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Abstract

Long-context inference remains challenging for
large language models due to attention dilu-
tion and out-of-distribution degradation. Con-
text selection mitigates this limitation by at-
tending to a subset of key-value cache entries,
yet most methods allocate a fixed context bud-
get throughout decoding despite highly non-
uniform token-level contextual demands. To
address this issue, we propose Uncertainty-
Triggered Adaptive Context Allocation (UT-
ACA), an inference-time framework that dy-
namically adjusts the context window based
on token-wise uncertainty. UT-ACA learns an
uncertainty detector that combines semantic
embeddings with logit-based confidence while
accounting for uncertainty accumulation across
decoding steps. When insufficient evidence is
indicated, UT-ACA selectively rolls back, ex-
pands the context window, and regenerates the
token with additional support. Experiments
show that UT-ACA substantially reduces av-
erage context usage while preserving genera-
tion quality in long-context settings. Code and
dataset are available at https://github.com/
Tommy3@7/UT-ACA.

1 Introduction

Large language models (LLMs) are expected to
operate in long-context settings, such as long-
document question answering, multi-document
summarization, and evidence-grounded reasoning
over extensive inputs (Zhang et al., 2025b; Wu
et al., 2025¢; Li et al., 2024a). In these scenarios,
effective long-context handling is pivotal for robust
generation, requiring reliable evidence retrieval and
globally consistent generation. However, as con-
text length increases, redundant or weakly relevant
tokens dilute attention and hinder precise evidence
retrieval. Furthermore, long contexts introduce out-
of-distribution (OOD) dependencies and positional
patterns that diverge from pretraining data (Ding
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Figure 1: Comparison of context management strategies.
The figure contrasts full-context decoding, fixed-size
context selection, and the proposed adaptive context
allocation strategy. Full-context decoding attends to
all available KV entries, fixed selection uses the same
retrieved budget at every step, and UT-ACA expands the
window only when uncertainty indicates that additional
evidence is needed.

et al., 2024; Peng et al., 2024; Li et al., 2024b),
resulting in degraded calibration and unstable rea-
soning during length extrapolation.

Context selection has emerged as an effective
strategy for mitigating long-context inference chal-
lenges by restricting attention to relevant Key-
Value (KV) entries, thereby reducing attention di-
lution and computational overhead. Nevertheless,
most existing approaches (Wu et al., 2025b; Hao
et al., 2025; Tang et al., 2024) maintain a fixed
context budget throughout decoding, which im-
plicitly assumes that generation difficulty remains
uniform across tokens. This assumption is often
violated in practice: many tokens can be reliably
predicted from local context, whereas others de-
pend on long-range evidence dispersed across the
prompt. Consequently, fixed-size context windows
may be unnecessarily costly for easy generation
steps yet inadequate for difficult ones, highlighting
the need for adaptive token-wise context allocation
during decoding.
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A natural implication is that context require-
ments vary at the token level and should be adjusted
dynamically during decoding. Token-wise gener-
ation difficulty can be inferred from uncertainty
signals available at inference time, enabling adap-
tive context control: decoding generally defaults to
a compact window, and when high uncertainty or
hallucination risk is detected, the process reverts,
expands the context window, and regenerates the
token with additional evidence. In this formulation,
uncertainty estimation serves as an active decision
signal for selective context enlargement rather than
a passive diagnostic measure.

Accordingly, we propose UT-ACA, an inference-
time framework that dynamically adjusts the con-
text window based on token-wise uncertainty. As
shown in Figure 1, UT-ACA generally decodes
with a compact context window and expands it only
when insufficient evidence or elevated hallucina-
tion risk is detected. Uncertainty is estimated via a
learned dual-encoder detector combining logit mar-
gin and semantic embeddings from hidden states,
a lightweight strategy that avoids the overhead of
multi-sample decoding (Khairi et al., 2025; Li et al.,
2025a; Kuhn et al., 2023). To train the detector, we
construct a synthetic dataset of 10,000 training, 120
validation, and 100 test samples from LLM output
logits and hidden states, and adopt a dual-encoder
architecture that fuses semantic and confidence fea-
tures with an LSTM-based temporal module. Ex-
periments show that UT-ACA generalizes across
diverse long-context settings, achieving compara-
ble or improved generation quality while reducing
context token consumption.

2 Preliminaries

At inference time, LLMs maintain a KV cache
of past token representations across attention lay-
ers (Hooper et al., 2024; Liu et al., 2024). At
each decoding step ¢, we define the context win-
dow C; C {(K;,V;)}'._1 as the subset of KV en-
tries participating in attention computation, and
self-attention is computed as

QKL
Attn(Qy, C;) = softmax 7 Ve,o (1)

In long-context settings, attending to the full KV
cache is computationally expensive and often un-
necessary (An et al., 2024), motivating adaptive
strategies that dynamically adjust |Cy|.

Rollback and Regeneration. Autoregressive
generation is susceptible to error accumula-
tion (Huang et al., 2024): uncertain or incorrect
predictions at earlier steps propagate through the
KV cache and affect subsequent decoding. We de-
note the decoding state at step t as §; = (x<¢, Cy).
When a token is generated under insufficient con-
textual evidence, a rollback operation restores the
pre-generation snapshot for step (t), after which
the token is regenerated under an expanded context
window.

Problem Formulation. Given a long-context in-
put and an autoregressive LLM, this work studies
how to adaptively allocate the context window C;
at each decoding step. Rather than committing to
a fixed context budget throughout decoding, the
goal is to default to a compact window when lo-
cal evidence is sufficient, and to detect uncertain
steps that warrant rollback, context expansion, and
regeneration. In this way, the model aims to reduce
average context token consumption while preserv-
ing generation quality in long-context inference.

3 UT-ACA Framework

We propose UT-ACA, an inference-time frame-
work consisting of two core modules, the uncer-
tainty detector and the adaptive context window,
which jointly enable token-wise dynamic context
allocation during decoding, as illustrated in Fig-
ure 2. At most decoding steps, UT-ACA performs
a tentative generation with a compact context win-
dow and feeds both the output logits and hidden-
state embeddings into the uncertainty detector to
obtain the Generation Difficulty Metric (GDM).
Conditioned on the GDM, the adaptive context
window module either accepts the tentative token
and proceeds with the compact window, or triggers
rollback, context expansion, and regeneration with
enriched contextual support.

3.1 Uncertainty Detector

To support uncertainty-aware decoding, we design
a lightweight token-level uncertainty estimator that
operates at each generation step. The estimator
takes two complementary signals as input, namely
the logit margin and a semantic embedding ex-
tracted from model hidden states. It then fuses
these signals with a dual-encoder module and mod-
els uncertainty accumulation over time with a Long
Short-Term Memory (LSTM) layer (Zhao et al.,
2025b; Qiu et al., 2024), producing a three-way
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Figure 2: Workflow of our framework. The figure illustrates how UT-ACA connects long-context input, token-level
uncertainty estimation, and adaptive context allocation during decoding. (a) The prompt provides the long-context
input and target instruction. (b) The uncertainty detector converts output logits and semantic embeddings into a
Generation Difficulty Metric (GDM). (c) The adaptive context window accepts low-uncertainty tokens, but rolls
back, expands the retrieved context, and regenerates the token when the GDM indicates insufficient support.

generation difficulty metric that is later used to
trigger context reallocation.

Input signals. At decoding step ¢, let £; € RY
denote the output logits, where V denotes the size
of the LLM vocabulary. We adopt the logit margin
my as a lightweight confidence signal

my = " — 0%, 2)

where £§1> and £§2> are the largest and second
largest logits. Margin alone is not a reliable un-
certainty proxy because semantically similar candi-
dates may receive logits with similar values, result-
ing in a comparatively small logit margin during
generation. To handle this issue, we extract a token
semantic embedding from the inner states of the
LLM. Following prior work on hidden-state anal-
ysis (Ma et al., 2025; Ferrando et al., 2025; Singh
et al., 2024; Chen et al., 2024), we use the output
of the attention sub-layer in the final transformer
layer as emby to represent token-level semantic
concepts.

Dual-encoder fusion with temporal modeling.
We fuse the semantic embedding emb; and the
logit margin m; with a dual-encoder module, which
preserves the complementary roles of semantic
complexity and score-based confidence while align-
ing them in a shared space for joint decision mak-
ing. Concretely, the two branches map both signals
into a d-dimensional representation and yield

Zy = fe(embt) + fm(mt)7 3)

where f. and f,,, denote the semantic and logit
margin encoders, respectively. Element-wise addi-
tion is applied to generate a fused representation z;.
Since uncertainty can propagate across autoregres-
sive steps and compound after an early mistake, we
apply an LSTM to explicitly model this temporal
accumulation and aggregate historical evidence

h;, c; = LSTM[Zt, h; 1, thl] ) 4)

where the memory state c; captures past uncertainty
and the hidden state h; serves as the step-wise
generation difficulty representation for downstream
prediction.

Output as generation difficulty metric. We de-
fine the generation difficulty metric (GDM) as
a three-way probability vector over the token-
generation scenarios shown in Figure 3, includ-
ing grounded correct generation (Correct Answer),
unknown-style abstention (Unknown), and unsup-
ported content generation (Hallucination). This
three-way design is central to UT-ACA because it
separates reliable generation from two distinct fail-
ure modes under insufficient contextual evidence.
The prediction head maps h; to the GDM:

p¢ = softmax(gy(hy)) ,
bt = [pt,hala Dt cor, pt,unk] )

Z pek = 1,

ke(3]

X )
Pt € R )
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Figure 3: Token-generation scenarios for the Genera-
tion Difficulty Metric. The figure categorizes grounded
answers, abstentions, and hallucinations by whether the
required information is supported by the context or by
the intrinsic knowledge of the model.

where g, denotes the prediction head, and p; cor,
Dt,unk> and p; pa1 correspond to correct, unknown-
style abstention, and hallucination, respectively.

A binary formulation is insufficient for this set-
ting because it merges Unknown and Hallucination
into a single negative class, despite their different
confidence patterns. Unknown tokens often cor-
respond to confident abstention phrases and can
exhibit high logit margins comparable to correct
predictions, whereas hallucinated tokens introduce
unsupported content. This mismatch introduces
label noise and weakens the ability of the detector
to identify when additional context is needed. In
practice, the downstream policy triggers context re-
allocation whenever the probability mass assigned
to non-grounded states becomes dominant:

max(pt,hah pt,unk) > Pt,cor, (6)

which expands the context window and regenerates
the current token for rectification.

3.2 Adaptive Context Window

Inspired by InfLLM (Xiao et al., 2024a), we adopt
fixed-size blocks as the basic units of our adaptive
context window. During prefilling, we partition
the KV representations of the long context into
blocks that contain the same number of tokens. For
each block, we keep a small set of representative
tokens to support efficient relevance estimation.
During decoding, the query vector at step ¢ retrieves
the top-k most relevant blocks, and attention is
computed only over the selected blocks to mitigate
long-context OOD behaviors.

Algorithm 1 UT-ACA Framework

Require: Model M, Detector D, Input xg
1: Initialize cache C, context window size k <
Kpax, t < 0
2: while z; # <EOS> do
3: S <« Snapshot(C)

4 // Stepl: Tentative Generation
5: &, C « M(xy, C,topk = k)
6: // Step2: Uncertainty Check
7.
8
9

> Save state

is_unsafe < D(Z, activations)
if is_unsafe and k < K4, then

: C + Restore(S) > Roll back
10: k + Kiax > Expand
11: Regenerate:

12: Ty1,C ./\/l(xt,C,topk: k‘)

13: else

14: zi41,C « &, C

15: k « UpdatePolicy (k) > Shrink
16: end if

17: t+—t+1
18: end while

Since token difficulty varies across steps, the
required contextual evidence is non-uniform. UT-
ACA initialized at K ,,x for the first token to es-
tablish contextual grounding and subsequently ad-
justed by the update policy. At each step, the out-
put logits and hidden-state embeddings are fed into
the uncertainty detector to obtain the GDM. When
either of the non-grounded probabilities exceeds
the grounded probability, UT-ACA rolls back the
tentative token, expands the context window by
retrieving more relevant blocks, and regenerates
the current token. Formally, let B be the set of
all blocks, r(B) denote the representative keys of
block B, and q; be the decoding query at step ¢.
Block retrieval under a budget k is written as

Si(k) = arg max Z sim[qs, r(B)], (7)
|S|=k Bes

where sim|, -] denotes the dot-product similarity
between the decoding query and the representative
keys of each block, and the expansion condition
is formally defined as max(p¢ hal, Pt.unk) > Pt,cor-
Algorithm 1 presents the detailed pseudocode for
our UT-ACA framework.

4 Experiments

We evaluate UT-ACA from three perspectives, in-
cluding uncertainty detection, long-context gener-
ation, and cross-domain generalization. We first
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Figure 4: Example comparison between F1 score and
Conceptual Accuracy Score (CAS). F1 score gives par-
tial credit for surface overlap, while CAS assigns zero
because the prediction is semantically incorrect.

describe the synthetic biography dataset and eval-
uation metrics, then compare the learned uncer-
tainty detector with logit-based heuristic baselines.
Finally, we integrate the detector into the adap-
tive context allocation framework and evaluate its
efficiency-quality trade-off against fixed-budget
context-management methods.

4.1 Dataset and Metrics

Dataset. We construct a synthetic biography sum-
marization dataset using a summary-first pipeline,
where each instance contains a randomly gener-
ated attribute value for a fictitious person and is
expanded from a ground-truth summary into a
longer biography. Person names are unique across
splits to prevent data leakage. The dataset includes
10,000 training samples, a validation set with six
unseen attributes and 20 summaries each, and 100
Wikipedia-extended long-context test biographies
of 171k—400k tokens. For token-level supervision,
we constrain the context window during decoding,
record output logits and hidden-state embeddings,
and label each generated token as correct, unknown,
or hallucinated using GPT-OSS-120B (OpenAl,
2025) through a constrained comparison against
the explicit reference fields, followed by manual
verification. Further details on dataset construc-
tion, uncertainty-label generation, and representa-
tive examples are provided in Appendix A.1, Ap-
pendix A.2, and Appendix A.3, respectively.

Metrics. For the uncertainty detection, we re-
port mean accuracy (mAcc) and per-class recall
for uncertain and certain samples (Recally and
Recallp). For generation quality, GPT-OSS-120B
scores conceptual alignment between model out-
puts and ground truth, reported as Conceptual Ac-
curacy Score (mAccCconc). An illustrative compari-
son is shown in Figure 4. Efficiency is quantified by
mean context token consumption (mTokens) and

average per-token decoding latency (mTime).

4.2 Uncertainty Detection Experiments

We train and evaluate token-level uncertainty de-
tectors on logits and hidden-state embeddings ex-
tracted from Llama-3.1-8B-Instruct (Llama Team,
2024), with token labels assigned by the GPT-
OSS-120B reader described above. As summa-
rized in Table 1, we compare UT-ACA against
four uncertainty estimation baselines. TOP-10 STD
and LOGIT MARGIN are unsupervised logit-only
heuristics, using the standard deviation of the top-
10 logits and the top-1 versus top-2 margin, respec-
tively. We also include two supervised evidential
baselines, both formulated as binary uncertainty
classifiers by merging Unknown and Hallucination
into a single uncertain class. EVIDENTIAL MASS
uses the Dirichlet uncertainty mass, whereas Ev-
IDENTIAL uses the Dirichlet mean probability as-
signed to the uncertain class.

Methods mAcc (%) Recally (%) Recallp (%)
Topr-10 STD 5743 35.66 73.19
Logit Margin 55.54 48.09 60.93
Evidential Mass 58.29 55.87 60.04
Evidential 70.85 74.45 68.25
UT-ACA 83.43 89.71 81.27

Table 1: Token-level uncertainty detection performance.
Unknown and Hallucination are grouped as uncertain,
while Correct is treated as certain. mAcc denotes clas-
sification accuracy; Recally and Recallp denote recall
on uncertain and certain tokens, respectively.

The logit-only heuristics provide weak and im-
balanced token-level discrimination: TOP-10 STD
obtains higher certain-token recall but misses most
uncertain tokens, while LOGIT MARGIN improves
uncertain-token recall but remains close to chance-
level mAcc. The evidential baselines benefit from
supervised hidden-state features, with EVIDEN-
TIAL improving mAcc to 70.85% and uncertain-
token recall to 74.45%. However, UT-ACA re-
mains substantially stronger than all baselines,
reaching 83.43% mAcc and 89.71% recall on un-
certain tokens. This gap shows that UT-ACA learns
a more reliable token-level signal for detecting
when the compact context window is insufficient,
while preserving high recall on certain tokens.

4.3 Generation Experiments

We evaluate the generation performance of UT-
ACA with context management baselines, and we
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formalize the context window update policies for
UT-ACA as follows: Update: Set.n resets the con-
text block budget to n for the next token, whereas
Update: Sub.n decreases the current budget by n,
with a minimum budget of 1.

Methods Settings mTokens | mAcceonc(%) 1T
K=2 32 91.37
InfLLM K=3 48 99.83
Update: Set.1 25 96.59
UT-ACA Update: Sub.1 29 99.08

Table 2: Generation performance on the validation set.
UT-ACA is compared with fixed-budget InfLLM in
terms of average context tokens (mTokens) and con-
ceptual accuracy (mAcconc), showing that adaptive al-
location preserves high accuracy with fewer tokens.

Validation set. We compare two post-expansion
update rules, Update: Set.1 and Update: Sub.l.
All methods use a fixed block size of 16 tokens

As shown in Table 2, UT-ACA achieves 99.08%
mACCone With only 29 context tokens on average,
approaching InfLLM’s peak performance (99.83%
at 48 tokens) while reducing context usage by
approximately 40%. These results indicate that
uncertainty-triggered expansion selectively allo-
cates additional context without unnecessarily in-
creasing the average context budget.

Long-context test set. We further evaluate UT-
ACA on a long-context test set consisting of bi-
ographies with 171k-400k tokens, with an aver-
age length of 252k tokens. These inputs exceed
the nominal context lengths of both Llama-3.1-
8B-Instruct and Qwen2-7B-Instruct (Yang et al.,
2024), providing a challenging setting for context-
management methods. For each backbone, we train
a separate uncertainty detector using the same pro-
cedure as above. Table 3 reports context usage, per-
token decoding latency, and conceptual accuracy
across compression-, token-selection-, and block-

and a maximum block budget of K,,x = 3. retrieval-based baselines. For token-selection meth-
Models Methods Settings mTokens | mTimey (s) | mAcCeone (%) T
TRetrievalAttn (Liu et al., 2025) Kok = 2048 2k 0.021 15.25
WLLLMLingua—Z (Pan et al., 2024) Keom = 25% 32k - 18.08
TSnapKV (Li et al., 2024c¢) Kok = 1024 1k 0.210 2343
TokenSelect (Wu et al., 2025b) Kok = 1024 1k - 39.43
OmniKV (Hao et al., 2025) Kok = 6.7% 8k - 40.47
TInfLLM-V2 (Zhao et al., 2026) Kok = 1024 1k - 40.29
Ada-KV (Feng et al., 2025) Kok = 2048 2k - 48.89
Llama-3.1-8B-it  FastKV (Jo et al., 2026) Kok = 4096 4k 0.212 51.40
FreqKV (Kai et al., 2026) Kok = 2050 2k 0.253 56.94
H2O (Zhang et al., 2023) Kok = 1024 1k 0.123 65.81
K =8 128 0.064 25.81
InfLLM (Xiao et al., 2024a) K =16 256 0.072 51.23
K =32 512 0.080 72.26
Kmax = 32 123 0.069 45.23
Kmax = 48 218 0.075 62.17
UT-ACA (Update: Sub.16) Ko, — 64 344 0.082 70.48
Kmax =96 498 0.097 74.61
K=8 128 0.061 37.77
InfLLM (Xiao et al., 2024a) K =16 256 0.064 44.39
Qwen2-7B-it K =32 512 0.077 54.72
Kmax = 16 119 0.059 37.08
UT-ACA (Update: Sub.8) Kmax = 32 302 0.066 48.33
Kmax = 48 432 0.079 56.64

Table 3: Context-management performance on the long-context test set, where Update: Sub.N denotes the policy
of decreasing the block budget by N after each accepted token, with a minimum of 1. The table compares token
selection, compression, fixed-budget retrieval, and UT-ACA across two backbones using context usage (mTokens),
per-token latency (mTimey ), and conceptual accuracy (mAccgon.). Methods marked with T exclude samples with

out-of-memory errors or incoherent outputs.
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ods, Kok denotes the number of tokens selected per
decoding step, while Ko, denotes the compres-
sion ratio for LLMLingua-2. InfLLM-V2 follows
its original block size of 64 with K = 16 retrieved
blocks. For a direct comparison between InfLLM
and UT-ACA, both methods use a block size of
16, where K denotes the fixed block budget of
InfLLLM and K,,,x denotes the maximum block
budget available to UT-ACA.

As shown in Table 3, UT-ACA consistently
achieves a favorable efficiency-quality trade-off
across both backbones. On Llama-3.1-8B-Instruct,
UT-ACA with K.« = 96 attains 74.61%
mACCone at 498 tokens, outperforming the best
InfLLM (72.26% at 512 tokens); at K ,x = 64,
it reaches 70.48% with only 344 tokens, a 33%
reduction at a 1.78% accuracy cost. On Qwen2-
7B-Instruct, UT-ACA (Kpax = 48) similarly ex-
ceeds InfLLM’s peak (56.64% vs. 54.72%, 432 vs.
512 tokens), confirming the consistent efficiency-
quality advantage of adaptive allocation. Given
the test-set size of 100 biographies, we treat these
differences as observed gains rather than claims
of statistical significance; the primary evidence is
the consistent quality—efficiency trade-off across
operating points and backbones.

4.4 Quality—-Latency—Memory Trade-off

We further evaluate the quality—latency—memory
trade-off on the long-context test set using Llama-
3.1-8B-Instruct. We compare fixed-budget In-
fLLM with K € {8,16, 32} against UT-ACA with
Knax € {32,48,64,96}. All operating points use
the same backbone, GPU, prompts, and test set.
End-to-end (E2E) latency combines long-context
prefilling, decoding, uncertainty detection, roll-
back, and regeneration costs, while peak GPU
memory is measured over the complete inference
process.

As shown in Table 4, UT-ACA provides sub-
stantially stronger quality—context trade-offs with
modest E2E latency overhead. At comparable con-
text usage, Kyax = 32 achieves 45.23% mACCconc
with 123 tokens, compared with 25.81% for In-
fLLM at K = 8 with 128 tokens. At K.« =
48, UT-ACA improves accuracy from 51.23% to
62.17% relative to InfLLM at K = 16, while re-
ducing attended context by 14.8% (218 vs. 256 to-
kens) with only 2.10 s additional latency. Similarly,
Kiax = 64 remains within 1.78 points of InfLLM
at K = 32 while reducing context usage by 32.8%
(344 vs. 512 tokens), with only 1.14 s additional

Method mAcceonc(%) T mTok. | E2E T. (s) | GPU (GiB)

25.81 128 95.80 26.42
InfLLM 51.23 256 97.46 26.42
72.26 512 99.56 26.44
45.23 123 98.42 26.44
62.17 218 99.56 26.47
UT-ACA 70.48 344 100.70 26.51
74.61 498 102.98 26.56

Table 4: Quality—latency—memory trade-off on the
long-context test set. InfLLLM rows correspond to
K = {8,16,32} and UT-ACA rows to Kyax =
{32,48,64,96}, ordered from top to bottom. mTok.,
E2E T., and GPU denote selected context tokens, end-
to-end latency, and peak GPU memory, respectively.

latency. The largest setting, K,.x = 96, achieves
the highest accuracy of 74.61%, exceeding In-
fLLM at K = 32 by 2.35 points while still using
slightly fewer selected tokens. Peak GPU memory
remains nearly unchanged (26.42-26.56 GiB), as
UT-ACA primarily adapts attended evidence rather
than model-residency memory. Overall, these re-
sults demonstrate that uncertainty-triggered context
allocation improves the quality—context trade-off
with bounded system overhead, even on our rela-
tively short-output biography summarization task;
longer-generation settings may provide further ben-
efits by amortizing context-management costs and
correcting uncertain tokens before errors propagate
across subsequent decoding steps.

4.5 Ablation Study on Test Set

We conduct an ablation study on the test set using
Llama-3.1-8B-Instruct with K, = 64 under the
Update: Sub.16 configuration. The contribution
of each component in the uncertainty detector is
evaluated through systematic ablation by removing
and combining the three components.

LogM SE LSTM mAcc (%) mAcceonc(%)
4 X X 26.82 -
b 4 v b 4 78.95 69.58
4 b 4 v 53.71 -
X v v 80.06 68.58
v 4 4 80.19 69.42
4 4 v 83.43 70.48

Table 5: Component ablation of the uncertainty detector.
The table evaluates the contribution of the Logit Margin
branch (LogM), the Semantic Embedding branch (SE),
and the LSTM module by removing them in different
combinations. mAcc measures detector accuracy, and
mAcc.o, measures downstream conceptual generation
accuracy.
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The results are reported in Table 5. Remov-
ing the Semantic Embedding branch results in
substantially degraded uncertainty detection accu-
racy, which is insufficient to support reliable con-
text reallocation. Consequently, generation perfor-
mance under these settings is not reported. Overall,
the full model that incorporates all components
achieves the strongest uncertainty detection perfor-
mance and consistently yields the highest gener-
ation quality across the evaluated configurations.
These results suggest that semantic representations
and temporal aggregation provide complementary
signals that improve the stability of uncertainty
estimation and enhance the reliability of the reallo-
cation trigger mechanism.

4.6 Out-of-Domain Generalization

As presented in Table 6, we further evaluate UT-
ACA on three out-of-domain long-context bench-
marks, including coBench (Zhang et al., 2024),
LongBench (Bai et al., 2024), and RULER (Hsieh
et al., 2024), to examine whether the learned un-
certainty detector generalizes beyond the synthetic
biography domain. The detector is directly reused
from the version trained on our synthetic dataset,
without any benchmark-specific retraining. We fol-
low the official evaluation protocol of each bench-
mark and compare InfLLM with fixed context bud-
gets K against UT-ACA with corresponding maxi-
mum budgets Ky,,x. For coBench, we use a block
size of 128 with K, Ky,ax € {8,16,32}, and re-
port the benchmark-provided scores for the sum-
marization and QA tasks. For LongBench, we use
ablock size of 16 with K, Kjnax € {4, 8,16}, eval-

uating narrativeqga with normalized token-level
F1 and gmsum with ROUGE-L x100. For RULER,
we evaluate QA-16k and QA-8k using a block
size of 16 with K, Ky,ax € {8, 16,32}, and report
the official string-match accuracy, which measures
whether any normalized gold answer appears in the
model prediction.

Across the evaluated operating points, the frozen
uncertainty detector yields competitive quality—
token Pareto efficiency despite the substantial dis-
tribution shift across benchmarks. In particular, UT-
ACA consistently operates with fewer selected to-
kens than the corresponding fixed-budget InfLLM
setting, while the associated quality loss is gener-
ally small and is often fully recovered as the max-
imum budget increases. On ocoBench, UT-ACA
remains close to InfLLLLM on both summarization
and QA while using fewer selected tokens at every
budget; at the largest budget, it achieves scores of
28.43 and 21.32 with 14.4% and 9.4% fewer to-
kens, respectively. The efficiency gains are more
pronounced on LongBench: UT-ACA improves
narrativeqa from 15.57 to 16.92 using 109 rather
than 256 tokens, and obtains 19.18 on gmsum us-
ing only 102 tokens, compared with InfLLM’s
19.13 at 256 tokens, corresponding to reductions
of 57.4% and 60.2%. On RULER, aggressive prun-
ing causes larger degradation at smaller budgets,
but UT-ACA recovers comparable performance at
the largest budget while retaining substantially less
context, achieving 21.65 versus 21.70 on QA-16k
with 385 versus 512 tokens and 26.85 versus 26.75
on QA-8k with 352 versus 512 tokens.

Overall, without any benchmark-specific adap-

ocoBench LongBench RULER
Method .
Sum Task QA Task narrativeqa gmsum QA-16k QA-8k
mTok] Scoret mTok] Scoret mTok] Scoret mTok| Scoret mTok| Scoret mTok] Scoret
1024 11.25 1024 1.14 64 5.35 64 13.84 128 12.00 128 14.30
H20 2048 11.52 2048 093 128 4.68 128 1425 256 11.00 256 16.60
4096 10.59 4096  1.27 256 4.44 256 14.81 512 1070 512 21.00
1024 2724 1024 16.27 64 14.95 64 18.40 128 14.05 128 14.90
InfLLM 2048 27.87 2048 18.38 128 15.75 128 18.62 256 1875 256 2430
4096 28.58 4096 22.09 256 15,57 256 19.13 512 21.70 512 26.75
609 2746 896 16.58 39 15.01 24 17.65 48 10.09 51 12.60
UT-ACA 1610 27.64 1664 18.72 59 16.11 47 18.66 105 14.65 108 14.40
3508 2843 3712 2132 109 1692 102 19.18 385 21.65 352  26.85

Table 6: Results on coBench, LongBench, and RULER using Llama-3.1-8B-Instruct. The table compares H»O,
InfLLM, and UT-ACA under the official evaluation protocols of the corresponding benchmarks, without retraining
the UT-ACA uncertainty detector. mTok denotes the average number of selected tokens, Score follows the
corresponding benchmark metric, and bold values indicate the best result in each column.
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tation, UT-ACA provides competitive or non-
dominated quality—efficiency operating points
across all three benchmarks. These results sug-
gest that the uncertainty detector transfers beyond
its synthetic training domain and can support adap-
tive context allocation under substantially different
task distributions, although the optimal degree of
context reduction remains task dependent.

5 Related Work

Long-context inference research broadly aims to
improve the robustness and efficiency of language
models when operating over increasingly long
inputs. One line applies training-based meth-
ods (Chen et al., 2025; Hu et al., 2025; Gao et al.,
2025; Tian et al., 2025) or modified positional en-
codings (Ding et al., 2024; Jin et al., 2024; Wang
et al., 2024) to extend length generalization. An-
other line focuses on context management to con-
trol the effective attention scope, reduce mem-
ory and computation, and suppress irrelevant con-
text (Liskavets et al., 2025; Liu et al., 2025; Hooper
et al., 2025; Fu et al., 2024). Since UT-ACA op-
erates at inference time by regulating the usable
context, we focus on the latter.

Context selection. These methods retain only the
most relevant tokens or blocks to mitigate attention
dilution (Zhang et al., 2025a; Xiao et al., 2024b).
Training-free approaches such as InfLLM (Xiao
et al., 2024a) and TokenSelect (Wu et al., 2025b)
perform block- or token-level retrieval over the
KV cache, while structured sparse attention meth-
ods such as XAttention (Xu et al., 2025) and Om-
niKV (Hao et al., 2025) design scoring-guided se-
lection to balance efficiency and accuracy. InfLLM-
V2 (Zhao et al., 2026) and FastKV (Jo et al., 2026)
further push efficiency via trainable sparse attention
and accelerated eviction strategies, respectively. Al-
though several methods dynamically update which
tokens participate in attention during generation,
their retention or sparsity budgets are typically pre-
scribed independently of the semantic reliability of
the generated token.

Context compression. Rather than selecting ex-
isting entries, compression methods shrink the in-
put or KV representations (Zhao et al., 2025a;
Liao et al., 2025; Wang et al., 2025; Li et al.,
2023). Prompt-level approaches such as LLM-
Lingua (Jiang et al., 2023) and LongLLMLin-
gua (Jiang et al., 2024) reduce token count using

information-theoretic criteria. At the KV-cache
level, SnapKV (Li et al., 2024¢), SCOPE (Wu et al.,
2025a), and HoO (Zhang et al., 2023) prune or evict
entries based on attention patterns, while Focus-
LLM (Li et al., 2025b) condenses long inputs into
compact representations. Recent methods allow
KV entries to evolve dynamically during inference,
but their update decisions are still primarily driven
by attention statistics, cache importance, or pre-
defined compression objectives. In contrast, their
compression policy remains largely uniform across
decoding steps, leaving token-wise generation dif-
ficulty unaddressed.

6 Conclusion

We propose UT-ACA, an uncertainty-triggered
adaptive context allocation framework that dynam-
ically adjusts the context window at the token level
during decoding. Tokens are tentatively generated
under a compact window and regenerated with ex-
panded context only when the uncertainty detec-
tor signals insufficient evidence, enabling selective
allocation without a fixed per-token budget. Ex-
periments across synthetic and out-of-domain long-
context benchmarks confirm that UT-ACA substan-
tially reduces average context token consumption
while maintaining competitive generation quality.

7 Limitations

The proposed UT-ACA significantly reduces the
average number of context tokens, while the per-
token decoding latency does not decrease propor-
tionately. We attribute this phenomenon to the
computational overhead introduced by the rollback
mechanism. Uncertain tokens require regenera-
tion after context expansion, leading to increased
inference time, particularly when uncertainty is
triggered frequently. Exploring alternative decod-
ing strategies that reduce rollback frequency or
amortize its cost remains an important direction for
future research.
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A Dataset Construction Details

In this section, we detail the construction of the
synthetic summaries and subsequent biographies.
To provide insight into the data’s format and di-
versity, we also present the attribute names and
representative examples. Additionally, we include
the specific prompts used to generate naturalistic
biographies.

A.1 Synthetic Dataset Construction Details

Our synthetic dataset is designed primarily for the
biography summarization task. As illustrated in
Figure 5, we employ a fixed pattern to construct
the ground truth summaries. Specifically, each
summary consists of a sequence with three com-
ponents: the person name, the attribute name, and
the attribute value. It is important to note that all
person names and attribute values are entirely
fictitious. Therefore, there are no privacy con-
cerns regarding real individuals. To generate the
full biography, the summary is extended with filler

content or paraphrased into a natural narrative. The
dataset is partitioned into training, validation, and
test sets, all constructed using synthetic summaries.

The birth date of

Attribute Name

is 20 February, 1998.

Person Name Attribute Value

Figure 5: Standardized pattern of synthetic summaries.
The figure illustrates the controlled person—attribute—
value structure used to define ground-truth facts. This
standardized structure keeps the ground truth unambigu-
ous while allowing the surrounding biography text to
vary in wording and length.

Training and Validation Set. For the training
and validation data construction, each summary
is associated with a single attribute, whereas the
test set involves six different attributes. To ensure
rigorous evaluation, the attributes used in the train-
ing set are distinct from those in the validation
and test sets. Table 7 lists all attribute names used
in our synthetic dataset. Specifically, we utilize

Dataset Attribute Names Example Data
Training Set e Marriage Date * The marriage date of Laetitia Guyot de Paris is 2010-03-29.
* Job Title * The job title of Franck Jourdan is Magazine features editor.
¢ Current City ¢ The current city of Marcial Escalona Yuste is Augerdan.
¢ Email Address e The email address of Jeremy Wright is cather-
¢ Phone Number ine40 @example.com.
* Favorite Color ¢ The phone number of Clarence Byrd is 07703087971.
e User Agent * The favorite color of Letizia Fagotto is Black.
e Credit Card Provider e The user agent of Inés Novoa Sarabia is Mozilla/5.0
¢ Currency Used ¢ The credit card provider of Douglas Baker is Maestro.
e Catch Phrase e The currency used of Susann Jacobi Jickel is Bahraini dinar.
e Street Address ¢ The catch phrase of Olga Torre Rodriguez is Interfaccia estesa
* Vehicle License Plate
* Favorite File Extension e The street address of Gabriela Jesus is Béhrgasse 62.
¢ Domain Name ¢ The vehicle license plate of Erdal Milzer is GE 3041 CB.
e Cryptocurrency * The favorite file extension of Ornella Tomasini is tiff.
* Timezone * The domain name of Théo Macedo is chretien.com.
e Isbn Code e The cryptocurrency of Anais Gilbert du Rousset is Vertcoin.
¢ Lucky Number ¢ The timezone of Eutimio Tejada Ibafiez is Europe/Paris.
¢ Hobby * The isbn code of Jeanne-Sabine Brunet is 978-0-456-54959-
e Marital Status 9.
¢ Personality Type e The lucky number of Zoé Chauvet is 61.
¢ The hobby of Marfa Manuela Guardia Moles is Sleeping.
* The marital status of Gustavo Vallés is Widowed.
e The personality type of Salvi Toscanini-Ferrabosco is
Extrovert.
Validation Set and | * Birth Date ¢ The birth date of Olivia Garcia is March 22, 1985.
Test Set ¢ Birth Place ¢ The birth place of Daniel Lee is Seoul, South Korea.
e Company ¢ The company of Olivia Chen is Microsoft.
¢ Major ¢ The major of Ethan Clark is Computer Science.
e University e The university of Aiden Gomez is Stanford University.
¢ Work Place ¢ The work place of Elijah Robinson is Singapore, Singapore.

Table 7: Attribute sets and example facts in the synthetic dataset. The table lists representative attribute names and
example facts for the training, validation, and test splits. Training uses diverse single-attribute facts, while validation

and test focus on six held-out biography attributes.

19446



Wikipedia Source Articles

Architecture Mathematics Pacific Ocean Thermodynamics Blockchain

Art Number Sahara Virus Cryptography
Baroque Sport South America Communism Engineering
Cinema Vaccine Volcano Culture Internal combustion engine
Classical music  French Revolution ~ Age of Enlightenment Democracy Internet
Impressionism  Maya civilization American Civil War  Epistemology Nanotechnology
Jazz Roman Empire Ancient Egypt Human rights Robotics

Literature Africa Ancient Greece Law Semiconductor
Modernism Amazon River British Empire Logic Software

Mona Lisa Amazon rainforest ~ Bacteria Metaphysics Steam engine
Painting Antarctica Biology Philosophy Technology
Photography Atlantic Ocean Black hole Psychology Telecommunication
Poetry Australia (continent) Cell (biology) Republic Agriculture

Rock music Earth Climate change Socialism Calendar

Sculpture Europe DNA Ottoman Empire Food

The Starry Night Great Barrier Reef ~ Evolution World War I1 Light

Theatre Nile General relativity Algorithm Medicine
Geometry Ocean Quantum mechanics  Artificial intelligence Olympics

Table 8: Wikipedia source articles used for test-set context extension. These passages are inserted around synthetic
biographies to create long distractor contexts, testing whether methods can retrieve relevant biography facts from

long, heterogeneous inputs.

21 attributes for training, and reserve 6 distinct at-
tributes for validation and testing. Additionally, we
provide examples for each attribute to demonstrate
the diversity of the data.

Test Set. We employ GPT-OSS-120B to gen-
erate naturalistic biographies based on the sum-
maries provided in the test set. It is important to
note that this generation process is model-agnostic;
therefore, any capable generative model can be
utilized for this task. The specific prompt used
to construct the biographies is shown in Figure 6
and can be readily copied and applied. After the
model generates naturalistic biographies, we in-
sert common knowledge texts from Wikipedia to
further extend the length of synthetic biographies
for test set. As shown in Table 8, we present the
Wikipedia files used in our test set extending pro-
cess. The original link of these data can be found
in https://en.wikipedia.org/wiki.

A.2  Uncertainty Label Construction and
Verification

The synthetic uncertainty labels are constructed
under a controlled reference-based protocol. As
described in Appendix A.1, each synthetic instance
is associated with an explicit ground-truth fact rep-
resented by a person name, attribute name, and
attribute value. This structure provides an unam-

biguous reference for determining whether gener-
ated content is supported by the available evidence.

For each generation trajectory, token-level labels
are assigned according to three generation states.
Tokens consistent with the reference fact are la-
beled Correct; tokens that explicitly abstain from
providing the requested information are labeled Un-
known; and tokens that introduce factual content
unsupported by the reference are labeled Hallu-
cination. For template-defined tokens whose cor-
rectness is deterministic from the construction pro-
cess, labels are assigned directly. For factual out-
put tokens, GPT-OSS-120B performs a constrained
comparison between the generated response and
the corresponding reference fields rather than an
unconstrained factuality judgment. The complete
labeling prompt is shown in Figure 7.

The resulting labels are manually verified to iden-
tify incorrect assignments and ambiguous cases.
Because the underlying facts are explicitly speci-
fied during data construction, verification primarily
checks consistency between the generated tokens
and the reference fields rather than requiring sub-
jective assessment of open-ended factuality. This
controlled labeling procedure reduces ambiguity in
the supervision used to train the uncertainty detec-
tor.
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https://en.wikipedia.org/wiki

"o "on

{"role": "system", "content": (
"You are to write a detailed character biography based on the provided information, and you must use the full name of this person all the
time!!!\n\n"
"##Y ou will be provided with the following details##: Name: [Person's full name] Birth Date: [Date of birth]

Major: [Field of study/specialization] Work Place: [Current or primary
workplace] Company: [Organization/company where they work]\n\n"\
"##For long biographies (1000+ words)##: Open with engaging anecdote or compelling fact. Describe how birthplace/childhood shaped their
interests. Detail their university experience and academic achievements. Explain career decisions and transitions. Include specific projects,
innovations, or contributions. Mention professional philosophy or approach. Add personal interests or community involvement if word count
allows. Conclude with future goals or ongoing projects.\n\n"\
"##Important Notes##: Accuracy: Ensure dates and locations are logically consistent. Originality: Create unique content for each biography;
avoid repetitive phrases. Cultural sensitivity: Be respectful of all locations and institutions mentioned. Professional standards: Write as if this

will be published in a professional context."\

)

"Template: The six information must be described in following template, The [Attribute] of [Name] is [Value].\n\n"\

"You must follow the example following, and XXX is the place you can write on your own: The birth date of Bob Dylan is December 29, 1880.
XXX. The birth place of Bob Dylan is William Hayes. XXX. The university of Bob Dylan is Yale University. XXX. The major of Bob Dylan
is computer science. XXX. The company of Bob Dylan is Google. XXX. The work place of Bob Dylan is Shenzhen, China. XXX."

Figure 6: Prompt template for generating naturalistic biographies. The figure shows the LLM instruction used to
convert structured ground-truth facts into fluent biography passages. The prompt asks the LLM to preserve the
provided summary facts while embedding them in natural narrative text.

# Task
level label to every token in “prediction’.

# Labels

# Labeling Rules
Apply the following rules in priority order:

# Output

Given the ground-truth subject (‘name’), answer (‘answer"), queried attribute (*question’), and a tokenized model response (‘prediction’), assign a token-

- 1 (Correct): The token is consistent with the ground truth or is a functional token that does not introduce incorrect factual content.
- 0 (Hallucination): The token expresses an incorrect predicate, entity, or value that contradicts the ground truth.
- 2 (Unknown): The token is part of an explicit abstention or statement indicating that the requested information is unknown or unavailable.

1. Exact value/name match: Any correctly spelled token belonging to “answer' or ‘name’ must be labeled 1, regardless of errors elsewhere in the sentence.
2. Functional tokens: Function words, punctuation, and formatting tokens are labeled 1 unless they directly express an incorrect factual relation.

3. Predicate mismatch: Tokens describing a relation or attribute inconsistent with ‘question’ are labeled 0.

4. Value/entity mismatch: Tokens introducing an entity or value inconsistent with ‘name’ or “answer" are labeled 0.

5. Unknown state: Tokens expressing explicit uncertainty, abstention, or requests for missing information are labeled 2.

Return only a valid JSON object: {"labels": "[1_1,1 2, ..., 1 n]"} The number of labels must exactly equal the number of tokens in "prediction’.

Figure 7: Prompt for reference-constrained token-level uncertainty labeling. GPT-OSS-120B assigns each prediction
token as Correct (1), Hallucination (0), or Unknown (2) by comparing it with the explicit ground-truth subject,

attribute, and answer under prioritized labeling rules.

A.3 Data Examples from Our Dataset

In our experiments, the training set is utilized to
train the uncertainty detector; consequently, the
data structure and sequence lengths in this set are
relatively simple and short. The validation set is
designed to preliminarily evaluate the trained uncer-
tainty detector and the downstream adaptive con-
text window. While the validation data retains the
same format as the training set, it comprises distinct
attributes and person names. Finally, the test set is
constructed to assess our method in a long-context
setting. To achieve this, we insert extensive pas-
sages from Wikipedia to extend biography lengths,
thereby challenging the long-context handling ca-
pabilities of the methods.

Table 9 presents examples from our synthetic

dataset. While the training and validation sets in-
volve processing only a single attribute per instance,
the test set requires the simultaneous extraction of
six attributes. Furthermore, since the biographies
in the test set are composed in natural language, the
model must identify and extract multiple attributes
from natural-language context to derive the correct
answers.

B Implementation Details

This section first introduces training details and
the architecture of our uncertainty detector. Subse-
quently, we describe the methodology for extract-
ing LLM internal states used in this work. Finally,
we detail the selection of network hyperparameters
used in our approach.
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Dataset Example Summarization

Example Biography

Training Set
ine40 @example.com.

The email address of Jeremy Wright is cather-

The sky is really blue. ... The email address of Jeremy
Wright is catherine40 @example.com. ... The sky is really
blue.

12/29/1880.
Japan.
University.

ence.

Francisco Bay Area.

Validation The birth date of Olivia Garcia is March 22, 1985. The sky is really blue. ... The birth date of Olivia Garcia
Set is March 22, 1985. ... The sky is really blue.
Test Set e The birth date of Emma Thompson is | ... Emma Thompson was born on December 29, 1880, in

¢ The birth place of Emma Thompson is Tokyo,
¢ The university of Emma Thompson is Harvard
¢ The major of Emma Thompson is Computer Sci-

¢ The company of Emma Thompson is Google.
e The work place of Emma Thompson is San

the bustling metropolis of Tokyo, Japan. ... She applied to
Harvard University and was accepted into the Computer
Science program. ... After careful consideration, she chose
to join Google, a company known for its innovative cul-
ture and cutting-edge technology. ... Emma Thompson’s
journey from Tokyo to the San Francisco Bay Area is a
testament to her unwavering determination and exceptional
talent. ...

Table 9: Representative examples from the training, validation, and test splits. The table shows how the three splits
differ in attribute complexity and context length. Training and validation examples contain one explicit fact in a
short template-like passage, whereas test examples contain six biography attributes expressed in natural language

and surrounded by long-context distractors.

B.1 Training Details

We implement UT-ACA in Python 3.11 using Py-
Torch 2.4. The detector is trained on a single
NVIDIA H100 GPU. We conduct eight indepen-
dent runs, each requiring approximately 1.5 GPU-
hours. Each run performs 10,000 optimization
steps with a batch size of 16.

We optimize the detector using Adam with an
initial learning rate of 1072 and no weight decay.
The learning rate follows cosine annealing over the
10,000 training steps, with the minimum learning
rate set to zero. We use token-level weighted cross-
entropy loss and exclude padded token positions
from the loss. The class weights are [1.0,0.05, 1.0]
for the three-class detector, corresponding to hal-
lucinated, correct, and unknown tokens, respec-
tively. For the binary ablation, unknown tokens are
merged into the uncertain class and the correspond-
ing weights are [1.0,0.05].

We evaluate the detector every 100 optimization
steps and retain the checkpoint with the highest
validation F1 score. We do not apply early stopping:
optimization continues for all 10,000 steps, while
checkpoint selection is performed retrospectively
using validation F1.

B.2 Architecture of Uncertainty Detector

The proposed model, termed Uncertainty Detector,
is designed to process sequential data consisting
of high-dimensional semantic feature vectors and
scalar confidence scores. The architecture com-
prises three primary modules: dual-branch feature

encoding, temporal modeling, and a residual classi-
fication head.

Input Encoding and Fusion At each time step ¢,
the model accepts two input streams: a feature vec-
tor emb; € RPn (where Di, = 4096 for Llama-
3.1-8B) and a scalar score m; € R. Before entering
the semantic encoder, each feature vector is L2-
normalized along its feature dimension. The scalar
my represents the logit margin, calculated by sub-
tracting the top-2 logit from the top-1 logit of the
LLM output. The vector input is processed by the
VecEncoder, which projects the high-dimensional
input to a latent space of dimension d,;,pqe; = 64.
This is achieved via a linear transformation fol-
lowed by a GELU activation and dropout

h{!). = Dropout(GELU(W emb, + b.)) (8)
where dropout rate is set to 0.5. Simultaneously,
the scalar score is processed by the ScoreEncoder,
a Multi-Layer Perceptron (MLP) aimed at up-
sampling the scalar to match d,,oq¢;- The MLP
consists of two linear layers with an intermediate
dimension of 32, utilizing GELU activations and
dropout (p = 0.1).

The ScoreEncoder acts as the uncertainty signal
branch, employing the logit margin as a lightweight
indicator to gauge the generation difficulty of to-
kens. Conversely, the VecEncoder serves as the
semantic feature branch, utilizing the hidden states
of the LLM to extract conceptual information for
enhanced uncertainty estimation. The dual-encoder
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module aligns the dimensions of these two infor-
mation sources, after which the features are fused
via element-wise addition to form a joint represen-
tation (z;).

Temporal Modeling To effectively model the
accumulation of uncertainty throughout the gen-
eration process, we employ a temporal modeling
approach designed to capture the sequential depen-
dencies between the current token and its prede-
cessors. Specifically, the fused feature sequence
U = {zy,...,zp} serves as input to a standard
Long Short-Term Memory (LSTM) layer. Con-
figured with a hidden size of d,,o4e;, the LSTM
recursively processes the sequence according to
LSTM dynamics.

For the training phase of the uncertainty detector,
we preserve the entire sequence of hidden states as
supervision signals. In contrast, during the LLM
inference stage, only the final hidden state hy is ex-
tracted to predict the category of the current token,
as it aggregates the information of the complete
sequence.

Residual Classification Head The output from
the LSTM passes through a stack of N = 3
ResidualBlocks. Each block implements a bot-
tleneck structure with an expansion factor of 2. For
an input h, the block operation is defined as

h= Dropout(GELU(W1h + by))

. )]
h,,+ = h + Dropout(W3h + bs)

Finally, a linear projection maps the output of the
last residual block to three class logits, followed by
a softmax function to obtain the GDM probabilities

Pt = [pt,hala DPt,cor, pt,unk}-

Hyperparameters The specific configurations
for our uncertainty detector are detailed in Table 10.
Notably, while most hyperparameters remain con-
sistent across different LLMs, certain settings are
model-specific. For instance, the feature vector
dimension is inherited directly from the evaluated
LLM; thus, it is set to 3584 for Qwen2-7B. All
other internal parameters of the uncertainty detec-
tor are kept uniform to ensure comparability.

B.3 Inner State Extraction of LLMs

To train the uncertainty detector, we leverage in-
ternal embeddings from the LLM to capture token-
level semantic complexity. Following established
protocols, we extract features from the final layer of

Component Parameter Value
Vector Dim (D) 4096
Input Dimensions ~ Score Dim 1
Hidden Model Dim (d,, 0del) 64
Encod Vec Dropout 0.5
ncoders Score MLP Inner Dim 32
Number of Blocks 3
Residual Head Expansion Factor 2
Dropout 0.1
Output Number of Classes 3

Table 10: Hyperparameter configuration of the Llama-
3.1-8B uncertainty detector. The table reports the in-
put dimensions, encoder settings, residual-head config-
uration, and number of output classes. The detector
projects high-dimensional LLM features into a compact
64-dimensional hidden space before classification.

Res Embedding

+ BALLE MLP Embedding
Last
v | NN o

Attn Embedding

Residual Stream

Figure 8: Extraction points for semantic embeddings
in the final transformer layer. The figure marks the
attention output, MLP output, and residual stream in
the final layer (e.g., Layer 32 of Llama-3.1-8B). These
positions are evaluated as candidate internal states for
token-level semantic features.

LLMs. As illustrated in Figure 8, we consider three
primary extraction points: (1) the attention mecha-
nism output, (2) the Multi-Layer Perceptron (MLP)
block output, and (3) the final residual stream out-
put. We evaluate the efficacy of each position by
training independent detectors for comparison.

Our results indicate that the extraction site has a
negligible impact on detection performance. This
consistency stems from the additive nature of the
residual stream, where the transformations at these
sub-layer stages act as incremental refinements to
the same underlying representation, which may ex-
plain explain the limited sensitivity for uncertainty
detection. Based on these results, we adopt the
attention output (option 1) as the default extraction
point in all experiments, as it is the most directly
accessible in standard implementations.
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C Evaluation Metrics Details

In this section, we detail the implementation of
the Conceptual Accuracy Score (CAS) proposed in
this study. We then evaluate the reliability of CAS
within the context of biography summarization by
comparing it against existing evaluation methods
and human annotations. Our human study pro-
vides preliminary evidence that CAS can capture
conceptual correctness in this controlled biography
summarization setting. Given the limited sample
size, we treat this analysis as a sanity check rather
than definitive validation of LLM-judge reliability.

C.1 Details of Conceptual Accuracy Score

In our work, we employ GPT-OSS-120B, which
can theoretically be replaced by any sufficiently ca-
pable generative model, to estimate the Conceptual
Accuracy Score (CAS). CAS is computed by com-
paring the LLM-generated output with the ground-
truth summary under the specified attributes. The
prompt used for this estimation is shown in Fig-
ure 9. The model takes as input the predictions of
the evaluated LL.Ms, together with the correspond-
ing questions and ground-truth answers, and out-
puts a floating-point score between 0 and 1, indicat-
ing the degree of accuracy of the LLM responses.

C.2 Evaluations of Conceptual Accuracy
Score

To provide a preliminary assessment of the pro-
posed CAS, we conduct a human annotation study
on 30 samples drawn from our test-set evaluation.
Specifically, human annotators are asked to eval-
uate 30 samples drawn from the real evaluation
workload in our test set experiments. The annota-
tors receive the same prompt used with GPT-OSS-
120B and are instructed to assign a floating-point
score independently. We then compare the results

obtained from three evaluation methods: string-
based matching, human evaluation, and CAS es-
timated by GPT-OSS-120B. As each test sample
requires the extraction of six attributes, we report
both the average accuracy scores under the three
evaluation settings and the number of correctly
identified attributes, as determined by the human
annotators.

Quantitative Evaluation. We randomly select
30 samples from our test set to conduct a compara-
tive analysis. The experimental setup is as follows:
we utilize Llama-3.1-8B-Instruct as the model to be
evaluated and employ our UT-ACA as the context
management method for long-context inference.
The specific parameters of the UT-ACA are set to
a fixed block size of 16 tokens, with a maximum
budget of 96 blocks for the adaptive context allo-
cation. The update policy involves subtracting 16
blocks after the generation of tokens with certainty,
maintaining a minimum window size of 1 block.
As shown in Table 11, CAS obtains an average
score of 0.746, compared with 0.766 from human
evaluation, corresponding to an absolute difference
of 0.02.

Qualitative Evaluation. Table 12 presents repre-
sentative examples illustrating the behavior of CAS
under surface-form variation and genuine seman-
tic errors. Specifically, in the evaluation samples,
CAS can automatically detect formatting differ-
ences while correctly capturing the underlying se-
mantic correctness. For example, in Case #3, the
LLM predicts “1888-06-03" whereas the ground
truth is “June 3, 1888”. A string-matching base-
line would judge this prediction as incorrect (or
assign it an artificially low score) due solely to
the surface-form discrepancy. In contrast, CAS
correctly assigns a score of 1. In Case #17, CAS

"o "non

{"role": "system", "content": (

Your task is to compare a provided "Answer" with a "
(inclusive)."\

question."

)}

"You are an expert in evaluating the accuracy of large language model predictions."\
" for a given "Question" and assign an Accuracy Score between 0.0 and 1.0

"1.0 Score: The prediction is identical to, or a complete and accurate restatement of, the answer."\
"0.5 Score: The prediction contains partially correct information, or is conceptually related but not fully accurate."\
"0.0 Score: The prediction is completely incorrect, irrelevant, or includes hallucinated information not present in the answer or implied by the

Figure 9: Prompt template for evaluating Conceptual Accuracy Score (CAS). The figure shows the LLM-judge
instruction used to score semantic correctness rather than surface overlap. For each subtask, the prompt provides the
question, the model prediction, and the ground-truth answer, then requests a floating-point score between 0 and 1

that reflects conceptual accuracy.
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ID Name Strt CAS Hum Cor ID Name Strt CAS Hum Cor
1 Emma Thompson .000  .000 .000 0/6 16  Lucas Scott 262 1.00 1.00 6/6
2 Liam Carter 127 167 167 1/6 17  Harper Coleman .114  .167 167 1/6
3 Olivia Bennett 230 1.00 1.00 6/6 18  Henry Green 260  .500 .667 3/6
4 Noah Wright 278 830  .833 5/6 19  Evelyn Perry 308 1.00 1.00  6/6
5 Ava Sullivan 299 .667 .667 4/6 20  Oliver Hughes 358 1.00 1.00 6/6
6 Ethan Brooks 364 833 .833 5/6 21  Abigail Kelly 333 833 .833 5/6
7 Sophia Reed 341 830 1.00  6/6 22  Jack Ross 268 830  .833 5/6
8 Mason Foster 389 1.00 1.00  6/6 23 Emily Howard 355 1.00 1.00  6/6
9 Isabella Parker 246 830 .833 5/6 24  Daniel Gray 311 .830 .833 5/6
10 William Hayes 231 500 500 3/6 25  SofiaEllis 159 330 417 2/6
11 MiaEvans 81 830  .830 5/6 26  Matthew Bell 379 1.00 1.00  6/6
12 James Turner 385 833 .830  5/6 27  Aria Wood 417 1.00 1.00  6/6
13 Amelia Fisher 227 833 .833 5/6 28  Jacob King 271 830 917 5/6
14 Benjamin Ward 350 500 .500 3/6 29  Scarlett Price 242 750 0 750 4/6
15  Charlotte Morgan  .323  .830 .830 5/6 30 LoganLee 361 830 917 5/6
Avg (1-30): Str=0.279, CAS=0.746, Hum=0.766, Cor=4.5/6

Table 11: Preliminary human comparison of Conceptual Accuracy Score on biography extraction. The table
compares string matching (Str), conceptual accuracy score (CAS), and human annotation (Hum) on 30 test samples.
Cor reports the number of correctly extracted attributes out of six according to human annotators.

Case #3: Olivia Bennett
(Str: 0.230, LLM: 1.000, Hum: 1.000)

Case #17: Harper Coleman
(Str: 0.114, LLM: 0.167, Hum: 0.167)

Attr GT Pred. Hum Attr GT Pred. Hum
Birth Date June 3, 1888 1888-06-03 v Birth Date 10 Nov, 1907 1976 X
Birth Place ~ Sydney, NSW  Sydney, NSW v Birth Place ~ Mexico City Madrid, Spain X
University MIT Mass. Inst. Tech. v University NUS Complutense Madrid X
Major Medicine Medicine 4 Major Intl. Rel. Chem. Eng. X
Company Mayo Clinic Mayo Clinic 4 Company UN UN v
Work Place  Beijing, CN Mayo’s Beijing v Work Place  Seattle, WA Pacific NW 4

Table 12: Case study of CAS under format variation and semantic errors. Case #3 shows that date and entity-format
differences can still be semantically correct, whereas Case #17 contains wrong attribute values that should receive
low scores. ¢ and X indicate human judgments for each attribute.

accurately identifies genuine semantic errors and
appropriately assigns a low score of 0.167.
Importantly, CAS is used only as a post-hoc mea-
sure of generation quality and does not participate
in uncertainty detection, context allocation, or de-
coding. It therefore does not affect the reported
context consumption or latency. Moreover, our out-
of-domain experiments on coBench, LongBench,
and RULER follow the official evaluation metrics
of the corresponding benchmarks rather than CAS.

D Additional Results and Analysis

D.1 Ablation Study on Two-Way vs.
Three-Way Difficulty Metric

To examine the contribution of the proposed three-
way difficulty metric, we conduct an ablation study
in which the Unknown and Hallucination cate-
gories are merged into a single class, yielding
a two-way difficulty metric. Under this setting,

we perform eight independent training runs us-
ing the same experimental protocol. For each
run, the checkpoint achieving the highest F1 score
on the validation set is retained. The selected
detectors are then evaluated on the test set with
the following configuration: MaxBudget = 64,
block_size = 16, and SubPolicy = 16.

As shown in Table 13, merging Unknown and
Hallucination into a single category leads to consis-
tent performance degradation across both detection
and downstream generation metrics. At the de-
tector level, mean accuracy (mAcc) decreases by
0.69 points (83.43% — 82.74%), and the recall
for negative samples drops by 1.67 points (89.71%
— 88.04%). More critically, the degradation prop-
agates to the downstream generation stage: con-
ceptual generation accuracy (mAcCgon) declines
substantially by 2.49 points (70.48% — 67.99%),
while average context token consumption remains
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Setting

mAcc (%) T Recally (%) 1T Recallp (%) 1T mTokens | mAcceone (%) T

Two-Way Metric
Three-Way Metric

82.74 (10.69)

83.43 89.71

88.04 (11.67)

80.60 (]0.67) 348
81.27 344

67.99 (12.49)
70.48

Table 13: Ablation study of two-way versus three-way difficulty metrics. The two-way metric merges Unknown
and Hallucination into one negative class, while the three-way metric keeps them distinct. mAcc denotes detector
accuracy, Recally and Recallp denote recall on negative and positive samples, mTokens denotes average context
token consumption, and mAcc.q, denotes conceptual generation accuracy.

nearly unchanged (344 vs. 348 tokens), confirming
that the gain is attributable to improved detection
quality rather than increased token expenditure.

This degradation stems from the distinct genera-
tive regimes underlying Unknown and Hallucina-
tion responses. Under compact context windows,
the model tends to produce Unknown responses
with disproportionately high confidence, whose
logit margins are closer to correct outputs than
to hallucinated ones. Merging them into a single
negative class therefore conflates heterogeneous
behaviors, introducing inconsistent supervision sig-
nals that increase label ambiguity and destabilize
training.

D.2 Calibration on Downstream
Long-Context Tasks

Our out-of-domain experiments demonstrate that
the uncertainty detector trained on the synthetic
biography data can transfer to RULER without
benchmark-specific retraining. We further exam-
ine whether a small amount of downstream cal-
ibration can improve its context-allocation deci-
sions while preserving this transferable initializa-
tion. Specifically, we construct 900 calibration
trajectories with QA-4k data split from RULER,
using a frozen Llama-3.1-8B-Instruct reader under
complete-, partial-, and missing-evidence condi-
tions, targeting Correct, Hallucination, and Un-
known responses, respectively. GPT-OSS-120B
then assigns token-level labels following the same
three-way supervision scheme used for the original
uncertainty detector. Starting from the synthetic-
pretrained detector, we perform limited calibration
on these trajectories and evaluate the resulting de-
tector on the end-to-end RULER tasks.

As shown in Table 14, limited calibration con-
sistently improves generation quality under the
compact topk8/sub4 setting while also reducing
context usage. On QA-16k, the RULER score in-
creases from 14.65 to 19.30 while mTok decreases
from 105.00 to 101.77. On QA-8k, calibration

QA-16k QA-8k
Method Setting mTok | Score T mTok | Score 1
Original topk8/sub4 105.00 14.65 108.00 14.40
Calibration topk8/sub4 101.77 19.30 102.68 23.10
Original topk32/sub16 385.00 21.65 352.00 26.85
Calibration topk32/sub16 364.15 26.10 367.24 26.90

Table 14: Effect of limited downstream calibration on
RULER. ORIGINAL denotes the uncertainty detector
trained only on the synthetic biography data, while CAL-
IBRATION denotes the same detector after calibration
on 900 RULER trajectories. mTok denotes the average
number of selected context tokens, and Score follows
the official RULER string-match accuracy.

yields an even larger improvement from 14.40 to
23.10, together with a reduction in mTok from
108.00 to 102.68. These results indicate that a small
amount of task-specific supervision can substan-
tially improve the detector’s allocation decisions in
the more aggressively compressed regime. The ben-
efit remains evident with the larger topk32/sub16
setting. On QA-16k, calibration improves the score
from 21.65 to 26.10 while reducing mTok from
385.00 to 364.15, corresponding to approximately
5.4% lower context usage. On QA-8k, the score
further increases from 26.85 to 26.90, although
mTok increases modestly from 352.00 to 367.24.
Thus, calibration primarily improves the quality—
efficiency trade-off on QA-16k, while preserving
the already strong QA-8k performance at the larger
context budget.

D.3 Case Study: Effect of Context Expansion
on Token Probability

To provide a concrete and interpretable analy-
sis of how context window expansion affects the
model’s predictive confidence, we present a single-
generation case study. The example involves ex-
tracting the birth date of a person from a long-
context passage, a task that exhibits a pronounced
uncertainty spike at the day token.

Under the original compact setting (top-k = 1,
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Setting Top-1 Rank of “29”  Log p(“29”) 1
Before Expansion “9” 3rd —5.13
After Expansion “29” Ist —4.56

Table 15: Token ranking and log-probability before and
after context expansion. The table reports the candidate
ranking for the day token in a birth-date extraction ex-
ample. Before expansion, the correct token “29” ranks
third; after expansion, it becomes top-ranked with log-
probability improving from —5.13 to —4.56.

block_size = 16), the correct token “29” re-
ceives a log-probability of —5.13 and is ranked
third among the candidate tokens {“9”, “15”,
“29”}. After context window expansion (top-k =
64), the token “29” becomes the top-ranked candi-
date, with its log-probability improving to —4.56.
Table 15 summarizes the token rankings and log-
probabilities before and after expansion.

This case study illustrates that context expan-
sion can effectively mitigate uncertainty by shift-
ing probability mass toward the correct token. The
improvement in both rank and log-probability of
“29” after expansion supports the hypothesis that
insufficient context leads to degraded token-level
confidence, and that restoring broader context al-
lows the model to recover a more discriminative
distribution over candidates.

D.4 Case Study: False-Positive and
False-Negative Failure Cases

To better understand how uncertainty-detection er-
rors affect downstream context allocation, we ana-
lyze generation trajectories from the configurations
reported in Table 3. We define a false positive (FP)
as an unnecessary context-expansion trigger when
the compact context is already sufficient, and a
false negative (FN) as a missed trigger when ad-
ditional evidence is required. We select two rep-
resentative cases of each error type and perform
a single-decision counterfactual replay: for an FP,
we suppress one unnecessary expansion; for an FN,
we force expansion at one missed trigger. All other
inference settings remain unchanged. Because gen-
eration is autoregressive, modifying a single de-
tector decision can alter subsequent decoding and
therefore the total number of downstream rollback
operations.

As shown in Table 16, the two error types have
markedly different downstream effects. Correct-
ing false positives preserves generation quality at
100% while reducing context usage by 2.8-3.0%,

Case Intervention Quality (%) Rollbacks |

FP-1 Suppress expansion 100.0 — 100.0 379.36 — 367.83 (—3.0%) 12— 10
FP-2  Suppress expansion 100.0 — 100.0  370.14 — 359.75 (—2.8%) 9—9

mTokens |

16.7 — 66.7
83 =750

FN-1 Force expansion
FN-2  Force expansion

173.47 — 238.00 (+37.2%) 1—6
316.80 — 385.47 (+21.7%) 1—=9

Table 16: Representative false-positive and false-
negative failures under single-decision counterfactual
replay. We suppress one unnecessary expansion for
false positives and force one missed expansion for false
negatives. Quality measures per-instance generation
quality, mTokens the average attended context tokens,
and Rollbacks the total rollback operations.

indicating that these errors primarily introduce un-
necessary computation. In contrast, correcting false
negatives substantially improves per-instance qual-
ity, from 16.7% to 66.7% in FN-1 and from 8.3%
to 75.0% in FN-2, at the cost of 37.2% and 21.7%
more attended context, respectively. The additional
context also induces more rollback operations as
the corrected trajectory evolves. These cases there-
fore illustrate an asymmetric failure pattern: false
positives mainly reduce context efficiency, whereas
false negatives can withhold evidence required for
correct generation and consequently have a much
larger impact on answer quality. These examples
are intended as representative single-trajectory in-
terventions rather than aggregate estimates; the
overall quality—efficiency behavior of UT-ACA is
reported separately in the main experiments.

E Artifact and Data Usage

Pre-trained Models. We use Llama-3.1-8B-
Instruct (Llama Team, 2024) and Qwen2-7B-
Instruct (Yang et al., 2024) solely for academic
research, consistent with respective licenses (Meta
Llama 3.1 Community License and Apache 2.0).

Baseline Implementations. All baseline meth-
ods are used strictly for non-commercial academic
comparison, consistent with their intended use as
research artifacts.

Synthetic Dataset. Our synthetic biography sum-
marization dataset is constructed entirely in-house
and intended for research purposes only. The
long-context test set incorporates Wikipedia text re-
trieved for academic evaluation; Wikipedia content
is licensed under CC BY-SA 4.0, and our use is
strictly within a non-commercial research context.

Automated Evaluation. An LLM-as-judge pro-
tocol is used for evaluation, consistent with the
model’s intended research usage terms.
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