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ABSTRACT

Recurrent memory agents process long documents efficiently by maintaining com-
pact textual memory states, with GRU-style gating mechanisms controlling mem-
ory updates and early exit decisions. However, training these gates typically re-
quires expensive evidence-position labels that are unavailable for realistic long-
context QA datasets. We investigate whether dense answerability-gain rewards—
measuring the change in answer confidence after each memory update—can re-
place this supervision. Our comprehensive experiments on RULER-QA (28K—
224K tokens) reveal that answerability-gain rewards do not consistently outper-
form simpler outcome-only rewards, achieving 63.19% vs. 63.48% average exact
match with a 4—4 win/loss split across conditions. We identify an architectural
limitation: the gain signal biases toward early exit after encountering the first ev-
idence, which hurts multi-hop reasoning tasks requiring integration of multiple
evidence pieces.

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

1 INTRODUCTION

Large language models are increasingly deployed for question answering and agentic workflows that
require reasoning over very long documents spanning hundreds of thousands of tokens. While ar-
chitectural advances have extended context windows, the quadratic complexity of standard attention
remains a fundamental bottleneck. Recurrent memory agents address this challenge by processing
documents chunk-by-chunk while maintaining a compact textual memory state, keeping per-step
computation bounded regardless of total document length.

Recent work has introduced gating mechanisms to improve the efficiency of recurrent memory
workflows. GRU-Mem (Sheng et al, 2026)) adds update gates that decide whether to incorporate
new information into memory and exit gates that determine when to stop processing and gener-
ate an answer. These gates can achieve 3-5x speedup by skipping irrelevant chunks and exiting
early once sufficient evidence is gathered. However, training these gates requires evidence-position
labels—annotations indicating which chunks contain relevant information and where the last piece
of evidence appears. Such labels are readily available in synthetic benchmarks but expensive to
obtain for realistic long-context QA datasets, limiting the practical applicability of gated memory
agents.

We investigate whether dense answerability-gain rewards can replace evidence-position supervision
for gate training. The key insight is that even without explicit evidence labels, we can measure
whether a memory update makes the correct answer more predictable by computing the change
in teacher-forced log-likelihood. This provides a per-chunk reward signal that should encourage
the model to accept evidence-containing chunks and reject distractors, while the combination with
per-step cost penalties should encourage early exit once additional chunks cease to improve answer-
ability.

'"https://gitlab.com/fars—a/self-supervised-gru-mem-gating
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Our comprehensive experiments on RULER-QA (Hsieh et al.| [2024) across context lengths from
28K to 224K tokens reveal a negative result: answerability-gain rewards do not consistently outper-
form simpler outcome-only rewards. The proposed method achieves 63.19% average exact match
compared to 63.48% for outcome-only, with a 4—4 win/loss split across eight evaluation conditions.
We identify an architectural limitation that explains this finding: the answerability-gain signal bi-
ases toward early exit after encountering the first piece of evidence, which hurts performance on
multi-hop questions requiring integration of multiple evidence pieces.

Our contributions are:

* We propose answerability-gain rewards as a dense, evidence-label-free signal for train-
ing GRU-Mem gating mechanisms, measuring the change in answer confidence after each
memory update.

* We conduct comprehensive experiments showing that this approach does not consistently
improve over outcome-only rewards, providing a rigorous negative result that informs fu-
ture research directions.

* We identify an architectural limitation—early-exit bias after first evidence—that explains
the negative result and suggests alternative approaches such as multi-step lookahead re-
wards or evidence-diversity bonuses.

2 RELATED WORK

Memory-Augmented LLMs. Processing long contexts efficiently remains a fundamental chal-
lenge for large language models. Transformer-XL (Dai et al.| [2019) introduced segment-level re-
currence with cached hidden states to extend context beyond fixed windows. The Recurrent Mem-
ory Transformer (Bulatov et al.| [2022) augments transformers with dedicated memory tokens that
persist across segments. Longformer (Beltagy et al.| [2020) combines local sliding window atten-
tion with global attention on selected tokens to achieve linear complexity. More recently, GRU-
Mem (Sheng et al., 2026)) proposed gated recurrent memory with explicit update and exit gates that
learn when to memorize information and when to stop processing. MemAgent (Yu et al.| 2025)) ex-
tends this paradigm with multi-conversation reinforcement learning for memory management. Our
work builds on the GRU-Mem architecture but investigates alternative reward signals for training
the gating mechanisms without requiring evidence-position labels.

Dense Rewards in Reinforcement Learning. Sparse outcome-based rewards present challenges
for credit assignment in sequential decision-making. Information Gain-based Policy Optimiza-
tion (Wang et al., |2025) addresses this by rewarding actions that reduce uncertainty about the task.
Dense Reward for Free (Chan et al.| 2024 demonstrates that dense reward signals can be extracted
from preference models without additional annotation. Recent analysis of R1-Zero-like training (Liu
et al.,[2025)) reveals that the effectiveness of dense rewards depends critically on their alignment with
the underlying task structure. Our answerability-gain reward follows this line of research by pro-
viding per-chunk feedback based on answer confidence changes, though our results suggest this
particular formulation does not consistently improve gate training.

Early Exit Mechanisms. Adaptive computation has been explored extensively for efficient in-
ference. Adaptive Computation Time (Graves, 2016) introduced learnable halting mechanisms for
recurrent networks. CALM (Schuster et al., |2022)) applies confidence-based early exit to language
models, skipping remaining layers when predictions are sufficiently confident. ConsistentEE (Zeng
et al.,|2023)) improves upon this with hardness-guided exit decisions that maintain consistency across
inputs. Our exit gate mechanism shares conceptual similarities with these approaches but operates
at the chunk level rather than the layer level, deciding when sufficient evidence has been gathered to
answer a question.

3 METHOD

We propose an evidence-label-free approach for training GRU-Mem gating mechanisms using
answerability-gain rewards. Our method builds on the GRU-Mem architecture (Sheng et al., 2026)
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Comprehensive Framework: Evidence-Label-Free GRU-Mem Gating with Answerability-Gain Reward
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Figure 1: Overview of the GRU-Mem gating framework with answerability-gain reward training.
The system processes long documents in chunks through a recurrent memory mechanism, where
GRU-style gates control memory updates and early exit decisions. The answerability-gain reward
provides dense supervision by measuring the change in answer confidence after each chunk.

but replaces evidence-position supervision with dense intrinsic rewards derived from answer confi-
dence changes.

3.1 GRU-MEM ARCHITECTURE

Given a long document split into chunks C1, ..., Cr and a question (), the GRU-Mem framework
processes chunks sequentially through a memory agent ¢y that maintains a textual memory state
M;. At each step ¢, the memory agent produces three outputs: an update decision U; € {0, 1} via
<check>yes/no</check>, a candidate memory M; via <update>...</update>, and an
exit decision E; € {0, 1} via <next>continue/end</next>.

The memory state evolves according to the update gate:

M, ifU =1
M, = 1
! {Mt_l if Uy =0 M

When the exit gate activates (E; = 1), the system terminates chunk processing and passes the cur-
rent memory M, to an answer agent vy that generates the final response. This architecture enables
two forms of efficiency: selective memory updates avoid polluting the memory with irrelevant in-
formation, and early exit avoids processing chunks after sufficient evidence has been gathered.

Figure I]illustrates the complete framework including our proposed answerability-gain reward com-
putation.

3.2 ANSWERABILITY-GAIN REWARD

The original GRU-Mem training requires evidence-position labels to supervise the update gate (re-
warding correct accept/reject decisions on evidence vs. non-evidence chunks) and the last-evidence
position to supervise the exit gate. These labels are expensive to obtain for realistic long-context QA
datasets.

We propose replacing this supervision with an answerability-gain reward that measures how much
each memory update improves the model’s ability to answer the question. Given the ground-truth
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answer Ay, we define the teacher-forced log-likelihood:

L(M) =logpe(Ag | Q, M) (2)

The answerability gain for the candidate memory at step ¢ is:

Ay = L(M,) — L(M,;_,) (3)

We convert this into a per-step reward that is active only when the update gate fires:
Tfam =U;- (At - ﬂgain) 4)

where fig,in > 0 is a minimum-gain threshold. This formulation rewards updates that substantially
improve answerability while penalizing updates with marginal or negative gain.

The intuition is that evidence-containing chunks should produce positive answerability gain (the
answer becomes more predictable), while distractor chunks should produce zero or negative gain.
By rewarding based on this signal, we expect the update gate to learn to accept evidence and reject
distractors without explicit labels.

3.3 GATE-ONLY GRPO TRAINING

We train the gating mechanisms using Group Relative Policy Optimization (GRPO) (Shao et al.|
2024])), a PPO-style method that samples multiple rollouts per prompt and computes group-relative
advantages without a separate critic model.

To prevent reward hacking where the policy learns to write the answer directly into memory (trivially
maximizing £(M)), we employ gate-only fine-tuning with LoRA adapters (Hu et al., 2021). The
GRPO loss is applied only to the gate decision tokens (<check> and <next> outputs), while the
loss on memory-writing tokens (<update> content) is masked. This restricts the action space to
accept/reject and stop/continue decisions on top of a fixed memory-writing policy.

The total trajectory reward combines multiple components:

texit

__ ,.outcome format gain cost
R=r +7r + E (ozgain “TE o — Aeost * Ty ) (®)]
t=1

where 7°U°™ jg the exact-match QA correctness, 7™ ensures proper tag formatting, 75 is a
per-step penalty encouraging early exit, and cugin, Acost are weighting coefficients.

3.4 TRAINING DETAILS

We initialize from RL-MemoryAgent-7B (Yu et al.l |2025), a Qwen2.5-7B-Instruct (Yang et al.|
2024)) model fine-tuned for recurrent memory workflows. We apply LoRA adapters with rank 16
and o = 32 to the gate-related attention layers. Training uses a learning rate of 1 x 109, batch size
of 96 trajectories, and runs for 25 optimization steps. The answerability-gain coefficient is set to
Qrgain = 0.5 and the cost coefficient to Acosy = 0.1. Training contexts are approximately 28K tokens
with documents containing 200 paragraphs.

4 EXPERIMENTS

We evaluate our answerability-gain reward approach on long-context question answering tasks, com-
paring against both a no-gating baseline and an outcome-only gating baseline.

4.1 EXPERIMENTAL SETUP

Benchmark. We use RULER-QA (Hsieh et all 2024), a configurable synthetic long-context
benchmark that inserts gold paragraphs from HotpotQA (Yang et al., |2018) into distractor para-
graphs. We evaluate at four context lengths: 28K, 56K, 112K, and 224K tokens, with 128 samples
per setting. Documents are processed in 5000-token chunks.
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Table 1: Main results on RULER-QA benchmark across context lengths (28K-224K tokens). We
report Exact Match (EM) accuracy (%) and average chunks processed. Best EM per column in bold,
second-best underlined. Speedup shows chunk reduction vs. No Gates baseline.

Top-20% Placement Standard Placement
Method 28K 56K 112K 224K 28K 56K 112K 224K
Exact Match (%)
No Gates 67.97 70.31 67.19 65.62 67.19 69.53 67.97 64.06
Outcome-Only 67.19 68.75 64.06 61.72 67.19 63.28 60.94 54.69
Ans.-Gain (Ours) 62.50 66.41 66.41 60.94 63.28 64.06 62.50 59.38
Chunks Processed (Speedup)
No Gates 5.7 11.0 22.0 43.8 5.7 11.0 22.0 43.8
Outcome-Only 1.9(3.0x) 27@.1x) 47@7x) 84(52x) | 3.6(1.6x) 65(1.7x) 11.8(1.9%x) 19.9(2.2x)
Ans.-Gain (Ours) | 1.9 (3.0x) 2.7(4.1x) 45(49%x) 78(5.6x) | 3.5(1.6x) 6.7(1.6x) 11.6(1.9%x) 225(1.9%)

Evidence Placement. We test two evidence placement modes: (1) Top-20%: all gold paragraphs
placed within the first 20% of document positions, creating an ideal scenario for early exit; (2)
Standard: gold paragraphs placed uniformly at random, requiring the model to scan more of the
document.

Baselines. We compare three methods:

* No Gates: The base RL-MemoryAgent-7B model processes all chunks sequentially with-
out gating, establishing the full-scan cost baseline.

* Qutcome-Only: Gate-only GRPO training with outcome reward, format reward, and per-
step cost penalties, but no answerability-gain signal.

* Answerability-Gain (Ours): Gate-only GRPO training with the additional answerability-
gain dense reward as described in Section[3.2]

Metrics. We report Exact Match (EM) accuracy and average chunks processed. Speedup is com-
puted as the ratio of chunks processed by the no-gates baseline to chunks processed by each gated
method.

4.2 MAIN RESULTS

Table [1| presents the main experimental results across all context lengths and evidence placement
modes.

Gating enables substantial efficiency gains. Both gated methods achieve 3—-5x speedup on Top-
20% placement and 1.6-2.2 x on Standard placement, with modest accuracy drops of 1-5 percentage
points compared to the no-gates baseline. This confirms that GRU-style gating can effectively reduce
computational cost while maintaining competitive accuracy.

Answerability-gain does not consistently outperform outcome-only. Contrary to our hypoth-
esis, the answerability-gain reward does not provide consistent improvements over the simpler
outcome-only baseline. On Top-20% placement, outcome-only achieves higher EM at 28K (67.19
vs. 62.50) and 56K (68.75 vs. 66.41), while answerability-gain shows a slight advantage only at
112K (66.41 vs. 64.06). On Standard placement, answerability-gain performs better at longer con-
texts (112K, 224K) but worse at shorter contexts (28K).

Context-length interaction pattern. The relative performance of the two methods varies system-
atically with context length. Answerability-gain shows advantages at longer contexts (112K, 224K)
where credit assignment is more challenging, but underperforms at shorter contexts (28K, 56K)
where outcome-only rewards suffice. This suggests the dense reward signal may be more beneficial
when evidence is harder to locate, but introduces noise when the task is simpler.
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Table 2: Head-to-head comparison of Answerability-Gain vs. Outcome-Only across all conditions.
Win/Loss determined by EM difference. The proposed method shows no consistent advantage.

Condition Outcome-Only  Ans.-Gain A EM Winner
Top-20% 28K 67.19 62.50 —4.69  Outcome-Only
Top-20% 56K 68.75 66.41 —2.34  Outcome-Only
Top-20% 112K 64.06 66.41 +2.35 Ans.-Gain
Top-20% 224K 61.72 60.94 —0.78  Outcome-Only
Standard 28K 67.19 63.28 —391  Outcome-Only
Standard 56K 63.28 64.06 +0.78 Ans.-Gain
Standard 112K 60.94 62.50 +1.56 Ans.-Gain
Standard 224K 54.69 59.38 +4.69 Ans.-Gain
Overall Avg 63.48 63.19 —0.29  Outcome-Only

Table 3: Training dynamics showing gate behavior evolution. Update rate indicates fraction of
chunks where memory is updated; exit position indicates relative position in context where model
exits (O=beginning, 1=end).

Method Step Update Rate Exit Position Num Steps
Outcome-Only 1 0.906 0.419 243
Outcome-Only 15 0.952 0.681 3.91
Outcome-Only 25 0.927 0.630 3.65
Outcome-Only 36 0.923 0.617 3.50
Answerability-Gain 1 0.912 0.412 2.38
Answerability-Gain 9 0.876 0.607 3.52
Answerability-Gain 15 0.889 0.601 3.45
Answerability-Gain 21 0.941 0.672 3.89

4.3 HEAD-TO-HEAD COMPARISON

Table 2] provides a direct comparison between answerability-gain and outcome-only across all eight
evaluation conditions.

The results show a 44 win/loss split between the two methods. Answerability-gain wins at longer
contexts (112K Top-20%, S6K-224K Standard) while outcome-only wins at shorter contexts (28K—
56K Top-20%, 28K Standard). The overall average EM favors outcome-only by 0.29 percentage
points (63.48% vs. 63.19%), indicating that the proposed dense reward signal does not provide a net
benefit across the evaluation suite.

4.4 TRAINING DYNAMICS

To understand the learned gating behavior, we analyze training dynamics in Table [3]

Update gate exhibits near-degenerate behavior. Under both reward schemes, the update rate
remains high throughout training (87-95%), indicating that the update gate does not learn selective
memory updating. Instead, the model updates memory on nearly every chunk it processes, regardless
of whether the chunk contains evidence.

Exit gate learns meaningful patterns. In contrast, the exit position increases during training
(from ~0.41 to ~0.62-0.67), indicating that both methods learn to read more of the context be-
fore exiting. The exit gate is the primary mechanism for efficiency gains, while the update gate
contributes little to selectivity.

Both methods converge to similar behavior. Despite the different reward signals, both methods
converge to similar gate behavior patterns: high update rates and moderate exit positions. This
suggests that the answerability-gain signal does not fundamentally change how the gates learn to
operate.
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Accuracy-Efficiency Trade-off Across Context Lengths (28K - 224K)
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Figure 2: Accuracy-efficiency trade-off across context lengths (28K-224K tokens). Gated methods
(orange, green) achieve comparable accuracy to full-context processing (blue) while using 3-5x
fewer chunks. Points progress from shorter to longer contexts along each curve.

4.5 EFFICIENCY TRADE-OFF

Figure [2| visualizes the accuracy-efficiency trade-off across all methods and context lengths.

The scatter plot confirms that both gated methods occupy similar positions on the accuracy-
efficiency frontier. Neither method consistently dominates the other: outcome-only achieves slightly
higher accuracy at lower chunk counts (shorter contexts), while answerability-gain shows marginal
advantages at higher chunk counts (longer contexts). The no-gates baseline achieves the highest
accuracy but at substantially higher computational cost.

4.6 ANALYSIS: WHY ANSWERABILITY-GAIN UNDERPERFORMS

Our experiments reveal that answerability-gain rewards do not consistently improve over outcome-
only rewards for gate training. We identify an architectural limitation that explains this finding.

Early-exit bias. The answerability-gain signal exhibits a bias toward early exit after encountering
the first piece of evidence. When the model processes a chunk containing evidence, the answer
confidence increases substantially, producing a high positive gain. This encourages the exit gate to
terminate before gathering additional evidence that may be needed for multi-hop reasoning.

Evidence for the bias. Several observations support this hypothesis: (1) Answerability-gain per-
forms relatively better on Standard placement at longer contexts, where early exit is less harmful be-
cause evidence is distributed throughout the document. (2) The update gate remains near-degenerate
under both reward schemes, suggesting that the gain signal primarily influences exit decisions rather
than memory update decisions. (3) Two rounds of hyperparameter optimization (reward rebalanc-
ing, advantage normalization) failed to improve results, indicating the issue is architectural rather
than a tuning problem.

Implications. Dense rewards based on answer confidence may not be suitable for tasks requiring
evidence integration from multiple sources. Alternative approaches might include multi-step looka-
head rewards that consider future evidence, evidence-diversity bonuses that encourage gathering
varied information, or curriculum learning that progresses from single-hop to multi-hop questions.
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5 CONCLUSION

We investigated answerability-gain rewards as a dense, evidence-label-free signal for training GRU-
Mem gating mechanisms. Despite the theoretical appeal of rewarding memory updates based on
answer confidence improvements, our comprehensive experiments on RULER-QA (28K-224K to-
kens) reveal that this approach does not consistently outperform simpler outcome-only rewards,
achieving 63.19% vs. 63.48% average EM with a 44 win/loss split across conditions. We iden-
tify an architectural limitation: the gain signal biases toward early exit after encountering the first
evidence, which hurts multi-hop reasoning tasks. Future work might explore multi-step lookahead
rewards, evidence-diversity bonuses, or curriculum learning to address this limitation.
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