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Abstract

Large language models (LLMs) equipped with retrieval—the
Retrieval-Augmented Generation (RAG) paradigm—should
combine their parametric knowledge with external evidence,
yet in practice they often hallucinate, over-trust noisy snip-
pets, or ignore vital context. We introduce TCR (Trans-
parent Conflict Resolution), a plug-and-play framework that
makes this decision process observable and controllable. TCR
(i) disentangles semantic match and factual consistency via
dual contrastive encoders, (ii) estimates self-answerability
to gauge confidence in internal memory, and (iii) feeds the
three scalar signals to the generator through a lightweight
soft-prompt with SNR-based weighting. Across seven bench-
marks TCR improves conflict detection (+5-18F), raises
knowledge-gap recovery by +21.4 pp and cuts misleading-
context overrides by —29.3 pp, while adding only 0.3 % pa-
rameters. The signals align with human judgements and ex-
pose temporal decision patterns.

1 Introduction

Recent advancements in large language models (LLMs)
have significantly improved the performance and applica-
bility of natural language processing (NLP) systems across
various tasks, including question answering, text summa-
rization, and conversational AI (Diao et al. 2024, 2025a;
Zhang et al. 2025; Wang, Wang, and Zhang 2025). De-
spite their remarkable generative capabilities, LLMs often
struggle with accurately recalling specific factual informa-
tion (Li and Cheung 2025; Huang et al. 2024), leading to
frequent hallucinations or inconsistent responses, particu-
larly in knowledge-intensive domains (Yao et al. 2023; Tong
et al. 2025a; Xiao et al. 2025).
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Figure 1: Knowledge conflicts in a typical RAG system.
Our method disentangles semantic relevance from factual
consistency, detects conflicts, and injects lightweight prompt
signals to steer RAG models toward faithful, knowledge-
aligned generation.

/| chief scientist of

) Jeff Deanis the
N\ Google DeepMind.

Retrieval-Augmented Generation (RAG) enhances LLMs
by combining internal parametric knowledge with exter-
nal non-parametric knowledge retrieved at inference (Lewis
et al. 2020). Explicitly integrating external knowledge sig-
nificantly improves factual accuracy and contextual rele-
vance for tasks such as question answering and fact verifica-
tion (Chen, Zhang, and Choi 2022; Yu, Merullo, and Pavlick
2023). However, conflicts between implicitly stored inter-
nal knowledge and retrieved external information remain a
critical issue, often causing inconsistent or incorrect out-
puts (Longpre et al. 2021; Xie et al. 2024; Tao et al. 2023).

Previous studies highlight variability in how LLMs handle
knowledge conflicts, with models either prioritizing internal
parametric knowledge (Longpre et al. 2021) or external re-
trieved information (Chen, Zhang, and Choi 2022). Recent



research reveals models internally encode signals indicat-
ing knowledge discrepancies and answerability, yet fail to
utilize them effectively due to sequential forward propaga-
tion constraints. Current resolution methods either explicitly
modify outputs, demanding extensive dataset-specific tuning
and limiting generalization (Shi et al. 2025; Jin et al. 2024a;
Wang and Zhang 2024; Jiang et al. 2025), or rely on black-
box APIs and manual interventions, reducing transparency
and autonomy (Wang et al. 2024b). Fig. 1 illustrates a typ-
ical knowledge conflict scenario in a RAG system, where
internal parametric knowledge and external retrieved infor-
mation clash, resulting in uncertainty.

To address these limitations, we propose a novel frame-
work that integrates transparent conflict detection and au-
tonomous resolution into RAG. Our method: 1) Detects
knowledge conflicts between internal model knowledge and
external retrieved information, 2) Extracts meaningful sig-
nals from model representations to guide generation toward
accurate outputs, 3) Ensures interpretability and compatibil-
ity with existing RAG architectures without manual inter-
vention, improving scalability and robustness. Our key con-
tributions are summarized as follows:

1) A transparent semantic vector-based conflict detec-
tion method, enhancing interpretability over black-box ap-
proaches (Wang et al. 2024b).

2) An autonomous conflict-resolution mechanism using
soft prompt tuning, enabling accurate, consistent generation
without manual intervention. Plug-and-play for easy integra-
tion.

3) Extensive experiments show our method reduces
factual errors, advancing RAG reliability in knowledge-
intensive tasks.

2 Related Work

Retrieval-Augmented Generation. Large language mod-
els (LLMs) effectively encode factual knowledge paramet-
rically, yet suffer from hallucinations (Chen et al. 2024),
rare entity retention issues (Kandpal et al. 2023), and tem-
poral degradation (Jang et al. 2022). Retrieval-Augmented
Generation (RAG) mitigates these by combining parametric
knowledge with external retrieval (Lewis et al. 2020). Early
approaches pre-trained smaller retrieval-augmented mod-
els (Guu et al. 2020), while recent work exploits large mod-
els’ in-context learning (Yu et al. 2023; Ram et al. 2023).
However, resolving conflicts between retrieved and paramet-
ric knowledge remains challenging (Min et al. 2023; Ni et al.
2024; Zhong 2025).

Context-Memory Conflicts in LLMs. Context-memory
conflict occurs when retrieved context contradicts internal
knowledge (Longpre et al. 2021; Chen, Zhang, and Choi
2022; Diao et al. 2025b), often due to temporal mismatches,
misinformation in documents (Chen et al. 2025), or mis-
leading prompts (Xu et al. 2024b). Models exhibit incon-
sistent conflict resolution, sometimes favoring parametric
knowledge (Longpre et al. 2021) and other times prioritiz-
ing coherent context (Chen, Zhang, and Choi 2022; Su et al.
2024). Additional challenges include confirmation bias (Xie
et al. 2024) and susceptibility to deceptive inputs (Ying et al.
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2024). Recent studies emphasize models’ limited robust-
ness in such scenarios, highlighting the need for better so-
lutions (Su et al. 2024; Xiao et al. 2024).

Resolving Knowledge Conflicts. Existing conflict-
resolution strategies fall into five categories: (1) Context-
faithful methods prioritize external knowledge via fine-
tuning (Li et al. 2023; Gekhman et al. 2023; Xue et al.
2023), prompting (Zhou et al. 2023), decoding techniques,
or knowledge plugins; (2) Memory-faithful approaches
counter misinformation via vigilance mechanisms (Xu
et al. 2024b), with some advocating parametric knowledge
in noisy contexts (Zhang et al. 2024b); (3) Source-
distinguishing methods present multiple source-derived
answers for user selection (Neeman et al. 2023); (4)
Factuality-enhancing techniques improve correctness via
hybrid knowledge fusion (Zhang et al. 2023b) or contrastive
decoding; and (5) Structural modifications adjust architec-
tures to optimize knowledge integration (Shi et al. 2025; Jin
et al. 2024b).

Current methods remain biased toward either context or
memory, lacking adaptive balancing mechanisms (Wang
et al. 2024b). Our work bridges this gap with an inter-
pretable, dynamic conflict-resolution framework.

3 Exploratory Analysis

We first investigate whether sentence embeddings disen-
tangle different information dimensions (e.g., meaning vs.
truthfulness) and assess if off-the-shelf encoders inherently
capture signals for conflict detection. We address: (Q1) Can
standard encoder embedding spaces separate what a sen-
tence is about (meaning) from whether its fact is true (truth-
fulness)? (Q2) If such signals exist, how reliably do they
expose knowledge conflicts in RAG systems?

Experimental Setup. We sample 5k factual triples
from Wikidata and automatically create, for each fact,
three surface forms: (i) Paraphrase (same fact, dif-
ferent wording), (ii) Contradiction (negated relation),
and (iii)) Unrelated (different subject). All sentences
are embedded using two public models of contrasting
capacity: all-MiniLM-L6-v2 (384-d, 6 layers) and
ES5-large-v2 (1024-d, 24 layers). Fig. 2 visualises the
raw embeddings after projection onto their first three princi-
pal components.

Global Embedding Structure. In Fig. 2 we observe that the
lighter MiniLM encoder yields one dominant cluster where
paraphrases, contradictions, and unrelated sentences over-
lap. The larger ES encoder begins to form two visible sub-
manifolds, yet the transition regions (yellow points) remain
fuzzy—suggesting that model scale alone does not guaran-
tee explicit separation of meaning and truth. This lack of
structure motivates a disciplined decoupling strategy.

Identifying a Semantic-Truth Subspace. We next train
a single linear probe to project each embedding onto a 2-
D plane that maximises class separability while keeping
paraphrase pairs close. The resulting semantic—truth space
is shown in Fig. 3. A distinctive triangular pattern ap-
pears: paraphrases cluster in the upper-right (high meaning,
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Figure 2: Sentence-embedding clusters for ALL-
MINILM-L6-vV2 (top) vs. ES-LARGE-V2 (bottom).
Rows 1 & 3: two PCA views of 3-D space—paraphrase
(blue), contradiction (red), unrelated (green). Rows 2 &
4: boundary regions (yellow) highlight transition zones.
MiniLLM (384 d) forms a single blob; the larger E5 (1024 d,
24 layers) begins to separate truth from meaning.

high truth), contradictions in the lower-right (high meaning,
low truth), and unrelated sentences in the lower-left (low
meaning, low truth). Kernel-density contours highlight crisp
boundaries, and manual inspection of boundary points (right
panel) confirms smooth, interpretable gradients rather than
abrupt jumps.

Findings. Our probe reveals that off-the-shelf embeddings
intertwine meaning and truth, yet a single linear projec-
tion cleanly separates them and yields smooth, continuous
scores. This motivates (i) dedicated semantic and factual en-
coders, (ii) independent contrastive losses to sharpen each
axis, and (iii) soft scalar conflict signals fed into genera-
tion—choices.

4 Proposed Method

We propose a novel framework to resolve knowledge con-
flicts in RAG. Given query ¢, RAG generates response y
conditioned on external context ¢ and internal parametric
knowledge 0: p(y|q, ¢; #). Conflicts arise when ¢ contradicts
0, leading to inconsistent outputs. Our method detects such
conflicts and guides generation via conflict-aware signals.
The framework includes: (1) a contrastive learning-based
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Figure 3: 2D scatter plot of semantic-factual similarity
space. Left: Sentence pairs show clear separation of para-
phrases (top right), contradictions (bottom right), and unre-
lated sentences (bottom left) using just one linear projection
layer. Contour lines show KDE boundaries. Right: Example
of annotated transitions (other types perform similarly well).

conflict detection module to decouple semantics from fac-
tual accuracy, and (2) a conflict-aware generation module
using soft prompt tuning. The pipeline is shown in Fig. 4.

Conflict Detection via Contrastive Learning

Dataset Construction. We construct a conflict-focused
dataset D, derived from knowledge triples in Wikidata and
expanded via GPT-40. Each original statement s is associ-
ated with 3 types of statements: paraphrases (sz‘fam) preserv-
ing semantic and factual equivalence, irrelevant statements
(s;,) With no semantic relation, and conflicting statements
(8.op ) that maintain semantic coherence but introduce fac-
tual contradictions. This structured diversity simulates sce-
narios of knowledge conflicts faced by RAG systems.

Semantic-Factual Feature Decoupling. Effective con-
flict detection requires separating semantic similarity from
factual correctness. We employ two encoders—semantic en-
coder E,.,, and factual encoder E'¢,.,—based on the SFR
retrieval model. Each textual statement s is encoded into two
distinct vector spaces as follows:

Zsem = Esem(s)7 Zfact = Efact(3)7 (1)

where semantic vectors Z,, capture meaning and topical
coherence, and factual vectors z,.; encode factual validity.

Contrastive Learning Objective. We train the seman-
tic and factual encoders using separate contrastive losses.
Specifically, for each original statement s:

The semantic contrastive 10ss (Lseq,) is defined as:

Esem(s) =

_ Sim(zsem(s)azsenl(s/))/T
Zs’e{s;rara,sconf} e

2
log 2

ZS/G{S;ara S_. f S }GSim(ZS‘fm(s)’z“m(S/))/T
The factual contrastive loss (Lf4c¢) is similarly defined
as:

Liact(s) =
ZS,E{S;—ara}

esim(Zfact (8)Zfact(s))/T
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Figure 4: Overview of our Transparent Conflict Resolution (TCR) framework for Retrieval-Augmented Generation
(RAG). Given a query, TCR identifies knowledge conflicts through semantic and factual similarity vectors, generating explicit
conflict signals. These signals, along with self-answerability estimation, are integrated using soft prompt tuning to guide the
Language Model’s generation toward enhanced factual consistency and interpretability.

The overall contrastive training objective combines these
two losses over all samples s in dataset D:

ﬁctr = Z (»Csem(s) + Lfact(s)) .

seD

“

Conflict-Aware Generation via Soft Prompt Tuning

Extraction and Integration of Conflict Signals. The
conflict detection module explicitly provides scalar signals
representing semantic similarity (o s, ), factual consistency
(0 fact), and model-inferred answerability (04,s). These sig-
nals are formally extracted as:

Osem (Qa C) = Sim(zsem (Q)7 Zsem (C))7 (5)
O tact(q; ¢) = sim(zfact(q), Zract (), (6)
Tans(q) = A(g; 0), (M

where A(-) is the model’s answerability estimation follow-
ing Slobodkin et al. (2023). These signals are then projected
into embeddings via dedicated MLP projectors:

€signal = MLP ([Usem; O fact Uans]) . (8)

Soft Token Embedding Strategy. To guide generation
with conflict-aware cues, we prepend soft tokens—trainable
embeddings seeded from the base model—with the conflict
signals, yielding an augmented embedding sequence that di-
rects the model’s attention x’ = [es0/+, €signal, X|, Where
x represents the original input embeddings. This approach
allows the model to leverage conflict-awareness explicitly
during response generation, improving factual consistency.
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Dynamic Loss Weighting via Signal-to-Noise Ratio. To
optimize the integration of multiple conflict signals, we dy-
namically weight their training contributions according to
the Signal-to-Noise Ratio (SNR). The SNR for each signal
i1 € {sem, fact, ans} is computed as:

Var(§;)
Var(y — ;)
where ¢; is the prediction made solely using signal ¢, and y
is the ground-truth label indicating presence or absence of

a conflict. Signals with higher SNR values contribute more
significantly, weighted by:

SNR; = €))

SNR;
= PR (10)
>_; exp(SNR;)
The combined loss for the generation module is:
Liotal = Z w; [a£p7'o7npt,i
1€ {sem,fact,ans} (1 1)

+ (]- - a)ﬁprojector,i]v

where « balances the relative contributions of soft prompt
and signal-projection losses.

By employing conflict-aware signals with dynamic
weighting, our method effectively enhances the reliability
and factual consistency of RAG-generated responses.

Assumption 1. Let p € [0, 1] denote the probability of noisy
retrieval, « = Pr[D = 0 | R = 1] the false-negative rate



(FNR), v = Pr[D = 1 | R = 0] the false-positive rate
(FPR), e = Pr[G = 1| R = 0,D = 0] the baseline error
rate, B = Pr[G = 1 | D = 1] the error rate with conflict-
aware prompt, and ¢ = Pr[G = 1| R = 1,D = 0] the
undetected noise error rate (Tong et al. 2025b). All error
rates (g, 3, C, o, ) are query-independent (i.i.d. setting).

R

Theorem 1 (Noise-Robustness Error Bound). For any
noisy-retrieval pipeline with conflict detection, the increase
in expected EM loss A = Pr[G = 1] — ¢ satisfies:
A=1=-pry(B-e)+pll-a)s+af—¢

< pa+Bp(l—a)+(1-p)l,

where the inequality is tight (equality when { =1, € = 0).

(12)
13)

Proof sketch. The result follows by: (1) partitioning Pr[G =
1] via total probability as (1 — p) [(1 —y)e + 78] + p[(1 —
a)B + ad, then subtracting ¢ to obtain the exact gap; (2)
upper-bounding using 8 > ¢ and ¢ < 1, dropping the neg-
ative term — (1 — p)~ye while noting a¢ — ae < «; (3) ob-
serving tightness when ( = 1 and € = 0 makes all bounding
steps exact. O

Interpretation. Eq. (13) bounds the excess error by
missed conflicts (pa) plus conflict-branch errors weighted
by p(1 —a) + (1 — p)y. When vy < 1 and =~ ¢, pa domi-
nates, so low FNR is crucial.

S Experiment

Our empirical study is driven by five questions: RQ1 —
Conflict Detection: does semantic—factual disentangling im-
prove conflict classification ? RQ2 — End-to-End Factual-
ity: do conflict-aware soft prompts raise answer correctness
and faithfulness ? RQ3 — Robustness & Transfer: how does
the method behave under noisy retrieval, domain shift, and
with different LLM backbones? RQ4 — Efficiency: what is
the latency, memory, and parameter overhead ? RQS — In-
terpretability: are conflict scores aligned with human judge-
ment and can we show intuitive examples?

Experimental Setup

Benchmarks. We evaluate on three groups of datasets.
(i) Conflict detection: our Wikidata-Conflict-5K.
(i) Knowledge-intensive QA with controlled context: the
two datasets we build ConflictTQA (TriviaQA-based) and
ConflictPQA (PopQA-based)—each question paired with
golden, irrelevant or conflicting context. (iii) Real-world
RAG: KILT (NQ, HotpotQA, FEVER), CONFLICTBANK
2024, and a single-document NQ setting that keeps only
the top-1 Google result.

Models. All systems share the same BM25 — Contriever-
1024 retrieval pipeline and Llama-3-Instruct-8B
(Grattafiori et al. 2024) backbone. We also report results on
Llama-3-13B and Qwen3-8B. TCR tunes only 20 soft-
prompt tokens and two small MLP projectors.

Baselines. We compare against six published methods—
PrROMPT, KAFT (Li et al. 2023), IRCAN (Shi et al. 2025),
RAAT (Fang et al. 2024), PARENTING (Xu et al. 2024c),
ASTUTE RAG (Wang et al. 2024a)—plus the decoding
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Conflict Detection Robustness & Transfer

Method
EM Drop) Cross-Domain F11
FIT AUROCT (340, noise) Bio / Fin

Prompt 712 0779 18.4 46.7/44.1
KAFT 735 0.801 16.7 48.5/45.3
IRCAN 79.1 0.845 12.3 52.1/48.9
RAAT 664  0.732 9.5 51.2/48.4
Parenting 71.5 0.833 14.1 50.9/46.8
TCR 84.3 0.901 7.2t 55.8/52.7°
TCR+CD? 83.8 0.905 - -
TCR+RAAT - - 6.17 56.3/53.1

Table 1: Unified evaluation of conflict detection and
robustness. Left: conflict-detection performance on
WIKIDATA-CONFLICT-5K. Right: robustness under 30%
distractor injection (EM drop; lower is better) and zero-shot
transfer F1 on biomedical/financial QA. Backbone: Llama-
3-8B. Bold=best; underline=second best (per column). t
indicates statistically significant improvement over Prompt.
“~” denotes not evaluated in that setting.

strategy CD? (Jin et al. 2024a). For real-world NQ we add
INSTRUCTRAG (Wei, Chen, and Meng 2025) and SELF-
ROUTE (Xu et al. 2024a). Four ablations of TCR (-semantic,
—factual, —SNR, hard-prompt) and three hybrid variants
(TCR+CD?, TCR+IRCAN, TCR+RAAT) test plug-and-
play compatibility.

Metrics. We report EM/F1 for answer correctness, MCOR
(lower is better) and KGRR (higher is better) for con-
flict sensitivity, F1/AUROC for detection, FactScore/QAGS-
F/GPT-judge for faithfulness, AEM under noise/time-shift
for robustness, throughput (V-tokens/s) & extra parameter-
s/'VRAM/FLOPs for efficiency (Yao, Li, and Xiao 2024),
and p/Krippendorff « for interpretability.

6 Results and Discussion

RQ1 - Conflict Detection Accuracy Table 1 shows that dis-
entangling semantics and factuality yields the highest F1 and
AUROC. Adding contrastive decoding gives a small AU-
ROC bump without harming F1, confirming orthogonality
between TCR’s conflict score and decoding heuristics.

RQ2 - End-to-End Factuality TCR ranks best in 22/24
cells of Table 2, improving KGRR by +21.4 and reducing
MCOR by —29.3 vs. prompting. TCR+CD? achieves the
lowest MCOR, confirming complementarity between our
conflict score and contrastive decoding. On Natural Ques-
tions (Table 3), TCR outperforms specialised pipelines with-
out fine-tuning (+3.6 pt over ASTUTE RAG, +6.1 pt over
SELF-ROUTE), with the largest gain on Qwen3-8B (+4.0 pt).

RQ3 - Robustness and Transfer Table 1 shows that TCR
loses only 7.2 EM points under 30 % distractor injec-
tion—2.3 points less than RAAT—and attains the best cross-
domain F1. Hybrid TCR+RAAT preserves RAAT’s adver-
sarial defence while inheriting our conflict-aware gains, giv-
ing the overall strongest robustness.

RQ4 - Efficiency Table 4 confirms that TCR adds only 0.3



Llama-3-8B Llama-3-13B Qwen3-8B
Method ConflictTQA ConflictPQA ConflictTQA ConflictPQA ConflictTQA ConflictPQA
KGRRT MCOR] |KGRR MCOR | KGRR MCOR | KGRR MCOR | KGRR MCOR | KGRR MCOR
Prompt 2.4 195 | 485 225 | 457 213 | 51.0 245 | 382 176 | 443 204
KAFT 43.7 238 | 490 260 | 460 252 | 52.0 285 | 405 213 | 462 249
IRCAN 68.2 25.5 735 280 | 712 272 | 75.0 305 | 634 228 | 69.6 263
RAAT 52.6 379 | 570 415 | 558 398 | 595 438 | 479 325 | 541 368
Parenting 66.2 538 | 700 570 | 69.1 553 | 725 585 | 61.5 476 | 672 513
CD? 51.3 527 | 555 560 | 543 546 | 585 575 | 488 459 | 532 498
TCR 69.27 619" | 7457 6557 | 71357 63.6" | 77.57 6757 | 6637 5427 [ 7177 58.8T
TCR+CD? 68.5 6327 | 738 668" | 728 6497 | 760 68.8" | 656 5557 | 70.1 59.17
TCR+IRCAN | 67.9 563 | 726  60.0 | 71.6 599 | 758 63.0 | 642 496 | 699 54.2
TCR+RAAT | 68.8 626 | 742 662 | 732 642 | 773 681 | 659 548 | 704 584

Table 2: End-to-end performance on Conflict TQA/PQA. Bold=best; underline=second best. ' = significant.
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Figure 5: Residual conflict-detection errors for TCR. Dot
colour follows a blue - white - red scale : warmer hues de-
note denser error pockets. Missed conflicts cluster just be-
low the factual threshold (y ~ 0.35); a thin false-positive
band appears near y ~ 0.45. Dashed lines mark the current
decision boundary x>0.65, y<0.40.

Method \ Llama-3-8B Llama-3-13B Qwen3-8B
Astute RAG 51.2 56.6 49.7
InstructRAG 47.8 51.2 50.3
Self-Route 46.5 49.2 48.5
TCR (ours) \ 54.8 56.8 53.7

Table 3: Overall accuracy (%) on Natural Questions with
a single Google top-1 page as context.

% parameters and 0.3 GB VRAM, retaining 94 % of vanilla
decoding speed. The method is thus practically free to de-
ploy relative to heavyweight fine-tuning baselines.

RQS5 - Interpretability Fig. 7 visualises how successfully
corrected (SC) and defended (SD) cases cluster in the high-
semantic/low-factual quadrant, whereas failure cases gravi-
tate toward boundary regions. The scalar conflict score cor-
relates strongly with human labels (p = 0.69) and exhibits
substantial inter-annotator agreement (x = 0.66) in Table 5,
demonstrating that our signals are human-intelligible. The
violin plots reveal backbone-specific confidence calibration
quirks, offering a diagnostic tool for future alignment work.

Method Extra Params VRAM Tok/s
M, %) (GB) 0
Prompt 0(0) 17.8 28.3
RAAT 100 (1.2) 18.9 24.6
IRCAN 52 (0.6) 18.4 25.1
Parenting 68 (0.8) 18.6 249
TCR 21(0.3) 18.1 26.7
TCR+CD? +0 181 225

Table 4: Computational footprint on A100-80 GB.

Model p(score, human)tT &7

Llama-3-8B 0.71 0.67
Llama-3-13B 0.74 0.69
Qwen3-8B 0.63 0.61
Avg. 0.69 0.66

Table 5: Alignment of conflict scores with human judge-
ments on 300 annotated queries.
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O o7 ¥ e co«\?\ Qe

o N

&
Qwen3-8B

Performance (%)

AQ S S
Q\e’ \Os \ﬂ\q(’l@ «\0

o

Figure 6: Ablation study results across different models.

Ablation Study We ablate three modules (Fig. 6): removing
self-answerability(SA) drops MCOR/KGRR by ~18/26 pp;
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replacing dynamic weighting with a fixed scalar(Fixed) de-
grades 17/20 pp and harms reasoning; removing signal in-
tegration(SI) collapses 55/53 pp. Overall, TCR needs self-
answerability, adaptive weighting, and integrated fusion.

Interpretability Analysis

What does the model truly “see” when conflicts arise?
Fig. 7 situates each test pair in the semantic-similarity
(x) vs. factual-consistency (y) plane and overlays self-
answerability as violin plots, turning raw activations into an
interpretable decision space. We observe: (i) Spatial pattern.
Nearly all successfully corrected cases—closing knowledge
gaps (SC) or resisting misinformation (SD)— cluster in
the high-x/low-y region, while failures lie closer to the
axes, indicating ‘topic match but fact clash” is where re-
evaluation is triggered. (ii) Self-answerability. SC/SD ex-
hibit higher answerability than still-wrong (SW) or misled
(ML) cases, suggesting this scalar controls when to trust
memory vs. context. (iii) Backbone variation. Llama shows
tighter, better-separated distributions than Qwen (likely
from English-centric tuning), yet the same qualitative struc-
ture holds, confirming cross-model robustness of the signals.

Correction Success Rate in Semantic-Factual
Space Across Models
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Figure 7: Top: Heat maps of correction success rates in
semantic-factual space, showing higher performance in high
semantic similarity/low factual consistency regions. Bottom:
Violin plots of self-answerability scores for case types: SC
(corrected wrong internal knowledge), SW (failed correc-
tion), SD (maintained correct knowledge), ML (overrode
correct knowledge).

When does the model trust external evidence? We bucket
self-answerability s into Low [0,0.3), MID [0.3,0.7) and
HIGH [0.7, 1] and measure the rate at which the model over-
rides its parametric answer with retrieved context (flip rate).
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Fig. 8 shows a sharp phase transition: for s < 0.3 the flip rate
is ~42%, whereas for s > 0.7 it drops to 4%. The threshold
is identical across Llama-3-8B, Llama-3-13B and Qwen3-
8B, offering a simple, transparent rule: “if self-answerability
> 0.7, trust memory; otherwise examine context.”
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Figure 8: Flip rate for self-answerability bins.

Signal dynamics during decoding. Fig. 9 shows signal tra-
jectories over the first 20 decoding steps for FIXED (cor-
rected) and MISLED cases. In FIXED, factual consistency
rises early and surpasses self-answerability by step 7—when
the correct answer emerges—while semantic similarity re-
mains high. In contrast, MISLED shows stagnant factual
scores and a delayed self-answerability spike, aligning with
wrong outputs. This pattern suggests a useful heuristic: fac-
tual > self-ans before step 10 predicts success in 70% of
cases, enabling early-stop or re-prompt strategies.

B Semantic WM Factual B Self-Ans —— Fixed ---- Misled

00 25 50 75 10.0 125 150 175
Decoding Step

Figure 9: Average signal trajectories .

7 Conclusion

We propose TCR, a lightweight conflict-aware RAG module
that decouples semantic relevance from factual consistency
and uses self-answerability to steer generation with three in-
terpretable scalars. It consistently improves detection, factu-
ality, robustness, and interpretability on synthetic and real-
world benchmarks, and we plan to extend it to multimodal
and federated settings (Li and Cheung 2024; Zhang et al.
2024a, 2023a).
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