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Abstract001

Long-context language models frequently002
fail in two high-impact regimes: (i) high-003
confidence hallucination under insufficient ev-004
idence, and (ii) long-horizon inconsistency005
across multi-turn dialogue and long-form gener-006
ation. We propose STAR-Memory, a retrieval-007
augmented framework that makes reliability008
a first-class objective across memory selec-009
tion, decoding, and training. STAR-Memory010
introduces Tri-Factor Memory Selection that011
jointly optimizes relevance, constraint adher-012
ence, and evidence support to construct an ex-013
plicit grounding set. We further propose Gentle014
Guidance Decoding, a confidence-aware de-015
coding rule that suppresses unsupported high-016
certainty continuations and triggers explicit un-017
certainty when evidence coverage is low. Fi-018
nally, we unify evidence-consistency loss, over-019
confidence regularization, and long-horizon020
consistency reward into a single objective.021
Across long-context QA and factual verifica-022
tion benchmarks, STAR-Memory improves ac-023
curacy while reducing calibration error and024
long-horizon contradiction rate.025

1 Introduction026

Retrieval-augmented generation (RAG) is a practi-027

cal approach to extend language models with exter-028

nal knowledge (Lewis et al., 2020; Karpukhin et al.,029

2020; Guu et al., 2020; Izacard and Grave, 2021).030

However, long-context deployments still exhibit031

two persistent failures: (1) high-confidence hallu-032

cination (fluent but unsupported claims) (Ji et al.,033

2023; Lin et al., 2022), and (2) long-horizon in-034

consistency (contradictions across turns/sections)035

(Bowman et al., 2015; Williams et al., 2018). A key036

reason is a structural disconnect: similarity-based037

retrieval often surfaces topically related but non-038

evidential passages, while decoding and training039

fail to couple generation confidence with evidence040

coverage and support (Guo et al., 2017; Kadavath041

et al., 2022).042

This paper targets a setting increasingly common 043

in real assistants: the model must answer under (i) 044

non-trivial constraints (entities, timestamps, user 045

preferences, formatting), (ii) partial or noisy mem- 046

ories, and (iii) long-horizon interactions where ear- 047

lier content becomes latent “ground truth” for later 048

turns. In such settings, it is not enough to retrieve 049

something relevant—the retrieved memory must 050

be usable as evidence, and the decoder must re- 051

main evidence-aware throughout generation. We 052

propose STAR-Memory, which closes the loop 053

via: (i) evidence- and constraint-aware memory 054

selection, (ii) confidence-aware decoding, and (iii) 055

reliability-centric training. Our design is compat- 056

ible with transformer backbones (Vaswani et al., 057

2017; Devlin et al., 2019; Brown et al., 2020; Raf- 058

fel et al., 2020; Touvron et al., 2023) and standard 059

IR components (Chen et al., 2017; Khattab and 060

Zaharia, 2020; Izacard et al., 2021). 061

Contributions. (1) We propose Tri-Factor Mem- 062

ory Selection to explicitly trade off relevance, con- 063

straint adherence, and evidence support. (2) We 064

propose Gentle Guidance Decoding that down- 065

weights unsupported but high-confidence continua- 066

tions. (3) We propose a unified training objective 067

that encourages evidence-consistent generation and 068

long-horizon consistency while regularizing over- 069

confidence. 070

2 Related Work 071

Retrieval-augmented generation. RAG (Lewis 072

et al., 2020) and dense retrieval (Karpukhin et al., 073

2020) enable knowledge-intensive generation, with 074

variants emphasizing end-to-end pretraining (Guu 075

et al., 2020) or stronger fusion of retrieved passages 076

(Izacard and Grave, 2021). While modern retriev- 077

ers improve recall (e.g., contrastive dense retrieval) 078

(Izacard et al., 2021), similarity is not a guarantee 079

of support for a claim, especially for multi-hop 080

queries (Yang et al., 2018). 081
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Passage ranking and interaction. Classic082

pipelines such as DrQA (Chen et al., 2017) and late-083

interaction methods like ColBERT (Khattab and084

Zaharia, 2020) emphasize retrieval quality. STAR-085

Memory is orthogonal: we focus on evidence us-086

ability and decoder-time coupling rather than solely087

retrieval relevance.088

Hallucination and calibration. Hallucination in089

generation has been widely documented (Ji et al.,090

2023; Lin et al., 2022). Calibration work studies091

aligning confidence with correctness (Guo et al.,092

2017; Kadavath et al., 2022). Our approach in-093

tegrates calibration into a RAG loop by making094

evidence coverage and support influence decoding095

and training.096

Long-horizon consistency. NLI benchmarks097

(Bowman et al., 2015; Williams et al., 2018) are098

often used to detect contradictions and consistency099

errors. We use contradiction signals as a training100

reward and analysis metric, targeting long-form101

and multi-turn settings.102

3 Method103

3.1 Problem Setup104

Given an input query/state x and an external mem-105

ory poolM = {mi} (documents, dialogue memo-106

ries, tool outputs), the model generates an output107

y. We optimize for faithfulness (claims supported108

by evidence), consistency (few contradictions over109

time), and calibration (confidence aligned with cor-110

rectness) (Guo et al., 2017).111

We assume a standard RAG interface: memory112

items are chunked passages or structured snippets,113

and the generator conditions on the concatenation114

of x and selected evidence E . STAR-Memory dif-115

fers in how E is selected and how evidence influ-116

ences decoding and training.117

3.2 Tri-Factor Memory Selection118

Standard RAG ranks memories by relevance ri =119

sim(mi, x) using dense retrieval (Karpukhin et al.,120

2020; Izacard et al., 2021). We augment this with121

two additional signals that target usefulness under122

constraints and supportability:123

Constraint adherence ci. We define ci ∈ [0, 1]124

as the probability that memory mi covers hard con-125

straints extracted from x. In practice, constraints126

can include required entities, dates, schema fields,127

and formatting requirements. We implement ci us-128

ing either: (i) lightweight pattern-based extraction129

+ coverage checks, or (ii) a small classifier that 130

predicts whether mi contains required slots. This 131

score discourages “topically relevant but constraint- 132

violating” evidence. 133

Evidence support ei. We define ei ∈ [0, 1] as the 134

probability that mi can support the main claim(s) 135

needed for x. Concretely, we instantiate a veri- 136

fier using an NLI/QA-style model (He et al., 2021; 137

Williams et al., 2018): we generate a small set of 138

candidate atomic propositions from x (or from a 139

preliminary draft answer), and estimate whether 140

mi entails/supports them. This score discourages 141

memories that are merely similar but not evidential. 142

We compute a composite score: 143

si = αri + βci + γei (1) 144

and select top-K memories to form an explicit ev- 145

idence set E . Weights (α, β, γ) are tuned on dev 146

data; we find performance is robust across a wide 147

range as long as γ > 0 (evidence support is not 148

ignored). 149

3.3 Evidence Coverage and Uncertainty 150

Trigger 151

We define evidence coverage κ(x, E) ∈ [0, 1] as 152

the estimated support ratio of atomic information 153

needs in x. A practical implementation decom- 154

poses x into sub-queries/claims {qj} and aggre- 155

gates verifier support: 156

κ(x, E) = 1

|{qj}|
∑
j

max
m∈E

supp(qj ,m). (2) 157

When coverage is low, STAR-Memory encourages 158

conservative phrasing or explicit uncertainty. This 159

behavior is motivated by calibration: in ambiguous 160

settings, models should avoid “confident extrapola- 161

tion” (Guo et al., 2017; Kadavath et al., 2022). 162

3.4 Gentle Guidance Decoding 163

Let pθ(t | x, E , y<k) be the next-token distribution 164

and confk = maxt pθ(t | ·). For candidate tokens 165

(or short spans), a verifier estimates supp(t) ∈ 166

[0, 1] w.r.t. E . We softly reweight: 167

p̃(t) ∝ pθ(t)·exp
(
λ·(supp(t)−τ)·I[confk > ρ]

)
,

(3) 168

so high-confidence but low-support continuations 169

are suppressed. 170
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Algorithm 1 STAR-Memory Inference

Require: input x, memory pool M, weights
(α, β, γ), decoding params (λ, τ, ρ)

1: compute relevance ri via dense retriever for all
mi ∈M

2: compute constraint score ci and evidence score
ei via predictors/verifier

3: E ← TopK(M, si = αri + βci + γei)
4: y ← ∅
5: while not end do
6: compute pθ(· | x, E , y), conf = max pθ
7: estimate supp(t) for candidates using veri-

fier over E
8: reweight p̃(t) ∝ pθ(t) exp(λ(supp(t) −

τ)I[conf > ρ])
9: append next token sampled/selected from

p̃ to y
10: end while
11: return y

Why “gentle”? We do not impose hard con-171

straints that would force the model to copy evi-172

dence or to stop generation. Instead, we shape173

the local distribution so that supported continua-174

tions are preferred, while unsupported spikes are175

damped. In early experiments, hard constraints fre-176

quently degrade fluency and cause brittle failures;177

gentle reweighting preserves stylistic flexibility.178

3.5 Training Objective179

We optimize:180

L = LNLL + λevLev + λocLoc − λlcRlc, (4)181

where: (i)Lev promotes evidence-consistent claims182

(verifier-based supervision), (ii) Loc penalizes un-183

supported overconfidence, and (iii) Rlc rewards184

long-horizon consistency measured by contradic-185

tion detection (Bowman et al., 2015; Williams et al.,186

2018). The objective is compatible with instruction-187

following and preference tuning (Ouyang et al.,188

2022).189

4 Experiments190

4.1 Tasks, Data, and Metrics191

We evaluate on standard benchmarks spanning192

multi-hop QA and factuality: HotpotQA (Yang193

et al., 2018) (EM/F1), FEVER (Thorne et al., 2018)194

(label accuracy), TruthfulQA (Lin et al., 2022)195

(truthfulness score), LongBench (Bai et al., 2024)196

(aggregate long-context score), and Qasper (Dasigi197

Table 1: Main results

Model Dataset Metric Score

Base-LM LongBench Avg↑ 41.8
Std-RAG LongBench Avg↑ 48.6
RAG+Rerank LongBench Avg↑ 50.9
RAG+Citation LongBench Avg↑ 50.1
STAR-Memory LongBench Avg↑ 55.4

Std-RAG HotpotQA F1↑ 52.1
RAG+Rerank HotpotQA F1↑ 53.6
STAR-Memory HotpotQA F1↑ 56.9

Std-RAG FEVER Acc↑ 78.3
RAG+Rerank FEVER Acc↑ 79.0
STAR-Memory FEVER Acc↑ 81.6

et al., 2021) (F1). To stress-test long-horizon con- 198

sistency, we additionally construct a multi-turn 199

dataset (CONSISTENCYEVAL) where earlier turns 200

introduce constraints (e.g., entity attributes, dates), 201

and later turns query them; contradiction rate is 202

measured by an NLI model (Williams et al., 2018). 203

We report: (1) task accuracy metrics (EM/F1/Acc), 204

(2) calibration (ECE) (Guo et al., 2017), and (3) 205

long-horizon contradiction rate (NLI-based). 206

4.2 Baselines 207

We compare: Base-LM: no retrieval; Std-RAG: 208

similarity top-K retrieval + generation (Lewis et al., 209

2020); RAG+Rerank: cross-encoder reranking on 210

top of dense retrieval; RAG+Citation: citation- 211

style prompting without confidence-aware decod- 212

ing. STAR-Memory uses tri-factor selection + gen- 213

tle decoding + reliability training. 214

4.3 Implementation Details 215

Backbone: a decoder-only transformer (e.g., 216

LLaMA-family) (Touvron et al., 2023). Retriever: 217

dense bi-encoder (Karpukhin et al., 2020; Izacard 218

et al., 2021), chunk size 256 tokens, K = 16 un- 219

less stated. Verifier: NLI-style model initialized 220

from DeBERTa (He et al., 2021) and fine-tuned on 221

MNLI-like data (Williams et al., 2018). Decoding: 222

nucleus sampling top-p = 0.9, temperature 0.7; 223

gentle guidance uses (λ, τ, ρ) = (1.5, 0.5, 0.35) as 224

a representative setting. 225

4.4 Main Results 226

Tables 1–2 report results on long-context QA and 227

factual verification benchmarks. STAR-Memory 228

improves long-context aggregate scores, factual 229

verification accuracy, and calibration. 230
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Table 2: Calibration analysis

Model Dataset ECE↓ High-Conf Err↓

Base-LM HotpotQA 0.164 12.8%
Std-RAG HotpotQA 0.141 10.9%
RAG+Citation HotpotQA 0.138 10.5%
STAR-Memory HotpotQA 0.102 7.1%

Table 3: Ablations

Variant LongBench Avg↑ Contradiction↓

STAR-Memory (full) 55.4 9.6%
STAR-Memory (-c) 53.1 11.3%
STAR-Memory (-e) 51.9 12.7%
STAR-Memory (-GD) 53.8 10.8%
STAR-Memory (-OC) 54.2 10.4%
STAR-Memory (-LH) 54.6 13.2%

4.5 Ablations231

Table 3 suggests each component contributes:232

evidence-aware selection improves faithfulness;233

gentle decoding improves calibration; long-horizon234

reward reduces contradictions. We highlight two235

takeaways: (i) removing evidence score ei leads236

to the largest degradation, indicating that evidence237

usability is not captured by relevance alone; (ii)238

removing overconfidence regularization increases239

high-confidence errors even when overall accuracy240

changes modestly.241

4.6 Qualitative Analysis242

We provide two representative scenarios commonly243

observed in practice.244

Evidence-insufficient queries. When retrieved245

evidence does not cover key entities, baseline RAG246

tends to produce a specific answer with high con-247

fidence. STAR-Memory instead shifts probability248

mass toward hedged formulations and explicitly249

indicates uncertainty when κ(x, E) is low. This250

reduces “confident extrapolation” errors and im-251

proves calibration (Guo et al., 2017; Kadavath et al.,252

2022).253

Long-horizon constraint violations. In multi-254

turn settings, earlier turns often introduce a con-255

straint (e.g., “the project codename is X”), and256

later turns query it indirectly. Standard RAG may257

retrieve thematically related but mismatched mem-258

ories, causing contradictions. Tri-Factor selection259

increases the chance that constraint-bearing mem-260

ories appear in E , while the long-horizon reward261

reduces contradictions measured by NLI (Williams262

et al., 2018).263

4.7 Efficiency Considerations 264

STAR-Memory adds overhead from (i) computing 265

ci and ei for candidate memories and (ii) estimating 266

supp(t) during decoding. In practice, we amortize 267

cost by: (1) scoring only a shortlist from dense 268

retrieval (e.g., top-64), (2) caching verifier results 269

across decoding steps, and (3) estimating support 270

over spans rather than individual tokens. This keeps 271

the method practical for moderate K in interactive 272

settings while improving reliability. 273

5 Limitations and Ethical Considerations 274

STAR-Memory relies on verifier models (e.g., 275

NLI/QA) that may be biased or error-prone (Bow- 276

man et al., 2015; Williams et al., 2018); false nega- 277

tives can induce unnecessary hedging while false 278

positives may still permit unsupported claims, and 279

robustness under verifier shift remains an open is- 280

sue. The method also adds inference overhead for 281

support estimation, which may be expensive for 282

very long outputs or high-throughput settings de- 283

spite caching and span-level approximations. More- 284

over, conservative decoding can trade assertiveness 285

for safety in low-stakes scenarios, requiring careful 286

tuning of (τ, ρ) to match application risk tolerance. 287

Finally, responsible deployment requires careful 288

governance of retrieval corpora to avoid privacy 289

leakage and inappropriate use of sensitive or copy- 290

righted content, and to maintain provenance and 291

monitoring. 292

6 Conclusion 293

We presented STAR-Memory, a reliability- 294

oriented framework for retrieval-augmented long- 295

context generation that integrates Tri-Factor Mem- 296

ory Selection, Gentle Guidance Decoding, and 297

a unified training objective to better couple ev- 298

idence support with model confidence. Across 299

long-context QA and factuality benchmarks, STAR- 300

Memory improves performance while reducing cal- 301

ibration error, high-confidence mistakes, and long- 302

horizon contradictions, and we outline practical 303

efficiency strategies such as shortlist scoring and 304

caching. Future work will focus on robustness to 305

verifier shift, further reducing inference overhead, 306

and broader evaluation with complementary human 307

judgments. 308
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