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01: Copy-Paste for LLMs

Why Does Copying Reduce Hallucinations?




Copy-Paste Paradigm vs. Existing Approaches

RAG empowers LLMs with external knowledge — but contextual
faithfulness remains challenging:

Knowledge Conflict

Parametric knOWIedge conflicts with retrieved «: Response are derived from parametric knowledqe
context. ) r E: Response are derived from context knowledge
LLMs tend to trust internal memory over Senercte o
evidence. Context | — response —> | Response
Leading to context-unfaithful hallucinations. Il

cCOC = )
Existing Approaches — All Suboptimal ‘!7 J;
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LLM: Black Box L R k[ J [ ) )
Generation with Citations: Cannot = (@ ] [ &< ][ e ] ( E“Jm](""j 5]
L

guarantee content-source consistency (M RAG Generation with Attribution CopyPaste

Fine-tuning: Lacks attribution, requires
thousands of training samples

Our Intuition: Copy-Paste

Directly quoting original sentences from context.
Copied content itself serves as attribution.

One mechanism addresses both faithfulness and attribution.

Paradigm




Importance of Copy-Paste: High-Stakes Applications

When faithfulness failures carry real-world consequences:

Rare Disease Consultation

Patients rely on LLM queries without professional supervision 9 o A Misdiagnosis
Faithfulness hallucinations pose direct medical risks 4 k"

NI ° R
LLM-generated content is more deceptive than human-written content " —y Hallucination

Untraceable

Drug interactions: Incorrect dosage hallucination = fatal risk A
Legal contracts: Paraphrasing may alter meaning

Copy-Paste preserves original wording, anchoring answers directly to
source documents

The Consequences Are Real

In high-stakes domains, Copy-Paste is not just preferred

— it is a safety necessity.
Anchorable source attribution enables users to quickly supervise LLM
outputs

High-Stakes



Key Observation: Copying Degree vs. Hallucination Density

On the RAGTruth dataset (839 QA pairs, 6 models, word-level hallucination annotations):

Finding: Inverse Correlation

Higher response copying degree correlates with lower context-unfaithful
hallucinations
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Copy-Paste: Problem Formulation

Task: (Q, C) -> A Maximize lexical
reuse from context C in answer A.
Unlike extractive summarization, Copy-Paste

balances three objectives: Faithfulness +
Query Relevance + Fluency

Copy Coverage
1
k= W Z | f]
fer

Fraction of answer tokens covered by copy fragments
Reflects the overall degree of lexical reuse

Copy Density
1

§=— 2
a7 2 ]

feF
Length-sensitive variant emphasizing longer
verbatim spans
Captures whether the answer copies long
spans or isolated words

Copy-Paste is query-aware, ensuring
fluent, context-faithful answers

Kk =0.44,6 = 0.6

Base: Galileo Galilei is responsible ... Galileo's Law
of Inertia, ... , which states that an object ... move

with a constant velocity, ...
[ o Il Il ]

answer w/o context

(Qwhich law was Galileo Galilei responsible for
describing?

Answer the question with absolute
fidelity to the context.
k = 0.28,6 = 0.76

& Internal parametric knowledge

[ 1 Sentence
> ™™ Clause

k: Copy Coverage &: Copy Density

< sEnnn .> Explicit attribution

Counterfactual Context ( =): Galileo Galilei, renowned...One of Galileo’s lesser-
known achievements is his development of the Three Laws of Motion, which

& & External contextual knowledge
& Context

Q: Query

were critical in advancing the study of kinematics and dynamics. These laws
articulate the principles of inertia, the relationship between forc: ind motion,
and the law of action and reaction... In contrast to ... Newton'’s later contributions,
Galileo's articulation of the Three Laws of Motion was pivotal in the transition

from Aristotelian physics to Newtonian mecha', .'s...

Attributed: Galileo Galilei was not responsible for *Copy-Paste . E
describing the Three Laws of Motion. It was ... Sir E .
: Copy-Paste (Ours) -
Isaac Newton ... Three Laws of Motion. i B - 0.93.5 = 1278
I _ . . ! opying Degree: k .:- &, = 112
k =0.48,6 =144 (CEIIEYMEEINEY was responsible for describing [{EIRINEEMIENYERC MY Telifely),
Citations: Galileo Galilei is not responsible ... . The

Three ... described by Sir Isaac Newton [1].

VI AMGalileo Galilei did contribute to ...

[ 101 | | = —

hich were critical ... kinematics and dynamics. JgERe]13 “13the Three Laws

of Motion was ... transition from Aristotelian physics to Newtonian mechanics.

) N W | —

Problem Formulation



02: CopyPastelLlLM

Two-Stage Pipeline to Internalize Contextual Trust




Two-Stage Copy-Paste Pipeline

Stage 1: Constructing High-Copying Responses

hard-constraint CP-Order (¢%)

Stage 1: ”
g ° Select the sentences from context &’ Reorder the sentences to -_

ensure coherence

Constructing high-copying responses via

e =
soft-constraint

Writer ReVIeWer B! Sufficient k and §?

c : @ Sufficient Query Relevance ? CP-Refine (&)
' '§

‘—_,.'-]O Co 4 Sufficient Context Faithfulness ? .Z>’|3,

Input: Responses of CP-Order, CP-Link, CP-Refine, Base, Attributed and Citations
Stage 2: Internalizing Contextual Trust from High-Copying Preferences

(D) < =
q O (| é)Or generate some sentences CP- Lmk

Copy-Paste-Prompting

1. Multi-Criteria 2. Hallucinations 3. Stamping Answers 4. Copying Preferences Alignment
Filtering Tournament v Pide oo
Base Citatl : ad
asittnbultsdlons d / v &
S Stamping Gold Answer §j—>
V4 o7 . to First Prize (Chosen) J ]
N v /
Al ey JE XK ( i - . A>’ Base -
° “N P > ) >
Stage 2. @ <’4 Vr/§) X NV \v\/fvx :9’( Attributed | CopyPasteLLM
\;\;/ C9 / / % R Stamping Wrong Answers Citations
ELO Ranking to Other Candidates Preference Pairs ’

Chosen Candidates

Internalizing high-copying preferences

into CopyPasteLLM via DPO



Stage 1: Three Copy-Paste-Prompting Methods

Progressively relaxing constraints while preserving
lexical fidelity to context:

CP-Order

Hard Constraint Hard Constraint

Strict Extractive + Discourse Glue

Select context sentences Same extractive core as

relevant to the query CP-Order

Directly reorder into a Allow short transitions

coherent answer between copied spans

Eliminate paraphrasing and Transitions = discourse

parametric priors connectives, not new facts

Highest faithfulness / Improved readability /

Lower fluency Fluency still limited
hard-constraint - CP-Order(\ff)

-
Select the sentences from context & Reorder the sentences to -_
: ensure coherence

s & Or generate some sentences  CP- Lmk

o =

CP-Refine

Soft Constraint
Writer-Reviewer Loop

Writer proposes; Reviewer provides feedback:

Copying degree, Faithfulness, Relevance, Fluency

Iterate until composite copy score exceeds threshold

Best balance of Faithfulness + Fluency + Relevance

soft-constraint

Writer Reviewer W Sufficient k and §?
C-, ., @& Sufficient Query Relevance ?
L
* & Sufficient Context Faithfulness ?

Lilo CQ

CP-Refine (&)

= 20 >




Stage 2: CopyPasteLLM — Preference Optimization Pipeline

Generate 6 Candidates Multi-Criteria Filtering Elo-Style LLM-as-Judge
By faithfulness (AlignScore, Tournament ranking
Base, Attributed, Citations MiniCheck), diagnoses Twist and Causal
(Abstractive) copying strength (kappa, delta), hallucination modes -> Error
+ CP-Order, CP-Link, CP-Refine relevance, and fluency severity ranking

Answer Stamping + DPO

Gold answer -> Top CP candidate
(chosen)

Wrong answer -> Other candidates
(rejected)

~5 pairs/sample -> DPO training
on 365 samples

Stage 2: Internalizing Contextual Trust from High-Copying Preferences

1. Multi-Criteria 2. Hallucinations 3. Stamping Answers 4. Copying Preferences Alignment
Filtering Tournament \V/J » 4 ,6
B Citati ' WY
D s T
x O Stamping Gold Answer y‘_>
V4 y) to First Prize (Chosen) X ] I
oy / ao
1l sy AE 2 * (, l_:' [-:. A> Base p
M7V o - ’ .
& <>%p §9 X ¥ §) x Attributed : CopyPasteLLM
B £ / / X \/9 Stamping Wrong Answers Citations
o : .
Chosen Candidates ELO Ranking to Other Candidates Preference Pairs

Data efficiency: Only 365 training samples — 50x smaller than Context-DPO (18,000)
and ParamMute (32,580)




Three Research Questions

Do Copy-Paste-Prompting methods effectively enhance contextual faithfulness and
mitigate RAG hallucinations through high-copying response generation?

Does training with high-copying responses from Copy-Paste-Prompting as DPO
preference trajectories enable CopyPasteLLM to genuinely trust contextual
knowledge—even when it is counterfactual?

What are the underlying mechanisms of CopyPasteLLM's contextual belief? We will
interpret this by analyzing logits and hidden states.

Table 4: Datasets and their roles across 3 research questions. Train refers to the number of samples
utilized for training our CopyPasteLLM, and Eval refers to the number of samples used for eval-
uation. The 20,000 samples of the PubMedQA Atrtificial subset were randomly sampled using the
random seed 42 from the 211k entries.

Dataset Subset Domain Size  Gold Answer RQ1 RQ2 RQ3
RAGTruth QA Daily-Life 839 X Eval only Train (16) Eval
FaithEval Counterfactual Science 1,000 v Eval Train / Eval (241 /759) Eval
PubMedQA Labeled Biomedicine 1,000 v Eval Train / Eval (108 / 892) Eval
PubMedQA Artificial Biomedicine 20,000 v - Eval -
ConFiQA Counterfactual & Original ~ Wikidata 36,000 v Eval

Research Questions



Results: Copy-Paste-Prompting (RQ1)

Table 2: Performance comparison of Copy-Paste-Prompting against baselines across models and
datasets. Methods with colored backgrounds are our proposed Copy-Paste-Prompting. Bold indi-
cates the best performance, underlined indicates the second-best performance. Faith.: Faithfulness

Copy-Paste-Prompting significantly reduces hallucinations by guiding models to directly quote source text
Experiments confirm a significant inverse correlation between response Copying Degree and context-unfaithful
hallucinations

(M.C.: MiniCheck, A.S.: AlignScore), Hallu.: Hallucination, Flu.: Fluency.

| RAGTruth FaithEval PubmedQA AVERAGE
Method N ) N
| Faith. Hallu. Faith. Halle. Faith. Hallu. | Faith. B allu. Flu
| M.C. AS. Twist Causal M.C. A.S. Twist Causal M.C. A.S. Twist Causal
Mistral-7B-Instruct-v0.2 (7B)
Attributed 69.58 63.43 1506.9 1494.5 19.54 88.28 90.67 1527.1 1513.7 37.32 75.49 77.90 1464.7 1450.4 23.53 77.56 1492.9 26.80
Citations 57.82 49.39 1472.5 1475.7 14.41 73.50 74.25 1392.1 1416.2 27.98 55.79 52.35 1415.9 1370.0 13.93 60.52 1423.7 18.77
89.39 75.45 1518.9 1519.5 73.33 93.41 92.44 1510.9 1521.9 49.40 96.50 88.52 1518.4 1580.7 35.57 89.29 1528.4 52.77
CP-Order 91.25 71.98 1467.9 1472.4 65.62 94.89 92.27 1522.6 1501.5 43.74 93.18 82.35 1528.3 1559.1 32.65 87.65 1508.6 47.34
CP-Refine 82.18 74.56 1533.8 1537.9 18.46 92.85 94.68 1547.4 1546.7 26.63 91.52 88.21 1572.7 1539.7 17.79 87.33 1546.4 20.96
Llama-3.1-8B-Instruct (8B)
Attributed 57.02 65.29 1526.3 1554.3 26.22 85.22 85.65 1516.5 1536.9 330.8 71.10 60.01 1530.0 1553.1 47.36 70.72 1536.2 134.8
Citations 64.27 72.81 1428.5 1574.4 16.78 88.81 86.80 1486.2 1555.6 39.65 78.56 73.03 1403.4 1463.4 19.11 77.38 1485.3 25.18
70.58 78.83 1401.1 1328.3 17.83 91.54 89.23 1456.2 1366.3 24.09 80.74 80.79 1396.4 1371.1 19.65 81.95 1386.6 20.52
CP-Order 75.30 94.81 1498.4 1498.0 26.35 95.44 98.12 1523.2 1541.2 33.46 87.07 97.62 1633.6 1559.1 27.83 91.39 1542.3 29.21
CP-Refine 77.30 88.52 1645.7 1545.0 17.75 94.40 93.71 1517.9 1500.1 26.99 87.29 91.19 1536.5 1553.2 18.64 88.74 1549.7 21.13
Qwen2.5-72B-Instruct (72B)
Attributed 57.00 62.23 1504.5 1525.5 19.68 85.74 83.03 1537.3 1490.0 293.8 77.99 69.25 1509.9 1441.5 33.42 72.54 1501.5 115.6
Citations 74.32 77.52 1455.5 1498.0 18.61 90.98 88.30 1456.5 1476.7 34.67 82.01 76.62 1358.8 1413.6 22.89 81.63 1443.2 25.39
75.75 85.37 1446.3 1363.2 27.47 92.88 92.00 1443.5 1424.2 39.55 86.21 88.58 1527.9 1489.2 33.43 86.80 1449.1 33.48
CP-Order 76.32 94.60 1509.2 1589.6 30.56 95.78 98.16 1539.3 1579.7 38.11 87.85 97.52 1546.8 1575.9 35.26 91.71 1556.8 34.65
CP-Refine 78.14 90.88 1584.6 1523.7 20.12 94.72 95.48 1523.4 1529.4 27.65 88.88 95.04 1556.7 1579.9 20.29 90.52 1549.6 22.69
DeepSeek-V3-0324 (671B)
Attributed 56.42 59.60 1417.1 1449.1 27.52 86.90 83.46 1524.3 1535.0 63.27 75.56 69.24 1449.2 1487.9 36.88 71.86 1477.1 42.56
Citations 62.32 64.45 1510.8 1565.6 34.63 87.38 85.69 1463.0 1477.0 36.09 75.93 71.85 1460.4 1387.5 23.27 74.60 1477.4 31.33
70.59 72.54 1382.9 1360.3 34.19 92.60 88.08 1489.1 1374.8 35.55 81.56 77.67 1380.9 1351.1 28.54 80.51 1389.9 32.76
CP-Order 75.53 92.87 1579.4 1555.2 59.11 95.23 97.79 1569.9 1548.1 34.30 87.20 97.38 1561.8 1621.7 27.56 91.00 1572.7 40.32
CP-Refine 77.14 90.02 1609.8 1569.7 22.57 94.45 93.06 1453.7 1565.2 33.84 87.39 91.05 1647.7 1651.7 21.91 88.85 1583.0 26.11

CP-Refine achieves the best balance of faithfulness and fluency while
substantially reducing hallucination metrics

{> Attributed () Citations @ CP-Order () CP-Link @ CP-Refine ‘
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Figure 5: Copying degree across models and datasets. Copy-Paste-Prompting methods significantly
outperform baselines in x and § (area of point). Notably, the copying degree varies by dataset nature
(FaithEval > PubMedQA > RAGTruth) and model capacity, with DeepSeek-V3 balancing copying
and query relevance effectively.

Experiments confirm Copy-Paste variants achieve significantly higher lexical
reuse than conventional methods, with models adaptively adjusting copying

behavior based on co i
[] Attributed [ CP-Link [l] CP-Order [l CP-Refine

=
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Figure 6: Query relevancy performance. CP-Refine consistently yields the most relevant responses.
The efficacy of CP-Link is model-dependent; only the highly capable DeepSeek-V3 utilizes the
linking mechanism to improve relevance over the rigid CP-Order approach.

High-degree source quoting does not compromise response quality; CP-
Refine maintains high query relevance scores while preserving high
faithfulness




Results: CopyPasteLLM Counterfactual Performance (RQ2)

CopyPasteLLM achieves SOTA with only 1/50th of the strongest baseline's training data

Model | Accuracy (%)
Mistral-7B-Instruct-v0.3 73.8
Llama-3.1-8B-Instruct 68.5
. . . . . Llama-3-8B-Instruct 66.5
Table 1: Counterfactual scenarios: Perf'qmance comparison of Copyl_’asteLLM against basel.ln.es. Mistral_Nemo-Instruct-2407 583
We removed 241 samples used for training CopyPasteLLLM from FaithEval, with the remaining %jpt-3'5-u§1rb0 g;;
. . . . . . . ommand R .
samples used for testing .(d_etalled in the RQ2 setup of Appendix Talgle': 4). Training size column Phi-3.5-mini-instrct 66.8
shows the amount of training data for fine-tuning-based methods. * indicates seen data for the Command R+ 73.6
. . : . . . gemma-2-9b-it 55.7
respective model. Bold values highlight the best performing method in unseen settings. cemma.2-27b-it 557
gpt-4o-mini 50.9
- - - - Phi-3-mini-128k-instruct 75.7
M d . M th d | Training | FalthEVal ConF]QA'QA ConFlQA'MR ConFlQA'MC Phi-3-medium-128k-instruct 60.8
oae! etno
Size A H- A H- A H- A H- Llama-3.1-70B-Instruct 55.2
| | Acc  Hit " it e it « it Llama-3-70B-Instruct 60.5
Context-DPO (Bi et al., 2025) 18,000 | 802 367 8897 9617 8847 8587 9217  80.9T Claude 3.5 Sonnet 73.9
, Attributed (Zhou et al., 2023) - | 671 342 515 914 533 715 373 536 gpt-4-turbo 41.2
£8  CoCoLex (Ty.s.s et al., 2025) - | 692 179 485 374 539 148 361 155 gpt-4o 41.5
ﬁ h Canoe (Si et al., 2025) 10,000 714 34.0 64.3 93.2 66.6 83.8 64.5 73.7 CopyPasteLLM (Based on Llama-3-8B-Instruct) 92.8
ParamMute (Huang et al., 2025b) 32,580 68.5 22.5 74.4 82.2 75.5 72.4 814 70.2 CopyPasteLLM (Based on Mistral-7B-Instruct-v0.2) 89.3
CopyPasteLLM (Ours) 365 | 928 372 836 96.7 80.9 834 86.8 75.9 CopyPasteLLM (Based on Llama-3.1-8B-Instruct) 92.6
s Context-DPO (Bi et al., 2025) 18,000 | 77.1 338 8487 9487 8137 853T 804T  80.8T Atrboted e Coolex mm Conoe mm Forarimute mm Contex.0FO mm CopyPaseLL
TS Attributed (Zhou et al., 2023) - | 656 320 566 844 292 698 390 574
g @ CoColLex (T.y.s.s et al., 2025) - | 653 354 573 508 418 335 325 337
™ CopyPasteLLM (Ours) 365 | 893 418 844 950 808 908 825 863 ,
4@  Attributed (Zhou et al., 2023) -] 655 320 499 884 398 692 155 526 0
gX CoCoLex (T.y.s.s et al., 2025) - | 681 362 485 573 404 384 135 372 “
A« CopyPasteLLM (Ours) 365 | 926 410 724 901 754 848 835 799

Properties(#324) Causal(#226) Purpose(#60) Kinematic(#6)

Figure 7: Performance comparison across diverse knowledge domains. CopyPasteLLM consis-
tently outperforms or remains highly competitive against strong baselines across most categories,
demonstrating robustness in both factual (e.g., Basic Facts) and reasoning-intensive domains (e.g.,
Processes & Causal, Experiments).




Results: Non-Counterfactual Performance (RQ2)

Table 3: Accuracy in non-counterfactual settings. PubMedQA is evaluated on artificial subset
20,000 samples (none used for CopyPasteLLM training, see Appendix Table 4). ConFiQA uses
Original context and Original answers.

| Mistral-7B-v0.2 Llama-3-8B Llama-3.1-8B
Method AVG
che | PubMed ConFiQA  PubMed ConFiQA  PubMed ConFiQA
QA QA QA
| QA MR MC QA MR MC QA MR MC

Base 88.60 96.22 71.20 72.27 97.3 98.02 93.00 91.02 98.15 97.93 89.48 89.97 90.26
CopyPasteLLM (Ours) 91.40 97.43 91.87 91.20 97.5 99.30 97.17 96.27 97.67 99.02 94.95 94.92 95.73

100% Attributed  mmm CopyPasteLLM Llama-3-8B-Instruct Llama-3.1-8B-Instruct
100% 100%
’ Attributed Il CopyPasteLLM ’ Attributed B CopyPasteLLM
90%
90% 90%
o 80%
0 80% 80%
©
= > )
g g 0, g 0,
- ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ E E
< <
60% 60%
60% ‘ | |
50% 50%
50%\ N N AN N N AN AN N DA DA DD D DD QB D D S .S Lo N D AN A QOO ALY l -_
bxb Q;L gy\q”’)w’i« Q ,C) ’lx”)\/‘o% %0)@'\/%&,% ) 60%(,;2) bx%(,’b-%é’)%b‘b%b‘b%by b’J’ ’L S b‘\’ Q b‘Q%@{)‘b%Q ’bq\%”)%&”) %,,) %’LQ’%’L%%’»« %,.L\ %"Vb%’ﬁ%’f’&’?%ﬁ/&%"y%’ﬁ A© 40% - 40% -
> \% \’k (,x @k \’k %&@ «\% e@« (}v ’Ix NS \@\ AS d 0% o \ AN 6\\@ & \@ ) &\ © (\\@%\z " O & %(7 o @\e‘?\(;ﬂ\&\&\ \% Overall Consensus Negotiation Overall Consensus Negotiation
S N v@“&i@%o{f& ve’:@c‘ ‘“c) &S e‘b S T < oe‘a":‘»@ze*‘oj%@e\&@é:"‘i@b@@i&@;’qé”%@‘g <, °bo°ev%*%\°é @@i‘i@z&i\“&@%
D & O 2 O Q,e&w*?}a,qcéq@ eQ\\é&%A\ & & L€ @é’go@\_-&\o ”b&‘,@\\ LS . . . .
S O o I R O A L AR AN ) Figure 8: Performance breakdown on PubMedQA-Labeled by reasoning difficulty. Accuracy is
&b‘&@ 6Q® ‘(o\ 05 C S C\a (\“Q’ o(»/\O P S & zo%@ 47 é’o v {04 <° (\09@\ c)\)}(.\\(( Qz . .
& OEE P S 8 & b R O compared between Attributed and CopyPasteLLLM models across the Consensus (clear evidence) and
3 & A R & s & . e . . . . . . ..
& “ & ° &S Negotiation (ambiguous context) subsets, demonstrating the highest gains in samples with explicit

evidence.

Figure 9: Domain-specific performance analysis of CopyPasteLLM (based on Llama-3-8b-instruct)
on PubMedQA, categorized by Medical Subject Headings (MeSH).

RQ2 Standard



Interpretable Analysis: Context-Parameter Copying Capturing

Logit Distribution (CTX vs. Para.)

Logits Power
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== Copy-Paste CTX mmmm Base CTX
Mistral-7B-Instruct-v0.2

® ® Copy-Paste Para. ® = Base Para.

Llama-3.1-8B-Instruct

608/839 (72.5%) Samples 1000 461/839 (54.9%) Samples
‘ 500
l > o———
0 126 252 378 504 630 70 140 210 280 350
406/1000 (40.6%) Samples 1000 532/1000 (53.2%) Samples
500
0 —
| g //
-500
0 85 170 255 340 425 44 88 132 176 220
570/1000 (57.0%) Samples 1500 554/1000 (55.4%) Samples
1000
‘ 500
| o
I— e ————— — o
-500
0 102 204 306 408 510 69 138 207 276 345

Response Length

Logits Findings

Response Length

(1) CopyPasteLLM shows stronger CTX utilization +

reduced Para. reliance

(2) Peak CTX engagement occurs earlier in

generation

(3) Indicating enhanced initial contextual trust

RAGTruth

FaithEval

PubMedQA

Hidden States (CTX vs. Para.)

Mistral-7B-Instruct-v0.2

Llama-3.1-8B-Instruct

® BaseCTX

Base Para.

@® Copy-Paste CTX

e
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Base CTX vs Base Para.

Copy-Paste CTX vs Copy-Paste Para.

Base CTX vs Copy-Paste CTX

(1) CTX representations remain close to base model
(2) Para. representations differ substantially
(3) Mechanism: Selective parametric recalibration

Base Para. vs Copy-Paste Para.




Conclusion

Observation Inverse correlation between copying degree and hallucination density on RAGTruth

Copy-Paste: Embed contextual fragments -> Achieve both faithfulness and

attribution
\ Method Two-stage: CP-Prompting (3 variants) + CopyPasteLLM (DPO, only 365 samples)
Results +12.2% to +24.5% on FaithEval counterfactual, 50x more data-efficient than
baselines
Interpretability Context-Parameter Copying Capturing: Recalibrates parametric confidence, not
enhancing CTX

Codes available at github.com/longyongchao/CopyPasteLLM
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