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Abstract

Reinforcement learning with verifiable rewards
(RLVR) improves the reasoning ability of large
language models (LLMs), but its standard form
relies on ground-truth answers or external ver-
ifiers that are often unavailable in unlabeled
test-time settings. Label-free RLVR therefore
estimates pseudo rewards from model outputs.
Existing methods typically use these pseudo
rewards to optimize either answers or model pa-
rameters. The former cannot preserve feedback
across queries, while the latter risks commit-
ting noisy signals to model parameters. This
raises a central question: what should label-
free rewards optimize? We propose Test-Time
Memory Learning (TTML), a label-free RLVR
framework that shifts the optimization target
from answers or parameters to an external mem-
ory bank. TTML consists of three components:
memory policy rollout selects useful memories
and executes memory-augmented generation
for the current query, Bayesian value update
turns consensus rewards into memory value
updates, and memory bank expansion extracts
reusable experience from test-time trajectories.
Across six benchmarks and three backbone
models, TTML achieves the best Avg@8 per-
formance over strong label-free baselines. Em-
pirical analyses further suggest that converting
label-free feedback into revisable memory val-
ues and reusable memory entries is more effec-
tive overall than using it only for single-query
selection or direct parameter updates.

1 Introduction

Reinforcement learning with verifiable rewards

(RLVR) has been shown to improve LLLM reason-

ing on complex tasks such as mathematical rea-

soning and code generation (Jaech et al., 2024;

DeepSeek-Al et al., 2025; Yu et al., 2025). How-

ever, it typically relies on human-annotated ground-
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truth answers to construct verifiable rewards, which
are often unavailable in unlabeled test-time set-
tings (Ouyang et al., 2022; Shao et al., 2024; Yue
et al., 2025). To reduce this dependence, existing
label-free RLVR methods estimate pseudo rewards
from model outputs, for example by using major-
ity voting over sampled trajectories (Prabhudesai
et al., 2025; Zhao et al., 2025; Shafayat et al., 2025;
Zhang et al., 2026; Ye et al., 2026c).

A key but often overlooked question is what
these pseudo signals should optimize. Some works
use pseudo signals only within the current query
(Wang et al., 2023; Kang et al., 2025; Madaan
et al., 2023; Agarwal et al., 2025), for example
using confidence to reweight sampled answers and
improve answer selection. However, such gains
remain confined to the current query, as costly sam-
pled trajectories are discarded rather than extracted
into reusable experience for future tasks (e.g., so-
lution patterns). Other works instead use these
signals to update model parameters, making the
induced improvements persistent across queries
(Prasad et al., 2025; Zuo et al., 2025; Zhang et al.,
2025; Prabhudesai et al., 2025; Zhao et al., 2025).
Yet this persistence comes at a cost, as directly us-
ing pseudo signals for parameter updates can lead
to performance collapse or consensus traps (He
et al., 2026; Pan et al., 2026; Du et al., 2026). The
core challenge is finding an optimization target that
preserves useful label-free feedback across queries
without writing noisy signals to model parameters.

To address this, we propose the Test-Time
Memory Learning (TTML) framework that shifts
the optimization target from the current answer
or model parameters to memory value. TTML
keeps the base LLM frozen and adapts an exter-
nal memory bank through three modules. First,
Memory Policy Rollout retrieves candidate memo-
ries and selects useful ones by combining semantic
relevance with learned memory value, then uses
them to guide trajectory sampling (Section 3.2).
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Figure 1: Comparison between vanilla label-free methods and TTML. Top: Self-Consistency uses sampled
trajectories for answer selection, while TTRL uses majority-vote rewards to update model parameters. Bottom:
TTML retrieves and selects Top- K memories based on semantic relevance and memory value, then uses consensus
rewards from frozen-LLM rollouts to update memory values and extract reusable experience into the memory bank.

Second, Bayesian Value Update converts answer
consensus into a label-free feedback signal and up-
dates only the value estimates of selected memories
through soft credit assignment (Section 3.3). Third,
Memory Bank Expansion extracts new memory
candidates from the majority trajectory set and
merges or inserts them into the memory bank (Sec-
tion 3.4). In this way, TTML turns costly test-time
exploration into reusable experience, while confin-
ing noisy feedback to revisable memory records
rather than global model parameters.
Our contributions are threefold:

* We identify target selection as an underexplored
challenge in label-free RLVR, requiring useful
feedback to persist across queries without irre-
versible parameter updates.

* We propose TTML, a Test-Time Memory Learn-
ing framework that resolves this challenge by
converting label-free feedback into memory
value updates and memory expansion, thereby
accumulating reusable experience without updat-
ing the base LLM.

* Experiments across six benchmarks and three
backbone models show that TTML achieves
higher average performance than strong label-
free baselines without updating the base model.

2 Related Work

Existing label-free RLVR methods construct intrin-
sic signals from model outputs when ground-truth

labels are unavailable. The key difference lies in
what these signals optimize. Training-free methods
optimize only the response to the current query:
self-consistency and self-confidence variants se-
lect among sampled trajectories (Wang et al., 2023;
Kang et al., 2025), while Self-Refine and EM-INF
revise or steer the current output without updating
parameters (Madaan et al., 2023; Agarwal et al.,
2025). Yet these improvements do not carry be-
yond the current query, as sampled trajectories are
discarded rather than accumulated as reusable ex-
perience. Training-based methods address this by
using intrinsic signals to update model parameters
(Prasad et al., 2025; Zuo et al., 2025; Zhang et al.,
2025; Prabhudesai et al., 2025; Zhao et al., 2025;
Ye et al., 2026¢; Chen et al., 2026a,b). However,
writing noisy, unverified rewards into global param-
eters risks capability degradation(He et al., 2026;
Pan et al., 2026; Du et al., 2026). We therefore
optimize memory(Ye et al., 2026a; Ouyang et al.,
2026; Ye et al., 2026b): memory makes explored
trajectories reusable across queries, while memory-
level updates keep noisy intrinsic feedback out of
the global model.

3 Method: TTML

We propose a Test-Time Memory Learning frame-
work that keeps the LLM frozen and adapts an ex-
ternal memory bank through memory value updates
and memory expansion. The core idea is to convert

58039



test-time reasoning trajectories from one-off com-
putational traces into reusable experience, and to
estimate the reliability of each memory through a
Bayesian value posterior for future similar queries.

3.1 Task Setup

At step t, TTML receives a test-time query x;. The
LLM is frozen; adaptation occurs through an ex-
ternal memory bank M; = {mi}ZN:tl, initialized as
M = (). Each memory is represented as

m; = (ki, i, 04, i), (D

where k; is the retrieval key, ¢; is the memory con-
tent, and (o, ;) are value parameters that define a
Beta belief over memory value.

For each query, TTML first retrieves a Top-N
candidate memory pool C; from M; and then uses
a value score V; computed from the value parame-
ters to select Top-K memories A; for the prompt.
Conditioned on x; and Ay, the frozen LLM samples
reasoning trajectories:

Te,1n ~ Dg(T | 24, Ay). @)

The trajectories yield a consensus reward 77",

which updates the value parameters of selected
memories and guides memory expansion. Algo-
rithm 1 gives the complete procedure; one TTML
step is summarized as

Mt%Ct—)At%Ttylm*)Rgong)MtaH. (3)

3.2 Memory Policy Rollout

Value-based Memory Selection. With an em-
bedding model fe,;,, TTML first ranks memories
by their relevance to the query,

Pti = COS(femb(xt)u femb(ki)) , (4)

and forms the candidate pool C} by first filtering
memories with p; ; > 0 and then keeping the Top-
N among them. If no memory passes the gate,
TTML executes the query without retrieved memo-
ries.

For each m; € C}, TTML computes a value
score V;:
oy

Ve = S )

V—itrain ~ Beta(ai,ﬁi),

Following the two-stage test-time protocol in Sec-
tion 4.1, TTML samples V,* during streaming
memory accumulation to encourage exploration
in memory selection, and uses the posterior mean

V;e"al after the memory bank is fixed for evalua-
tion. TTML then combines semantic relevance and
memory value:

scorer; = (1 — X)z(pei) + Az(V5), (6)

where V; denotes Vitrai“ during memory accumu-
lation and V! during evaluation. Here, z(-) de-
notes z-score normalization within C, and A €
[0, 1] controls the trade-off. The Top-K memories
are selected as

Ay = TopK,,, cc, (scorey ;) . 7

Memory-augmented Execution. TTML injects
Ay into the executor prompt and samples n reason-
ing trajectories,

Tt,h ceey Tt,n ~ p¢(7— ‘ T, At) (8)

The trajectories provide candidate answers for the
current query and the evidence used to update mem-
ory values.

3.3 Bayesian Value Update

Consensus Reward R{°". Each trajectory 7y ; is
parsed into an answer d; ;. The majority answer is

a¢r = mode(at,1.,). )

The consensus reward is defined as the frequency
of the majority answer among sampled trajectories:
1 n
R{°" = — 1 ; = ayl. 1
t n Z (a1, = a] (10)
7=1
Bayesian Value Update. Since a prompt may
contain multiple selected memories, the consen-
sus reward R{°" is observed only at the prompt
level and cannot be directly attributed to an individ-

ual memory. TTML therefore assigns soft credit
to each selected memory based on semantic rele-

vance:
ol
b
Pt
> e, exp(2L)
where a smaller 7. concentrates credit on the most
relevant selected memories.

TTML then updates the value parameters with
fractional evidence:

m; € Ay, (11)

Wt =

Ccon
Qi < o+ wy ;] B°Y,

Bi < Bi +wyi(1 — R").
High consensus adds positive evidence, while low
consensus adds negative evidence. The update is

local to memories in A;, and the influence of a
single noisy reward decreases as «; + [3; grows.

(12)
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3.4 Memory Bank Expansion

TTML expands the memory bank by extracting
experience from the majority trajectory set:

7;+ = {TtJ’ | (Altjj = &t}' (13)

It then randomly samples one trajectory from this
set:

7 ~ Uniform (7, 7). (14)

Under an extraction prompt, the frozen LLM acts
as an Extractor and converts 77 into a new memory
candidate

15)

After constructing the candidate, TTML expands
the memory bank through either merging or inser-
tion. If the maximum similarity between k; and
existing keys exceeds the merge threshold 7yerge,
TTML merges the candidate with the most similar
memory. Let

iy = (ke, &),

i* = arg maxcos  fomp (1), fomn (i) ) . (16)

The merge updates three parts of the memory. First,
TTML replaces the old retrieval key with the new
one, k;jx < l;:t, so the memory reflects the latest
trigger pattern. Second, TTML updates the con-
tent by keeping the new content ¢; and adding only
non-redundant parts from the old content ¢;». Con-
cretely, both contents are split into sentences or
bullet items; after punctuation is removed, an old
item is discarded if its token overlap with any new
item is above a de-duplication threshold. For exam-
ple, if the new memory says “use parity to eliminate
odd cases” and the old memory contains “check
parity to rule out odd cases,” the old item is treated
as redundant and removed. Third, the merged mem-
ory keeps the previous value parameters (v« , B+ ),
preserving the utility evidence accumulated before
the merge. Otherwise, TTML inserts the candidate:

'ﬁ'Lt - (];t76taa0aﬁ0)7 apg = 50 = 1; (17)

as a new memory with neutral value parameters,
whose value is updated only when future queries
select it and produce consensus rewards.

4 Experiments

4.1 Setup

Baselines. We compare TTML with three groups
of label-free baselines. (1) Current-query optimiza-
tion methods select or refine the answer for the cur-
rent query only, including Self-Consistency (Wang

et al., 2023), Self-Certainty (Kang et al., 2025),
and EM-INF (Agarwal et al., 2025). (2) Parameter-
update methods are represented by TTRL, which
updates model parameters from majority-vote re-
wards on unlabeled test data (Zuo et al., 2025).
(3) Memory-accumulation methods are represented
by ReasoningBank, which stores reusable reason-
ing strategies but does not explicitly manage mem-
ory or optimize memory selection (Ouyang et al.,
2026). For the API-only DeepSeek-V4-Flash back-
bone, we omit Self-Certainty, EM-INF, and TTRL
because the first two require full vocabulary distri-
butions, while TTRL requires parameter updates.

Benchmarks. We evaluate TTML on six reason-
ing benchmarks. The mathematical suite includes
AIME 2024, AIME 2025, AIME 2026, and Miner-
vaMath, spanning contest-style and broader quanti-
tative problems (Zhang and Math-Al, 2024, 2025,
2026; Lewkowycz et al., 2022). We use GPQA Di-
amond (GPQA) for expert-level scientific reason-
ing (Rein et al., 2023), and the Computer Science
(CS) and Philosophy subsets of MMLU-Pro for
disciplinary reasoning under a more challenging
multi-choice format (Wang et al., 2024).

Backbone. We evaluate TTML with three back-
bones: Qwen3-8B (Qwen Team, 2025), Gemma-4-
E4B-IT (Google DeepMind, 2026), and DeepSeek-
V4-Flash (DeepSeek-Al, 2026). This model suite
covers different model families and scales, allow-
ing us to test whether TTML is robust across back-
bones rather than tied to a single generator.

Test-Time Protocol. Memory-based methods
use a two-stage protocol. The memory bank is
initialized as empty. In the test-time training stage,
unlabeled queries arrive sequentially, and the mem-
ory bank is not reset between queries. This stream-
ing setup allows experience extracted from earlier
trajectories to be immediately integrated into the
memory bank and used for subsequent queries. Af-
ter this memory accumulation stage, we fix the
accumulated memory bank and use it directly for
retrieval and generation. ReasoningBank follows
the same two-stage memory protocol, while others
follow their original test-time protocols. Implemen-
tation details and prompt templates are provided in
Appendices A and D.

4.2 Main Results

Table 1 shows that TTML achieves the highest
Avg@8§ for each of the three backbones across
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Method AIME 2024 AIME 2025 AIME 2026 GPQA MinervaMath CS  Philosophy Average
Qwen3-8B
Self-consistency 65.83 52.08 56.67 58.46 40.85 77.44 54.53 57.98
Self-certainty vote 67.50 51.67 56.67 58.27 38.24 79.21 57.11 58.38
EM-Inf 67.08 52.50 53.75 45.77 40.62 79.63 59.14 56.93
ReasoningBank 66.25 56.25 62.50 58.02 42.14 77.74 53.71 59.52
TTRL-best 67.92 53.75 57.50 56.31 44.72 78.05 56.54 59.26
No Memory 62.50 48.75 54.17 53.98 45.45 76.71 53.11 56.38
TTML 75.83 57.08 64.17 59.09 48.35 78.96 55.59 62.72
Gemma-4-E4B-IT
Self-consistency 50.00 41.25 44.17 54.42 39.52 77.84 55.81 51.86
Self-certainty vote 50.42 41.67 45.83 54.61 35.66 78.17 55.84 51.74
EM-Inf 52.50 37.08 52.92 54.17 27.99 78.72 59.29 51.81
ReasoningBank 61.67 42.08 53.33 58.08 41.31 79.57 57.52 56.22
TTRL-best 57.08 42.50 55.00 55.81 40.76 78.84 57.77 55.39
No Memory 59.17 43.33 52.50 56.63 39.84 78.84 57.04 55.34
TTML 62.92 51.25 58.33 59.34 41.45 79.91 57.57 58.68
DeepSeek-V4-Flash
Self-consistency 77.08 74.17 73.75 76.33 43.61 88.20 78.81 73.14
ReasoningBank 81.67 60.42 62.50 72.10 41.82 85.15 75.55 68.46
No Memory 82.50 71.25 73.75 78.03 44.62 87.80 77.81 73.68
TTML 90.00 76.67 79.17 80.24 46.65 89.09 79.73 77.36

Table 1: Avg@8 results compared with baselines across three backbone models and six benchmarks. Bold indicates

the best result for each benchmark under each backbone.

six reasoning benchmarks. Compared with the
strongest non-TTML baseline on each backbone,
TTML improves the average score by 3.20, 2.46,
and 3.68 points on Qwen3-8B, Gemma-4-E4B-IT,
and DeepSeek-V4-Flash, respectively. The base-
line comparisons clarify where the gains come
from. On Qwen3-8B and Gemma-4-E4B-IT, the
strongest current-query baselines reach 58.38 and
51.86 Avg@8, respectively, while TTML reaches
62.72 and 58.68. TTRL also remains below TTML,
with 59.26 on Qwen3-8B and 55.39 on Gemma-4-
E4B-IT, suggesting that writing noisy label-free
feedback into parameters is not a reliable substi-
tute for memory learning. ReasoningBank is the
closest competitor on both models, with 59.52 on
Qwen3-8B and 56.22 on Gemma-4-E4B-IT, but
TTML still improves over it, showing that storing
reusable experience is insufficient without value-
based memory selection. Together, the results point
to TTML’s key advantage: consensus feedback is
accumulated as memory value and used to select
useful memories for future queries, enabling persis-
tent test-time learning without parameter updates.

4.3 Ablation Studies

Core Component Ablations. Table 2 removes
three core mechanisms from TTML. When mem-
ory value is removed (w/o Memory Value), se-

lection relies only on semantic relevance; the av-
erage score drops by 2.36 points on Qwen3-8B
and 1.93 points on Gemma-4-E4B-IT, showing
that relevance alone cannot identify memories that
have been reliable in past rollouts. When semantic
relevance is removed (w/o Semantic Relevance),
TTML selects memories by value without ensur-
ing that they match the current query, leading to
the largest average drop on both backbones. This
shows that a high-value memory is useful only
when it is relevant to the current query. Finally, re-
moving memory merging (w/o Memory Merging)
weakens memory consolidation. Without merg-
ing similar memories, redundant memories may
fill the Top-K set, reducing memory diversity and
preventing other useful memories from being se-
lected. Overall, TTML works best when semantic
relevance, learned memory value, and memory con-
solidation are combined.

Sensitivity to Top-K Memory Selection. Ta-
ble 3 shows that selecting more memories is not al-
ways better. TTML achieves the best average score
at K = 3 (65.69). Setting K = 1 reduces the aver-
age to 63.47 (—2.22 points), indicating the selected
context is too narrow. Increasing to K = 5 also
underperforms K = 3, at 63.61 (—2.08 points),
suggesting larger memory sets introduce less rel-
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Method Qwen3-8B Gemma-4-E4B-IT
AIME24 AIME25 AIME26 GPQA Avg. AIME24 AIME25 AIME26 GPQA Avg.
TTML 75.83 57.08 64.17 59.09 64.04 62.92 51.25 58.33 59.34 57.96
w/o Memory Value 73.33 52.92 62.08 5840 61.68 61.67 47.92 57.50 57.01 56.03
w/o Semantic Relevance 71.67 55.42 57.08 56.38  60.14 60.83 47.08 55.00 57.83  55.19
w/o Memory Merging 73.75 55.83 61.25 5745  62.07 61.67 46.67 56.25 57.58 55.54
Table 2: Ablation study of TTML components across two backbone models.
Method AIME24 AIME25 AIME26 Average Qwen3-8B — Gemma-4-E4B-IT
TTML (K =3)  75.83 57.08 64.17 65.69 Method AIME24 AIME25 AIME26 GPQA
K=1 74.58 56.25 59.58 63.47
K=5 7417 56.67 60.00 63.61 No Mel.nory 59.17 43.33 52.50 56.63
ReasoningBank  63.75 45.42 56.25 59.47
e TTML 67.50 51.67 60.83 59.85
Table 3: Top-K memory sensitivity on Qwen3-8B.
Gemma-4-E4B-IT — Qwen3-8B
Method AIME24 AIME25 AIME26 Average Method AIME24  AIME25 AIME26 GPQA
TTML (6 = 0.3)  75.83 57.08 64.17  65.69 No Memory 62.50 48.75 54.17 5398
0=0.0 67.50 55.00 60.33 61.11 ReasoningBank 64.17 50.00 56.25 57.95
0=0.1 66.67 56.25 61.67 61.53 TTML 66.25 58.33 59.17 58.71
0=0.5 74.58 55.42 59.58 63.19

Table 4: Sensitivity to retrieval threshold on Qwen3-8B.

evant memories. The best result at K = 3 shows
that TTML benefits from selecting a small set of
high-value memories that are relevant to the query
and reliable under past consensus rewards, rather
than adding more memories to the prompt.

Sensitivity to Retrieval Threshold. Table 4 eval-
uates the similarity threshold 0 for candidate re-
trieval. The best average score is obtained at
6 = 0.3 (65.69). Lower thresholds substantially
reduce performance, with averages of 61.11 at
6 = 0.0and 61.53 at § = 0.1, indicating that value-
based selection is vulnerable when the candidate
pool contains many irrelevant memories. A stricter
threshold & = 0.5 performs better (63.19) but still
trails 6 = 0.3 by 2.50 points, suggesting that overly
aggressive filtering can remove useful experience.
Thus, TTML benefits from a moderately selective
retrieval threshold: semantic filtering first forms a
plausible candidate pool, and memory value then
identifies the most useful memories within it.

4.4 Memory Transferability

Cross-backbone Transfer. Table 5 evaluates
whether memories learned with one backbone
can benefit another. In both transfer directions,
TTML achieves the best performance on all eval-
uated benchmarks. When Qwen3-8B memories
are used by Gemma-4-E4B-IT, TTML improves
over ReasoningBank on every task (avg. +3.74

Table 5: Cross-backbone memory transfer results.

Source Memory: AIME24

Method AIME25 AIME26 GPQA CS  Philosophy
No Memory 48.75 54.17 5398  76.71 53.11
ReasoningBank ~ 51.67 57.50 56.69  78.60 53.53
TTML 55.83 60.42 57.95  79.09 54.71
Source Memory: GPQA
Method AIME24 AIME25 AIME26 CS  Philosophy
No Memory 62.50 48.75 54.17  76.71 53.11
ReasoningBank  60.42 52.50 57.08  75.70 52.15
TTML 67.92 56.67 60.42  78.84 55.16

Table 6: Cross-benchmark memory transfer using
Qwen3-8B for memory accumulation and evaluation.

points); the same trend holds when Gemma-4-E4B-
IT memories are transferred to Qwen3-8B (avg.
+3.52 points). This suggests that TTML memories
capture reusable reasoning experience rather than
model-specific artifacts, while value-based selec-
tion remains useful across executors.

Cross-benchmark Transfer. Table 6 further
tests whether learned memories transfer across
benchmarks. Memories constructed from AIME24
improve performance on AIME25 and AIME26,
and also transfer to GPQA, CS, and Philosophy,
with an average gain of 2.00 points over Rea-
soningBank. Similarly, memories constructed
from GPQA improve both mathematical and non-
mathematical targets, with an average gain of 4.23
points. TTML outperforms No Memory and Rea-
soningBank in all transfer settings. These trans-
fer gains suggest that TTML stores reusable rather
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Figure 2: Accuracy across inference token budgets (i.e., Executor-generated tokens) on AIME with Qwen3-8B.
TTML outperforms the no-memory baseline, especially at lower budgets.
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Figure 3: Avg@8 on no-memory-hard examples across
all benchmarks.

than benchmark-specific experience, and that value-
based selection helps retrieve useful memories un-
der shifted task distributions.

4.5 Inference Token Efficiency

Figure 2 evaluates accuracy under different in-
ference token budgets on the AIME benchmarks.
TTML consistently outperforms the No Memory
baseline at the same budget, with the largest gaps
in low-budget settings: at 8K tokens, average ac-
curacy improves from 31.94% to 45.00%, and at
16K tokens from 55.14% to 65.69%. TTML with
16K tokens also exceeds No Memory with 20K to-
kens (65.69% vs. 63.06%), showing that memory
can effectively reduce the budget needed to reach
comparable accuracy. As the budget increases, the
two curves gradually become closer, suggesting
that larger budgets can partially compensate for
the lack of memory through additional exploration.
These results indicate that TTML improves token
efficiency: by preserving reusable experience in
memory, the model can reach strong accuracy with
fewer inference tokens rather than relying on re-
peated trial-and-error generation.
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Figure 4: Avg@8 on GPQA across memory-bank sizes.

4.6 Hard-Sample Recovery

We further evaluate TTML on no-memory-hard ex-
amples, where the No Memory baseline produces
no correct answer. We report the unweighted aver-
age across benchmarks to measure whether mem-
ory recovers no-memory failures. Figure 3 shows
that TTML substantially improves hard-sample re-
covery on Qwen3-8B and Gemma-4-E4B-IT, reach-
ing 32.70% and 31.73% compared with 8.26%
and 6.17% for ReasoningBank. On DeepSeek-V4-
Flash, TTML is close to ReasoningBank (9.07% vs.
8.48%), suggesting that stronger backbones may
leave fewer recoverable failures or use memory dif-
ferently. Overall, TTML recovers some examples
that are unsolved without memory, rather than only
improving already solvable cases. Appendix E.1
provides a representative recovery case.

4.7 Memory-Bank Scaling

We further investigate whether TTML benefits from
a larger memory bank. We evaluate Gemma-4-
E4B-IT and Qwen3-8B on GPQA with 300, 600,
and 1,200 memory entries, while fixing the num-
ber of retrieved memories at K = 3. As shown
in Figure 4, increasing the bank size from 300 to
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Figure 5: TTML accuracy trends across training epochs.
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score and splitting them into three equally sized buckets.

1,200 improves Avg@8 by 1.76 points on Gemma-
4-E4B-IT and 2.27 points on Qwen3-8B. Since the
retrieval budget is held fixed, the gains suggest that
a larger memory bank improves the coverage and
quality of retrievable experience rather than simply
exposing the model to more context. This indicates
that TTML can expand memory capacity without
increasing per-query memory usage.

4.8 Cumulative Accuracy over Training

To evaluate TTML in streaming test-time training,
we use cumulative accuracy—the ratio of correct
predictions from epoch 1 to e. This metric miti-
gates per-epoch variance, capturing overall accu-
mulated performance. Figure 5 shows that TTML
generally improves or remains stable as more ex-
perience is accumulated. Its cumulative accuracy
rises especially in the early epochs and stays com-

petitive or superior across later epochs, indicat-
ing that useful memories are quickly written and
reused. Compared with ReasoningBank, TTML
shows stronger and more stable accumulation be-
havior, while ReasoningBank often plateaus or de-
clines as more self-generated memories are stored.
These trends suggest that value-based memory up-
dating and selection help TTML convert streaming
trajectories into reusable experience rather than
simply accumulating unfiltered memory entries.
Appendix E.2 shows low-consensus trajectories
yielding useful memories.

4.9

We further examine whether the learned memory
value reflects the actual utility of memories. Specif-
ically, we sort memories by their value scores and
split them into three equally sized low-, mid-, and

Memory Value Analysis
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high-value buckets, and compare the resulting ac-
curacy when memories from each bucket are used.
Figure 6 shows that high-value memories consis-
tently outperform low-value memories across both
backbones and all evaluated benchmarks. The gap
is especially clear on AIME25, where high-value
memories improve accuracy over low-value memo-
ries from 40.7% to 78.3% on Qwen3-8B and from
68.4% to 83.4% on DeepSeek-V4-Flash. This indi-
cates that TTML’s Bayesian value update learns a
meaningful memory-selection signal: memories as-
signed higher values are more likely to support suc-
cessful reasoning, which explains why value-based
memory selection improves the final performance.

4.10 Reliability of Consensus Feedback

TTML uses R.,, as label-free feedback for
Bayesian value updates. We test whether stronger
consensus indicates a more reliable majority an-
swer by grouping predictions according to Rcon
and measuring majority-answer accuracy against
ground truth. As shown in Figure 7, accuracy gener-
ally increases with consensus strength, from 11.5%
at R.on = 0.125 to 79.6% under full consensus,
despite small variations at low levels. These re-
sults show that R.,, is not a correctness label,
but a signal of answer reliability, making it suit-
able for Bayesian updates with feedback of varying
strength. Importantly, even full consensus can be
incorrect. This result further supports our design
choice of applying consensus feedback to revis-
able external memory rather than directly to model
parameters, allowing inaccurate feedback to be cor-
rected by later evidence.

4.11 Memory Quality Analysis

We examine whether the memories produced by
the Extractor contain valid and reusable experi-
ence. Qwen3.7-Max automatically evaluates each

Benchmark Correctness Non-redundancy Generality
AIME24 93.46 81.31 98.13
AIME25 94.00 79.00 98.00
AIME26 88.52 89.34 95.90
GPQA 88.87 78.67 97.84

Table 7: Automatic evaluation (%) of extracted memo-
ries by Qwen3.7-Max using three binary criteria.

extracted memory using three binary criteria: cor-
rectness, whether the method is valid for the task;
non-redundancy, whether the content avoids ex-
cessive repetition; and generality, whether the ex-
perience can be reused for similar problems. Ta-
ble 7 shows that correctness ranges from 88.52% to
94.00%, while generality remains above 95.90%
across all four benchmarks. Non-redundancy is
lower, ranging from 78.67% to 89.34%, indicating
that some memories still contain repeated informa-
tion. Overall, the extracted memories are largely
valid and reusable, while the lower non-redundancy
scores highlight the importance of memory merg-
ing for controlling duplication.

4.12 Runtime Overhead

We further analyze the runtime overhead of TTML
from two perspectives. First, we track runtime
as the memory bank grows and find that retrieval
and memory updates account for at most 1.72% of
the total cost, with end-to-end runtime remaining
stable across six epochs. Second, with eight roll-
outs, TTML has comparable per-query runtime to
Self-Consistency, Self-Certainty, and TTRL, while
being substantially faster than EM-INF; Reasoning-
Bank is cheaper, and TTRL additionally requires
four GPUs. Overall, TTML supports persistent
test-time learning with limited additional runtime
overhead. Detailed results are in Appendix C.

5 Conclusion

We introduced TTML, a Test-Time Memory Learn-
ing framework for label-free RLVR. TTML shifts
the optimization target from single-query out-
puts or model parameters to an external memory
bank. By combining value-based memory selec-
tion, Bayesian value estimation, and memory ex-
pansion, TTML turns one-off reasoning trajectories
into reusable experience that can benefit future un-
labeled queries. Across six benchmarks and three
backbones, TTML outperforms strong label-free
baselines on average, highlighting memory as an
effective optimization target at test time.
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Limitations

TTML relies on consensus rewards derived from
sampled answers, and is therefore most directly ap-
plicable to tasks where answer equivalence can be
reliably parsed or normalized, such as mathemat-
ical reasoning and multiple-choice science ques-
tions. For more open-ended settings, including
code generation or long-horizon interactive tasks,
memory learning may require executable feedback,
task-specific normalization, or external verifiers to
define a reliable consensus signal. In addition, our
soft credit assignment uses key-query similarity as
a lightweight approximation of memory contribu-
tion. While this keeps test-time learning simple
and local, future work could improve credit as-
signment with intervention-based memory dropout
or finer-grained attribution. The effect of an iso-
lated erroneous feedback signal is bounded, and
later low-consensus feedback can reduce the value
of the affected memory. However, this correction
mechanism may be less effective when the model
repeatedly produces the same incorrect answer with
high consensus.
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A Implementation Details

Unless otherwise specified, all main experiments
use the hyperparameters in Table 8. Ground-truth
answers are never used for reward updates dur-
ing test-time adaptation; they are used only for
offline evaluation and logging. For baselines, pa-
rameters not reported in our tables follow the best
task-specific configurations reported in the original
papers. We use BGE-M3 (Chen et al., 2024) as the
embedding model f,,1;,. The LLM parameters re-
main frozen throughout test-time adaptation; only
the external memory bank is updated.

B Theoretical Analysis

This section analyzes the memory value learn-
ing mechanism in TTML. TTML keeps the LLM
frozen and adapts an external memory bank by
updating memory value parameters (v, 3;) with
label-free consensus feedback.

B.1 Majority-Answer Frequency as
Label-Free Feedback

Given a test-time query x; and selected memories
Ay, the frozen LLM samples n reasoning trajecto-
ries:

(18)

Tty Ttn ™~ p¢(7' | wtht)-

Each trajectory T; ; is parsed into a candidate an-
swer a; ;. The majority answer is

dt = mode(&t71:n), (19)
and the consensus reward is defined as
1 n
R™ = — 1las ; = al. 20
t - Z [arj = a] (20)

Jj=1

Thus, R{°" € [0, 1] measures how concentrated
the sampled answers are under the current query-
memory context.

This choice is motivated by self-consistency and
repeated-sampling based test-time scaling meth-
ods, where aggregating multiple sampled reasoning
paths often improves reasoning performance over
single-path decoding (Wang et al., 2023; Brown
et al., 2024). Recent label-free test-time learning
methods also use agreement statistics from sam-
pled outputs as feedback when ground-truth labels
are unavailable (Zuo et al., 2025).

Consensus calibration. In answer-verifiable rea-
soning tasks, we use the following calibration con-
dition: higher concentration in the sampled answer
distribution is positively correlated with more re-
liable reasoning behavior. Under this condition,
R7°" can serve as a label-free proxy signal for up-
dating the value posterior of the memories used in
the prompt.

B.2 Statistical Interpretation of Empirical
Answer Frequency

Consider a fixed query = with ground-truth answer

y*. Given a memory set A, let
q=py" |z, A) 21

be the probability that one sampled trajectory pro-

duces the correct answer. For n independent sam-
ples, define

K=Y 1[a; =y (22)
j=1
Then
K ~ Binomial(n, q), (23)

and the empirical frequency of the correct answer

is K
i=—, El=q¢

n

When the majority answer equals y*, the consensus

reward coincides with the empirical correct-answer

frequency:

(24)

R = g. (25)

Now consider two memory states during mem-
ory accumulation. Suppose that after memory
learning, the probability of sampling the correct
answer increases from ¢, to
A > 0.

Qet1 = Qe + A, (26)
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Then
E[Get1] — E[¢e] = A.
For finite samples, the observed empirical fre-

quency may fluctuate. By Hoeffding’s inequality
and a union bound,

27

2

Pr(Get+1 < ge) < 2exp <_n§> . (28)
Therefore, when memory learning increases the
sampling probability of the target answer, the
empirical answer frequency is more likely to in-
crease as the number of sampled trajectories grows.
This provides a statistical motivation for using
majority-answer frequency as cumulative feedback
in TTML.

B.3 Memory Value and Beta Posterior
Estimation

TTML represents each memory as

m; = (ki, ¢, 04, Bi), (29)

where k; is the retrieval key, ¢; is the memory con-
tent, and (v, ;) are value parameters. These pa-
rameters define a Beta belief over memory value:

91' ~ Beta(ai, ,81) (30)

We define the proxy value of memory m; as

UP'Y = E [R{*" | m; is used in similar queries] .
(3D
This quantity measures the expected consensus
level induced when m; is selected for similar test-
time queries.
We first consider the single-memory case A; =
{m;}. Suppose m; is used for T" similar queries
and receives feedback

R" R RSN ROMe[0,1]. (32)

TTML updates the value parameters with fractional
evidence:

T
ol =g+ Y R5e, (33)
t=1
T
™) = 1 - Ry 34
Bl =Bo+Y (1-R™. (34

t=1
The posterior mean used during evaluation is
oD

Veval,(T) o i

g S B— (35)
aET) +,8Z~(T)

Substituting the updates gives
Veval,(T) _ oo + Z?:l Rgon
’ ap+fo+T

Under a locally stationary distribution of similar
queries, assume

(36)

E [R{°" | m; isused] = UP™™.  (37)
By the law of large numbers,
1 I
7 > RPN - UPY, (38)
t=1
Therefore,
v oy s T 00, (39)

This shows that the Beta posterior mean estimates
the expected label-free proxy value of a memory
under repeated use in similar contexts.

B.4 Soft Credit Assignment for
Multi-Memory Prompts

In TTML, a prompt typically contains multiple
selected memories:

(40)

At = {mil,miQ,.. . ,miK}.

The consensus reward R{°" is observed at the
prompt level. TTML distributes this feedback to
selected memories according to query-memory rel-
evance.

For each selected memory m; € Ay, the seman-
tic relevance is

Pt,i = COS (femb(xt)v femb(ki)) .

TTML converts these relevance scores into soft
credit weights:

(41)

exp(pri/Te)

, m; € Ay
> mpea, exp(pre/Te) S

(42)
where 7, is the credit assignment temperature. A
smaller 7. concentrates credit on the most rele-
vant selected memories, while a larger 7. yields
a smoother credit distribution.

Since
§ W5 = 11

mieAt

Wt =

)

(43)

each prompt-level feedback contributes one unit of
fractional evidence across the selected memories.
For memory m;, the positive evidence is

we i By, (44)
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and the negative evidence is

we; (1 — R{Y). (45)
The Bayesian value update is therefore
Qi < o + we ; RY°",
O m; € Ay, (46)

Bi = Bi +wy; (1 — R{™™),
For memories not selected into the prompt, m; ¢
Ay, the value parameters remain unchanged. This
update makes memory value learning local to se-
lected memories and aligns with the Bayesian value
update in Section 3.3.

B.5 Bounded Influence of One-Step Updates

We next show that the effect of a single consen-
sus reward on the posterior mean is bounded and
decreases as evidence accumulates.

Let the current posterior mean of memory m; be
(%)

(i = Vvieval _ o (47)
and define the evidence strength
S; = ai + Bi. (48)
For one new prompt-level feedback, write
R = R{°", w = Wy, 49)

where R € [0,1] and w € [0, 1]. After the update,
the posterior mean becomes

, o +wR
= 50
M S+ w (50)
Then
, o +wR o
== — — 51
Hi = Hi =g " TG G
Si(a; + wR) — a;(S; + w)
= 52
Si(Si +w) (52)
. ’LU(SiR—Ozi)
S8 4+ w) (53)
w(R — ;)
= . 54
Si +w S
Since R € [0,1] and p; € [0, 1],
R— il <1, (55)
Thus, w
] € ———. 56
|y — pil < S w (56)
Because w < 1, we also have
, 1
C— ] < = 57
| — il < S 1 (57)

This bound shows that new memories with small
S; can adapt quickly, while memories with larger
accumulated evidence are less sensitive to a single
noisy reward.

B.6 Thompson Sampling for Test-Time
Exploration

During streaming memory accumulation, TTML
uses Thompson sampling to compute the memory
value score:

Virain o Beta(oy, 8;),  m; € Gy (58)

After the memory bank is fixed for evaluation,
TTML uses the posterior mean:

&7

eval
. = — 59
The variance of the Beta posterior is
@i
Varl; | «;, 5i] = ! .
6:] s il (i + Bi)?(cii + Bi + 1)
(60)

Therefore, memories with limited evidence have
higher posterior uncertainty and may occasionally
sample high values, allowing them to be explored.
Memories that repeatedly receive high consensus
rewards concentrate their posterior mass in a high-
value region and are selected more consistently.
Memories with repeatedly low consensus rewards
concentrate toward lower values and are selected
less often.

The sampled or deterministic value score is com-
bined with semantic relevance as

scorer; = (1 — X)z(pei) + Az(Vi), (61)

where V; = Vi“ain during streaming memory accu-
mulation and V; = Vf"‘r"1 during evaluation. Here,
z(+) denotes z-score normalization within C;, and
A controls the trade-off between semantic relevance
and memory value. Thus, Thompson sampling pro-
vides posterior-driven exploration during memory
accumulation, while posterior-mean selection pro-
vides deterministic behavior during evaluation.

C Computational Cost Analysis

We report two complementary cost profiles. First,
we profile TTML over six GPQA epochs to exam-
ine how its internal cost changes as the memory
bank grows. Table 9 shows that Executor gener-
ation dominates runtime, accounting for 90.41%
on Gemma-4-E4B-IT and 93.27% on Qwen3-8B.
Retrieval and memory update together account for
only 1.72% and 0.89%, respectively. Although
memory-update time increases with the bank size,
the total per-epoch runtime remains within a stable
range across the six epochs.
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Hyperparameter Symbol  Value Description

Similarity gate 0 0.30 Minimum key-query similarity for candidate memories.
Candidate pool size N 10 Number of retrieved memories in C.

Injected memories K 3 Number of selected memories in Ay.

Relevance-value weight A 0.50 Weight for combining z(p¢,;) and z(V5).

Credit temperature Te 0.10 Temperature for soft credit assignment.

Memory prior aop,Bo  1.0,1.0 Initial value parameters for inserted memories.

Merge threshold Nmerge  0.90 Key-similarity threshold for merging a candidate memory.
Trajectory samples n 8 Number of reasoning trajectories sampled per query.
Executor temperature - 0.60 Sampling temperature for self-consistency rollouts.
Executor top-p - 1.00 Nucleus sampling threshold.

Executor max tokens - 16384 Maximum generation length for rollouts.

Extractor temperature - 0.00 Deterministic memory extraction.

Extractor top-p - 1.00 Nucleus sampling threshold.

Extractor max tokens - 4096 Maximum generation length for memory extraction.
Batch size - AIME series: 30; others: 32  Fixed by task type.

Reported epoch - 6 Epoch used for the main TTML results.

Table 8: Implementation hyperparameters used in the main experiments.

Second, we compare end-to-end cost across
methods under the same eight-rollout setting on
AIME24 with Gemma-4-E4B-IT. As shown in Ta-
ble 10, TTML takes 86.47 seconds and generates
34,173 tokens per query. Its runtime is compara-
ble to Self-Consistency (93.10 seconds) and Self-
Certainty (91.33 seconds), and substantially lower
than EM-INF (852.04 seconds), while Reasoning-
Bank is cheaper at 55.68 seconds. TTRL takes
90.67 seconds but uses four GPUs. Within TTML,
the Extractor adds 2.56 seconds and 5,558 tokens,
whereas retrieval and memory update together take
less than one second. Thus, most of TTML’s cost
comes from the eight Executor rollouts rather than
memory maintenance.

D Prompt Templates

We use the same frozen LLM under two
prompting roles: the Executor solves the cur-
rent query (Prompts 1 and 2), while the Ex-
tractor converts the selected trajectory into a
reusable memory (Prompts 3 and 4). The
No Memory baseline uses the corresponding
executor template with {retrieved_memories}
set to (none). For memory-augmented execu-
tion, {retrieved_memories} contains only the
experience field of each selected memory, rather
than the full memory schema.

E Case Studies

E.1 Memory helps recover no-memory
failures.

Figure 8 shows a no-memory-hard AIME example
where all eight no-memory samples fail and con-

verge to an incorrect majority answer. The failure
comes from a local construction trap: the model
fixes an equilateral substructure early, derives ver-
tices that satisfy local equal-distance constraints,
but violates the global constraint BC' = 38. TTML
retrieves a reusable coordinate-geometry memory
that encourages keeping global constraints active
and computing the area symbolically. With this
memory, the model preserves the hypotenuse con-
straint throughout the derivation and recovers the
correct majority answer. This case illustrates the
motivation of TTML.: test-time trajectories can be
distilled into reusable experience that helps later
queries avoid repeated reasoning failures without
updating model parameters.

E.2 Low-consensus trajectories can still yield
useful memory.

Figure 9 shows a training-process AIME exam-
ple where an early epoch has weak consensus
(Reon = 0.125), so the rollout does not provide
a reliable answer. TTML nevertheless extracts a
reusable structural cue: the constraint on possible
square-root sums should trigger sign-symmetry rea-
soning and Vieta’s formulas. The resulting memory
is not an answer cache, but a reusable reasoning
pattern. After memory accumulation, the same cue
guides the executor to a stable solution, with all
final samples producing the correct answer. This
case illustrates TTML’s motivation: imperfect test-
time trajectories can still be converted into reusable
memory that improves later reasoning without up-
dating model parameters.
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Algorithm 1: Test-Time Memory Learning (TTML)

Input: Unlabeled test stream D,, = {xt};‘rzl; initial memory bank M; = (); frozen LLM Do

embedding model fep

Output: Predictions {a;};_; and updated memory bank M

1fort=1,....,Tdo

®w N N B W N

10

11
12
13

14

15

16

17

18

19

20

21
22

23

if C; = () then
| Set Ay =0
else
foreach m; € C; do

Select A; = TopK,,,. ¢, (scorey ;);

con

Compute R{™" = L3 ar; = a¢);
foreach m; € A; do
exp( P:c,i )

TR
ngEAt eXp Te

Compute wy ; =

else
L Insert my = (ky, ¢, v, Bp) into My;

Set My, 1 to the updated memory bank;

Compute p; ; = coS( femb(Zt), femb(ki)) for each m; € My;
Retrieve the Top-/NV candidate memory pool Cy;

Set V; ~ Beta(«;, ;) for online adaptation;
// Use V; = a;/(a; + B;) for deterministic

Sample trajectories 7¢,1., ~ P (T | ¢, Ar);
Parse answers ;. 1., and set a; = mode(ay,1.n);

Update o; <— o + wi ;R§", B <= Bi + wyi(1 — R{™);
Form 7," = {r; | a; = a;} and sample 7;* ~ Uniform(7,")
Extract a memory candidate (k¢, ¢;) from 77;

if maXy,; e M, COS (femb(z:t)v femb(ki)> > Thmerge then
L Merge the candidate with the memory of highest key similarity;

Compute scores; = (1 — N)z(pri) + Az(V;) for each m; € Cy;

B

evaluation
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Gemma-4-E4B-IT

Qwen3-8B

Module

Time (s) Share Time (s) Share
Retrieval 1.8-2.1 0.24% 1.9-22 0.13%
Executor 722.1-836.6 90.41% 1481.6-1569.9 93.27%
Extractor 58.7-643  7.32% 80.0-115.7 5.56%
Memory update 8.7-15.1  1.48% 8.6-15.1 0.76%
Other 44-50 0.55% 4448 0.28%
Total 807.9-9153 100% 1581.8-1705.0 100%

Table 9: End-to-end TTML runtime over six GPQA epochs. Time is the minimum-maximum per-epoch runtime,

and Share is computed from cumulative runtime over all six epochs.

Method Phase Time (s) Share Tokens
Rollout generation 93.08 99.98% 31,155
Self-Consistency  Other local operations 0.02  0.02% 0
Total (1 GPU) 93.10 100% 31,155
Rollout generation 89.17 97.63% 31,155
Self-Certainty Confidence scoring 2.16  2.37% 0
Total (1 GPU) 91.33 100% 31,155
Setup/load 3.03 0.36% 0
Rollout generation 818.66 96.08% 26,814
EM-INF EM processor 3031  3.56% 0
Other local operations 0.04  0.00% 0
Total (1 GPU) 852.04 100% 26,814
Executor generation 51.25 92.04% 2,730
Extractor generation 419  7.53% 2,022
ReasoningBank  Retrieval/memory update 0.21  0.38% 0
Other local operations 0.03  0.05% 0
Total (1 GPU) 55.68 100% 4,752
Rollout generation 5742 63.33% 23,100
Log-probability/reward/advantage 11.25 12.41% -
TTRL Act.or update o 13.88 15.31% -
Weight synchronization 8.08 8.91% 0
Other operations 0.04  0.04% 0
Total (4 GPUs) 90.67 100% 23,100
Executor generation 83.25 96.27% 28,615
Extractor generation 256 2.96% 5,558
TTML Memory update 0.64 0.75% 0
Retrieval/other 0.02  0.02% 0
Total (1 GPU) 86.47 100% 34,173

Table 10: Per-query end-to-end cost on AIME24 with Gemma-4-E4B-IT. All methods use eight rollouts. TTRL
uses four H100 80GB GPUs, while all other methods use one. Tokens serve as a generation-cost proxy; “—” denotes

non-generation operations for which token counts do not apply.
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# Role
You are an expert reasoning assistant.

# Goal
Solve the given problem.

# Retrieved Memories (may help)
{retrieved_memories}

# Output Format

- First, provide your reasoning.

- Then, provide your final answer strictly in:
<answer>...</answer>

# Problem
{problem}

Executor prompt for free-form answer tasks.

# Role
You are an expert multiple-choice question solver.

# Goal
Select the single best option.

# Retrieved Memories (may help)
{retrieved_memories}

# Output Format

- Provide reasoning.

- Then output the option label strictly in:
<answer>...</answer>

# Important
- Output ONLY the option label (e.g., A, F, or J) inside <answer>.

# Question
You are given a multiple-choice question. Select the best option.

Question:
{question}

Options:
{label_1}. {choice_1}
{label_2}. {choice_2}

Answer with the option label (e.g., A, F, or J).

Executor prompt for multiple-choice tasks.
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# Role
You are a Memory Extractor model. You observe a model's solution attempt and extract one reusable
experience item.

# Context
Problem:
{problem}

Model Solution:
{selected_solution}

Outcome: {outcome}
Confidence: {majority_vote_ratio}

# What to extract
Prefer reusable solution patterns, theorem cues, invariants, decomposition strategies, sanity checks,
or common failure modes.

# Requirements

- Extract ONE experience item.

- The experience should be generalizable and reusable across similar tasks.

- Focus on a method, diagnostic, trigger pattern, pitfall, or decision rule.

- Avoid copying problem-specific numbers, names, or phrasing unless they express a true general rule.

- Do not summarize the whole solution or restate the full problem.

- Do not write generic advice like "be careful” or "think step by step” without a concrete trigger
and action.

- Be concise but specific enough to retrieve later.

# Field Semantics

- “intent”: a short retrieval cue describing when this memory should be recalled.

- “title™: a compact human-readable label for the memory.

- “trigger™: a brief condition or pattern indicating when the memory applies.

- “experience’: the reusable content itself, ideally 2-4 short bullets joined into a concise
paragraph or bullet-style string.

- “tags™: optional short tags such as “algebra™, “elimination™, “pitfall”, “sanity-check™.

# Good Memory Criteria

- It should help on future tasks that are similar in structure, not just this exact problem.
- It should be actionable: a future model should know what to do or what to avoid.

- It should preserve conditions or assumptions when they matter.

# Output Format (strict JSON)

{
"intent"”: "short retrieval cue”,
"title": "short memory title"”,
"trigger": "when this memory should be used”,
"experience”: "2-4 short bullet-style statements or one compact reusable note”,
"tags": ["optional”, "tags"]
}

Extractor prompt for free-form answer tasks.
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# Role
You are a Memory Extractor model. You observe a model's solution attempt and extract one reusable
experience item.

# Context
Problem:
{question_with_options}

Model Solution:
{selected_solution}

Outcome: {outcome}
Confidence: {majority_vote_ratio}

# What to extract
For multiple-choice tasks, prefer discriminative cues, elimination rules, contrastive signals between
options, or common traps that cause selecting the wrong option.

# Requirements

- Extract ONE experience item.

- The experience should be generalizable and reusable across similar tasks.

- Focus on a method, diagnostic, trigger pattern, pitfall, or decision rule.

- Avoid copying problem-specific numbers, names, or phrasing unless they express a true general rule.

- Do not summarize the whole solution or restate the full problem.

- Do not write generic advice like "be careful” or "think step by step” without a concrete trigger
and action.

- Be concise but specific enough to retrieve later.

# Field Semantics

- “intent”: a short retrieval cue describing when this memory should be recalled.

- “title™: a compact human-readable label for the memory.

- “trigger™: a brief condition or pattern indicating when the memory applies.

- “experience’: the reusable content itself, ideally 2-4 short bullets joined into a concise
paragraph or bullet-style string.

- “tags™: optional short tags such as “algebra™, “elimination™, “pitfall”, “sanity-check™.

# Good Memory Criteria

- It should help on future tasks that are similar in structure, not just this exact problem.
- It should be actionable: a future model should know what to do or what to avoid.

- It should preserve conditions or assumptions when they matter.

# Output Format (strict JSON)

{
"intent"”: "short retrieval cue”,
"title": "short memory title"”,
"trigger": "when this memory should be used”,
"experience”: "2-4 short bullet-style statements or one compact reusable note”,
"tags": ["optional”, "tags"]
}

Extractor prompt for multiple-choice tasks.
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Case Study: Memory Recovers a Global-Constraint Error

Problem. Let AABC be aright triangle with ZA = 90° and BC' = 38. There exist points K, L inside the triangle
such that

AK = AL=BK =CL=KL = 14.
The area of quadrilateral BK LC' is n+/3. Find n.

Evaluation Signal Retrieved Memory Used by TTML

Shoelace Formula for Area Constrained by Trigonometry. Use a coor-

Setting Correct  Majority  Parsed answers dinate system with A at the origin, express internal points using geometric
No Memor 0/8 98 08, 318. 49. 98 constraints, derive a symbolic area formula via the Shoelace formula, and
y 98’ 08 !98 219 ? substitute the resulting trigonometric or algebraic constraints.

TTML 6/8 104 10;1 164 ,98 104 coordinate geometry | (shoelace) (global constraints

104, 104, 55, 104

(No-memory hard) (Recovered majority] (GT: 104

No Memory: Local Construction Trap TTML: Memory Preserves the Global Constraint

Step 1: Fix a local equilateral orientation Step 1: Keep the right-triangle constraint active
The no-memory trajectory places A K L first and implicitly locks the side TTML keeps the side lengths symbolic instead of fixing a local orienta-
lengths of the whole triangle: tion:
A=(0,0), K=(14,0), L= (7,7V3). A=(0,0), B=(b,0), C=(0,c), b>+c®=238%=1444,
Step 2: Derive vertices from the local picture Step 2: Encode equal-distance constraints
Using BK = 14 and CL = 14, it sets From AK = BK = 14and AL = CL = 14,
B =(28,0), C =(0,14V3). K =(/2,yx), L=(zL,c/2).
Step 3: Fail the global-constraint check Step 3: Use the equilateral substructure
This constructed triangle has Since AK = AL = KL = 14, triangle AK L is equilateral, giving
BC? = 28° + (14v3)® = 1372,  BC = 14V7 # 38. YK = c— @b’ I V3,
The trajectory notices the inconsistency but continues instead of re-solving 2 2
under the given hypotenuse BC' = 38. Step 4: Combine local and global constraints
Step 4: Return the wrong area Applying KL, = 14 yields b% + ¢? — v/3bc = 196. Together with
Shoelace on the inconsistent vertices gives b2 + % = 1444,
Area(BKLC) = 98V/3, <answer>98</answer>. V3be = 1248 = be = 416V/3.
Step 5: Shoelace area
Failure mode. The model solves a locally valid but globally incom- For B = (b,0), K = (b/2,ykx), L = (z1,¢/2),and C = (0, ¢),
patible geometry. The missing operation is to keep BC' = 38 active 1 be
until the final area is determined. Area(BKLC) = 5 ‘byK + 7 T UKTL +cxp — be
b 4163
= Zc _HVE s,

Therefore,

<answer>104</answer>.

Interpretation. The retrieved memory supplies a reusable strategy—coordinate geometry plus Shoelace area under geometric constraints. This strategy
helps TTML avoid the no-memory trajectory’s local-construction trap, keep BC' = 38 active throughout the derivation, and recover the correct majority
answer.

Figure 8: A no-memory-hard AIME 2025 example. Without memory, all eight no-memory samples are incorrect and
the majority answer is 98. With TTML, the retrieved coordinate-geometry/Shoelace memory leads to a constraint-
preserving derivation, producing six correct samples and majority answer 104.
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Case Study: Memory Converts Low-Consensus Experience into Stable Correctness

Problem. Find the greatest integer n such that
z® — %xz + (n —11)x — 400

has roots o, 3%, 2, where «, 3,7 € C, and there are exactly seven different possible values of @ + 3 + 7.

Training and Evaluation Signal Early Memory Later Used by TTML

Distinct sums of square roots and zero-sum condition. When a cubic
has roots o2, 82, ~y2 and the number of possible signed sums of «, 3, 7y
Early epoch 0 oo = 0198 Lowerissmms xol is constrained, use sign symmetry to identify a zero-sum choice and then

Final eval. 8/8 correct Majority answer 132; all final apply Vieta’s formulas to the squared roots.

parsed answers are 132. sign symmetry) (Vieta) (symmetric sums
Early low consensus| (Final stable) (GT: 132

Early Epoch: Weak Consensus, Useful Experience Later Epoch: Memory-Guided Stable Solution

Stage Signal Evidence

Step 1: The rollouts do not agree Step 1: Use the sign-symmetry memory
With eight sampled trajectories, the early consensus score is The seven-value condition indicates that, for an appropriate choice of
1 signs,
Reon = 0.125 = = a+B+ny=0.
The early stage therefore does not provide a reliable majority answer for Step 2: Apply Vieta to the squared roots
this query. Since the cubic has roots a2, 82, 72,
Step 2: The extractor preserves the structural cue % % 2 n D5 5.2 2 o ”
Even under weak consensus, TTML extracts a reusable rule: the condition a” +8 49" = B’ QBT+ B+ =n— 1L
“ 1 " should tri ign- lysis of th .
exactly seven sums” shou d trigger a sign-symmetry analysis of the square Step 3: Reduce by symmetric sums
roots, rather than direct coefficient guessing. Let B+ By + From o + B + 0
. s=a« a. « =0,
Step 3: The memory is not an answer cache , eTeTa T S ..
The memory stores an action pattern—choose signs so a zero-sum relation a” +B7+797 = =25, a’BT+ B +yTa” ="
holds, then reduce the problem using symmetric sums. It does not store Therefore,
n
the final answer 132. . - 2= n—11.
Step 4: Eliminate the intermediate variable
Substituting s = —n /12 gives

TL2 2

— =n—11 =— n” —144n 4 1584 = 0.

144

Hence n = 12 or n = 132, and the greatest admissible value is

132 <answer>132</answer>.

Interpretation. This case illustrates training-time memory correction. The early epoch supplies only a weak consensus signal, but TTML turns the
trajectory into a reusable sign-symmetry/Vieta memory. After memory accumulation, the same structural cue guides the executor to a stable final
prediction: all eight final samples parse to the correct answer 132.

Figure 9: A training-process AIME 2026 example. An early epoch has low self-consistency (Rcon = 0.125), so no
reliable early answer set is displayed. TTML nevertheless extracts a reusable sign-symmetry memory, and the final
evaluation solves the query with eight correct parsed answers and majority answer 132.
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