadow’s nails and check his weight …
Monthly/periodic health care – Shadow received a FVRCP
booster vaccination … 

In summary, … supporting Shadow’s physical health and
wellbeing.

Not access any personal
health records.

Retrieves unrelated
finance documents

Image

Based on my records, what do I usually do each week for my health?

Text

Note_Weekend_ToDo.txt — Documents/Notes/Note_Weekend_ToDo.txt
3 KB · text · Modified 9/11/2025, 9:35 PM

Calendar_Events_Oct.ics — Documents/Outlook/Calendar_Events_Oct.ics
4 KB · text · Modified 28/10/2025, 6:00 PM

Image_Morning_Run_Botanic_Gardens.png — Pictures/Personal/Image_Morning_Run_Botanic_Gardens.png
2.3 MB · image · Modified 16/10/2025, 7:35 AM

Running_Log_Export_Oct2025.csv
4 KB · excel · Modified 1/11/2025, 10:00 AM

— Documents/Fitness/Running_Log_Export_Oct2025.csv

Email_Lush_Order_Confirm.eml
4 KB · excel · Modified 1/11/2025, 10:00 AM

— Documents/Outlook/Inbox/Email_Lush_Order_Confirm.eml

Audio_Note_Sleep_Schedule.mp3 — Documents/Voice Memos/Audio_Note_Sleep_Schedule.mp3
319 KB · audio · Modified 22/10/2025, 11:15 PM

Standard RAG Search-R1 Terminal Agent (GPT-5.2) ChatGPT Agent Mode 

The provided context does not contain any
information about your personal weekly health
activities or records.

Answer

File List

financebench/WALMART_2017_10K.pdf
financebench/PFIZER_2023Q2_EARNINGS.pdf
Cheveron/NVIDIA-2024-Annual-Report.pdf
...

Answer

Ground Truth: Based on your records from October 2025, you maintain a structured set of recurring habits to support both physical and mental well-being. Every Thursday at 7:00 AM, you complete a
~6.5 km morning run along the “Botanic Gardens Loop” at Singapore Botanic Gardens, as shown by the recurring “Personal Wellness - Morning Run” calendar event [Calendar_Events_Oct.ics] and
consistent running logs on Oct 2, 9, 16, and 23 with nearly identical distances and start times [Running_Log_Export_Oct2025.csv]. A first-person photo taken on Oct 16 at 7:35 AM further aligns with
the logged run [Image_Morning_Run_Botanic_Gardens.png], and a voice memo referencing the “Thursday 6 AM alarm for the run” confirms the routine’s importance
[Audio_Note_Sleep_Schedule.mp3]. In addition to physical training, you follow a Sunday evening wind-down ritual at home (The Orchard Residences), typically between 9:30–10:30 PM, which
includes running a bath and reading before bed, as documented in your weekend to-do list [Note_Weekend_ToDo.txt]; a Lush order confirmation for items such as the “Sleepy” Bath Bomb and
“Twilight” Scented Candle further supports this practice [Email_Lush_Order_Confirm.eml]. These habits are reinforced by a disciplined 11:00 PM weekday sleep schedule, explicitly mentioned in a
voice memo on Oct 22 where you linked staying up past 11:15 PM to difficulty waking for the Thursday run [Audio_Note_Sleep_Schedule.mp3]. Together, your Thursday run
[Running_Log_Export_Oct2025.csv], Sunday reset ritual [Note_Weekend_ToDo.txt], and consistent sleep schedule [Audio_Note_Sleep_Schedule.mp3] form an integrated, structured health routine.

no relevant
information

Retrieval Mismatch
Fails to identify and prioritize query-relevant
personal files within a heterogeneous personal
file system.

Answer

Falls back to generic advice.

Grounding Avoidance
Avoids evidence-based reasoning
despite available personal data.

Hard Evidence Hallucination
Hallucinates non-existent file paths and
claims they are present, despite being
absent from the ground-truth file system.

Answer

All files not exist in
benchmark file system.

Claims to locate health
logs but cannot open

Entity Misattribution
The first-person constraints (“my records”, “my health”) clearly
refer to the account holder, yet the model assigns the weekly
health routine to the pet (Shadow), shifting the inference
target away from the user.

Retrieves health-related documents.

Shifts the target of analysis from the user’s
health behaviors to pet-care routines

Fig. 5: Representative failure and success patterns on a cross-modal profiling
query. The query requires aligning evidence across heterogeneous personal files and
modalities. Standard RAG exhibits retrieval mismatch (retrieving unrelated finance
documents), Search-R1 shows grounding avoidance (generic advice despite available
evidence), Terminal Agent (GPT-5.2) triggers hard evidence hallucination (fabricated
file paths/metadata), and ChatGPT Agent Mode makes an entity misattribution error
(shifting the referent from the user to the pet), while iterative exploration yields the
strongest overall behavior among evaluated methods.

These failures indicate task-dependent bottlenecks rather than a single
uniform weakness: RAG systems often fail at early evidence discovery, search
agents often fail at evidence commitment, terminal agents are vulnerable
to fabricated support, and hosted autonomous agents benefit from iterative
exploration but still suffer from entity binding and verification errors. Across
methods, the common missing component is an explicit final-stage check that
binds the answer to a minimal, coherent evidence set. Supplementary Sec. D.6
provides the complete case-level interpretation, audited primary-label failure
coding, and stratification by modality breadth and file-hierarchy depth.

Beyond the representative case, the audited failure labels show that retrieval
mismatch becomes increasingly concentrated as evidence spans more modalities
and deeper folders: among failed outputs, its share rises from 40.7% in single-
modality cases to 87.0% when three or more modalities are required, and from
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42.6% at one-folder depth to 92.6% at depth three or more. This indicates that
multimodal and deeply nested evidence often fails before downstream grounding
or synthesis can begin.

5.3 Implications for File-System Agents

HippoCamp indicates that file-based personalization is not reducible to retriev-
ing explicit, static persona descriptions. Instead, agents must infer user-level
context from implicit behavioral signals distributed across heterogeneous files,
temporal traces, and profile-local entities, while binding each inference to con-
crete evidence. The observed failures suggest four operational requirements.
Structure-aware search should use folder hierarchy, temporal metadata, at-
tachment relations, and version history as search priors, since flat semantic
retrieval often confuses topically similar but profile-irrelevant files. Evidence
narrowing should precede answer generation: the gap between retrieval F1 and
answer accuracy in Tabs. 2 and 3 shows that broad candidate pools must be
pruned into a minimal sufficient support set before synthesis. Profile-local en-
tity modeling is required because personal file systems contain multiple co-
occurring referents; the entity-misattribution errors in Fig. 5 show that correct
retrieval can still fail when the account holder is confused with family members,
pets, or colleagues. Explicit verification should re-bind final answers to local-
ized file evidence and check for contradictions, closing the gap between finding
plausible evidence and producing a traceable, coherent response.

6 Conclusion

This work introduces HippoCamp, a benchmark evaluating agents’ ability to
search, perceive, and reason over realistic, multimodal personal file systems.
Our analysis shows that the bottlenecks are task-dependent: profiling is primarily
constrained by hierarchical and temporal discovery of weak, distributed evidence,
whereas factual retention additionally exposes post-retrieval failures in evidence
discrimination, extraction, cross-file synthesis, and verification. Across both task
families, reliable personalized memory requires grounding retrieved evidence
to concrete files, resolving profile-local entities, and verifying final answers
against a coherent support set. These results show that personalized multimodal
memory remains difficult even for current agentic systems. HippoCamp provides
a benchmark for measuring these failures and comparing future file-system agents
under controlled, profile-local conditions.
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