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ABSTRACT

Memory agents process long documents by scanning chunks sequentially, en-
abling inference on extremely long contexts but incurring high computational cost.
Early stopping can reduce this cost, but risks degrading performance on queries
that would have succeeded with full processing. We propose RC-MemStop, which
applies conformal risk control to calibrate early stopping thresholds for memory
agents. Using an answer-stability stopping rule (terminate when k consecutive
draft answers match) and the Waudby-Smith-Ramdas betting bound, we select
the least conservative k that satisfies a user-specified broken-success risk budget
e. Experiments on MemAgent with 448K—896K token contexts reveal that risk
control is achieved (zero violations across all configurations), but speedup is
negligible (1.02x—1.14x). The root cause: draft answers do not stabilize until
processing is nearly complete, requiring k¥ = 60—120 consecutive matches to con-
trol risk. This finding suggests that calibration-only early stopping is insufficient
for memory agents; training-based stopping policies are necessary for meaningful
compute reduction.

WARNING: This paper was generated by an automated research system. The code
is publicly available

1 INTRODUCTION

Large language models increasingly face inputs that exceed a single context window, such as long re-
ports, codebases, or extensive retrieved documents. Memory agents address this by processing doc-
uments chunk-by-chunk while maintaining a bounded working memory, enabling inference on ex-
tremely long contexts (hundreds of thousands of tokens) at cost proportional to document length (Yu
et al.| 2025). However, this chunk-scanning approach remains computationally expensive: process-
inga smgle query may require hundreds of sequential memory updates. Early stopping—terminating
processing once sufficient evidence has been gathered—offers a natural path to efficiency, with
learned stopping policies achieving 3—5 x speedup (Wang et al.,|2026b).

Yet learned stopping policies require training-time supervision and leave deployment knobs (e.g.,
how aggressively to stop) without explicit safety guarantees. A practical deployment question re-
mains: how do we stop early while guaranteeing we do not break more than an € fraction of the
full-read system’s correct answers? This motivates a post-hoc, training-free calibration approach
that can be applied to any existing memory agent with a user-chosen risk budget.

We propose RC-MemStop, which applies conformal risk control (Angelopoulos et al.,|2025)) to cal-
ibrate early stopping thresholds for memory agents. RC-MemStop uses an answer-stability stopping
rule: processing terminates when k consecutive draft answers match. Using the Waudby-Smith-
Ramdas betting bound, we select the least conservative k that satisfies a user-specified broken-
success risk budget £ with high probability. This approach requires no retraining and provides
finite-sample guarantees on held-out test data.

Our experiments on MemAgent with 448K—-896K token contexts reveal a surprising finding: risk
control is achieved, but speedup is negligible. Across all 8 configurations, we observe zero risk
violations (Ryest < €), validating that conformal risk control can be successfully applied to memory

1https://gitlab.com/farsfa/riskfcontrolledfmemoryfagentfstopping
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agent early stopping. However, the best speedup is only 1.14 X, far below the 1.5 x target and even
below the 1.2x practical utility threshold. The root cause is that the answer-stability signal is too
weak: draft answers do not stabilize until the agent has processed most of the context, requiring
k = 60-120 consecutive matches to control risk.

Our contributions are:

* We present the first application of conformal risk control to memory agent early stopping,
demonstrating that UCB-calibrated thresholds can maintain user-specified risk budgets on
held-out test data.

* We provide empirical evidence that calibration-only early stopping with answer stability is
insufficient for meaningful compute reduction in memory agents, achieving only 1.02x—
1.14x speedup.

* We diagnose the root cause: the answer-stability stopping signal is fundamentally too weak,
with broken-success risk remaining above 50% until £ = 30-50 consecutive matches,
suggesting that training-based stopping policies are necessary for practical efficiency gains.

2 RELATED WORK

Long-Context LLMs and Memory Agents. Extending the context window of large language
models has been an active research area, with techniques such as YaRN (Peng et al., |2023) enabling
efficient position interpolation and models like Qwen2.5 (Yang et al.,[2024) supporting contexts up
to 128K tokens natively. However, processing extremely long documents (hundreds of thousands
of tokens) remains computationally expensive. Memory agents address this by decomposing long-
context processing into sequential chunk-scanning operations. MemAgent (Yu et al.| 2025)) uses
reinforcement learning to train a memory controller that decides which information to retain across
chunks, while InfMem (Wang et al.,|2026b)) learns explicit stopping policies that achieve 3.3-5.1 %
speedup through early termination. Retrieval-augmented generation (Lewis et al., |2020) offers an
alternative paradigm by retrieving relevant passages rather than processing entire documents, though
it requires index construction and may miss information not captured by the retriever.

Early Exiting in Neural Networks. Early exiting allows models to terminate computation before
processing all layers or inputs, reducing inference cost for “easy” examples. BranchyNet (Teerapit-
tayanon et al., 2016) introduced auxiliary classifiers at intermediate layers, while MSDNet (Huang
et al 2017) designed architectures specifically for anytime prediction. For language models,
CALM (Schuster et alJ, 2022) uses confidence-based early exiting at the token level, achieving
significant speedups on text generation. Recent surveys (Bajpai & Hanawal, 2025)) provide compre-
hensive coverage of early exit methods in NLP. Our work differs by applying early stopping at the
chunk level for memory agents, where the stopping decision affects whether the agent has processed
sufficient context rather than whether a single prediction is confident.

Conformal Prediction and Risk Control. Conformal prediction (Angelopoulos & Bates, 2021)
provides distribution-free uncertainty quantification with finite-sample coverage guarantees. Con-
formal Risk Control (Angelopoulos et al.| 2025) extends this framework to control arbitrary mono-
tone loss functions, while Learn-then-Test (Angelopoulos et al., 2021)) provides multiple testing
procedures for hyperparameter selection with risk guarantees. These methods have been applied to
early exiting: Fast-yet-Safe (Jazbec et al.,|2024) uses conformal risk control to calibrate confidence
thresholds for layer-wise early exit, and Conformal Thinking (Wang et al., 2026a)) applies similar
ideas to control compute budgets in reasoning tasks. Safe In-Context Learning (Wynn et al., [2025))
extends risk control to the number of in-context examples. Our work applies conformal risk control
to memory agent early stopping, but finds that the answer-stability stopping signal is too weak to
achieve meaningful speedup.

3 METHOD

We propose RC-MemStop, a calibration wrapper that applies conformal risk control to early stop-
ping in memory agents. RC-MemStop does not retrain the underlying agent; instead, it selects a
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Figure 1: RC-MemStop framework overview. Phase 1 (Inference): MemAgent processes context
chunks sequentially, generating draft answers at each step. Phase 2 (Calibration): Using held-out
calibration data, we compute the broken-success risk R(k) for each stability threshold & and select
k* via UCB bound to satisfy R(k*) < ¢. Phase 3 (Deployment): Early stopping triggers when k*
consecutive answers match, providing risk-controlled inference.

stopping threshold from a small calibration set with a user-chosen risk budget. Figure [I]illustrates
the three-phase framework.

3.1 PROBLEM SETUP

Memory agents such as MemAgent (Yu et al., |2025) process long documents by scanning chunks
sequentially while maintaining a bounded working memory. Given a document D split into T’
chunks and a query ¢, the agent processes chunks 1,...,7', updating memory state m; at each
step t. The final answer ap is generated from the terminal memory state mp. This chunk-scanning
approach enables processing of extremely long contexts (hundreds of thousands of tokens) but incurs
high inference cost proportional to 7.

At each intermediate step ¢, we can generate a draft answer a; by running the answer-generation
module on the current memory state (g, m;) with deterministic decoding. These draft answers pro-
vide a signal for early stopping: if the answer has stabilized, further processing may be unnecessary.

3.2 ANSWER-STABILITY STOPPING RULE

We define an early stopping rule based on answer stability. Let Normalize(-) be a normalization
function consistent with the evaluation metric (e.g., lowercasing, removing punctuation and articles).
For a stability threshold k£ > 1, define the stopping time:

7(k) = min {¢ : Normalize(a;—_x+1) = - - - = Normalize(a¢)}, (1)

with 7(k) = T if the condition never holds. The early-stopped prediction is a(k) = ar(x)-

This yields a monotone “conservativeness” knob: larger k requires longer stability windows and
thus typically stops later. The key question is whether this stopping rule can achieve meaningful
speedup while controlling the risk of degrading performance.
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3.3 RISK DEFINITION AND CALIBRATION

We control the risk of converting a full-read success into a failure. Let ¢y (i) = 1[ar (i) = v
indicate whether the full-read agent answers query 4 correctly, and let cop(i, k) = 1[a(k, 1) = y;]
indicate correctness under early stopping with threshold k. Define the broken-success risk:

R(k) =E [1[Cstop(i; k) = 0} ‘ Cfull(i) = 1] ) (2)

which measures the fraction of full-read successes that early stopping breaks.

Given a calibration set Dey, let Dgyee = {# € Dear : crun (i) = 1} be the subset of full-read successes.
The empirical risk is Re, (k) = ﬁ Ziepm 1[cgiop(is k) = 0].

UCB Calibration. We apply the Waudby-Smith-Ramdas (WSR) betting bound (Angelopoulos
et al., 2025) to construct an upper confidence bound R (k) such that Pr(R(k) < RT(k)) > 1—4
for all k. Under the assumption that R(k) is approximately non-increasing in k& (monotonicity), we
select:

k* :min{kEIC:R+(k’) < ¢ for all k’zk}, 3)

where K is a discrete candidate set and ¢ is the user-specified risk budget.

Monotonicity Assumption. The UCB selection relies on risk being non-increasing with conser-

vativeness. We empirically verify this by plotting Rcal(k) versus k; if strong violations occur, the
UCB guarantee may not hold.

3.4 DEPLOYMENT

At test time, RC-MemStop runs the memory agent with the calibrated threshold £*: processing
stops when k* consecutive draft answers match, and the final answer is the early-stopped prediction
a(k*). The formal guarantee is that with probability > 1 — ¢ over the calibration set draw, the
broken-success risk satisfies R(k*) < e.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

We evaluate RC-MemStop on MemAgent (Yu et al., [2025)), a reinforcement learning-trained mem-
ory agent for long-context question answering. We use the publicly available RL-MemoryAgent-7B
checkpoint with the HotpotQA-based (Yang et al.|[2018) long-context evaluation setting, where gold
evidence paragraphs are embedded into large distractor documents following the RULER (Hsieh
et al.| 2024) synthesis methodology.

Dataset and Context Lengths. We evaluate on 128 HotpotQA instances at two context lengths:
448K tokens (~90 chunks per instance) and 896K tokens (~181 chunks per instance). The calibra-
tion/test split is 50/50 (64 instances each), with seed 42 for reproducibility.

Calibration Settings. We test two risk budgets: £ € {0.05,0.10}, with confidence parameter § =
0.1. The candidate threshold setis £ = {1, 2,3,..., 10, 15, 20, 25, 30, 40, 50, 60, 70, 80, 100, 120}.

Methods. We compare three approaches: (1) Full-Read: baseline with no early stopping; (2)
Naive: empirical calibration selecting kemp = min{k : Rey(k) < €}; (3) UCB: risk-controlled
calibration using the WSR betting bound.

Metrics. We report: (1) selected threshold k; (2) test risk Rys (fraction of broken full-read suc-
cesses); (3) whether Ry > ¢ (violation); (4) early-stopped accuracy; (5) average chunks processed;
(6) speedup relative to full-read.



“QANALEMMA

Table 1: Main results for RC-MemStop across all experimental configurations. Best speedup per
context length in bold. v indicates no risk violation (Resy < €). UCB provides formal guarantees
but achieves lower speedup than Naive calibration.

Method k Risr  Violation ES Acc  Avg Chunks Speedup
Full-Read (448K) - - - 75.78% 90.7 1.00x
Full-Read (896K) - - - 71.88% 181.2 1.00x
Naive (448K, =0.05) 70 0.000 v 75.00% 87.4 1.04x
Naive (448K, ¢=0.10) 60  0.000 v 75.00% 84.4 1.08 x
Naive (896K, £=0.05) 120 0.022 v 68.75% 168.0 1.08 x
Naive (896K, =0.10) 100 0.044 v 67.19% 159.1 1.14 %
UCB (448K, £=0.05) 80  0.000 v 75.00% 89.2 1.02x
UCB (448K, £=0.10) 70  0.000 v 75.00% 87.4 1.04x
UCB (896K, £=0.05) 120 0.022 v 68.75% 168.0 1.08 x
UCB (896K, £=0.10) 120 0.022 v 68.75% 168.0 1.08 x

Table 2: Calibration details showing UCB bounds and comparison with naive selection. UCB bound
exceeds ¢ at 896K/e=0.05 (marked t), indicating the formal guarantee does not hold for this config-
uration.

Context € knaive kuce UCB Bound Guarantee

448K  0.05 70 80 0.0488 v
448K  0.10 60 70 0.0739 v/
896K  0.05 120 120 0.08167 X
896K  0.10 100 120 0.0816 v

4.2 MAIN RESULTS

Table[T] presents results across all experimental configurations. The key findings are:

Risk Control is Achieved. Across all 8 configurations (2 context lengths x 2 € values x 2 cal-
ibration methods), we observe zero risk violations: Ry < ¢ in every case. This validates that
conformal risk control can be successfully applied to memory agent early stopping.

Speedup is Negligible. The best speedup achieved is only 1.14x (Naive at 896K, ¢=0.10), far
below the 1.5x target specified in our success criteria and even below the 1.2x practical utility
threshold. UCB achieves at most 1.08 x speedup. The selected £ values range from 60—120, meaning
early stopping triggers very close to full processing.

UCB is More Conservative than Naive. As expected, UCB selects larger (more conservative) k
values than naive empirical calibration in 3 out of 4 settings: k = 80 vs 70 (448K/e=0.05), k = 70
vs 60 (448K/e=0.10), and & = 120 vs 100 (896K/e=0.10). This reflects the finite-sample uncertainty
accounted for by the UCB bound.

4.3 CALIBRATION ANALYSIS

Table [2| shows the UCB bounds and comparison with naive selection. The UCB bound exceeds ¢
at 896K/£=0.05 (bound = 0.0816 > 0.05), indicating that the formal guarantee does not hold for
this configuration—even the most conservative k£ = 120 cannot satisfy the bound with the available
calibration sample size (ngec = 47).

4.4 WHY SPEEDUP IS LIMITED

Figure2|reveals the root cause of limited speedup: the answer-stability stopping signal is fundamen-
tally too weak for MemAgent. The broken-success risk R(k) remains above 50% until k& = 30-50
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Figure 2: Calibration risk R, (k) as a function of stability threshold & for 448K and 896K context
lengths. Risk decreases monotonically with k in the operational range (k > 60), but requires k =
60-120 to reach acceptable risk levels (¢ < 0.10), leaving minimal room for speedup.

consecutive matching answers, and only drops below 10% at & > 60. This means early stopping
cannot trigger until processing is nearly complete.

The monotonicity assumption holds approximately in the operational range (k¥ > 60), with only
mild violations at very small k values. At k = 1, the broken risk is 0.776 (448K) and 0.783 (896K);
at k = 10, it remains ~75%. This slow decay explains why calibration-only approaches cannot
achieve meaningful speedup.

4.5 COMPARISON TO LEARNED STOPPING

InfMem (Wang et al., 2026b) reports 3.3 x speedup with its 3-stop policy and 5.1 x with 1-stop on
similar long-context QA tasks (using Qwen2.5-7B backbone). In contrast, RC-MemStop achieves
only 1.02x-1.14x speedup—an order of magnitude less. This comparison, while not directly
apples-to-apples (different backbone, learned vs calibrated), suggests that training-based stopping
policies are necessary for meaningful compute reduction in memory agents. Calibration-only ap-
proaches with answer stability as the stopping signal cannot overcome the fundamental limitation
that draft answers do not stabilize until processing is nearly complete.

5 CONCLUSION

We presented RC-MemStop, a calibration wrapper that applies conformal risk control to early
stopping in memory agents. While RC-MemStop successfully achieves risk control (zero viola-
tions across all configurations), the speedup is negligible (1.02x—1.14x), far below practical utility
thresholds. The root cause is that the answer-stability stopping signal is too weak: draft answers do
not stabilize until the agent has processed most of the context, requiring £ = 60—120 consecutive
matches to control risk. This finding suggests that calibration-only early stopping is insufficient for
memory agents, and training-based stopping policies (Wang et al., 2026b)) are necessary for mean-
ingful compute reduction.
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