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Abstract

External memory banks can improve test-time
reasoning in frozen large language models
without updating backbone parameters. Yet
similarity-based retrievers and pointwise se-
lectors score memories independently, ignor-
ing interactions and presentation order. We
introduce MEM-LM, an LM-style model for
reinforced memory selection that casts con-
text construction as autoregressive index de-
coding. From a densely retrieved candi-
date pool, a lightweight Transformer encoder–
decoder generates an ordered index sequence
[i1, . . . , ik], modeling dependencies among
memories while leaving the backbone frozen.
This formulation supports standard language-
model training. For sparse binary verifi-
able rewards, we further propose MEM-PO,
a confidence-aware extension of group-relative
policy optimization that promotes correct, low-
confidence rollouts, penalizes confidently in-
correct ones, and retains learning signals in
reward-homogeneous groups. Across three
mathematical reasoning and two reasoning-
intensive question-answering benchmarks with
three Qwen backbones, MEM-LM achieves an
average score of 84.9 on Qwen-plus, exceeding
the strongest memory-augmented baseline by
2.3 points.

1 Introduction

External memory can improve the test-time rea-
soning of frozen large language models (LLMs)
without updating their backbone parameters. Such
memory banks store past cases, external knowl-
edge, or meta-experience that can be retrieved as
in-context demonstrations for a new query (Zhong
et al., 2024; Zhou et al., 2025). Consequently, per-
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formance depends not only on the backbone but
also on the quality of the constructed context.

Existing methods, however, provide limited con-
trol over memory composition. Similarity-based re-
trievers and pointwise selectors evaluate candidates
independently, overlooking interactions among se-
lected items and their presentation order (Xu et al.,
2026). Both factors can substantially affect a frozen
model. Moreover, training a selector with sparse
binary rewards is difficult because such rewards
poorly distinguish competing selections and yield
no relative signal when all rollouts in a group re-
ceive the same reward.

We introduce MEM-LM, an LM-style model
for reinforced memory selection that formulates
context construction as autoregressive index decod-
ing. As illustrated in Figure 1, MEM-LM first re-
trieves a candidate pool and then uses a lightweight
Transformer encoder–decoder to generate an or-
dered index sequence [i1, . . . , ik]. This formula-
tion captures dependencies among memories while
keeping the backbone frozen and supports standard
language-model training recipes. We further pro-
pose MEM-PO, a confidence-aware extension of
group-relative policy optimization. MEM-PO fa-
vors correct but low-confidence rollouts, penalizes
confidently incorrect ones, and preserves informa-
tive gradients in reward-homogeneous groups.

We evaluate MEM-LM on three mathematical
reasoning benchmarks (Math-500, AIME-24, and
AIME-25) and two reasoning-intensive QA bench-
marks (MMLU-Pro and GPQA) using three Qwen
backbones. On Qwen-plus, MEM-LM achieves an
average score of 84.9, outperforming the strongest
memory-augmented baseline by 2.3 points. Our
contributions are as follows:

• We formulate memory selection as autoregres-
sive index decoding, enabling MEM-LM to
model both the composition and order of mem-
ories for a frozen backbone.
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• We introduce MEM-PO, a confidence-aware
policy optimization method that improves
learning from sparse verifiable rewards, in-
cluding reward-homogeneous rollout groups.

• Experiments on five benchmarks and three
Qwen backbones show consistent improve-
ments, while ablations identify ordered decod-
ing and MEM-PO as the main contributors.

Figure 1: Schematic illustration of our Mem-LM frame-
work.

2 Related Work

Context Optimization for Test-Time Scaling. Re-
cent work augments LLM and VLM agents with
explicit memory to support long-horizon reason-
ing and continual adaptation. Beyond short-term
prompting schemes such as ReAct-style interac-
tion and reflection, memory-augmented systems
store past traces, plans, or intermediate results for
later reuse (Zhong et al., 2024). Other studies in-
troduce structured or semantic memory with ex-
plicit add, update, and delete operations (Xu et al.,
2026; Salama et al., 2025). A related line distills
experience into rules, guidelines, or reusable work-
flow fragments (Zhao et al., 2024; Fu et al., 2024;
Wang et al., 2024b). However, many methods still
depend on static similarity-based retrieval or unfil-
tered memory accumulation, which can hurt scala-
bility and relevance. Memento (Zhou et al., 2025)
formulates memory use as a memory-augmented
MDP and learns a utility-aware selection policy
without tuning the backbone model. Similarly, Qin
et al. (2024) learn a query-conditioned selector for
case retrieval.

Agentic memory selection is also related to in-
context learning, where the key problem is to con-
struct an effective demonstration sequence. Stan-
dard approaches retrieve demonstrations with pre-
trained embeddings and vector search (Li et al.,
2024), or train retrievers with classification (Li
et al., 2023) or response-similarity objectives (Hu
et al., 2022), extending earlier example-selection
methods such as EPR (Rubin et al., 2022). Be-
yond retrieval, Lever-LM (Yang et al., 2024b) uses
a small language model to decode demonstration
sequences, VICL (Zhou et al., 2024) adds LLM-
based reranking, and SURf (Sun et al., 2024) re-
fines demonstrations through self-feedback. Qin
et al. (2024) further compose diverse sequences
for each test input. These studies all optimize the
test-time context, but they usually under-model the
ordered and combinatorial dependencies among se-
lected items. Mem-LM addresses this limitation by
autoregressively decoding memory indices.

Reinforcement Learning. Large reasoning mod-
els such as OpenAI o1 (Jaech et al., 2024) and
DeepSeek-R1 (Guo et al., 2025) show that rein-
forcement learning can promote self-verification
and iterative refinement, enabling inference-time
scaling. GRPO (Shao et al., 2024) is a repre-
sentative method that removes the value function
and estimates advantages within response groups.
Since the training details of proprietary systems
are not fully disclosed, recent open efforts aim
to reproduce and improve these recipes. Open-
Reasoner-Zero (Hu et al., 2026) and Reinforce++
(Hu et al., 2025) provide open training variants,
with the latter using global advantage normaliza-
tion without a critic. VinePPO (Kazemnejad et al.,
2024) improves credit assignment for mathemat-
ical reasoning, RLEF (Gehring et al., 2024) uses
execution feedback for code generation, and DAPO
(Yu et al., 2026) extends GRPO to alleviate entropy
collapse, sparse rewards, and training instability
(Zhang et al., 2025). Built on this line, our pro-
posed Mem-PO adapts group-relative policy opti-
mization to reinforced memory selection in Mem-
LM.

3 MemGen Framework

We now introduce our Mem-LM framework in de-
tail.
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3.1 Formulation of agentic memory
Given a LLM/VLM agent, denoted as M (e.g.,
Deepseek-R1 (Guo et al., 2025)), we would like to
adaptively select a list of elements from the agent
memory bank, Z = {z1, . . . , zn}. This sequence
Z consists of n elements (n-shot), where each el-
ement zi is either a previous case, an piece of ex-
ternal knowledge, or a piece of meta-experience
(Zhou et al., 2025). For example, for a question
answering task, zi comprises a prompt, and its cor-
responding response: zi = (prompti, responsei).
The context sequence Z is then concatenated with
the test sample xtest = (prompttest) and fed into the
LLM agent M. The model subsequently generates
a response r̂test :

r̂test = M(Z, xtest). (1)

Using an embedding model like the BGE (Xiao
et al., 2024), and a vector search engine like Faiss
(Douze et al., 2025), we can conduct item retrieval
from the memory bank efficiently. The test sam-
ple xtest is transformed to the vector vtest, which
serves as the input for the vector search. We then
retrieve n > 0 candidate demos {zj}nj=1 that have
the highest similarity scores with xtest.

3.2 Mem-LM
Workflow. Mem-LM operates over a memory
bank D = {d1, . . . , dN}, where each item di
stores a past case, external knowledge, or a meta-
experience (Zhou et al., 2025); a case is a pair
di = (Ti, Ri) of an input Ti and its target response
Ri. Given a query q, Mem-LM first retrieves a
candidate set C = {d1, . . . , dn} ⊆ D via dense
vector search (Faiss (Douze et al., 2025)), and then
composes an ordered sequence of k ≤ n items
[di1 , . . . , dik ] that is concatenated with q to prompt
the frozen LLM/VLM (Fig. 1).
Architecture. Mem-LM couples a frozen embed-
der E(·) with a trainable Transformer encoder–
decoder M(·). The embedder (e.g., BGE (Xiao
et al., 2024) or CLIP (Radford et al., 2021)) maps
the query and each candidate to fixed-length vec-
tors; for multimodal items the image and text
streams are encoded separately and concatenated,
giving hq = E(Iq, Tq) and hi = E(Ii, [Ti, Ri]) for
i = 1, . . . , n. Candidate embeddings are precom-
puted at index-building time and reused at infer-
ence, incurring negligible overhead.
Index decoding. M(·) takes the concatenated
sequence [hq;h1; . . . ;hn] as input and, unlike a

GPT-style decoder that emits text tokens, autore-
gressively decodes a sequence of memory indices
[i1, . . . , ik] with it ∈ {1, . . . , n}, each pointing to
an item in C. By modeling the selection as ordered
index generation, Mem-LM captures the sequen-
tial and combinatorial dependencies among chosen
items that similarity-based retrieval ignores, while
leaving the backbone untouched.

3.3 Training Methods for Mem-LM

Because Mem-LM decodes memory indices au-
toregressively, it can be trained with the standard
recipes for language models (Guo et al., 2025;
Ouyang et al., 2022): supervised fine-tuning (SFT),
reinforcement learning with verifiable rewards
(RLVR), and an SFT-then-RLVR pipeline, all for-
malized in Appendix A. The prevailing RLVR ob-
jective, GRPO (Shao et al., 2024), however, trans-
fers poorly to memory selection, which motivates
MEMPO, a plug-in modification that augments the
group-relative advantage (Eq. 6) with a confidence-
aware self-evaluation signal.
Motivation. RLVR rewards are sparse: the for-
mat reward (Eq. 12) saturates early, while the ac-
curacy reward is binary and yields little gradient,
hindering convergence for small models (Srivas-
tava and Aggarwal, 2025). Model confidence is
also poorly calibrated, as models are often over-
confident on erroneous reasoning (Sun et al., 2025)
yet under-confident on unfamiliar inputs (Kang
et al., 2025). We therefore seek a denser signal
that rewards correct but low-confidence rollouts
and penalizes incorrect but high-confidence ones.
Mem-PO. Given G rollouts {oi}Gi=1 for a query
q, let ci ∈ {0, 1} denote verifiable correctness and
κi =

1
Li

∑︁Li
t=1 πθ(oi[t] | oi[: t − 1], q) the mean

token confidence over the Li tokens of oi. We
organize the group as a confidence tournament: for
an ordered pair (oi, oj) the preference target is

sij =

⎧
⎪⎪⎨
⎪⎪⎩

+1, ci > cj ,

sign(κj − κi), ci = cj ,

−1, ci < cj ,

(2)

so that correctness dominates while, among equally
correct traces, the less-confident one is preferred.
Aggregating pairwise outcomes yields a Bradley–
Terry–style self-evaluation score

SESi =
1

G− 1

∑︂

j ̸=i

sij σ
(︂
κi−κj

τ

)︂
, (3)
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where σ(x) = (1 + e−x)−1 and τ > 0 is a temper-
ature. We standardize the score and add it to the
GRPO advantage,

˜︃SESi =
SESi−mean({SESj}Gj=1)

std({SESj}Gj=1)
,

Ãi,t = Âi,t + λ ˜︃SESi
(4)

with λ > 0; all remaining components follow
DAPO (Yu et al., 2026).
Discussion. MemPO turns the binary reward into
a denser, confidence-aware signal: it raises the
advantage of correct yet low-confidence rollouts
above their over-confident peers and suppresses
confidently wrong reasoning, producing more dis-
criminative gradients. Crucially, when a group is
reward-homogeneous (c̄ ∈ {0, 1}) the vanilla ad-
vantage Âi,t collapses to zero (Zhou et al., 2026),
whereas the correctness-tie branch keeps ˜︃SESi non-
degenerate, recycling otherwise-wasted samples
into informative gradients and improving RLVR
convergence for small models.

4 Experiments

4.1 Datasets and memory construction
Math problem solving tasks Three math prob-
lem solving tasks: Math-500 (Lightman et al.,
2024), AIME-241, and AIME-252.
Question-answering tasks requiring reasoning
Two challenging question-answering tasks in the
science domain: MMLU-pro (Wang et al., 2024a),
GPQA (Rein et al., 2023).

We use the Mixture-of-thoughts3 datasets. It
consists of a large scale set of (problem, reasoning
trace, answer) tuples generated by the Deepseek-R1
model. We only employ the following subset as the
memory bank: 5000 samples for Math, and 5000
for other science domains including physics, chem-
istry, biology, etc. We also draw another 5000 sam-
ples for the optimization of our Mem-LM frame-
work.

4.2 Baselines
We compare our framework with the following
baselines: (a) IO, that is, directly outputing the
final answer. (b) CoT (Wei et al., 2022). These
two methods do not utilize the memory bank. (c)
ComplexCoT (Fu et al., 2022). (d) OPRO (Yang

1https://huggingface.co/datasets/math-ai/aime24
2https://huggingface.co/datasets/math-ai/aime25
3https://huggingface.co/datasets/open-r1/Mixture-of-

Thoughts

et al., 2024a). (e) sparse retrieval using BM25
(Chen et al., 2017) (denoted as Sparse-Retrieval).
(f) Dense-Retrieval (Karpukhin et al., 2020). (g)
MOMENTO (Zhou et al., 2025). (h) UDR (Li et al.,
2023). (i) Lever-LM (Yang et al., 2024b).

4.3 Experimental setups
Devices. All experiments are run on a single ma-
chine equipped with NVIDIA A800 GPUs with
80GB memory.
LLM backbones. For language-based tasks,
we evaluate three backbone LLMs: Qwen3-8B,
Qwen3-32B (Yang et al., 2025), and Qwen-plus4,
which is accessed through the Alibaba Cloud API.
On MMLU-Pro and GPQA, the backbone uses
greedy decoding with temperature 0, and a pre-
diction is correct if the extracted option matches
the reference answer. For the Math-500, AIME-24,
and AIME-25 tasks, we report empirical pass@k.
For each problem, we independently sample k re-
sponses using temperature 1.0 and top-p = 0.95.
A problem is counted as solved if at least one of the
k responses yields the correct final answer. We use
pass@4 for Math-500 and pass@16 for AIME-24
and AIME-25.
Settings for MEM-LM. For language-based
tasks, the embedder E(·) is initialized with BGE-
base-en (Xiao et al., 2024). We attach a trainable
module M(·) consisting of a one-layer Transformer
encoder and a one-layer Transformer decoder. The
hidden size of M(·) is set to match the output di-
mension of the embedder.
Settings for memory selection. We first use
Dense-Retrieval to retrieve n = 64 candidate mem-
ory items. Then, MEM-LM autoregressively de-
codes the final ordered sequence of k = 4 memory
items.
Training setups. We implement the training
pipeline based on OPEN-R15 for efficient RLVR
training. MEM-LM is trained with supervised
fine-tuning followed by our MEM-PO optimiza-
tion. Detailed hyperparameters are reported in Ap-
pendix B.1.

4.4 Main Results
Table 1 reports the Qwen-plus results. MEM-
LM achieves the best performance on all five
benchmarks, with an average score of 84.9. It out-
performs Memento, the strongest baseline on aver-

4https://help.aliyun.com/zh/model-studio/
qwen-api-reference/

5https://github.com/huggingface/open-r1

2293

https://help.aliyun.com/zh/model-studio/qwen-api-reference/
https://help.aliyun.com/zh/model-studio/qwen-api-reference/
https://github.com/huggingface/open-r1


Method Math-500 AIME-24 AIME-25 MMLU-Pro GPQA
Avg.

pass@4 pass@16 pass@16 acc acc
IO 87.5 0.0 0.0 61.6 69.3 43.7
COT 92.5 76.3 70.0 74.4 72.5 77.1
ComplexCoT 91.9 68.2 65.9 75.1 72.6 74.7
Sparse-Retrieval 92.9 79.0 78.9 79.5 75.2 81.1
Dense-Retrieval 93.9 82.0 74.2 80.4 75.2 81.1
Reranker 93.8 78.6 70.8 80.1 74.3 79.5
UDR 93.7 71.4 69.7 80.2 76.4 78.3
Lever-LM 93.8 78.5 75.9 80.3 76.8 81.3
MOMENTO 94.7 83.0 77.8 81.1 76.6 82.6
MEM-LM 96.6 85.5 81.3 82.9 78.4 84.9

Table 1: Overall performance on the math solving and QA benchmarks, on the Qwen-plus LLM backbone.

age, by 2.3 points and the memory-free CoT base-
line by 7.8 points. Relative to Memento, the gains
are +1.9, +2.5, +3.5, +1.8, and +1.8 points on
Math-500, AIME-24, AIME-25, MMLU-Pro, and
GPQA, respectively. The largest improvement oc-
curs on AIME-25, indicating the benefit of learned
memory composition on a challenging mathemati-
cal reasoning task.

The results also generalize across model scales.
As shown in Table 9 in Appendix B, MEM-LM con-
sistently outperforms CoT, Dense-Retrieval, and
Lever-LM with both Qwen3-8B-Instruct and
Qwen3-32B-Instruct, achieving the highest score
on every evaluated dataset and in the overall aver-
age. These results suggest that similarity-based re-
trieval alone cannot fully exploit the available mem-
ory bank. MEM-LM instead learns both which
items to select and how to order them for the frozen
backbone. The following ablations separately eval-
uate the contributions of ordered index decoding
and the confidence-aware MEM-PO training objec-
tive.

Variant MMLU-Pro Math-500
acc pass@4

Mem-LM (Full) 82.9 96.6
w/o ordering (set selection) 81.4 95.1
w/o encoder 81.8 95.4
w/o SFT init. 82.6 96.3

Dense-Retrieval (no selector) 80.4 93.9

Table 2: Ablation on the MEM-LM framework (Qwen-
plus backbone). Each row removes one component from
the full model.

4.5 Ablation studies and further analysis

Latency analysis. We evaluate the online per-
query latency of Mem-LM under the same hard-
ware and inference configuration used for Dense-
Retrieval. Both methods perform the same query-

n (cand.) k (sel.) MMLU-Pro Math-500
16 4 81.6 95.3
32 4 82.3 96.0
64 4 82.9 96.6
128 4 82.7 96.4
64 2 81.7 95.5
64 4 82.9 96.6
64 6 82.5 96.3
64 8 82.0 95.8

Table 3: Effect of the candidate pool size n and the num-
ber of selected memory items k on MEM-LM (Qwen-
plus backbone).

Component Dense-Retrieval Mem-LM
Query encoding 42.7 42.7
Faiss vector search (n = 64) 11.5 11.5
Autoregressive decoding (k = 4) – 8.7
Total online latency 54.2 62.9

Table 4: Per-query online latency of Dense-Retrieval
and Mem-LM. All values are reported in milliseconds
(ms). Candidate embeddings are precomputed offline
and are therefore excluded from both methods.

encoding and candidate-retrieval operations: the
query is encoded by BGE-base-en, and the top
n = 64 candidates are retrieved through Faiss vec-
tor search. After these shared operations, Mem-
LM introduces one additional stage that autore-
gressively decodes an ordered sequence of k = 4
memory indices. Table 4 reports the latency break-
down for these online components.

Relative to Dense-Retrieval, Mem-LM increases
the online retrieval-and-selection latency by only
8.7 ms, from 54.2 to 62.9 ms, corresponding to
a relative overhead of 8.7/54.2 = 16.1%. This
increase is entirely attributable to the autoregres-
sive index-decoding stage, since query encoding
and Faiss search are identical for the two methods.
Moreover, downstream reasoning and answer gen-
eration by the frozen LLM typically require more
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than 10 seconds per query in our setting. The addi-
tional 8.7 ms therefore amounts to less than 0.1%
of the downstream generation time, indicating that
Mem-LM achieves its performance improvements
with a modest practical latency cost.
Ablation on the Mem-LM framework Table 2
isolates each design choice. Replacing ordered
autoregressive decoding with unordered set selec-
tion causes the sharpest drop (−1.5 on MMLU-
Pro, −1.5 on Math-500), confirming that the or-
der of composed items is the dominant source of
our gains, precisely the dependency pointwise re-
trieval cannot capture. Removing the Transformer
encoder, so the decoder reads raw candidate em-
beddings, eliminates cross-candidate interaction
and yields a smaller but consistent loss (−1.1 on
MMLU-Pro, −1.2 on Math-500), indicating that
jointly encoding the query and the pool helps the
decoder reason about item complementarity. Omit-
ting the SFT initialization and training Mem-PO
from scratch costs only −0.3 and −0.3, so SFT
mainly speeds convergence and fixes the output
format, while the reinforcement objective drives
final accuracy. Every variant still beats the Dense-
Retrieval baseline, showing that all components
help and that ordered, interaction-aware decoding
is the most critical.

We next vary the candidate pool size n and the
number of selected items k (Table 3). Accuracy
rises as n grows from 16 to 64 and then saturates,
slightly declining at n=128, so a moderate pool
gives enough coverage without adding distractors.
For k, performance peaks at k=4: fewer items
(k=2) under-use the memory bank, whereas more
(k=8) inject noise and lengthen the context. We
thus set n=64 and k=4 by default.

Method MMLU-Pro Math-500
acc pass@4

SFT 80.3 93.7
PPO 80.7 94.5
REINFORCE 79.7 93.9
GRPO 80.9 95.0
DAPO 81.1 95.2
Mem-PO (ours) 82.9 96.6

Table 5: Ablation on the training method for Mem-LM.

Ablation on the training method for Mem-
LM Table 5 compares optimizers for Mem-LM:
SFT, REINFORCE, PPO (Schulman et al., 2017),
GRPO (Shao et al., 2024), DAPO (Yu et al.,
2026), and Mem-PO. SFT is weakest (80.3/93.7
on MMLU-Pro/Math-500), as imitating fixed ora-

cle sequences ignores the query-dependent utility
of memory combinations. All RLVR variants sur-
pass it, confirming that reward-driven exploration
is essential. REINFORCE and PPO remain near
SFT, while the group-relative GRPO and DAPO are
clearly stronger (80.9/95.0 and 81.1/95.2) thanks
to more stable relative advantages under sparse
binary rewards. Mem-PO is best on both bench-
marks (82.9/96.6), beating DAPO by +1.8 and
+1.4. The gain comes from its confidence-aware
self-evaluation signal, which densifies the binary
reward and, via the correctness-tie branch, recovers
gradients from reward-homogeneous groups where
the group-relative advantage vanishes.

Embedder model MMLU-Pro
all-mpnet-base-v2 82.2
Contriever 81.9
GTE-base 82.5
GTE-large 83.0
BGE-base-en 82.9
BGE-large-en 83.2

Table 6: Ablation on the embedder model E(·) (Qwen-
plus backbone, MMLU-Pro).

Confidence-direction ablation. We test whether
the gains of MEM-PO arise merely from adding
confidence or from preferring the appropriate con-
fidence direction. The full objective favors lower-
confidence rollouts within correctness ties, thereby
reinforcing uncertain successes while suppress-
ing confidently incorrect selections. The high-
confidence preference variant reverses only the
correct-tie branch:

shighij =

{︄
sign(κi − κj), ci = cj = 1,

sij , otherwise,
(5)

whereas the no-confidence variant sets λ = 0 in
Ãi,t = Âi,t + λ˜︃SESi and thus recovers the DAPO-
style objective. GRPO is included as an additional
reference. All variants use the same SFT initial-
ization, training data, rollout budget, optimization
settings, and evaluation protocol.

The low-confidence preference achieves 82.9 ac-
curacy on MMLU-Pro and 96.6 pass@4 on Math-
500, exceeding the high-confidence alternative by
1.5 and 0.9 points, respectively. Because these vari-
ants differ only in the correct-tie branch, the result
shows that reinforcing correct but under-supported
memory sequences is more effective than amplify-
ing successes already favored by the selector. Re-
moving the confidence term causes larger drops of
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Method MMLU-Pro Math-500
acc pass@4

MEM-PO (low-conf. preference) 82.9 96.6
High-confidence preference 81.4 95.7
No confidence signal (λ = 0) 81.1 95.2

GRPO reference 80.9 95.0

Table 7: Ablation of the confidence-preference direction
in MEM-PO with the Qwen-plus backbone. Results are
averaged over five random seeds.

Method Accuracy (%)

CoT 74.1
Dense-Retrieval 89.2
UDR 90.7
Lever-LM 91.8
MOMENTO 90.5

Mem-LM 93.3

Table 8: Diagnosis accuracy on the internal MED-
DIAGNOSIS dataset using Qwen-plus as the frozen back-
bone.

1.8 and 1.4 points, confirming that the auxiliary sig-
nal itself is also beneficial. Together, these results
support both components of MEM-PO: confidence-
aware advantage shaping and its specific emphasis
on uncertain successes.
Ablation on the embedder E(·) We test Mem-
LM’s sensitivity to the frozen embedder on
MMLU-Pro, fixing the trainable module M(·)
and the Mem-PO objective. Swapping in six off-
the-shelf encoders—all-mpnet-base-v2 (Reimers
and Gurevych, 2019), Contriever (Izacard et al.,
2021), GTE-base and GTE-large6, and BGE-
base-en/BGE-large-en (Xiao et al., 2024)—and
re-precomputing only the candidate embeddings,
accuracy stays within 81.9–83.2 and every vari-
ant exceeds Dense-Retrieval (80.4). Stronger en-
coders add only marginal gains (BGE-large-en,
83.2), showing that representation quality is not
the main driver. Since our default BGE-base-en
(82.9) nearly matches the best at lower cost, we
adopt it throughout.
Real-world validation on an industrial
dataset. We further evaluate MEM-LM on
MED-DIAGNOSIS, an internal retrospective
dataset developed with nine hospitals. Its 18,719
de-identified cases contain medical histories,
examination findings, and reported symptoms.
The memory bank combines historical cases with
medical knowledge entries, thus requiring selection

6https://huggingface.co/thenlper/gte-large

across heterogeneous evidence types. All methods
use Qwen-plus as the same frozen backbone,
and performance is measured by diagnostic-label
accuracy against the reference diagnoses.

As shown in Table 8, MEM-LM achieves 93.3%
accuracy, outperforming Lever-LM, the strongest
baseline, by 1.5 percentage points and exceeding
UDR and Dense-Retrieval by 2.6 and 4.1 points,
respectively. These results indicate that autoregres-
sively composing an ordered sequence of comple-
mentary memories transfers from academic rea-
soning benchmarks to retrospective clinical data.
This experiment evaluates diagnostic-label predic-
tion only; it demonstrates cross-domain transfer
but does not establish prospective clinical utility or
deployment readiness.

5 Conclusion

This work introduced MEM-LM, an LM-style
model for reinforced memory selection that for-
mulates context construction as autoregressive de-
coding over memory indices. Rather than di-
rectly providing a frozen LLM/VLM with an un-
ordered, similarity-ranked set, MEM-LM jointly
determines which memories to select and the or-
der in which they should appear, without updating
the backbone parameters. We further developed
MEM-PO, a modular confidence-aware extension
to group-relative policy optimization that provides
discriminative training signals under sparse verifi-
able rewards, including for reward-homogeneous
rollout groups. Experiments on five mathemati-
cal and reasoning-intensive QA benchmarks with
three Qwen backbones demonstrate consistent im-
provements over retrieval-based and learned mem-
ory selectors. On Qwen-plus, MEM-LM achieves
an average score of 84.9, exceeding the strongest
memory-augmented baseline by 2.3 points; the ab-
lations identify ordered index decoding and the
MEM-PO objective as the principal contributors
to these improvements. Overall, the results estab-
lish LM-style index generation as an effective and
modular approach to memory composition, while
evaluation on multimodal and longer-horizon agen-
tic tasks remains an important direction for future
work.

Limitations

Evaluation scope and external validity. Our
evaluation primarily covers five public, text-
only benchmarks for mathematical reasoning and
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reasoning-intensive question answering, using
three backbones from the Qwen family. We ad-
ditionally report a retrospective evaluation on the
internal MED-DIAGNOSIS dataset, but this exper-
iment does not establish prospective clinical util-
ity, deployment readiness, or reproducibility on a
publicly accessible medical benchmark. Although
the MEM-LM formulation can in principle ac-
commodate multimodal memory items and multi-
step agent interactions, we do not evaluate vision–
language inputs, interactive environments, or sub-
stantially longer reasoning horizons. Consequently,
the effectiveness of ordered index decoding in these
settings remains to be established.
Optimization cost and hyperparameter sensitiv-
ity. MEM-PO uses token-level confidence esti-
mates and performs pairwise comparisons among
the G rollouts in each group, resulting in O(G2)
pairwise operations in addition to the underlying
group-relative policy optimization. The objective
also introduces the weighting coefficient λ and tem-
perature τ , while the broader MEM-LM pipeline
requires choices for the candidate-pool size n and
the number of selected memories k. Although our
ablations indicate reasonable robustness around the
evaluated configuration, these settings may require
validation or re-tuning when the memory distribu-
tion, task domain, or backbone changes. Moreover,
our latency measurements use a single hardware
configuration with n = 64 and k = 4; the observed
overhead may therefore not generalize to substan-
tially larger candidate pools, selected contexts, or
rollout groups.
Dependence on confidence quality and memory
coverage. The auxiliary signal in MEM-PO is
derived from the token probabilities of the train-
able selection policy πθ. Because these probabili-
ties are not guaranteed to be calibrated, confidence
estimates that are systematically misaligned with
selection quality could reduce the benefit of the pro-
posed advantage shaping. In addition, most mem-
ory items used in our benchmark experiments are
constructed from DeepSeek-R1-generated traces.
Their accuracy, diversity, and domain coverage con-
strain the evidence available to MEM-LM, and the
initial dense retriever may exclude useful items
before autoregressive selection begins. Perfor-
mance may consequently degrade for noisy mem-
ory banks, low-resource domains, or queries that
differ substantially from the memory construc-
tion distribution; evaluating more diverse memory
sources and retrieval mechanisms is left for future

work.

Declaration for Using AI Assistants

During the preparation of this work, AI-assisted
tools were used to support language polishing,
grammar correction, and improvement of the clar-
ity and readability of the text. The AI assistants
were not used to generate original research ideas,
perform data analysis, draw conclusions, or replace
the authors’ own critical thinking and academic
judgment. All AI-generated suggestions were care-
fully reviewed, revised, and verified by the authors.
The authors take full responsibility for the accuracy,
integrity, and originality of the content presented
in this work.
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A Appendix: Preliminaries on RLVR

RLVR and GRPO. RLVR has become central
to LLM research for its ability to incentivize rea-
soning (Guo et al., 2025). It adopts Group Relative
Policy Optimization (GRPO) (Shao et al., 2024), a
variant of PPO (Schulman et al., 2017) that discards
the value function and instead estimates advantages
within a group of sampled responses. For an input–
answer pair (q, a), the old policy πθold samples G
responses {oi}Gi=1 with rewards {Ri}Gi=1. The ad-
vantage of oi is normalized within the group and
shared across its tokens:

Âi,t =
Ri −mean({Rj}Gj=1)

std({Rj}Gj=1)
. (6)

GRPO maximizes a clipped objective with a KL
penalty:

JGRPO(θ) = E(q,a), {oi}∼πθold

[︁
1
G Obj−KL

]︁
,
(7)
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where the per-group objective and penalty are

Obj =
G∑︂

i=1

1

|oi|

|oi|∑︂

t=1

min
(︁
ri,tÂi,t, r̂i,tÂi,t

)︁
, (8)

KL = β DKL(πθ ∥πref). (9)

Here the importance ratio and its clipped form are

ri,t =
πθ(oi,t | q, oi,<t)

πθold(oi,t | q, oi,<t)
, r̂i,t = clip(ri,t, 1−ε, 1+ε).

(10)
Outcome reward. RLVR uses the verifiable task
score as the outcome reward,

R(ŷ, y) = Score(ŷ, y), (11)

where y is the ground-truth answer and ŷ the pre-
diction. This signal has proven effective at eliciting
reasoning across domains such as theorem proving,
programming, and mathematics competitions (Guo
et al., 2025). For our QA and math tasks, Score(·, ·)
is the per-sample accuracy.
Format reward. The reward typically combines
correctness with auxiliary constraints. A binary
format reward enforces structured outputs:

Rformat(ŷ) = CorrectFormat(ŷ), (12)

where CorrectFormat(·) returns 1 iff the required
format holds. For MEM-LM, this requires decod-
ing a valid, non-repeating sequence of memory
indices. Following DAPO (Yu et al., 2026), our
MEM-PO drops the KL term and adopts asymmet-
ric clipping; Eq. 6 is the group-relative advantage
that MEM-PO augments in the main text.

B Appendix: Experiments

B.1 Experimental Settings
We train MEM-LM with an SFT-then-RLVR
pipeline, where the RLVR stage uses our MEM-PO
objective. From the training set built in Section 4.1,
we hold out 300 samples for SFT and 300 for vali-
dation, and use the remainder for RLVR. For each
SFT sample, the target memory sequence is ob-
tained with the beam-search construction of Yang
et al. (2024b). SFT runs for 5 epochs with learning
rate 1× 10−4 and batch size 8, teaching MEM-LM
the output format and a reasonable initial selection
policy before reinforcement learning.

The RLVR stage follows established practice,
in particular OPEN-R1 and TINA (Wang et al.,
2026), with minor adjustments for our setting. We

set the weight of ˜︃SESi to λ=0.5 and the tem-
perature to τ=0.1. The policy learning rate is
fixed to 5 × 10−5, and the KL coefficient to 0.1
to balance exploration and stability. Per prompt
we sample G=8 responses with temperature 1.0
and top-p = 0.95, using a batch size of 32 per
GPU. For policy updates we apply asymmetric clip-
ping with εhigh=0.28 and εlow=0.20, and train for
2,000 steps. Unlike DAPO (Yu et al., 2026), MEM-
PO retains reward-homogeneous groups, including
groups in which all rollouts are correct or all are in-
correct. Although the group-relative reward advan-
tage vanishes for such groups, the confidence-based
correctness-tie branch can yield a non-degenerate
self-evaluation score ˜︃SESi, allowing these samples
to contribute informative policy gradients. Check-
points are saved every 200 steps and evaluated on
the validation set; the best-performing checkpoint
is used for test-time prediction.

All results are averaged over five random seeds.

B.2 Experiments on More LLM Backbones
Table 9 reports MEM-LM on the three math bench-
marks (Math-500, AIME-24, AIME-25) and the
two science QA tasks (MMLU-Pro, GPQA) with
the Qwen3-8B-Instruct and Qwen3-32B-Instruct
backbones. MEM-LM again outperforms both
the memory-free CoT baseline and the strongest
learned selector (Lever-LM) on every dataset and
on average, confirming that its gains transfer across
backbone scales.
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Method
Math-500 AIME-24 AIME-25 MMLU-Pro GPQA

Avg.
pass@4 pass@16 pass@16 acc acc

Qwen3 8B Instruct
COT 74.0 0.0 0.0 43.7 42.7 32.1
Dense-Retrieval 77.0 38.2 34.4 43.8 50.9 48.9
Lever-LM 77.1 42.5 36.9 48.6 52.1 51.4
Ours 80.8 45.5 39.9 50.8 56.4 54.7

Qwen3 32B Instruct
COT 84.6 51.9 43.3 60.0 56.8 59.3
Dense-Retrieval 86.5 55.2 50.5 64.7 62.3 63.8
Lever-LM 86.9 54.6 47.2 66.6 65.0 64.1
Ours 89.6 64.1 54.1 70.2 69.1 69.4

Table 9: Overall performance on the math solving and question-answering benchmarks.
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