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Abstract

Long-context LLMs and Retrieval-Augmented
Generation defer state tracking and evidence
consolidation to query time, which is brittle
when facts evolve and answers depend on la-
tent states. We introduce Unified Memory
Agent (UMA) for a one-to-many setting: query-
agnostic external memory is constructed once
from a stream and reused across multiple fu-
ture QA sessions. A single policy maintains a
structured Memory Bank through CRUD op-
erations and answers using both the Memory
Bank and raw context. Task-Stratified GRPO
uses the mean reward of QA trajectories branch-
ing from each sampled memory state to su-
pervise memory maintenance, while normaliz-
ing memory and per-question QA groups sep-
arately. We also introduce Ledger-QA, a diag-
nostic benchmark for long-horizon state track-
ing over accumulated updates. At the 16k bud-
get, UMA-Generalist achieves the highest aver-
age score among compared methods across the
test-time-learning and accurate-retrieval bench-
marks and transfers to Ledger-QA without task-
specific training; UMA-Specialist further im-
proves long-horizon tracking after task adapta-
tion. These results support learned proactive
memory management for long-context reason-
ing.

1 Introduction

Modern Large Language Models (LLMs) increas-
ingly support contexts of hundreds of thousands
of tokens, with some reaching million-token win-
dows (DeepSeek-Al, 2024; Anthropic, 2026; Ope-
nAl, 2026; Kavukcuoglu et al., 2026; Qwen Team,
2026; Shen et al., 2025). Yet long-context mod-
eling faces challenges beyond window size: stan-
dard attention scales quadratically with sequence
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length (Vaswani et al., 2017), making very long
inputs costly, while longer inputs can exhibit lost-
in-the-middle effects and broader context rot even
when relevant information is present (Liu et al.,
2024; Hong et al., 2025).

Retrieval-Augmented Generation (RAG) scales
by retrieving relevant passages at query time, but
shares the same passive information processing
limitation with long-context approaches (Xu et al.,
2024; Hu et al., 2025; Zhang et al., 2025): con-
text is treated as static raw material and reason-
ing is deferred until a query arrives. As Figure 1
shows, RAG reprocesses retrieved passages for ev-
ery query; on state tracking, contradiction resolu-
tion, and evidence aggregation, this creates both ac-
curacy degradation and computational redundancy.

Memory-augmented agents instead consoli-
date information as it arrives. Recent work ex-
plores RL-trained memory operations, downstream
QA rewards, persistent structured stores, query-
conditioned end-to-end memory-to-answer poli-
cies, and query-hidden memory construction (Yu
et al., 2026a; Shi et al., 2026; Yan et al., 2026;
Wang et al., 2025b; Yue et al., 2026; Xu et al.,
2025; Yu et al., 2026b). These advances expose a
distinct optimization challenge: how to jointly train
a reusable memory state against multiple future
questions. In this one-to-many setting, memory is
constructed before the questions are revealed and
subsequently shared by multiple independent QA
sessions. The shared state must preserve broadly
useful evidence rather than optimize for a single
revealed objective, making supervision across ques-
tions central to training. Query-conditioned agents
instead construct memory for a known question,
whereas query-agnostic systems generally separate
memory and QA optimization or associate each
memory rollout with a single downstream task.

We propose Unified Memory Agent (UMA) to
address this optimization problem. For each con-
text, UMA samples memory-maintenance trajecto-
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Figure 1: Expense-tracking example: RAG reprocesses logs per query, while agentic memory maintains structured

state and answers from relevant fields.

ries and branches each resulting memory state into
multiple QA trajectories. Their mean utility pro-
vides a cross-stage, session-level learning signal
for upstream memory maintenance, while Task-
Stratified GRPO normalizes memory rollouts and
each question’s QA rollouts separately. This di-
rectly connects query-agnostic memory construc-
tion to the downstream utility of the shared state.

We also introduce Ledger-QA, a controlled di-
agnostic benchmark for continuous state tracking
over accumulated updates. We evaluate UMA-
Generalist on 13 established test-time-learning and
accurate-retrieval benchmarks and on Ledger-QA
without task-specific training, and evaluate UMA-
Specialist on task-adapted Ledger-QA. At the 16k
budget, UMA-Generalist achieves the highest ag-
gregate TTL/AR score among compared methods
and transfers to Ledger-QA, while UMA-Specialist
further improves long-horizon tracking. Together,
the results support proactive memory management
as a complement to longer context windows and
query-time retrieval.

2 Method
2.1 Problem Formulation as MDP

We formulate the long-context reasoning task as a
Markov Decision Process (MDP). To handle se-
quences exceeding the context window, we de-
compose the input into a stream of chunks C' =
{c1,...,cn}. The MDP tuple (S, A, P, R) is de-

fined as follows:

State Space (S). At step t, the state s; =

(M, x4, hy) consists of:

* M; = (m§°¢, B;): The dual-component mem-
ory, comprising a high-level summary (mg°"¢)

and a structured key-value memory bank (B;).

e x;: The current input focus. To circumvent con-
text window limits, this is dynamically switched
between a local text chunk ¢, (during memory
maintenance) and a specific query ¢ (during QA).

e hy: The immediate interaction history, which
buffers recent observations and is periodically
cleared to manage context length.

Action Space (A). We unify all operations into
a single action space, categorized by the phase of
interaction. Crucially, read-only tools are available
in both phases to ensure the agent can verify beliefs
or query the memory at any time. Detailed speci-
fications for executable tools and terminal-action
parsing conventions are provided in Appendix A.
« Memory Maintenance Operations (A,,c,):
Used during the chunk processing phase to main-
tain the state.

— Add, Update, Delete: Write operations that
create, revise or rename, and remove entries in
Bt.

— Retrieve, List: Read-only operations for ac-
cessing entries and keys in B;.

29576



Memory Stage

g;& Agent
Current Core

Memory (m{'7)

_T—»@

Updated Core

Memory Bank (B)

N

QA Stage

(@Q Agent
— \_: o
Y

C=
= jpa-
) Answer(a;)
Session 544

Structured Retrieval

Final Core

core
Memory (M,

)

Raw Context Retrieval

Memory (M)

7 Session Syem

[ ewys |

ﬂ,ﬁ%

Top-k (Keyword)

Top-k (Semantic)

Retrieve
Full Memory Item

Figure 2: Overview of UMA. Phase I incrementally maintains a structured Memory Bank and core summary via
CRUD over chunks. Phase II answers queries using both structured retrieval from the bank and raw-context retrieval.

— UpdateCore: A special terminal action that
commits the current progress to m¢°"® and trig-

gers the transition to the next chunk.

* QA Operations (A,,): Used during the query
phase to synthesize the answer.

— BM25, Embedding: Ranked retrieval actions for
lexical and semantic search.

— Retrieve, List: Read-only operations for ac-
cessing entries and keys in B;.

— Answer: The terminal action to generate the
final response.

Transition Dynamics (). The system evolves
through two nested loops plus a final phase switch:

e Inner Loop (within one session/chunk): The
agent performs multiple tool calls before com-
mitting the chunk. Each step appends interaction
traces (tool calls and observations) to h; and may
update the memory bank B;, while the current
input focus x; = ¢, remains unchanged.

e Outer Loop (across chunks): A terminal
UpdateCore action ends the current inner-loop
episode, writes the consolidated update to m{°"®,
advances z; from ¢y, to ¢ 1, and re-initializes h

for the next chunk.

* Phase Transition: After processing cy, the sys-
tem switches from maintenance to QA, where x;
becomes a query ¢ sampled from P(q|C).

This transition structure implies that the policy

should both optimize short-horizon inner-loop edits

on B; and optimize outer-loop consolidation into

mg°"¢, so that the final memory state M v supports
future queries.

2.2 Unified Memory Agent Architecture

Based on the MDP formulation, UMA employs a
unified policy mg(at|s¢) to generate actions. The
architecture is designed to handle the inputs explic-
itly as follows:

Input Representation. At any time step ¢, the in-
put context provided to the LLM is a concatenation
of four segments:

InPUtt = [Isy57 mgore7 T, ht] (1)

* System Instruction (/,,): Specifies the phase-
specific operational guidelines—governing ei-
ther memory maintenance or question answer-
ing—and defines the available toolset (A,,em, OF

Aga).

* Core Memory (m¢° ©): The evolving high-level
summary that provides global context.

¢ Current Focus (x;): The raw text of the current
chunk cg, (in Phase I) or the user query ¢ (in Phase
1D).

* Interaction History (h;): The trajectory of re-
cent tool calls and their execution results.

The Unified Memory Agent framework contains
two phases, as illustrated in Figure 2.

Phase I: Sequential Memory Maintenance. For
each chunk cy, the agent initializes h; = . It
iteratively samples actions

Qg ~ 7r9('usy57 mfore, Ck, ht) 2)
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Figure 3: Illustration of Task-Stratified GRPO. For a given input, we first sample multiple memory trajectories
(blue), each producing a final memory state; then we branch every state into QA sessions (red) for a shared question
set. (Right) Advantages are normalized within distinct groups: memory sessions share a memory group (Gem ),
while QA sessions are grouped by their specific question (G4q,j). (Bottom) The reward combines immediate
tool-execution feedback (7;,,;) With outcome assessments (7,y¢come)- Each memory session receives the mean
downstream QA outcome of its trajectory together with its own tool reward.

The environment executes the tool and appends
the result to h;. This loop continues until the agent
outputs UpdateCore, which compresses relevant
insights into m{°"® and advances the process to

Ck+1-

Phase II: Hybrid Retrieval-Augmented QA.
After processing the final chunk, the input focus
x¢ switches to the query g. The agent utilizes the
fully constructed memory My and an empty his-
tory h;. It can invoke hybrid retrieval tools (exact-
title access via Retrieve and ranked search via
BM25/Embedding) to gather evidence. The process
terminates when the agent generates the Answer
action.

2.3 Training: Task-Stratified GRPO

We propose a Task-Stratified Group Relative Pol-
icy Optimization algorithm. By viewing GRPO as
a Monte Carlo (MC) advantage estimator without a
value network, we adapt it to handle the hierarchi-
cal structure of our task as illustrated in Figure 3.

2.3.1 Nested Trajectory Sampling

To connect query-agnostic memory construction
with downstream QA utility, we employ a nested
sampling strategy during training. For a given con-
text C":

1. Memory Rollout (trajectory level): We sam-
ple G trajectories {7',...,7¢}. Each 7°
comprises /N memory-tool-calling sessions
{sf}blem, ey si;gm}, one per context chunk, and
yields a final state M.

2. Shared Query Sampling: Once per context,
we sample Q¢ = {¢; }j]‘il and reuse it across
all /\/lﬁv Here, M denotes the number of ques-
tions for the current training instance and varies
across datasets.

3. QA Rollout (session level): For each pair
(M, q;), we generate one multi-turn QA-tool-
calling session sg; and compute its reward Ry .

Each update therefore contains G memory trajec-
tories and GM QA sessions. We fix G = 16;
complete settings are in Appendix I.
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2.3.2 Reward Function

Rewards are computed at the session level, with
different outcome assignments for QA and memory
sessions. Accordingly, actions within the same tool-
calling session share the same outcome-derived
advantage. N

For each QA session sga, the reward is

R;vé — Arqa7i7j + 7,.27]

tool outcome’ ( 3)
phd =7 (ai’j )
outcome — Toutcome\Qgnss Yj
where 7/ is the tool success signal of this QA
session.

For each memory session sinkem in trajectory 7¢,
we keep an independent tool reward and use the
averaged QA outcome under the same trajectory as
its outcome signal:

M

7 = Ly
outcome — outcome?
M = )
7 k‘ _ memﬂ‘»k‘ =
Rr;wm - Artool + T outcome

here "¢k
w tool

is computed from the tool-call va-
lidity of memory session Sk (e.g., valid-call ra-
tio Nyarid/Niota: for that session). Here, A controls
the trade-off between tool-use quality and answer
outcome. We use the fixed setting A = 0.5 across

tasks.

2.3.3 Task-Stratified Advantage Estimation

Given the session-level rewards defined above, we
compute GRPO advantages via group-wise normal-
ization. Our extension uses two stratified groups
for memory and QA, respectively.

Advantage for Memory Sessions (A;,,c,,). Each
memory-session reward is normalized against all
memory sessions sampled in the current update:

R:’;Lkem - Rmem
O'<R;;1.em) + Estd’

1 G N
Rinem = 22 2D Rt

u=1v=1

Ai,k

mem ~

(&)

The resulting advantage is assigned to the session,
and all actions within that tool-calling session share
it.

Advantage for QA Sessions (A,,). For a spe-

cific question g;, the difficulty is intrinsic. There-
fore, we normalize each QA-session reward only

against other sessions answering the same question
g (but with different constructed memory banks).

ij _ Rga - Rga, B — 1 XG:Ru,j
(R tewa G
(0)
Here, €4, = 1076 prevents division-by-zero errors.
Normalizing within each question group removes
cross-question difficulty variation, so advantages
reflect relative performance among rollouts for the
same question.
Finally, the policy 7y is updated by maximizing a
unified GRPO objective over all sampled sessions:

1
N 1 '
Smem = Z Z ik Z é(ﬁta A:;Lkem)v
=1 k1 |Smem tesik
G Mo N
Sq=D_ > g D Hen Agd)
i=1 j=1 |Sqal tesid
(8)
((pt, A) = min(pA, clip(pr, 1 — €,1+€)A)
— BDkry
9
g (at|st)

Here, p; = denotes the importance sam-

To1q (at]St)
pling ratio between the current policy 7 and the
rollout policy mg_,, used for trajectory collection.
In contrast, DKL,t = Dgy, (ﬂg(- | St) H 7T9ref(' |
st)) penalizes divergence from the frozen refer-
ence policy 7, ;.

3 The Ledger-QA Benchmark

We introduce Ledger-QA, a controllable and ex-
tensible synthetic benchmark for long-horizon state
tracking. Existing long-term memory benchmarks
such as LongMemEval (Wu et al., 2025) evaluate
retrieval and reasoning over extended interaction
histories, including temporal reasoning and knowl-
edge updates. Ledger-QA targets a complementary
challenge: continuously maintaining an accumu-
lated latent state whose answer need not appear
explicitly in any single span. Rather than claiming
full realism, it uses simple, transparent generation
rules to isolate this capability while remaining chal-
lenging for modern long-context agents.

3.1 Dataset Construction

The construction pipeline contains three stages:
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Timeline & Intent Sampling. We sample H
dates from 2023-01-01 to 2024-12-31 and se-
lect consumption-scene intents for each session,
forming a chronological stream of date-stamped
updates.

Joint Dialogue & Transaction Synthesis. Given
each date and its scene intents, a strong LLM (e.g.,
Gemini 3 Pro (Pichai et al., 2025)) jointly generates
natural user-assistant dialogue and aligned struc-
tured Transaction records, including context-
appropriate amounts. Amounts are not sampled
beforehand but determined during this joint syn-
thesis, and the two outputs are returned together to
preserve their semantic alignment.

Ground-Truth Query Generation. From the re-
sulting structured ledger, we programmatically gen-
erate questions and exact answers across 8 cate-
gories that require multi-step aggregation over ac-
cumulated updates rather than local span matching.

A concrete construction example and full gener-
ation details are provided in Appendix C.

3.2 Why Ledger-QA is Challenging

Ledger-QA fundamentally differs from standard
RAG benchmarks by demanding long-horizon
state aggregation rather than local information
retrieval. Answers (e.g., "Total spending") are la-
tent values derived from summing scattered trans-
actions (v1 + - - - + vr) across the timeline. This
requires continuous belief-state maintenance: local
extraction errors can propagate to final answers,
and simple retrieval or approximate summarization
is often insufficient. Ledger-QA should therefore
be viewed as a controlled diagnostic benchmark
rather than a complete proxy for real-world mem-
ory use: its simple, transparent rules isolate the
prerequisite of consolidating sequential updates
into a persistent state. Strong performance does
not by itself guarantee robustness in noisier real-
world scenarios, but poor performance reveals a
weakness in this foundational capability.

4 Experiment

4.1 Experimental Setup

4.1.1 Evaluation Benchmarks

We evaluate UMA along three primary axes of
memory behavior: Dynamic State Tracking (our
Ledger-QA in Section 3), Test-Time Learning
(TTL) (TREC-Coarse, TREC-Fine, NLU, Clinic,

Banking77, PubMed-RCT), and Accurate Re-
trieval (AR) (HotpotQA, LoCoMo, LongMemEval,
MSC, PerLTQA, SQuAD, ConvoMem) (Hu et al.,
2026; Yang et al., 2018; Maharana et al., 2024;
Wu et al., 2025; Xu et al., 2022; Du et al., 2024;
Rajpurkar et al., 2016; Pakhomov et al., 2025).

Task focus. Ledger-QA tests persistent state
maintenance under continual updates; TTL tests
storage and application of task rules from in-
context supervision; AR evaluates fine-grained fac-
tual recovery from long documents or conversa-
tions. Together, they cover distinct memory ca-
pabilities rather than repeatedly testing a single
aspect.

Evaluation metric. We use an LLM-as-a-Judge
protocol with DeepSeek-V3.2 and additionally re-
port deterministic lexical metrics using a shared
final-answer extraction and normalization pipeline.
Evaluation details, prompt templates, and dataset
taxonomies are provided in Appendices K, D,
and E.

4.1.2 Baselines

We compare UMA against a diverse set of baselines.
First, we evaluate standard approaches: Concat,
which directly concatenates the context up to the
context budget to test the backbone’s native capac-
ity, and RAG, which retrieves the top-20 chunks
using a hybrid strategy combining dense embed-
dings and sparse BM25 via Reciprocal Rank Fusion
(RRF; Cormack et al., 2009). Second, we include
recurrent summarization models: MemAgent (Yu
et al., 2026a) iteratively updates a running memory
state based on the query, while MemAgent-woq
performs query-agnostic compression. Finally, we
compare against advanced memory frameworks:
Mem1 (Zhou et al., 2026) interleaves chunk read-
ing with dynamic retrieval to maintain an evolv-
ing internal state, A-MEM (Xu et al., 2025) is an
additional external-memory baseline with explicit
memory operations, Mem-a (Wang et al., 2025b)
utilizes an RL-optimized policy to manage a com-
posite memory system (core, episodic, and seman-
tic), and Mem-T (Yue et al., 2026) is a hierarchical
memory agent trained in two stages: optimizing
retrieval via tree-guided RL and then refining its
construction policy through hindsight-based dis-
tillation. Implementation details are provided in
Appendix F.

29580



Method Test-Time Learning (TTL) Accurate Retrieval (AR)

Bank77 Clinic NLU Pub T-C T-F [Convo Hotpot LoCo LME MSC PerL SQuAD | Avg.
Baselines
Concat 72.00 79.00 71.00 57.80 71.00 18.00| 2.46  63.28 30.01 31.60 58.40 36.00 63.38 |50.30
RAG 80.00 70.00 65.00 51.20 9.00 14.00| 51.12 78.12 54.03 59.60 54.60 83.75 25.35 |53.52
MemAgent 25.00 13.00 22.00 49.90 61.00 37.00| 59.60 51.56 60.37 55.40 50.20 65.25 77.02 |48.25
MemAgent-woq 27.00 41.00 34.00 44.40 70.00 44.00| 1.56 11.72 2543 7.60 29.40 23.50 25.01 |29.59
Meml 0.00 6.00 0.00 9.00 7.00 0.00| 1.34 547 2160 640 840 725 1509 | 6.73
A-MEM 83.00 81.00 72.00 53.70 36.00 16.00| 52.46 67.97 45.87 31.80 62.80 73.00 88.12 |58.75
Mem-« 83.00 77.00 68.00 56.50 78.00 62.00| 7.14 79.69 40.85 53.80 56.80 74.50 81.92 |63.02
Mem-T 67.00 52.00 58.00 46.80 15.00 7.00 | 51.12 66.41 41.04 5240 65.80 56.75 67.03 |49.72
Ablations
UMA (w/o RL & Phase I) | 26.00 27.00 23.00 39.30 13.00 12.00| 79.02 64.06 50.40 38.60 36.20 57.25 8233 |42.17
UMA (w/o Phase I) 84.00 80.00 75.00 47.40 81.00 28.00| 86.16 69.53 44.21 48.80 27.40 59.00 83.47 |62.61
UMA (w/o RL) 77.00 72.00 61.00 38.20 69.00 20.00| 84.82 64.84 44.26 48.60 63.80 51.50 81.19 [59.71
UMA (w/o Raw-Context) | 69.00 71.00 59.00 36.30 71.00 44.00| 73.12 60.15 40.59 35.80 62.20 52.00 76.52 |57.74
UMA (Global Group) 69.00 77.00 84.00 72.50 88.00 53.00| 81.47 60.94 56.55 37.60 74.40 73.00 81.98 |69.96
UMA (Two-Stage) 86.00 84.00 70.00 44.60 77.00 43.00| 84.82 67.19 42.75 49.20 65.60 60.75 65.59 |64.65
UMA-Generalist (16k) ‘ 87.00 91.00 82.00 67.20 94.00 75.00| 87.05 76.56 46.58 51.60 66.20 74.50 87.53 |75.86
Session-budget scaling
UMA-Generalist (8k) 79.00 88.00 75.00 65.60 95.00 70.00| 80.80 64.06 4491 44.80 64.60 71.25 85.81 |71.45
UMA-Generalist (32k) 90.00 92.00 84.00 68.60 97.00 83.00| 89.06 74.22 47.48 49.20 67.00 69.00 87.32 |76.76

Table 1: DeepSeek-V3.2 LLM-as-a-Judge scores for UMA-Generalist, its ablations, and session-budget variants.
Bold marks the best result among methods using the 16k budget; underlining marks the best result among the
UMA-Generalist 8k, 16k, and 32k variants. Pub: PubMed-RCT; Convo: ConvoMem; LoCo: LoCoMo; LME:
LongMemEval; PerL: PerLTQA; T-C/T-F: TREC-Coarse/Fine. See Section 4.4 and Appendix K for details.

4.1.3 Implementation Details

We train two checkpoints with the same architec-
ture and optimization. UMA-Generalist is trained
for two epochs on modified HotpotQA and a fil-
tered Mem-« split containing SQuAD, PerLTQA,
NLU, TREC-Coarse, PubMed-RCT, and Book-
Sum, with HotpotQA and LongMemEval removed.
It is used for TTL/AR and evaluated on Ledger-QA
without task-specific training. UMA-Specialist
is trained for six epochs on the independently
generated Ledger-QA set. Dataset and filtering
details are in Appendix H. Dense retrieval uses
sentence-transformers/all-MinilM-L6-v2
served via infinity (Feil, 2023). UMA builds on
customized veRL (Sheng et al., 2025), initializes
from Qwen/Qwen3-4B-Instruct-2507!, and
trains Task-Stratified GRPO on 32 NVIDIA H200
GPUs. Hyperparameters and default prompts are
provided in Appendices I and B.

4.2 Main Results

Table 1 presents UMA-Generalist and the baselines
across 13 standard benchmarks (6 TTL and 7 AR
tasks).

'We use the Instruct checkpoint because Qwen3-4B/8B
thinking variants sometimes generate overlong traces that fill
the context window, making rollout-based RL costly.

Results on Test-Time Learning (TTL). UMA-
Generalist averages 82.70 across the six TTL tasks,
the highest six-task average at the 16k budget, and
leads four tasks. Its performance on Banking77 and
Clinic, which are unseen during training, also indi-
cates transfer to new classification domains. Perfor-
mance is also stable across classification formats,
suggesting that the learned maintenance policy is
not tied to a single label inventory.

Results on Accurate Retrieval (AR). UMA-
Generalist obtains the highest seven-task average
of 70.00 and ranks among the top three meth-
ods on five tasks. It leads ConvoMem and ranks
among the top three methods on HotpotQA, MSC,
PerLTQA, and SQuAD. The aggregate gain reflects
consistently strong performance across tasks. Effi-
ciency and scalability analysis is provided in Ap-
pendix J. These benchmarks reward retaining ev-
idence that remains useful across heterogeneous
questions rather than compressing context toward
one known target.

MemAgent-woq and Mem1 are notably weaker
on several TTL tasks, where memory is constructed
before the target classification query is revealed.
This protocol tests whether compact states learned
for objective-conditioned use transfer to query-
hidden retention.
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Model LQA Train Judge EM F1 R-L Sub-EM
UMA (w/o RL) No 3045 19.09 20.15 20.15 42.59
MemAgent No 40.52 19.28 23.63 23.64 42.50
UMA-Generalist (16k) No 38.18 34.39 36.24 36.24 43.42
UMA-Specialist (16k) Yes 53.02 49.39 51.62 51.62 55.65

Table 2: Average Ledger-QA results (%). Judge uses
DeepSeek-V3.2; LQA Train indicates whether Ledger-
QA training data is used.

Ledger-QA benchmarks (LLM Score vs Session Count)

—+— A-MEM
—— Concat
0.8 —— Mem-a
—=— Mem-T

—+— MemAgent-woq
—— RAG

—s— UMA (w/o RL & Phase I)
—s— UMA-Generalist (16k)

Mem1 —— UMA-Specialist (16k)
—— MemAgent

LLM Score

2 5 10 100 500

20 40
Number of Sessions

Figure 4: Performance comparison on Ledger-QA
across varying session horizons. The x-axis represents
the dialogue-session horizon H, and the y-axis denotes
LLM-as-a-Judge score. The figure includes the evalu-
ated baselines and multiple UMA variants; full results
are in Table 16.

4.3 Results on Ledger-QA

We evaluate Ledger-QA across session horizons
H € {2,5,10,20, 30,40, 50,100, 500}. Figure 4
compares the baselines and multiple UMA variants
at representative horizons. Table 2 reports averages
across all horizons and separates transfer from task
adaptation; per-horizon Judge and EM results are
provided in Appendix M.

Without Ledger-QA training, UMA-Generalist
reaches 38.18 LLM-as-a-Judge and 34.39 EM,
compared with 30.45 and 19.09 for UMA (w/o RL).
MemAgent records a higher Judge score of 40.52
under its query-conditioned protocol, which con-
structs a separate state after seeing each question.
UMA-Generalist reuses one query-hidden mem-
ory state across all questions and achieves higher
EM, F1, and ROUGE-L. Task adaptation further
raises UMA-Specialist to 53.02 Judge and 49.39
EM. The lexical metrics provide a complementary
view because they require normalized answer over-
lap, whereas the Judge can accept semantically
correct answers with different surface forms.

Vulnerability of Baseliness. RAG and
MemAgent-woq remain competitive at H = 2

but fall to 5.77 and 2.88 at H = 500; even
query-conditioned MemAgent drops to 11.54.
These declines show that retrieval and simple
summarization struggle to aggregate scattered
updates over long histories.

Long-Horizon Performance of UMA-Specialist.
UMA-Specialist remains more stable, especially
for H > 20. At 500 sessions, it scores 25.00,
matching UMA (w/o Raw-Context) and exceeding
the strongest non-UMA baseline, MemAgent, at
11.54. This margin supports explicit memory oper-
ations for accumulated state at ultra-long horizons.

Arithmetic Control. We further run a 100,000-
example arithmetic-only control (Appendix E)
where the model sums five random two-decimal
numbers below 1000. Accuracy changes little after
UMA-Specialist training (base: 25.41%; UMA-
Specialist: 25.14%), suggesting Ledger-QA gains
come from memory maintenance and state access
rather than improved standalone arithmetic. We
provide a manual failure breakdown in Appendix L.

4.4 Ablation Studies

We ablate architecture and training choices in the
lower block of Table 1.

Ablation Settings. w/o Phase I removes sequen-
tial memory maintenance and relies on QA-time
retrieval only. w/o RL keeps the full architecture
but removes RL optimization. w/o RL & Phase
I removes both mechanisms. w/o Raw-Context
disables BM25/Embedding and only allows Memory
Bank retrieval at inference. Global Group normal-
izes all memory and QA sessions in a single global
group without task stratification. Two-Stage sep-
arately trains memory and QA. 8k/32k Window
changes the default 16k session budget covering
the initial prompt and later interaction tokens.

Impact of Memory Maintenance (Phase I). Ex-
plicit maintenance improves both untrained and RL
models. Before RL, enabling write/update opera-
tions outperforms the retrieval-only variant, show-
ing that structured state maintenance already ben-
efits retention. After RL, full UMA exceeds w/o
Phase I by 13.3 points on average, confirming that
these operations contribute beyond QA-time re-
trieval.

Impact of RL Training. RL improves both ar-
chitectures. It strengthens retrieval-only tool use
and raises full UMA by 16.2 points on average,
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with gains from better memory writing, updating,
and access. The improvements span both retention-
heavy TTL tasks and retrieval-heavy AR tasks in-
stead of concentrating in one benchmark family.

Impact of Stratified Advantage Grouping. The
Global Group variant, which normalizes all mem-
ory and QA sessions in a single global group, is 5.9
points lower on average. Separate normalization
better matches binary QA outcomes and aggregated
memory utility.

Two-Stage vs. Unified End-to-End Training.
Two-stage training, which optimizes memory main-
tenance and QA separately, is 11.2 points lower on
average. Joint optimization better links memory
construction to downstream QA utility.

Effect of Session Context Budget. Moving from
8k to 16k clearly improves performance, whereas
32k provides only modest additional gains at higher
compute and memory cost. We therefore retain 16k
as the default trade-off.

Ablation: w/o Raw-Context Retrieval. Dis-
abling raw-context retrieval produces a substan-
tial drop on retrieval-heavy TTL/AR tasks and a
small decrease on Ledger-QA. Across 952 Ledger-
QA QA traces, UMA-Specialist accesses structured
memory in every trace: 878 (92.2%) use only Mem-
ory Bank tools, 74 (7.8%) additionally invoke raw-
context retrieval, and no trace uses raw-context re-
trieval alone. This pattern indicates that structured
memory is the default access path on Ledger-QA,
with raw retrieval used as an occasional supple-
ment.

5 Related Work

Internal Memory and Context Compression.
Several approaches extend or compress con-
text through internal representations, including
parameter-based storage (Wang et al., 2025a), gen-
erative or learned memory tokens and slots (Zhang
et al., 2026; Burtsev et al., 2020; Ge et al., 2024),
and KV-based compression (Qian et al., 2025; Li
et al., 2024). Such internal-memory approaches
generally require model-level access or modifica-
tion, whereas external memory systems can remain
model-agnostic.

Prompt-based External Memory. Prompt-based
systems such as MemGPT (Packer et al., 2023),
MemO (Chhikara et al., 2025), and SCM (Wang

et al., 2026) maintain external stores through OS-
like hierarchies, extracted memories, or graphs. Al-
though black-box compatible, they depend on in-
struction following, making smaller models unreli-
able for complex memory updates and retrieval in
dynamic settings (Wang et al., 2025b).

Trainable Memory Agents. Recent work replaces
hand-designed memory routines with learned poli-
cies. MEMI interleaves retrieval with reason-
ing (Zhou et al., 2026). MemAgent (Yu et al.,
2026a) and ReMemR1 (Shi et al., 2026) optimize
question-conditioned memory-to-answer trajecto-
ries, with the target question guiding memory con-
struction. A-MEM (Xu et al., 2025) organizes
an evolving structured store without policy train-
ing. Among query-agnostic learned-memory sys-
tems, Memory-R1 (Yan et al., 2026) trains special-
ized Memory Manager and Answer Agent policies;
Mem-a (Wang et al., 2025b) evaluates one shared
memory against multiple questions while optimiz-
ing the memory writer through a fixed RAG-based
QA pipeline; Mem-T (Yue et al., 2026) combines
hierarchical memory construction and multi-step re-
trieval with tree-guided rewards; and AgeMem (Yu
et al., 2026b) jointly learns long- and short-term
memory actions with task execution in a three-stage
trajectory.

Appendix G summarizes these formulations.
UMA jointly optimizes one policy over query-
agnostic memory construction and multiple down-
stream QA trajectories, with separate normalization
for memory and per-question QA groups.

6 Conclusion

We propose Unified Memory Agent, which jointly
optimizes memory acquisition and utilization via
reinforcement learning. Task-Stratified GRPO
aligns the objectives of long-horizon memory
maintenance and downstream question answer-
ing. We also introduce Ledger-QA, a dataset re-
quiring persistent updates to an evolving ledger.
At the 16k budget, UMA-Generalist achieves the
highest aggregate test-time-learning and accurate-
retrieval score among compared methods, and
UMA-Specialist improves long-horizon state track-
ing on Ledger-QA. Ablation studies show the con-
tributions of policy training and explicit memory
updates. Together, these results distinguish transfer
from task-specific adaptation and support proactive
memory management alongside longer contexts
and query-time retrieval.
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Limitations

Several limitations remain. First, we study single-
agent settings with a fixed tool interface; collabo-
rative agents and evolving APIs are left for future
work. Second, Ledger-QA is a controlled synthetic
diagnostic with transparent generation rules, and
broader validation on real-world proactive state-
maintenance tasks is still needed. Third, the la-
tency and scaling measurements reflect the reported
hardware and workloads. Finally, downstream out-
comes supervise memory maintenance at the ses-
sion level, so actions within one tool-calling session
share an advantage; identifying the contribution of
individual CRUD operations would require finer-
grained or counterfactual attribution. Persistent
memory also introduces privacy and data-retention
risks, discussed below.

Ethical Considerations

Long-term memory agents may retain sensitive per-
sonal information across sessions. Deployments
should obtain informed consent, minimize stored
content, apply retention limits and access controls,
and provide users with mechanisms to inspect, cor-
rect, and delete memory. Sensitive information
should be excluded by default unless its storage
is necessary and explicitly authorized. Deletion
should cover both memory entries and derived
retrieval artifacts, including indexes and caches.
Ledger-QA is fully synthetic and contains no real
personal or financial records.
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A Tool Definitions

Our agent interacts with the Memory Bank and raw
context through a structured API plus controller-
level terminal-action conventions. Below we pro-
vide the detailed specifications for each executable
tool available in the Memory Toolset (7,,¢;) and
the Retrieval Toolset (7,,), followed by the pars-
ing rules for terminal actions. Each item also states
the concise action alias used in Section 2.1.

A.1 Memory Toolset (7,,cm)

This toolset is used during the Sequential Mem-
ory Maintenance phase to manage the persistent
Memory Bank (B;).

e Add: memory_add(title: str, content:
str) — str: Creates a new entry in the memory
bank. Input: A unique title and the content.
Output: Returns "Success"” if the title is new;
returns an error message if it already exists.

e Update: memory_update(title: str,
content: str[, new_title: str]) — str:
Modifies or renames an existing entry. Input:
The target title, replacement content, and op-
tional new_title. Qutput: Returns "Success" if
the update is applied; returns an error if the title
is not found.

e Delete: memory_delete(title: str) —
str: Removes an entry. Input: The target title.
Output: Returns "Success" upon deletion; re-
turns an error if the title does not exist.

* Retrieve: memory_key_retrieve(title:
str) — str: Reads the full content of a
specific entry. Input: The target title. Output:
Returns the stored content string; returns an
error if the title does not exist.

e List: memory_list([filter: str]) —
List[str]: Scans the memory bank. Input: An
optional filter string. Output: Returns match-
ing keys (titles), enabling the agent to survey
stored topics before performing operations.

A.2  Retrieval Toolset (7,,)

Used during the Hybrid Retrieval-Augmented
QA phase to retrieve from the raw-context in-
dex. Specifically, memory_bm25_retrieve and
memory_embedding_retrieve query raw con-
text chunks, while memory_key_retrieve and
memory_list access the structured Memory Bank.
Table 4 reproduces the original tool prompt verba-
tim as used in all experiments, including its legacy
naming and wording.

e Embedding: memory_embedding_retrieve(
query: str[, top_k: int]) — List[strl:
Performs dense retrieval over raw context chunks.
Input: A search query and optional top_k (de-
fault: 20). Mechanism: Retrieves the top-k
context chunks by semantic similarity. Output:
Ranked results in JSON format.
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e BM25: memory_bm25_retrieve(query: str[,
top_k: int]) — List[str]: Performs sparse
retrieval over raw context chunks. Input: A
search query and optional top_k (default: 20).
Mechanism: Uses the BM25 algorithm to match
keywords. QOutput: Ranked results in JSON
format.

A.3 Terminal Actions and Parsing Convention

UpdateCore and Answer are terminal actions in the
MDP formulation, but they are not implemented as
explicit executable tool calls in the tool executor.
Instead, the controller interprets the model’s final
plain-text response according to the current phase:

* Memory maintenance phase. If the agent emits
a structured memory-tool call, the executor runs
the requested tool and returns its observation. If
the agent emits no structured tool call and instead
outputs plain text, the controller treats that text
as an implicit UpdateCore action: the text is
committed as the updated core memory m{°"®,
the current chunk-level session terminates, and
the environment advances from cj, to ¢4 1.

* QA phase. If the agent emits a retrieval or
memory-read tool call, the executor runs the tool
and returns its observation. If the agent emits
no structured tool call and instead outputs plain
text, the controller treats that text as the implicit
Answer (text) action and terminates the QA ses-
sion.

Thus, UpdateCore and Answer(text) define
phase-specific stopping semantics rather than
callable API endpoints. Tool-validity rewards
are computed over explicit structured tool calls,
while these terminal text outputs are evaluated
through the corresponding memory-update or
answer-outcome signal.

B Agent Prompt Templates

We provide the complete prompt templates used
by UMA-Generalist for memory maintenance and
final question answering. Each prompt includes
the phase-specific tool-calling system message fol-
lowed by the corresponding task instruction. The
task instruction uses episodic and semantic memory
as instruction-level categories for deciding what in-
formation to store; in implementation, both are
uniformly stored as key-value entries in the same
Memory Bank, without separate memory mod-
ules. The full memory-maintenance and final-QA
prompts are shown in Tables 3 and 4, respectively.

C Details of Ledger-QA Construction

The construction of the Ledger-QA benchmark em-
ploys a three-stage pipeline designed to simulate
realistic, long-horizon bookkeeping scenarios. In
our implementation, we adopt a joint synthesis
strategy: we provide the LLM with high-level
user intents (e.g., "wants to buy coffee"), and the
LLM simultaneously generates both the natural dia-
logue and the corresponding structured transaction
records. This design helps ensure that details such
as amounts and descriptions are contextually appro-
priate and naturally woven into the conversation.

C.1 Consumption Scene Taxonomy

To simulate a diverse personal finance environment,
we define a hierarchical taxonomy of consumption
scenes. The dataset covers 8 major categories, each
with multiple sub-scenes:

* Dining: Fast Food, Restaurant, Coffee, Bub-
ble Tea, BBQ, Hot Pot, Snacks, Takeout.

* Transportation: Subway, Bus, Taxi, Gas,
Parking, Train, Flight.

* Shopping: Clothing, Electronics, Daily Ne-
cessities, Cosmetics, Books, Groceries, Furni-
ture.

* Entertainment: Movie, KTV, Gaming, Gym,
Travel, Concert, Escape Room.

« Utilities: Water & Electricity, Property Fee,
Phone Bill, Internet, Gas Bill, Rent.

e Medical: Medicine, Doctor Visit, Health
Checkup, Dental, Glasses.

* Education: Training Course, Books & Mate-
rials, Online Course, Exam Registration, Tu-
ition.

* Other: Transfer, Red Envelope, Donation,
Pet, Beauty & Salon.

C.2 Data Generation Pipeline

Stage 1: Timeline & Intent Sampling. For each
sample, we randomly sample H dates (sessions)
from 2023-01-01 to 2024-12-31. For each ses-
sion, we stochastically select a subset of consump-
tion scenes (e.g., Dining-Coffee, Transportation-
Taxi) to form the user’s "intent" for that day.

Stage 2: Joint Dialogue & Transaction Synthe-
sis. We feed the selected date and scene intents
into an advanced LLM (e.g., Gemini 3 Pro (Pichai
et al., 2025)) to obtain natural language realiza-
tions while keeping generation controls explicit.
The model is instructed to act as a user-assistant
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pair and generate a JSON object containing two
aligned fields:

1. Dialogue: The natural conversation turns.

2. Transactions: The structured ground truth
(Amount, Description, etc.) corresponding to
the dialogue.

Crucially, we do not pre-determine the amounts.

The LLM decides reasonable amounts based on
the context (e.g., $5 for coffee vs. $500 for a
flight), ensuring semantic consistency. To validate
the dialogue—transaction alignment, we manually
audited 100 transactions randomly sampled from
the Stage-2 outputs. All 100 sampled transactions

were accurately supported by the corresponding di-
alogue, and their scenes and amounts were judged
contextually reasonable, indicating that the LLM-
generated dialogues and structured transactions are
reliable for this synthesis step.

Example Multi-Session Sample from Stage 2
(Excerpt). Table 6 shows a shortened multi-
session sample generated by the Stage-2 joint syn-
thesis pipeline. We include two sessions from dif-
ferent dates, aligned transaction records with ex-
plicit date fields, and key metadata, to illustrate the
temporal structure used by Ledger-QA.

Memory Maintenance Prompt

<|im_start|>system
# Tools

You may call one or more functions to assist with the user query.

You are provided with function signatures within <tools></tools> XML tags:

<tools>

{"type": "native”, "function”: {"name”: "memory_add”, "description”: "Store new information in memory with a unique title for later retrieval”,
< "parameters”: {"type”: "object”, "properties”: {"title": {"type": "string”, "description”: "Human-friendly title used to reference this memory
— entry”}, "content”: {"type": "string"”, "description”: "Content to store in memory”}}, "required”: ["title"”, "content"]}}}

{"type": "native”, "function": {"name” emory_update”, "description”: "Update or rename existing memory entries by title, replacing their content
— completely”, "parameters”: {"type": "object"”, "properties”: {"title"”: {"type": "string”, "description”: "Existing memory title to update"},
— "content”: {"type": "string”, "description”: "New content to persist”}, "new_title”: {"type": "string"”, "description”: "Optional new title for
< the memory entry”}}, "required”: ["title”, "content”]}}}

{"type": "native"”, "function”: {"name”: "memory_delete”, "description”: "Permanently delete memory entries by their exact title"”, "parameters”:
— {"type": "object”, "properties”: {"title”: {"type”: "string”, "description”: "Memory title to delete”}}, "required”: ["title"1}}}

{"type": "native"”, "function”: {"name": "memory_key_retrieve”, "description”: "Retrieve the full content of a memory entry using its exact title”,

< "parameters”: {"type": "object”, "properties”: {"title": {"type”: "string”, "description”: "Memory title to retrieve"}}, "required”: ["title"]1}}}
{"type": "native"”, "function”: {"name": "memory_list”, "description”: "List stored memory keys. HIGHLY RECOMMENDED: Use the 'filter' parameter to
<> narrow down results.”, "parameters”: {"type": "object”, "properties”: {"filter": {"type": "string”, "description”: "Optional keyword to filter
< keys. Only keys containing this string will be returned (e.g., 'Transportation', '2024-04')."3}}, "required”: [1}}}

</tools>

For each function call, return a json object with function name and arguments within <tool_call></tool_call> XML tags:

<tool_call>

{"name": <function-name>, "arguments": <args-json-object>}
</tool_call><|im_end|>

<|im_start|>user

You are an expert assistant for memory management.

### Step 1: External Memory Storage (Tool Calls)

- Episodic Memory: record specific events, user actions, friend actions, or assistant actions with timestamps.

- Semantic Memory: record detailed facts, definitions, relationships, labels.

- Always store these details externally via tools like ~memory_add".

- Do NOT store the Core Memory externally -- it is for internal topic reference only.

#i## Step 2: Core Memory Update

- Core memory should store only high-level themes and main topics of the context.
- Do NOT include detailed facts, numerical data, timestamps, or full event descriptions.

- Summarize in 1-3 short sentences what the context is about:
- Main subject / theme
- Overall purpose or intent

- Any broad category or domain (e.g., technology, sports, finance, etc.)

- Keep it concise, clear, and relevant to understanding "what this context is generally about”.
- If the new section changes or adds themes, update the core memory accordingly.

- Avoid redundancy; merge overlapping topics.

<core_memory>
{memory}
</core_memory>

<section>
{chunk}
</section>

Important:

- Final answer must be the updated concise core memory only (plain text, no tool syntax).

- Max length: 1-3 sentences.
- Focus only on WHAT the context is generally about, not details.

Updated concise core memory:
<|im_end|>

Table 3: Complete prompt template for UMA memory maintenance. The table spans both columns and includes

both the tool-calling system message and task instruction.
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Stage 3: Ground-Truth Query Generation.
From the transaction ledger generated in Stage 2,
we programmatically generate questions and exact
answers across 8 distinct templates.

The question types include:

1. Time-Range Scene Amount: "How much
was spent on Dining from Jan to Mar?"

2. Time-Range Multi-Scene: "Total spending
on Dining and Travel in Q17"

3. Global Total: "What was the total spending
across all records?"

4. Max Scene: "Which category had the highest
spending?"

5. Max Frequency Date: "On which date were
there the most transactions?"

6. Max Single Amount: "What was the largest
single transaction?"

7. Point Query: "How much was spent on Cof-
fee on 2024-05-01?"

8. Single Date Scene Amount: "How much was
spent on Dining on 2024-05-017"

C.3 Dataset Statistics

To evaluate the agent’s robustness across varying
temporal horizons, we constructed a comprehen-
sive suite of datasets ranging from short-term in-
teractions (2 sessions) to ultra-long histories (500
sessions).

Training Set. We utilize the H = 10 configura-
tion for training, consisting of 200 samples with
over 6,000 questions. This provides a balanced
difficulty level for the agent to learn state-tracking
policies.

Test Set. The test set is stratified by session hori-
zon (H € {2,5, 10,20, 30,40, 50, 100, 500}). De-
tailed statistics for each configuration are presented
in Table 7.

Final QA Prompt

<|im_start|>system
# Tools

You may call one or more functions to assist with the user query.

You are provided with function signatures within <tools></tools> XML tags:

<tools>

{"type": "native"”, "function”: {"name”: "memory_key_retrieve”, "description”: "Retrieve the full content of a memory entry using its exact title”,
— "parameters”: {"type": "object”, "properties”: {"title": {"type": "string”, "description”: "Memory title to retrieve”}}, "required”: ["title"]}}}
{"type": "native”, "function”: {"name”: "memory_list"”, "description”: "List stored memory keys. HIGHLY RECOMMENDED: Use the 'filter' parameter to
< narrow down results.”, "parameters”: {"type”: "object”, "properties”: {"filter": {"type”: "string”, "description”: "Optional keyword to filter
— keys. Only keys containing this string will be returned (e.g., 'Transportation', '2024-04')."}}, "required”: []1}}}

{"type": "native”, "function”: {"name”: "memory_bm25_retrieve”, "description”: "Search memory using keyword matching (BM25). Best for finding

< documents with specific terms or exact phrases. Returns JSON with ranked results.”, "parameters”: {"type": "object”, "properties”: {"query":

— {"type": "string”, "description”: "Natural language query used to retrieve relevant memory chunks."}, "top_k": {"type": "integer"”, "description”:
< "Maximum number of retrieved documents to return. Defaults to 20 if not specified.”}}, "required”: ["query”]1}}}

{"type": "native"”, "function”: {"name"”: "memory_embedding_retrieve”, "description”: "Search memory using semantic similarity (embeddings). Best for
< finding conceptually related content when exact keywords may vary. Returns JSON with ranked results.”, "parameters”: {"type": "object”,

<~ "properties”: {"query": {"type": "string”, "description”: "Natural language query used to retrieve relevant memory documents."}, "top_k": {"type":
<« "integer”, "description”: "Maximum number of documents to return. Defaults to 20 if not specified.”}}, "required”: ["query"1}}}

</tools>

For each function call, return a json object with function name and arguments within <tool_call></tool_call> XML tags:

<tool_call>

{"name": <function-name>, "arguments": <args-json-object>}
</tool_call><|im_end|>

<|im_start|>user

You are presented with a problem and a previous memory.

erils

used all relevant memory and retrieval tools.

u have access to tools that can help you solve the problem. Use them if necessary. In particular, if you can't find the answer in the memory, you
should use the memory_list, memory_key_retrieve, memory_embedding_retrieve and memory_bm25_retrieve tools to find relevant information. If you
can not find the answer using one of these tools, you can also use other tools to help you. Try as hard as you can to find the answer using the
tools available to you until you find the answer or you are sure that the answer is not in the memory. Do not decide that the answer is not in the
memory unless you have used all relevant tools to search for the answer. Before deciding that the information is unavailable, make sure you have

Please answer the problem based on the previous memory and the tools. Put your final answer in \boxed{{}}.

<problem>
{prompttext}
</problem>

<memory>
{memory}
</memory>

Your answer:
<|im_end|>

Table 4: Complete prompt template for UMA final question answering. The table spans both columns and includes

both the tool-calling system message and task instruction.
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Prompt for Joint Synthesis (Simplified)

Please generate a natural conversation between a user and
an Al assistant about expense tracking.

Context:

- Date: {date}

- The user wants to record: {selected_scenes}

- [Instruction: First Session vs. Continuation]
Requirements:

- The dialogue should be natural, containing {min_turns }-
{max_turns} turns.

- Each consumption scene needs a specific amount (you
decide a reasonable amount).

- Return JSON with two fields:

1. "dialogue": List of turns.

2. "transactions": List of records (scene, amount, descrip-
tion, date).

Table 5: Prompt template used for the joint generation
of dialogue and structured data.

C.4 Generation Algorithm

The core logic of our joint synthesis pipeline is
formalized in Algorithm 1.

D Evaluation Prompts

To ensure consistent and fair evaluation, we em-
ploy an LL.M-as-a-Judge protocol with two in-
dependent evaluators: DeepSeek-V3.2 (main re-
sults) and Qwen3-30B-A3B-Instruct-2507 (sup-
plementary comparison). The specific prompts
used for different benchmarks are detailed below.

General Prompt. For all benchmarks except
LongMemEval, we utilize a unified evaluation tem-
plate designed to assess semantic correctness:
"I will give you a question, a correct answer, and
aresponse from a model. Please answer yes if the
response contains the correct answer. Otherwise,
answer no. If the response is equivalent to the
correct answer or contains all the intermediate
steps to get the correct answer, you should also
answer yes. If the response only contains a subset

of the information required by the answer, answer
no.

Question: {question}
Correct Answer: {answer}
Model Response: {prediction}

Is the model response correct? Answer yes or no
only."

LongMemEval Prompts. Following the official
implementation (Wu et al., 2025), we apply task-
specific prompts to handle the nuances of different
reasoning types (e.g., temporal reasoning, knowl-
edge updates).

¢ Default / Fact Retrieval: Same as the General
Prompt above.

Session Dates: 2024-02-23 and 2024-04-29

Dialogue Excerpts (cross-date)

[2024-02-23][User] Hi there! I’d like to start using this chat to track my
daily expenses.

[2024-02-23][Assistant] Great initiative. I can help log each expense
with category and amount.

[2024-02-23][User] I paid my monthly Internet bill. It cost 75.
[2024-02-23]1[Assistant] Got it. Should I categorize this under Utili-
ties?

[2024-02-23][User] Yes, please put it under Utilities.
[2024-02-23][Assistant] Recorded: Utilities—Internet, 75. Do you have
other expenses?

[2024-04-29][User] I have a few more receipts. First, I took a cab to the
city center.

[2024-04-29][Assistant] Transportation—Taxi noted. How much was
the fare?

[2024-04-29][User] 25.5. Also, a clinic co-pay (50), a gas bill (85.20),
and skincare products (120).

[2024-04-29]1[Assistant] Done. I've saved all four transactions for April
29th.

Aligned Structured Transactions (date, scene, subscene, amount)
1) (2024-02-23, Utilities, Internet, 75.00)

2) (2024-02-23, Transportation, Subway, 2.90)

3) (2024-02-23, Entertainment, Escape Room, 40.00)

4) (2024-02-23, Education, Tuition, 1500.00)

5) (2024-02-23, Transportation, Bus, 1.50)

6) (2024-04-29, Transportation, Taxi, 25.50)

7) (2024-04-29, Medical, Doctor Visit, 50.00)

8) (2024-04-29, Utilities, Gas Bill, 85.20)

9) (2024-04-29, Shopping, Cosmetics, 120.00)

Sample Metadata
num_sessions=2; num_turns=48; num_transactions=9;
date_range=[2024-02-23, 2024-04-29]; total_amount=1900.10.

Table 6: Shortened multi-session Stage-2 generation
example. The excerpt preserves cross-date dialogue
evidence, date-aware transaction records, and core meta-
data.

¢ Temporal Reasoning: Adds tolerance for off-
by-one errors:

"...In addition, do not penalize off-by-one er-
rors for the number of days. If the question asks
for the number of days/weeks/months, etc., and
the model makes off-by-one errors (e.g., pre-
dicting 19 days when the answer is 18), the
model’s response is still correct..."

* Knowledge Update: Allows inclusion of previ-
ous information if the update is correct:

"...If the response contains some previous infor-
mation along with an updated answer, the re-
sponse should be considered as correct as long
as the updated answer is the required answer..."

* Single-Session Preference: Evaluates personal-
ization based on a rubric:

"...Please answer yes if the response satisfies
the desired response... The response is correct
as long as it recalls and utilizes the user’s per-
sonal information correctly.

Rubric: {rubric}..."

¢ Abstention: Checks for correct identification of
unanswerable questions:
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Algorithm 1 Ledger-QA Data Generation Pipeline

Require: Date range [Dgtart, Deng) = [2023-01-01,2024-12-31], Session horizon H, Diversify flag

diversify

Ensure: Context chunks C, Question set Q, Ground-truth Ledger £

1: D «+ SampleSortedDates( Dstqrt, Dend, H)
L+ 0
C«+0
for i < 1to H do
Sintent < SampleScenes(Taxonomy)

Response <— LLMgen(P)

YRR R

_
@

C .append(FormatChunk(d;, Dialogue,))
L.extend(Trans;)
: end for

—_— = =
Sl A

. if diversify then
Q <~ LLMparaphrase ( Qraw)

—
W

. else

—_— =
N

Q <_ Qraw
. end if
s returnC, Q, L

—_ =
O o0

P < FormatPrompt(d;, Sintent, is_first = (i == 1))
> Generate dialogue and transaction simultaneously
Dialogue;, Trans; < ParseJSON(Response)

Qraw < ApplyTemplates(L, Types = {1,...,8})

> Initialize global transaction ledger
> Initialize dialogue history

> Randomly select user intents
> Construct prompt for joint synthesis

> Generate questions based on the full ledger
> Optional: Diversify phrasing

"...Please answer yes if the model correctly
identifies the question as unanswerable. The
model could say that the information is incom-
plete...

Explanation: {explanation}

Does the model correctly identify the question
as unanswerable? Answer yes or no only."

E Evaluation Dataset Details

We employ a diverse set of benchmarks to evalu-
ate the agent’s capabilities. Detailed statistics for
all evaluation datasets are summarized in Table 7.
Below we detail the preprocessing and construc-
tion logic for each dataset, corresponding to the
implementation in our codebase.

Artifact Licenses and Intended Use. We use
third-party artifacts under the licenses, access
terms, and documentation provided by their origi-
nal releases. LoCoMo, PerLTQA, and ConvoMem
are used only for non-commercial research under
CC BY-NC 4.0. The release pages for the Mem-
a corpus and the Mem-a/Mem1 checkpoints do
not currently declare licenses; we therefore cite
them through their original sources and do not
redistribute these artifacts. Ledger-QA and the
arithmetic-control set are synthetic artifacts created
for this study.

E.1 Dynamic State Tracking

Ledger-QA (Synthetic). As detailed in Ap-
pendix C, we generate synthetic bookkeep-
ing data.  For evaluation, we use a strat-
ified test set across session horizons H €
{2, 5,10, 20, 30, 40, 50, 100, 500}, as summarized
in Table 7.

Arithmetic-Control Set. We construct 100,000
arithmetic-only examples to isolate numerical com-
putation: each asks for the sum of five randomly
sampled numbers below 1000 rounded to two deci-
mals. Exact-match accuracy is computed against
the generated sum. The set contains no long-
context stream, memory updates, or retrieval re-
quirement.

E.2 Test-Time Learning (TTL)

For TTL tasks, we source data from MemoryA-
gentBench (Hu et al., 2026). To ensure the agent
understands the classification nature of these tasks,
we prepend a specific instruction hint to each query
if not already present:

"Sentence: {original_query}
What are the labels for the above sen-
tence?"
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Category Dataset Samples Avg. Qs Avg. Len (Tok) Avg. Chunks
Ledger-QA (H = 2) 5 20.6 1,693 2.0
Ledger-QA (H = 5) 4 30.8 4,204 5.0
Ledger-QA (H = 10) 3 34.3 8,192 10.0
Ledger-QA (H = 20) 3 34.0 16,487 20.0
State Tracking Ledger-QA (H = 30) 3 343 24,772 30.0
Ledger-QA (H = 40) 3 35.0 32,792 40.0
Ledger-QA (H = 50) 3 35.0 40,610 50.0
Ledger-QA (H = 100) 3 34.7 81,587 100.0
Ledger-QA (H = 500) 3 34.7 405,990 500.0
Banking77 1 100.0 127,568 111.0
Clinic 1 100.0 130,702 38.0
Test Time Learning NLU 1 100.0 134,060 115.0
PubMed-RCT 10 100.0 16,724 10.0
TREC-Coarse 1 100.0 123,606 111.0
TREC-Fine 1 100.0 125,531 108.0
ConvoMem 7 64.0 522,602 300.0
HotpotQA 128 1.0 27,945 200.0
LoCoMo 10 198.6 22,161 27.2
Accurate Retrieval ~ LongMemEval 500 1.0 107,863 47.8
MSC (Batch=5) 100 5.0 9,853 25.0
PerLTQA 4 100.0 13,038 23.0
SQuAD 30 96.8 10,561 10.0

Table 7: Detailed statistics of all evaluation datasets. Avg. Len (Tok) denotes the average total context length in
tokens. Avg. Chunks denotes the average number of context chunks per sample processed by the agent.

E.3 Accurate Retrieval (AR)

HotpotQA. Following MemAgent (Yu et al.,
2026a), we ensure strict data isolation by using
non-overlapping training and validation splits. We
inject ground-truth documents into 200 shuffled
distractors, requiring the agent to retrieve evidence
from the chunked stream to solve multi-hop queries
without any risk of data leakage.

LoCoMo. We adapt prompts for specific ques-
tion categories to ensure valid evaluation:

» Temporal (Cat 2): We append "Use DATE of
CONVERSATION to answer with an approxi-
mate date" to guide relative time reasoning.

¢ Adversarial (Cat 5): We convert these into
a multiple-choice format "(A) {distractor}
(B) Not mentioned" (with randomized order).
The agent must select "Not mentioned" to
demonstrate correct rejection of unanswerable

queries.
LongMemEval. We utilize the longmemeval_s
subset. Questions are timestamped (e.g.,

[2024-01-01] Question. .
poral context.

. ) to provide tem-

MSC (Multi-Session Chat). We use a modified
version of MSC introduced by MemGPT (Packer

et al., 2023) provided at https://huggingface.
co/datasets/MemGPT/MSC-Self-Instruct. To
increase context length, we batch 5 base samples
into a single evaluation instance (batch_size=5).
Each instance thus contains 25 sessions (5 samples
x5 sessions), and the agent is queried about spe-
cific details from any of the batched conversations.

ConvoMem. We curate evaluation samples
from the pre_mixed_testcases split pro-
vided at https://huggingface.co/datasets/
Salesforce/ConvoMem/tree/main,  retaining
only conversations whose total length exceeds 2
million characters to ensure they represent genuine
long-context tasks. Each conversation turn is
formatted as "{Speaker}: {Text}". We use the
user_evidence category for evaluation.

F Baseline Implementation Details

We implement the baseline methods Mem1 and
Mem-« using the codebase provided at https:
//github.com/wangyu-ustc/Mem-alpha. Since
MemAgent follows a simple recurrent summariza-
tion procedure, we implement it ourselves while
using the official prompt templates. We implement
A-MEM from the authors’ reproduction reposi-
tory at https://github.com/WujiangXu/A-mem,
retaining its released memory-construction and evo-
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lution prompts and default retrieval/update config-
uration; final answers use our unified QA prompt
and evaluator. We implement Mem-T using the of-
ficial open-source model EdwinYue/Mem-T-4B and
the core implementation from https://github.
com/yanweiyue/Mem-T/tree/main, with only
interface-level adaptations to integrate all base-
lines into our chunked-stream evaluation pipeline
and unified evaluator. We keep released memory-
formation checkpoints, prompts, and default infer-
ence hyperparameters whenever available, and do
not tune baseline hyperparameters on the test sets.
In evaluation, context budget denotes the cumula-
tive token budget of one multi-turn agent session.
It covers the initial prompt (instructions, memory
or raw context, and query) together with all sub-
sequent assistant actions, tool observations, and
interaction history. We generally allocate half of
the budget to the initial prompt and reserve the
other half for the remaining multi-turn interaction.
Unless otherwise specified, the total session budget
is 16k tokens; the 8k/32k variants change this cap,
while the latency-only Concat-256k configuration
uses 256k. We left-truncate the memory or raw-
context portion when the initial prompt exceeds its
allocation, while preserving instructions and the
query.

For a fair comparison, all embedding-based
retrieval components use the same dense encoder,
sentence-transformers/all-MinilLM-L6-v2.
This applies to RAG and to memory-agent
baselines with embedding retrieval components,
including A-MEM, Mem-q«, and Mem-T.

Backbone Models. To isolate the contribution of
the memory mechanism, we standardize the back-
bone model where possible:

* Standard Backbone: Concat and RAG use
Qwen/Qwen3-4B-Instruct-2507 for answer
generation. MemAgent and MemAgent-woq use
the same model for recurrent memory updates
and final QA. A-MEM uses it for memory con-
struction and evolution as well as final QA.

* Specialized Memory Models: For baselines that
require specific pre-trained weights for memory
operations, we follow their original configura-
tions:

— Meml: Uses Mem-Lab/Qwen2.
5-7B-RL-RAG-Q2-EM-Release for
the memory formation phase.

— Mem-a: Uses YuWangX/Memalpha-4B for
the memory formation phase.

- Mem-T: Uses the official
EdwinYue/Mem-T-4B checkpoint. Since
Mem-T designs speaker-aware memories
for dialogue, for benchmarks that are not
dialogue-formatted, we treat each complete
chunk as a single turn and set the speaker to
context.

Crucially, for the final Question Answer-
ing phase, both Meml and Mem-a use
the standard Qwen/Qwen3-4B-Instruct-2507
backbone. The original Mem-« repository uses
a larger Qwen3-32B QA model; for fair compari-
son under our evaluation setting, we replace only
this QA model and keep the released Mem-«
memory-formation model unchanged.

G Comparison of Trainable Memory
Agents

Table 8 compares five training dimensions among
closely related memory agents. UMA combines
query-hidden structured memory, shared-memory
supervision from multiple questions, joint memory—
QA policy training, and stratified advantage groups.

Question Structured Shared-memory Joint memory— Stratified

Method hidden bank multi-Q QA policy groups

A-MEM v - - -
MemAgent - - v -
ReMemR 1 - - - v -
Mem-a v ' v - -
Memory-R1 v v - - -
Mem-T v v - - -
AgeMem v v - v -
UMA v v v v v
Table 8: Comparison of closely related memory-

agent training formulations. “Question hidden” means
that memory is constructed before the target question
is exposed. “Shared-memory multi-Q” means that
multiple distinct QA trajectories supervise the same
sampled memory state. “Joint memory—QA policy’
means that one trainable policy receives updates from
both stages. “Stratified groups” means that memory
and per-question QA rollouts use separate advantage-
normalization groups.

l

H Training Data Details

Table 9 summarizes the detailed statistics of the
datasets utilized in our training phase.

Data Sources. Our training data is curated from
three main sources: (1) HotpotQA (Modified):
We construct a retrieval-intensive version of Hot-
potQA following the protocol in MemAgent (Yu
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Dataset Samples Avg. Qs Avg. Len (Tok) Avg. Chunks
HotpotQA 8,192 1.0 25,667 61
SQuAD 264 10.0 10,780 10.0
PerLTQA 27 10.0 12,046 23.3
NLU 180 10.0 6,100 10.0
TREC-Coarse 180 10.0 3,900 10.0
PubMed-RCT 90 10.0 16,760 10.0
BookSum 1,387 1.0 15,328 8.0
Ledger-QA 200 34.0 8,254 10.0

Table 9: Detailed statistics of the training datasets. Avg. Len (Tok) denotes the average total context length in
tokens. Avg. Chunks denotes the average number of context chunks per sample processed by the agent.

et al., 2026a), augmenting each sample with 200
documents. (2) Ledger-QA (Synthetic): We gen-
erate a specialized dataset for dynamic state track-
ing as described in Section 3. (3) Mem-«a Cor-
pus: For all other datasets (SQuAD, PerLTQA,
NLU, TREC, PubMed, BookSum), we directly
incorporate the high-quality training corpus pro-
vided by Mem-a (Wang et al., 2025b) to en-
sure broad coverage of reasoning tasks (pro-
vided at https://huggingface.co/datasets/
YuWangX/Memalpha-full).

Data Isolation. We strictly enforce data isolation
to prevent leakage. For HotpotQA, we follow the
MemAgent protocol, constructing our training and
evaluation sets from the original HotpotQA training
and validation splits, respectively. For Ledger-QA,
the training and test samples are synthesized inde-
pendently with distinct seed parameters. For the
Mem-a Corpus, we start from the official training
split provided by the authors and remove the Long-
MemEval portion to avoid evaluation-data leakage.
We also remove the HotpotQA portion, both to
avoid leakage and because our training data already
includes the MemAgent-style modified HotpotQA
data described above.

To maintain training efficiency, for Mem-« cor-
pus containing a large number of queries per in-
stance (e.g., SQuAD, NLU), we randomly sample
up to 10 queries per training sample.

I Training Configuration

We implement our training framework based on a
customized version of veRL (Sheng et al., 2025),
optimized for multi-conversation and multi-turn
agent rollouts. The policy model is initialized from
Qwen/Qwen3-4B-Instruct-2507 and optimized
using AdamW with a learning rate of 1 x 1076,
We employ the Task-Stratified Group Relative Pol-
icy Optimization (GRPO) algorithm with a group

size of G = 16 samples per context, reward weight
A = 0.5, and KL divergence penalty coefficient
B = 0.001.

To balance generalization across diverse tasks
with the specific demands of intensive state track-
ing, we adopt a dual-track training strategy:

¢ UMA-Generalist (for TTL & AR): This check-
point is trained for 2 epochs on the modified
HotpotQA set and the filtered Mem-« training
split listed in Table 9. The HotpotQA and Long-
MemEval portions of the released Mem-« corpus
are excluded as described above.

* UMA-Specialist (for Ledger-QA): This check-
point is trained for 6 epochs on the independently
generated Ledger-QA training set.

All training runs are conducted on a cluster of
32 NVIDIA H200 GPUs (4 nodes x 8 GPUs). To
manage memory efficiency during long-horizon
rollouts, we use vLLM with a tensor parallelism
size of 1 and set GPU memory utilization to 0.5.
The initial prompt and the remaining multi-turn
interaction are each allocated up to 8,192 tokens,
giving a maximum total session length of 16,384
tokens. The latter allocation is shared cumulatively
across all generated actions, tool observations, and
later-turn inputs and outputs over the complete ses-
sion. The 8k/32k variants change this total session
cap at inference. Training takes approximately 2
days for UMA-Generalist and 0.5 days for UMA-
Specialist.

J Inference Efficiency and Resource
Scalability

We benchmark inference latency on a single Con-
voMem context containing 528k tokens using 8
NVIDIA A800 GPUs. We randomly sample 10
queries from the selected context for this latency
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Method Latency (s) Relative Speed
UMA-Generalist 107.32 1.0x
Meml 368.46 3.4x Slower
A-MEM 3251.75 30.3x Slower
Mem-« 1503.87 14.0x Slower
MemAgent-woq 2718.88 25.3x Slower
MemAgent 4753.26 44.3x Slower
Mem-T 8611.18 80.2x Slower
Concat 2.58 41.6x Faster
Concat-256k 61.16 1.8x Faster
RAG 58.01 1.9x Faster

Table 10: Inference latency comparison on a single 528k-token ConvoMem context with 10 randomly sampled
queries, using 8 NVIDIA A800 GPUs. The UMA result uses UMA-Generalist.

evaluation. Results are shown in Table 10. UMA-
Generalist reaches a practical sweet spot: it is sub-
stantially faster than recurrent baselines while pre-
serving strong long-horizon reasoning capability.

The results indicate that UMA-Generalist
achieves a favorable efficiency—capability balance.
Compared with MemAgent, UMA-Generalist pro-
cesses the full context only once during mem-
ory construction and then answers subsequent
queries using the maintained memory together with
lightweight retrieval. MemAgent traverses the con-
text separately for each query, leading to substan-
tially higher latency when multiple queries are
asked over the same long context. Mem-T is the
slowest method in this comparison, which may be
attributed to its more complex memory architecture,
workflow, and retrieval strategy.

Ledger-QA Scaling. We separately profile
UMA-Specialist over 30 independent context runs
on 8 NVIDIA A800 GPUs. Memory construction
processes all chunks once and grows approximately
linearly with input scale (R? = 0.995). Complete
QA-stage wall time remains broadly stable from
H = 20 to H = 500, where each context con-
tains about 35 questions; representative horizon
means are shown in Table 11. The reported group-
level wall time covers concurrently executed ques-
tions (concurrency limit 10), answer generation,
memory/raw-context retrieval, and retrieval-index
construction. Offline judge scoring is excluded.
The final serialized Memory Bank grows from
18.4 entries (1.15 KB) at H = 2 to 4,452.7 entries
(283.96 KB) at H = 500. At H = 500, its mean
serialized size is approximately 24.3% of the raw-
context size. Moreover, Update accounts for 32.2%
of all Add/Update writes, showing that the agent
revises existing state rather than only appending

H Avg. Qs Construct (s) QA Stage (s)

20 340 21.15 18.25

40  35.0 32.09 22.85

50 350 43.16 17.65
100 347 80.78 19.28
500 347 564.67 21.55

Table 11: Mean Ledger-QA wall time per context
for UMA-Specialist. Construction is performed once;
the QA stage covers the complete concurrent question

group.

new entries.

Resource Scalability. Beyond large-cluster train-
ing, we verify that the training pipeline is compati-
ble with smaller setups and can run on a single node
with 8 NVIDIA A800 GPUs (80GB HBM each).
Moreover, parameter-efficient fine-tuning methods
(e.g., LoRA) offer a practical path to further reduce
memory requirements, improving accessibility for
broader research groups.

K Detailed Evaluation Metrics

In addition to the main LLM-as-a-Judge results,
we report deterministic lexical metrics using the
same pipeline for all methods. If present, the fi-
nal answer is first extracted from \boxed{. ..} or
\fbox{...}. We then lowercase the answer, di-
rectly delete all ASCII punctuation, and collapse
consecutive whitespace. Articles are retained, and
we apply no numeric, Unicode, morphological, or
semantic normalization. Because punctuation is
deleted rather than replaced, surface forms such as
decimals and negative numbers may change during
normalization. The LLM judges instead evaluate
the generated answers directly without this string
normalization.
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EM compares sets of whitespace-delimited to-
kens, ignoring order and repetition, whereas pre-
cision, recall, and F1 use multiset token overlap.
Sub-EM checks whether either normalized string
is a substring of the other without requiring token
boundaries. ROUGE-L is computed on normal-
ized strings with RougeScorer(metric=rougelL,
use_stemmer=True); stemming is used only
for ROUGE-L. Consequently, explanatory an-
swers can be semantically correct under the
LLM judge while receiving lower strict lexi-
cal scores. Tables 12-14 report EM, F1, and
ROUGE-L, and Table 15 provides the supple-
mentary Qwen3-30B-A3B-Instruct-2507 judge
results.

L. Manual Error Analysis

To better characterize the remaining failure modes,
we manually inspect incorrect predictions together
with the corresponding Memory Bank snapshots,
retrieval outputs, and final answers. We assign each
case to the earliest failing stage: memory formation,
retrieval/access, or final evidence use.

Ledger-QA. On the H = 50 split of Ledger-
QA, which contains 105 queries, UMA-Specialist
achieves 45.71% LLM-as-a-Judge accuracy under
the DeepSeek-V3.2 evaluator and makes 57 er-
rors. Among them, 37 cases (64.9%) are memory-
formation errors, including incorrect writes, incom-
plete aggregation, or stale/conflicting state entries,
while 20 cases (35.1%) are QA-time reasoning er-
rors. A typical memory error is an incorrect nu-
meric update: two same-day Shopping expenses
should be aggregated as 145.50 4+ 25.99 = 171.49,
but the memory bank stores 166.49, causing later
range queries to fail even when the relevant mem-
ory entry is accessed. This confirms that Ledger-
QA primarily stresses durable state maintenance
rather than local span retrieval.

LoCoMo. We further sample 50 UMA-
Generalist cases on LoCoMo marked incorrect by
the DeepSeek-V3.2 LLM-as-a-Judge evaluator
to analyze failures in a dialogue-centric retrieval
setting. We find 12 missing-memory cases
(24%), where the required fact is never written
or is overwritten by an incomplete memory;
19 retrieval/access failures (38%), where the
relevant memory exists but is not selected; and
19 final evidence-use errors (38%), where correct
evidence is retrieved but ignored or polluted

by noisy raw-context retrieval. These results
suggest complementary bottlenecks: Ledger-QA
is dominated by memory-write accuracy, whereas
LoCoMo additionally requires stronger memory
addressing and final evidence selection.

M Numerical Results on Ledger-QA

Table 16 reports per-horizon LLM-as-a-Judge and
EM results. Average F1, ROUGE-L, and Sub-EM
scores are summarized in Table 2. UMA-Generalist
is evaluated without Ledger-QA training, while
UMA-Specialist uses the Ledger-QA training set.
All averages are unweighted means across the nine
session horizons.
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Method Test-Time Learning (TTL) Accurate Retrieval (AR)

Bank77 Clinic NLU Pub T-C T-F |[Convo Hotpot LoCo LME MSC PerL SQuAD | Avg.
Baselines
Concat 66.00 79.00 71.00 57.80 70.00 18.00| 0.45 3047 13.95 18.20 27.00 5.50 40.68 |38.31
RAG (k = 20) 4.00 12.00 2.00 17.50 0.00 0.00 | 3.79 0.78 020 040 140 1.00 034 | 3.34
MemAgent 24.00 13.00 23.00 11.70 61.00 37.00| 2.90 14.06 292 8.80 520 1.00 3.31 |15.99
MemAgent-woq 27.00 41.00 34.00 0.00 69.00 42.00| 0.00 0.00 0.05 0.00 040 0.00 0.17 |16.43
Meml 0.00 4.00 0.00 0.00 7.00 0.00| 000 0.00 005 000 000 0.00 000 |O0.85
A-MEM 71.00 77.00 71.00 53.50 32.00 13.00| 13.39 44.53 942 15.60 24.00 9.50 34.62 |36.04
Mem-« 83.00 78.00 67.00 57.10 78.00 62.00| 0.00 0.00 0.00 0.00 0.00 0.00 0.00 |32.70
Mem-T 58.00 35.00 46.00 21.10 0.00 3.00 | 1540 41.41 15.61 17.80 33.00 11.50 39.79 |25.97
Ablations
UMA (w/o RL & Phase I) | 26.00 27.00 22.00 39.00 12.00 7.00 | 18.08 34.38 16.52 20.20 15.60 10.50 46.68 |22.69
UMA (w/o Phase I) 84.00 79.00 75.00 47.30 81.00 25.00| 19.42 4375 15.51 25.00 12.60 11.25 48.40 |43.63
UMA (w/o RL) 76.00 72.00 61.00 37.30 69.00 20.00| 19.42 4141 16.72 25.00 23.80 9.00 44.47 |39.62
UMA (w/o Raw-Context) | 69.00 71.00 59.00 36.30 71.00 44.00| 18.74 40.46 15.38 26.46 21.20 8.25 59.52 |41.56
UMA (Global Group) 69.00 77.00 82.00 69.10 87.00 47.00| 19.20 40.62 19.54 14.80 28.40 6.50 30.73 |45.45
UMA (Two-Stage) 84.00 84.00 69.00 44.30 77.00 43.00| 19.20 43.75 13.75 24.40 28.00 11.00 37.62 |44.54
UMA-Generalist (16k) 87.00 91.00 82.00 67.20 95.00 75.00| 20.98 4844 17.62 30.60 29.20 12.25 56.32 |54.82
Session-budget scaling
UMA-Generalist (8k) 79.00 88.00 75.00 65.70 95.00 70.00| 19.87 42.97 16.16 27.80 29.40 13.25 55.60 |52.13
UMA-Generalist (32k) 90.00 92.00 84.00 68.60 97.00 83.00| 21.65 47.66 18.23 31.20 31.20 12.25 56.46 |56.40

Table 12: Exact Match (EM) scores across all benchmarks. Unless otherwise specified, all methods use a 16k
context budget. The UMA rows use UMA-Generalist. Bold numbers indicate the best result among methods using
the 16k budget; underlined numbers indicate the best result among the UM A-Generalist 8k, 16k, and 32k variants.

Method Test-Time Learning (TTL) Accurate Retrieval (AR)

Bank77 Clinic NLU Pub T-C T-F [Convo Hotpot LoCo LME MSC PerL SQuAD | Avg.
Baselines
Concat 70.00 79.00 71.00 57.80 70.00 18.00| 8.65 49.27 25.89 27.84 48.21 18.00 53.57 |45.94
RAG (k = 20) 2512 30.82 2090 18.92 3.63 2.04 | 38.66 1557 1690 17.62 23.33 1392 529 |17.90
MemAgent 2440 13.00 23.00 26.01 61.00 37.00| 33.55 2634 2196 27.11 25.11 842 14.88 |26.29
MemAgent-woq 27.00 41.00 34.00 0.82 69.67 42.04| 12.13 271 296 5.62 877 222 338 |19.41
Meml 0.00 4.00 0.00 044 7.00 0.00| 1422 166 337 560 569 144 148 | 345
A-MEM 79.00 79.00 71.67 53.57 32.00 13.00| 37.70 61.99 28.61 28.84 49.10 30.05 57.46 |47.84
Mem-« 83.00 78.00 67.02 57.10 78.00 62.00| 16.18 851 550 9.33 958 437 518 |37.21
Mem-T 61.86 4294 52.16 3297 7.09 5.14 |31.21 59.06 3590 33.88 56.48 32.95 53.62 |38.87
Ablations
UMA (w/o RL & Phase I) | 26.00 27.50 22.00 40.20 12.00 7.00 | 40.94 52.73 36.70 28.82 28.36 26.01 62.08 |31.56
UMA (w/o Phase I) 84.67 79.25 75.00 47.35 81.00 25.00| 44.21 59.53 34.57 36.66 21.08 28.22 63.18 |52.28
UMA (w/o RL) 78.12  72.00 61.67 39.64 69.00 20.00| 43.38 56.81 3296 36.32 46.73 24.01 60.38 [49.31
UMA (w/o Raw-Context) | 69.00 71.00 59.00 36.30 71.00 44.00| 43.72 56.64 30.78 33.86 40.20 29.39 59.52 |49.57
UMA (Global Group) 69.01 77.00 82.01 69.11 87.01 47.03| 44.01 56.67 40.18 27.25 52.04 30.12 50.82 |56.33
UMA (Two-Stage) 85.07 84.67 70.17 45.47 77.00 43.00| 44.36 58.73 33.03 37.53 49.98 28.86 49.78 |54.43
UMA-Generalist (16k) ‘ 87.00 91.00 82.00 67.20 95.00 75.00 | 46.33 6542 39.39 41.73 52.59 32.88 71.37 |65.15
Session-budget scaling
UMA-Generalist (8k) 79.00 88.00 75.00 65.70 95.00 70.00| 44.16 56.51 37.05 37.34 51.03 32.61 70.64 |61.69
UMA-Generalist (32k) 90.00 92.00 84.00 68.60 97.00 83.00| 47.34 65.36 40.08 41.11 54.24 3249 71.54 |66.67

Table 13: F1 scores across all benchmarks. Unless otherwise specified, all methods use a 16k context budget. The
UMA rows use UMA-Generalist. Bold numbers indicate the best result among methods using the 16k budget;
underlined numbers indicate the best result among the UMA-Generalist 8k, 16k, and 32k variants.
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Method Test-Time Learning (TTL) Accurate Retrieval (AR)

Bank77 Clinic NLU Pub T-C T-F |Convo Hotpot LoCo LME MSC PerL SQuAD | Avg.
Baselines
Concat 70.00 79.00 71.00 57.80 70.00 18.00| 8.63 50.44 2597 27.76 48.79 18.36 54.00 |46.13
RAG (k = 20) 25.13  30.82 20.90 1892 3.63 2.04 | 36.55 1547 16.55 16.30 23.17 13.92 540 |17.60
MemAgent 2440 13.00 23.00 26.04 61.00 37.00| 32.31 25.71 21.51 26.59 25.17 835 15.15 |26.10
MemAgent-woq 27.00 41.00 34.00 0.83 69.67 42.04| 10.80 2.74 288 4.81 8.78 233 344 |19.25
Meml1 0.00 400 0.00 045 7.00 0.00 | 11.63 1.77 328 470 536 154 1.54 | 3.17
A-MEM 79.00 79.00 71.67 53.57 32.00 13.00| 37.56 61.99 28.62 28.80 50.01 30.53 57.80 [47.97
Mem-a 83.00 78.00 67.02 57.10 78.00 62.00| 14.33 849 526 843 9.71 429 522 |36.99
Mem-T 61.87 4298 52.16 3297 7.01 5.14 | 31.17 5943 3575 3342 57.49 34.06 54.18 |39.05
Ablations
UMA (w/o RL & Phase I) | 26.00 27.50 22.00 40.20 12.00 7.00 | 40.86 52.78 36.34 28.76 29.18 26.24 63.03 |31.68
UMA (w/o Phase I) 84.67 79.25 75.00 47.35 81.00 25.00| 44.16 59.34 34.15 36.51 21.29 28.57 64.20 |52.34
UMA (w/o RL) 78.12  72.00 61.67 39.64 69.00 20.00| 43.28 56.79 32.87 36.17 48.05 24.14 61.38 [49.47
UMA (w/o Raw-Context) | 69.00 71.00 59.00 36.30 71.00 44.00| 43.42 56.44 31.68 33.80 41.20 28.19 59.25 [49.56
UMA (Global Group) 69.01 77.00 82.01 69.11 87.01 47.03| 4391 57.16 39.85 27.33 52.41 29.97 51.05 |56.37
UMA (Two-Stage) 85.07 84.67 70.17 45.47 77.00 43.00| 4440 59.47 3272 37.40 50.89 29.36 50.59 |54.63
UMA-Generalist (16k) ‘ 87.00 91.00 82.00 67.20 95.00 75.00| 46.39 66.16 39.13 41.52 53.28 33.14 72.04 |65.30
Session-budget scaling
UMA-Generalist (8k) 79.00 88.00 75.00 65.70 95.00 70.00| 44.30 57.25 36.79 37.20 51.90 32.88 71.28 |61.87
UMA-Generalist (32k) 90.00 92.00 84.00 68.60 97.00 83.00| 47.44 66.01 39.85 40.81 54.97 3293 72.34 |66.84

Table 14: ROUGE-L scores across all benchmarks. Unless otherwise specified, all methods use a 16k context
budget. The UMA rows use UMA-Generalist. Bold numbers indicate the best result among methods using the 16k
budget; underlined numbers indicate the best result among the UMA-Generalist 8k, 16k, and 32k variants.

Method Test-Time Learning (TTL) Accurate Retrieval (AR)

Bank77 Clinic NLU Pub T-C T-F [Convo Hotpot LoCo LME MSC PerLL SQuAD | Avg.
Baselines
Concat 72.00 79.00 71.00 57.80 71.00 18.00| 5.36 65.62 33.43 33.00 61.20 42.50 6442 |51.87
RAG (k = 20) 81.00 70.00 65.00 53.30 10.00 10.00| 51.34 77.34 57.35 61.20 55.80 85.25 25.56 |54.09
MemAgent 26.00 14.00 24.00 51.20 61.00 37.00| 60.27 51.56 64.15 59.40 53.00 71.50 78.06 |50.09
MemAgent-woq 27.00 41.00 34.00 47.00 70.00 44.00| 2.68 14.84 29.71 9.80 29.60 26.75 25.80 |30.94
Meml 0.00 400 0.00 4540 7.00 0.00 | 1.56 6.25 2241 8.00 9.60 7.75 18.43 |10.03
A-MEM 83.00 80.00 72.00 53.70 32.00 15.00| 53.35 72.22 50.25 51.61 64.21 80.00 89.46 |61.29
Mem-« 83.00 78.00 71.00 57.40 78.00 60.00| 8.48 78.91 48.64 55.60 56.60 79.50 83.40 |64.50
Mem-T 69.00 53.00 59.00 54.90 23.00 12.00| 51.34 69.53 45.52 55.00 73.00 67.75 67.76 |53.91
Ablations
UMA (w/o RL & Phase I) | 34.00 28.00 24.00 40.20 23.00 15.00| 7991 62.50 54.88 41.00 38.20 65.50 82.23 [45.26
UMA (w/o Phase I) 84.00 79.00 74.00 47.70 81.00 25.00| 86.61 71.09 47.43 51.40 28.80 69.75 83.71 |63.81
UMA (w/o RL) 76.00 72.00 61.00 38.80 70.00 20.00| 85.49 66.41 47.99 50.80 66.20 62.50 80.71 [61.38
UMA (w/o Raw-Context) | 71.00 73.00 63.00 40.30 73.00 45.00| 71.43 62.50 44.86 37.60 63.00 51.25 71.97 |59.07
UMA (Global Group) 72.00 79.00 82.00 74.00 89.00 55.00| 83.71 76.56 61.98 44.00 75.40 83.00 80.92 |73.58
UMA (Two-Stage) 84.00 84.00 69.00 45.00 78.00 43.00| 85.49 69.53 4597 5220 67.60 71.50 66.45 |66.29

UMA-Generalist (16k) ‘ 87.00 91.00 82.00 67.20 95.00 75.00‘ 88.17 77.34 50.10 54.80 68.00 82.50 87.32 ‘77.34

Session-budget scaling
UMA-Generalist (8k) 79.00 88.00 75.00 65.70 95.00 70.00| 83.04 66.41 48.04 46.80 65.40 79.75 86.53 |72.97
UMA-Generalist (32k) 90.00 92.00 84.00 68.60 97.00 83.00| 90.18 74.22 50.86 51.80 69.60 82.00 87.87 |78.55

Table 15: LLM-as-a-Judge summary scores using Qwen3-30B-A3B-Instruct-2507 as the evaluator across all
benchmarks. Unless otherwise specified, all methods use a 16k context budget. The UMA rows use UMA-Generalist.
Bold numbers indicate the best result among methods using the 16k budget; underlined numbers indicate the best
result among the UMA-Generalist 8k, 16k, and 32k variants.
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Session Horizon H

Method 2 5 10 20 30 40 50 100 500 | Ave.
LLM-as-a-Judge

Baselines

Concat 63.11 2439 21.36 8.82 777 1238 1238 7.69 1.92 | 17.76
RAG 80.58 39.02 21.36 17.65 13.59 1524 1048 8.65 5.77 | 23.59
MemAgent 81.55 5528 4272 3922 3981 3238 3238 29.81 11.54 | 40.52
MemAgent-woq 82.52 3496 9.71 7.84 12.62 857 7.62 481 2.88 | 19.06
Meml1 27.18 9.76 485 392 9.71 1.90 1.90 6.73 9.62 | 840
A-MEM 33.01 2439 1942 11.76 10.68 8.57 8.57 0.96 1.92 | 13.25
Mem-« 60.19 3740 3495 21.57 1845 16.19 2286 1442 9.62 | 26.18
Mem-T 5825 39.84 2524 1373 10.68 8.57 13.33 11.54 2.88 | 2045
Ablations

UMA (w/o RL & Phase I) 1845 1138 874 882 7.77 857 571 2404 1442 | 11.99
UMA (w/o RL) 58.25 37.40 29.13 24.51 31.07 26.67 3238 2500 9.62 | 3045
UMA-Specialist (w/o Raw) | 83.50 61.79 59.22 60.78 5243 46.67 48.57 34.62 25.00 | 52.51

Transfer without Ledger-QA training

UMA-Generalist (16k) | 7379 52.85 4272 3039 36.89 29.52 4476 21.15 11.54 | 38.18
UMA-Specialist session-budget scaling

UMA-Specialist (8k) 83.50 59.35 5437 50.00 39.81 40.00 33.33 22.12 20.19 | 44.74
UMA-Specialist (16k) 87.38 6341 63.11 57.84 53.40 46.67 4571 34.62 25.00 | 53.02
UMA-Specialist (32k) 8544 6748 61.17 5490 4854 5048 47.62 38.46 25.96 | 53.34
Exact Match (EM)

Baselines

Concat 2233 1138 11.65 490 194 476 857 481 096 | 792

RAG 097 000 000 000 000 000 000 000 0.00 | 0.11

MemAgent 4757 2846 20.39 1471 1456 1429 1048 1442 8.65 | 19.28
MemAgent-woq 097 163 194 098 0.00 000 000 0.00 0.00 | 0.61

Meml 097 325 097 294 583 095 000 0.00 6.73 | 240

A-MEM 874 894 777 490 6.80 381 286 0.00 096 | 4.97

Mem-« 097 0.00 000 000 0.00 000 000 0.00 0.00 | 0.11

Mem-T 27.18 17.07 874 490 291 190 1143 385 0.00 | 8.67

Ablations

UMA (w/o RL & Phase I) 0.00 0.00 000 000 0.00 000 000 288 481 | 0.85

UMA (w/o RL) 3398 26.02 1942 15.69 2136 18.10 25.71 8.65 2.88 | 19.09
UMA-Specialist (w/o Raw) | 79.61 60.98 58.25 60.78 52.43 46.67 46.67 34.62 8.65 | 49.85
Transfer without Ledger-QA training

UMA-Generalist (16k) | 64.08 4959 40.78 2843 3301 27.62 37.14 1923 9.62 | 34.39
UMA-Specialist session-budget scaling

UMA-Specialist (8k) 77.67 57772 5146 48.04 36.89 38.10 3143 22.12 13.46 | 41.88
UMA-Specialist (16k) 77.67 62.60 62.14 57.84 53.40 46.67 43.81 32.69 7.69 | 49.39
UMA-Specialist (32k) 79.61 65.85 60.19 5490 4854 5048 47.62 3846 11.54 | 50.80

Table 16: Per-horizon Ledger-QA results, grouped by evaluation metric for direct comparison across methods.
LLM-as-a-Judge uses DeepSeek-V3.2. Bold numbers indicate the best result among methods using the 16k budget;
underlined numbers indicate the best result among the UMA-Specialist 8k, 16k, and 32k variants.
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