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Abstract

We rethink parametric retrieval-augmented
generation with DuoPRAG, which integrates
knowledge and reasoning capabilities through
rank-disentangled and gated Low-Rank Adap-
tation (LoRA) composition. Existing paramet-
ric RAG methods encode document knowl-
edge into LoRA parameters while leaving rea-
soning to be supplied through lexical chain-
of-thought (CoT) prompting. This introduces
three failure modes in outputs and contra-
dicts the prompt-independent inference that
parametric RAG aims to achieve. DuoPRAG
parameterizes knowledge and reasoning into
disentangled LoRA adapters, fused through
a learnable mask and rank-specific gates.
We achieve state-of-the-art performance on
multi-hop QA benchmarks, outperforming the
strongest parametric RAG baseline while pre-
serving the parametric inference framework.
Our results demonstrate that jointly parame-
terizing knowledge and reasoning is a natural
and effective extension of the parametric RAG
paradigm. Our code is available at https://
github.com/naknak-choi/DuoPRAG.

1 Introduction

Large Language Models (LLMs) (Brown et al.,
2020; Chowdhery et al., 2023; Rae et al., 2021;
Chung et al., 2024) have shown remarkable per-
formance on knowledge-intensive tasks such as
QA benchmarks (Kwiatkowski et al., 2019; Joshi
et al., 2017; Yang et al., 2018; Ho et al., 2020;
Talmor and Berant, 2018), but retraining them
to incorporate up-to-date knowledge incurs pro-
hibitive cost. To address this, recent work pro-
poses efficient alternatives that inject new knowl-
edge into LLMs without full retraining, such as
Retrieval-Augmented Generation (RAG; Lewis
et al. (2020)) and low-rank adapter (LoRA) fine-
tuning (Hu et al., 2022). Despite these advantages,

†Corresponding authors.

(a) Training prompt structure

Instruction: “You should reference the knowledge pro-
vided below...”
Few-shot CoT exemplars (8):
Q: When did the director of film Hypocrite die?
A: The film Hypocrite was directed by Miguel Morayta.
Miguel Morayta died on 19 June 2013. So the answer is
19 June 2013.
... (7 more exemplars)
Retrieved passage + CoT trigger: “Passage 1: ... Let’s
think step by step.”
Q: [Test question]
A: [Model generation]

(b) Observed failure modes

Over-generation. Q: Which film has the director born
first, A or B?
A: ... So the answer is A. Q: Who is the director of
film...? A: ...
Exemplar entity leak. Q: Which film has the director
died first, ... or The Working Class Goes To Heaven?
A: The Working Class Goes To Heaven was directed by
Miguel Morayta†.
Format mismatch. Q: Which film has the director died
earlier...? (expects film name)
A: ... So the answer is 1 February 1983 (date).
† Miguel Morayta appears only in the few-shot exemplars, not in the re-
trieved passage.

Figure 1: Parametric RAG jointly trains a lexical CoT
prompt into a single LoRA (a), leading to three failure
modes in outputs (b).

RAG suffers from a well-known issue known as
knowledge conflict, where the LLM’s parametric
knowledge contradicts the retrieved passages (Xu
et al., 2024). To mitigate this, Parametric RAG has
emerged as an active line of research, where re-
trieved documents are transformed into low-rank
adapters and injected directly into the model’s
parameters (Su et al., 2025a; Tan et al., 2025;
Charakorn et al., 2026).

However, existing parametric RAG meth-
ods (Su et al., 2025a; Tan et al., 2025; Su et al.,
2025b; Charakorn et al., 2026) train each per-
document LoRA on a prompt that contains not
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only the retrieved passages but also lexical CoT:
chain-of-thought supplied as surface text, namely
a trigger phrase (“Let’s think step by step”) and
few-shot CoT exemplars (Fig. 1(a)). Since the
loss is computed over the entire CoT-answer se-
quence, the same low-rank parameters are opti-
mized to support both document-specific factual
knowledge and procedural reasoning behavior.
This lexical CoT prompting induces CoT demon-
stration sensitivity (Fu et al., 2023; Wang et al.,
2023), causing substantial performance degrada-
tion when post-processing is not applied to the
model’s raw outputs (see Table 1). This indicates
that parametric knowledge injection alone can-
not address CoT demonstration sensitivity. Be-
yond this performance degradation, the same lex-
ical CoT prompts can also leak exemplar entities
into the output (Fig. 1(b)), inducing conflicts with
the injected or internal parametric knowledge (Ko-
rtukov et al., 2024). Taken together, these lim-
itations motivate equipping reasoning capability
with its own parametric module, trained separately
from injected knowledge.

In this work, we present DuoPRAG, a method
that integrates knowledge and reasoning capa-
bilities through two separately trained LoRA
modules: a knowledge LoRA derived from re-
trieved passages and a reasoning LoRA that oper-
ates over K latent reasoning tokens. Inspired by
DuoLoRA (Roy et al., 2025), we fuse the two
modules through a rank-wise gating mechanism
beyond simple summation, allowing each rank di-
mension to be routed toward knowledge or rea-
soning as needed. This design enables query-only
inference without placing retrieved passages and
lexical CoT in the prompt, retaining multi-step
reasoning through latent reasoning tokens. Our
contributions are summarized as follows:

• We empirically revisit Parametric RAG, iden-
tifying three failure modes of lexical CoT
reasoning entangled with knowledge in a sin-
gle LoRA.

• We propose DuoPRAG, which removes the
reliance on lexical CoT at inference and re-
mains robust across prompt protocols, miti-
gating CoT demonstration sensitivity.

• Extensive experiments across three back-
bones and QA benchmarks show that Duo-
PRAG achieves higher average performance
than prior parametric RAG methods on

reasoning-intensive QA while revealing limi-
tations on knowledge-intensive OOD tasks.

2 Related Work

Hypernetwork-based parametric RAG. Para-
metric RAG (PRAG) (Su et al., 2025a) encodes
retrieved documents as LoRA-form parameter
deltas in the LLM’s feed-forward layers, but re-
quires per-document offline adapter training. Re-
cent work amortizes this cost via hypernetworks
that map documents to LoRA weights at infer-
ence time (Tan et al., 2025; Charakorn et al.,
2026). However, these approaches entangle rea-
soning and knowledge within a single LoRA and
elicit reasoning externally through lexical CoT
prompts, making multi-hop performance depend
on prompt formatting rather than the adapter it-
self. We instead introduce a dedicated parametric
reasoning module that composes with the knowl-
edge adapter through learned fusion, removing the
need for lexical CoT prompting.

Latent reasoning. Lexical CoT verbalizes inter-
mediate reasoning steps, increasing generation
length and sensitivity to prompt demonstrations.
Latent-reasoning methods such as SIM-CoT (Wei
et al., 2026) instead represent intermediate com-
putation through continuous hidden states. Duo-
PRAG adopts this general principle to construct
a reusable reasoning LoRA, but focuses on sep-
arating and fusing it with dynamically generated
document-specific knowledge adapters in para-
metric RAG.

Rank-level LoRA composition. For combining
two LoRAs with distinct functional roles with-
out interference, DuoLoRA (Roy et al., 2025)
merges content and style adapters in text-to-image
diffusion. It shows that LoRA’s rank dimension
can be partitioned to allocate distinct functional
roles, and proposes a learnable rank-axis mask
(ZipRank) that suppresses interference between
the two attributes. Inspired by this insight of role
separation along the rank dimension, we extend
the idea to LLM-based knowledge-intensive QA.
Our method decomposes the adapter into a per-
document knowledge LoRA Wknw and a shared
reasoning LoRA Wrsn, and augments the learnable
mask with a token-conditional, rank-specific gate
that modulates each rank’s contribution based on
the input.
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3 Analysis of PRAG’s Lexical Reasoning
Supervision

Prompt Structure and Failure Modes. PRAG
trains a single per-document LoRA using CoT-
conditioned QA examples. Its prompt contains
few-shot CoT exemplars, a retrieved passage, and
a lexical trigger (Fig. 1(a)), while the target con-
tains the rationale and final answer. The same
adapter must therefore support both document-
specific knowledge and procedural reasoning.
Separately, exposing reasoning as lexical output
introduces over-generation, exemplar entity leak-
age, format mismatch, and dependence on answer
extraction (Fig. 1(b)).

From lexical to latent reasoning. Table 1 quan-
tifies these output failures. Since PRAG verbal-
izes its reasoning as a lexical CoT, it depends
heavily on answer-extraction post-processing: re-
moving it sharply lowers PRAG’s average F1.
These observations motivate us to relocate reason-
ing away from the lexical output space. Inspired
by SIM-CoT, DuoPRAG shifts reasoning to the la-
tent space via K latent reasoning tokens and gen-
erates only the final answer, completely eliminat-
ing these failure modes.

Why learned fusion? Separate knowledge and
reasoning LoRAs do not guarantee distinct rep-
resentations. Using linear Centered Kernel Align-
ment (CKA) (Kornblith et al., 2019) to compare
token-to-token similarity structures, we find that
under naive addition of independently trained Lo-
RAs, the two branches exhibit high final-layer
overlap (0.91 averaged across four datasets) de-
spite near-zero parameter cosine similarity: the
modules are parametrically orthogonal yet func-
tionally redundant. This redundancy indicates that
simple summation is insufficient and fusion must
be learned. Indeed, DuoPRAG reduces the CKA
to 0.031 while achieving the highest average F1,
although we treat this correlation as diagnostic ev-
idence rather than a causal claim.

4 Method

4.1 Preliminary
Notation. We build on the parametric RAG meth-
ods (Su et al., 2025a; Tan et al., 2025; Su et al.,
2025b), which encodes retrieved passages into
LoRA adapters attached to a frozen LLM. Let q
denote the input question, a = (a1, . . . , a|a|) the
answer token sequence, and P = {p1, . . . , pN}

2WQA HQA PQA CWQ Avg.

F1 with vs. without answer-extraction post-processing

PRAG (w/ post-proc.) 22.89 30.37 21.56 37.04 27.97
PRAG (w/o post-proc.) 4.95 4.01 16.12 31.85 14.23
DuoPRAG (w/ post-proc.) 37.17 29.26 30.67 46.08 35.79
DuoPRAG (w/o post-proc.) 38.44 29.66 30.67 46.54 36.33

Failure mode prevalence (%) on raw outputs

Over-generation
PRAG 90.50 97.67 — — 94.09
DuoPRAG 0.00 0.00 — — 0.00

Exemplar entity leak
PRAG 58.25 5.17 — — 31.71
DuoPRAG 0.17 0.00 — — 0.08

Format mismatch
PRAG 13.00 0.50 — — 6.75
DuoPRAG 0.25 0.50 — — 0.38

Table 1: Failure-mode analysis on Llama-3.2-1B. Only
2WQA/HQA use CoT exemplars, and only by PRAG.

the set of retrieved passages. The frozen LLM M
is parameterized by θ. We write (l, t) ∈ T for an
MLP projection module of M, where l indexes a
transformer layer and t ∈ {gate,up,down} the
projection type; xτ ∈ Rdint denotes the hidden
states entering module (l, t) at token position j.

A LoRA adapter is the low-rank additive update
with rank r:

∆W = BA, A ∈ Rr×din , B ∈ Rdout×r, (1)

Under this formulation, parametric RAG decodes
the answer as

p(a | q, P ) = pθ+∆WP
(a | q), ∆WP = Φ(P ),

(2)
where ∆WP is a passage-conditioned LoRA
adapter, and Φ denotes any parametric RAG.

DuoPRAG. DuoPRAG inserts two adapters, in-
dexed by b ∈ {knw, rsn}, into every MLP tar-
get (l, t). Each LoRA is kept in factored form of
Eq. (1), ∆W

(l,t)
b = B

(l,t)
b A

(l,t)
b , with rank rb, scale

αb ∈ R>0, and module-specific input/output di-
mensions dint , d

out
t . The knowledge adapter Wknw

is obtained from Φ(P ) and injects retrieved evi-
dence at the parameter level (§4.2); the reasoning
adapter Wrsn is independent of P and is trained
to inject an implicit reasoning trajectory through
a few latent tokens (§4.3). The two adapters are
composed by a rank-level mask-gate mechanism
(§4.4) and added to the frozen base output. The
number of latent reasoning tokens used by the rea-
soning LoRA is K, with K = 4 in our setting.
For clarity, the indices (l, t) are made explicit only
when needed.
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Figure 2: DuoPRAG overall architecture. Retrieved passages are converted into Knowledge LoRA parameters,
while the Reasoning LoRA conditions the backbone to generate latent reasoning tokens for answer decoding
without inserting passage text into the prompt.

4.2 Knowledge LoRA Branch
The knowledge LoRA Wknw encodes retrieved
passages P into the MLP modules of the base
LLM. DuoPRAG is agnostic to Φ : any paramet-
ric RAG encoder that produces LoRA factors in
Eq. (1) can serve as Φ. At each module (l, t) ∈ T ,
Φ maps each passage pi to a factor pair

(Aknw,i, Bknw,i) = Φ(pi), i = 1, . . . , N. (3)

The N passage factor pairs are then merged at
each module by factor-wise averaging, which pre-
serves the factored form required by the rank-level
composition (§4.4).

Aknw = 1
N

N∑

i=1

Aknw,i, Bknw = 1
N

N∑

i=1

Bknw,i,

(4)
Different instantiations of Φ follow Eq. (3); in this
work, we adopt Tan et al. (2025) as the default in-
stantiation and evaluate the plug-in property in Ta-
ble 4.

4.3 Reasoning LoRA Branch
The reasoning adapter Wrsn is independent of P
and aims to inject an implicit reasoning trajectory
through the same MLP modules. Drawing insight
from Wei et al. (2026), we represent reasoning not
as discrete chain-of-thought tokens but as K con-
tinuous latent vectors inserted between the ques-
tion and the answer.

Latent reasoning sequence. Given a question–
answer pair (q, a), the training sequence is con-
structed as

seq(q, a) = [q ; ⟨bot⟩ ; z1; · · · ; zK ; ⟨eot⟩ ; a],
(5)

where ⟨bot⟩, ⟨eot⟩ are learnable boundary to-
kens and z1, . . . , zK ∈ Rd are continuous la-
tent vectors, which are not vocabulary tokens,
produced autoregressively by the Wrsn-adapted
base LLM. At step k, define the prefix prek =
[ q ; ⟨bot⟩ ; z1; · · · ; zk−1]. The k-th latent token is
then generated as

zk = prj(hk−1), hk−1 = MWrsn(prek−1)[−1],
(6)

for k = 1, . . . ,K, where [−1] denotes the last-
position hidden state. After the K latents, ⟨eot⟩ is
appended to form [ q ; ⟨bot⟩ ; z1; · · · ; zK ; ⟨eot⟩ ],
from which the answer is decoded. The projector
prj(h) = W2GELU(W1h) is a 2-layer MLP with
W1,W2 ∈ Rd×d. In this way, Wrsn aligns the base
LLM’s MLP outputs to serve as implicit reasoning
steps rather than learning a direct q → a mapping.

Step-level supervision. To align each latent to-
ken zk with a semantically meaningful reasoning
step, we train an auxiliary decoder Dη that takes zk
as a soft-prompt prefix and autoregressively gen-
erates the corresponding k-th reasoning step text.
Dη is initialized from M but trained with inde-
pendent weights: only a PEFT LoRA (Mangrulkar
et al., 2022) attached to {q_proj, v_proj} is up-
dated, ensuring that gradients on zk do not propa-
gate back into the frozen base θ. Dη is used solely
during training and is discarded at inference.

4.4 Dual-LoRA Fusion: Rank Duo Mask ×
Rank-Specific Gate

When both Wknw and Wrsn are attached to the
same MLP module and share its output, Duo-
PRAG composes them through two complemen-
tary mechanisms operating in the rank space of
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each branch b ∈ {knw, rsn}.

Rank Duo Mask. For each layer l, we attach two
learnable mask vectors M

(l)
b ∈ Rrb , each initial-

ized to one. The mask is shared across MLP tar-
gets t ∈ T and across token positions, providing
a static, branch-aware allocation over rank dimen-
sions.

Rank-Specific Gate. In contrast to the mask, the
gate is attached per MLP module: For each (l, t) ∈
T , we further attach a linear gate head W

(l,t)
g,b ∈

Rrb×dint that emits a token-dependent rank-wise
score

g
(l,t)
b (xτ ) = σ

(
W

(l,t)
g,b xτ

)
∈ Rrb , (7)

where σ is element-wise sigmoid. Unlike the static
mask, the gate varies per token, so the same rank
dimension can be activated at different strengths
depending on the input context.

Composition. The mask and gate are combined
into a single rank-wise routing vector

R
(l,t)
b,τ = M

(l)
b ⊙ g

(l,t)
b (xτ ), (8)

which modulates the rank activation A
(l,t)
b xτ be-

fore the up-projection B
(l,t)
b . The gated contribu-

tion of branch b is

∆
(l,t)
b (xτ ) = αbB

(l,t)
b

(
R

(l,t)
b,τ ⊙A

(l,t)
b xτ

)
, (9)

and the final MLP output sums the frozen base
with both branches:

out(xτ ) = base(xτ ) + ∆
(l,t)
knw(xτ ) + ∆(l,t)

rsn (xτ ).
(10)

4.5 Training

DuoPRAG is trained in two stages: (1) reasoning-
only pretraining without retrieval, and (2) joint
LoRA training with both branches activated.
Full details of the pipeline are provided in Ap-
pendix A.2.

Stage 1: reasoning-only pretraining. We attach
only the reasoning branch Wrsn and operate un-
der the Wrsn-only forward; the knowledge branch
is not injected. The trainable parameters are Wrsn,
the projector prj, the boundary token embeddings
⟨bot⟩, ⟨eot⟩, and the PEFT LoRA of auxiliary de-
coder Dη, whose output distribution we denote by
pη(· | ·).
Stage 2: joint LoRA training. Initializing Wrsn,
prj, the boundary tokens, and Dη from the Stage 1

checkpoint, we attach the knowledge branch
Wknw = Φ(P ) and switch to the joint LoRA for-
ward (Eq. (10)). At each branch, the retrieved pas-
sages P are encoded by Φ into per-module LoRA
factors and merged via Eq. (4); the latent tokens zk
continue to be produced by the Wrsn-only forward
to preserve their reasoning-only semantics. Train-
able parameters in this stage are Wrsn, the masks
{M (l)

b }, the gate heads {W (l,t)
g,b }, and Dη’s LoRA;

Φ and the base LLM θ remain frozen.

Training objective. Both stages share the same
composite loss combining answer-token supervi-
sion and step-level supervision. The answer-token
loss is the autoregressive cross-entropy over the
answer tokens following the latent prefix:

Lans = −
|a|∑

i=1

log pθ+∆W

(
ai | q; ⟨bot⟩;

z1; · · · ; zK ; ⟨eot⟩; a<i

)
,

(11)

where ∆W = ∆Wrsn in Stage 1 and ∆W =
∆Wrsn + ∆Wknw(P ) in Stage 2. The step-level
loss trains Dη to generate each reasoning step text
sk = (yk,1, . . . , yk,Lk

) from the latent prefix zk:

Lstep = −
min(K,Nstep)∑

k=1

Lk∑

t=1

log pη
(
yk,t | zk, yk,<t

)
,

(12)
where Nstep is the number of annotated reasoning
steps in the training example. The final objective
is the weighted sum with λans = λstep = 1:

L = λans Lans + λstep Lstep, (13)

5 Experiments

5.1 Experimental Setup

Datasets and Protocol. We adopt the DyPRAG
evaluation setting and evaluate on four multi-
passage QA datasets that cover both multi-hop
reasoning and single-hop QA: 2WikiMHQA (Ho
et al., 2020), HotpotQA (Yang et al., 2018),
PopQA (Mallen et al., 2023), and ComplexWe-
bQuestions (CWQ) (Talmor and Berant, 2018)
(details in Appendix A.1). Motivated by Section 3,
for DuoPRAG we report main results under a
raw prompt mode matching its training format,
where the input consists only of the question fol-
lowed by latent reasoning tokens. To verify that
our gains are not tied to this choice, we addi-
tionally evaluate under the original PRAG chat
protocol. Prompt formats for both modes are de-
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Backbone Model Method 2WikiMHQA HotpotQA PopQA CWQ Avg
EM / F1 EM / F1 EM / F1 EM / F1 EM / F1

Query-only approaches

LLaMA3.2-1B

Vanilla† 17.47 / 22.87 18.56 / 24.10 0.67 / 2.26 23.67 / 34.94 16.74 / 21.04
PRAG-woC† 20.13 / 25.92 19.00 / 25.35 12.00 / 23.58 26.00 / 35.86 19.57 / 26.51
DyPRAG-woC† 24.27 / 29.91 19.56 / 25.97 7.33 / 11.33 28.33 / 36.86 21.57 / 27.57
DuoPRAG-woC 29.93 / 37.17 21.22 / 29.26 30.67 / 30.67 36.00 / 46.08 29.46 / 35.79

Qwen2.5-1.5B

Vanilla† 20.87 / 27.20 14.78 / 23.13 0.67 / 2.87 18.00 / 26.47 16.74 / 25.79
PRAG-woC† 21.93 / 29.38 16.00 / 24.04 1.33 / 3.87 22.31 / 30.82 18.13 / 25.37
DyPRAG-woC† 21.87 / 28.46 17.11 / 24.93 3.00 / 6.64 22.67 / 31.94 18.64 / 25.56
DuoPRAG-woC 29.47 / 36.39 21.22 / 28.76 30.33 / 30.33 36.67 / 45.95 29.42 / 35.36

LLaMA3-8B

Vanilla† 30.00 / 36.43 19.89 / 28.64 4.67 / 7.96 30.00 / 42.44 24.43 / 31.85
PRAG-woC† 33.20 / 40.54 35.55 / 45.88 20.33 / 26.13 32.67 / 43.54 32.57 / 41.00
DyPRAG-woC† 32.07 / 39.17 24.67 / 37.33 11.00 / 13.60 32.67 / 41.87 27.80 / 36.23
DuoPRAG-woC 38.40 / 45.00 31.78 / 39.71 42.33 / 42.56 39.67 / 49.62 38.04 / 44.22

In-context Approaches

LLaMA3.2-1B

Standard RAG† 17.93 / 24.77 21.44 / 30.33 9.67 / 17.65 25.67 / 37.39 18.93 / 26.99
PRAG† 20.60 / 26.94 23.33 / 30.81 20.33 / 31.07 28.33 / 39.63 22.17 / 29.78
DyPRAG† 26.33 / 32.53 23.33 / 30.80 21.33 / 29.93 29.33 / 38.96 25.23 / 31.80
DuoPRAG 32.07 / 40.06 27.45 / 35.71 53.33 / 54.17 39.00 / 47.58 37.96 / 44.38

Qwen2.5-1.5B

Standard RAG† 16.33 / 23.89 14.89 / 24.68 0.67 / 9.97 18.64 / 28.23 14.56 / 23.17
PRAG† 19.07 / 27.29 19.33 / 26.15 2.67 / 12.61 21.67 / 32.13 17.77 / 25.96
DyPRAG† 18.87 / 25.87 20.67 / 30.13 7.33 / 22.69 23.67 / 33.57 18.74 / 27.60
DuoPRAG 28.73 / 36.28 31.22 / 40.93 51.33 / 52.00 41.33 / 49.44 38.15 / 44.66

LLaMA3-8B

Standard RAG† 28.40 / 34.20 19.13 / 28.67 5.67 / 16.13 25.33 / 35.45 23.04 / 30.86
PRAG† 34.47 / 42.20 40.11 / 50.82 11.33 / 26.23 28.00 / 36.41 33.20 / 42.61
DyPRAG† 36.33 / 47.68 33.22 / 43.22 21.00 / 32.86 29.67 / 39.07 33.20 / 43.69
DuoPRAG 38.93 / 46.82 38.44 / 49.52 52.00 / 53.02 43.67 / 54.18 43.26 / 50.89

Table 2: In-domain experimental results. All metrics are reported as EM (%) and F1 (%). Bold and underline
denote best and second-best performance within each base LM. † indicates results taken from DyPRAG (Tan et al.,
2025). -woC: no retrieved passages in the prompt.

tailed in Appendix A.3. Following prior work (Su
et al., 2025a), the suffix -woC denotes that re-
trieved passages are excluded from the prompt;
methods without this suffix include the retrieved
passages.

Backbone Models. We experiment with three
instruction-tuned causal LMs of varying scales:
LLaMA-3.2-1B-Instruct (Meta, 2024a), Qwen2.5-
1.5B-Instruct (Qwen Team, 2024), and LLaMA-3-
8B-Instruct (Meta, 2024b). The backbone is kept
frozen in all experiments.

Baselines. Following Tan et al. (2025), we com-
pare DuoPRAG against four baselines cover-
ing both standard and parametric RAG: Vanilla
(no retrieval), Standard RAG (Lewis et al.,
2020) (passages concatenated into the prompt),
PRAG (Su et al., 2025a) (passages encoded into
per-document LoRAs offline), and DyPRAG (Tan
et al., 2025) (LoRA parameters generated at infer-
ence via a hypernetwork).

Evaluation Metrics. We report Exact Match for
strict string-level correctness and F1 for token-
level overlap that credits partial matches.

Implementation Details. Unless otherwise
stated, we use a single training configuration
across all backbones. All experiments are
conducted on 8 NVIDIA RTX A6000 GPUs.
Hyperparameters and hardware environment are

summarized in Appendix A.

5.2 Main Results

Table 2 reports EM and F1 across four QA bench-
marks under both inference settings. DuoPRAG
consistently outperforms all baselines on average
across the three backbones, both with retrieved
passages and without (DuoPRAG-woC). The
without-passages result is particularly notable: by
isolating the parametric modules, it shows that
DuoPRAG internalizes retrieved knowledge into
the Knowledge LoRA and reasons over it through
K latent tokens, without any lexical CoT prompt-
ing. These in-domain gains carry over to out-
of-distribution settings (§5.3) and translate into
reduced CoT demonstration sensitivity (Output
Length under CoT Prompts).

5.3 Out-Of-Distribution Performance

To assess whether DuoPRAG’s gains generalize
beyond the training distribution, we evaluate on
four unseen QA datasets (See Table 3): IIRC (Fer-
guson et al., 2020), StrategyQA (SQA) (Geva
et al., 2021), OpenBookQA (OBQA) (Mihaylov
et al., 2018), and MedMCQA (Pal et al., 2022);
details are provided in Appendix A.1. We orga-
nize the analysis around the query-only (-woC)
regime. On the reasoning-oriented SQA and
IIRC, DuoPRAG-woC consistently outperforms
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Backbone Model Method IIRC† SQA† OBQA MedMCQA
Query-only approaches

LLaMA3.2-1B
Vanilla 10.99 21.67 61.50 41.69
DyPRAG-woC 14.04 39.67 62.17 41.52
DuoPRAG-woC (Ours) 14.97 57.33 60.87 36.51

Qwen2.5-1.5B
Vanilla 8.78 1.00 72.11 42.97
DyPRAG-woC 10.23 15.67 71.50 44.42
DuoPRAG-woC (Ours) 12.88 56.67 70.33 44.35

LLaMA3-8B
Vanilla 13.23 33.33 74.68 59.67
DyPRAG-woC 18.16 45.67 75.33 59.92
DuoPRAG-woC (Ours) 18.59 67.33 75.67 60.67

In-context Approaches

LLaMA3.2-1B
Standard RAG 40.38 27.67 76.17 61.83
DyPRAG 41.91 50.33 74.50 62.50
DuoPRAG (Ours) 55.11 59.00 72.43 56.80

Qwen2.5-1.5B
Standard RAG 30.52 39.00 82.17 68.42
DyPRAG 38.25 43.33 83.17 66.79
DuoPRAG (Ours) 52.88 59.67 83.67 68.60

LLaMA3-8B
Standard RAG 43.27 45.67 83.26 75.42
DyPRAG 57.90 58.67 86.55 73.69
DuoPRAG (Ours) 65.15 72.67 86.53 75.83

Table 3: Out-of-distribution performance. IIRC: F1,
SQA: Acc, OBQA/MedMCQA: Recall (%). IIRC and
SQA baselines† are taken from Tan et al. (2025); all
other results, including OBQA and MedMCQA, are
obtained under our setup.

DyPRAG-woC and Vanilla across all three back-
bones, and even exceeds Standard RAG without
access to passages at inference time. In contrast,
on the knowledge-intensive OBQA and MedM-
CQA, which require specialized science or med-
ical facts, DuoPRAG-woC remains competitive
among query-only methods but falls below Stan-
dard RAG, indicating that Wknw alone does not yet
capture sufficiently fine-grained factual evidence.

5.4 Ablation Study

Knowledge LoRA Generator Variant. Table 4
tests whether DuoPRAG’s fusion framework
transfers across knowledge-LoRA genera-
tors, using D2L (Charakorn et al., 2026) and
DyPRAG (Tan et al., 2025). Under both genera-
tors, DuoPRAG improves over the corresponding
parametric baseline on every task and backbone,
confirming that the gain comes from the compo-
sition rather than a specific generator. Standard
RAG remains strongest on these single-passage
extractive tasks when the backbone has strong
in-context capability (Qwen3-4B, LLaMA-3-8B),
while the picture flips on Mistral-7B, where
Standard RAG lags behind its scores on other
backbones and DuoPRAGD2L-woC overtakes
it on all three tasks-suggesting that parametric
injection becomes more competitive when the
backbone exploits raw context less effectively.
This is consistent with recent findings that
hypernetwork-based parametric injection pro-
vides high-level semantic guidance but loses

Base LLM Method SQuAD DROP ROPES

Mistral-7B-v0.2-Inst.
Standard RAG 45.60 20.40 24.50
D2L-woC 31.10 14.40 19.00
DuoPRAGD2L woC 51.50 32.60 55.90

Qwen3-4B
Standard RAG 73.00 40.60 73.30
D2L-woC 30.40 14.00 21.20
DuoPRAGD2L woC 56.10 29.30 62.40

LLaMA-3.2-1B-Inst.
Standard RAG 57.30 23.00 52.60
DyPRAG-woC 11.00 11.00 40.70
DuoPRAGDyPRAG woC 13.10 19.10 43.90

Qwen-2.5-1.5B-Inst.
Standard RAG 56.00 24.30 43.30
DyPRAG-woC 8.80 5.50 27.20
DuoPRAGDyPRAG woC 17.00 16.70 47.10

LLaMA-3-8B-Inst.
Standard RAG 70.20 36.40 74.20
DyPRAG-woC 13.20 9.80 39.80
DuoPRAGDyPRAG woC 23.10 20.60 57.30

Table 4: Results on the Doc-to-LoRA
dataset (Charakorn et al., 2026) (F1, %).

Setting LLaMA-3.2-1B Qwen-2.5-1.5B LLaMA-3-8B
EM / F1 EM / F1 EM / F1

DuoPRAG-woC 29.46 / 35.79 29.42 / 35.36 38.04 / 44.22

w/o (M, g)
Φknw : DyPRAG 16.95 / 23.08 18.01 / 24.03 23.29 / 30.69
Φknw : PRAG 16.16 / 23.09 19.71 / 26.55 9.73 / 19.49

Branch choice Φknw : DyPRAG
w WDirect 24.77 / 30.59 26.08 / 31.36 26.78 / 32.27
w WExplicit 20.52 / 26.27 21.17 / 25.98 28.25 / 34.51
only Wrsn, no Φknw 17.60 / 23.26 18.31 / 24.42 23.79 / 31.10

Table 5: Fusion and branch-choice ablation across base
LLMs (Avg EM / F1, %).

fine-grained passage details (Tang et al., 2025),
while in-context retrieval preserves token-level
evidence that stronger backbones exploit more
effectively.

Fusion Component Ablation. Table 5 summa-
rizes per-backbone averages over the four bench-
marks; full per-benchmark results are reported
in Appendix B.1. We compare DuoPRAG-woC
against three variants: reasoning-only (no knowl-
edge branch), and direct-answer and explicit-CoT,
which replace the latent reasoning branch with a
plain LoRA trained (Stage 1/2) to emit only the an-
swer or a verbalized reasoning chain. DuoPRAG-
woC achieves the best average score, while every
variant without learned fusion drops sharply. The
direct-answer and explicit-CoT variants outper-
form the reasoning-only setting on some datasets
but still fall far below DuoPRAG-woC on average.
This supports the central claim that performance
depends not only on the presence of reasoning and
knowledge LoRAs, but also on the learned rank-
level and token-level routing.

Fusion Attribution Variants. Retraining only
Stage 2 from the same Stage-1 checkpoint with
identical data and hyperparameters, we compare
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Setup 2WikiMHQA HotpotQA PopQA CWQ Avg.

DuoPRAG (full) 29.93 / 37.17 21.22 / 29.26 30.67 / 30.67 36.00 / 46.08 29.46 / 35.79
Mask only 24.40 / 31.63 21.33 / 28.61 15.33 / 16.39 32.67 / 40.97 23.43 / 29.40
Gate only 27.47 / 35.19 20.22 / 27.43 25.00 / 25.89 35.33 / 42.56 27.00 / 32.77
Scalar gate 28.07 / 35.82 20.89 / 27.58 24.00 / 24.89 35.00 / 42.05 26.99 / 32.58
Token-independent gate 26.40 / 34.13 20.55 / 27.77 23.33 / 24.22 35.33 / 42.37 26.40 / 32.12
Parameter-controlled additive 34.00 / 39.63 21.11 / 26.99 20.33 / 20.33 32.67 / 42.42 27.03 / 32.34

Table 6: Fusion-attribution Variants on Llama3.2-1B (EM / F1, %).
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Figure 3: Simple QA vs. Reasoning QA on Qwen2.5-
1.5B.

fusion attribution variants in Table 6. The results
yield three findings. (1) Neither component alone
suffices: mask-only and gate-only both fall short
of the full fusion; the combination is what works.
(2) Gating granularity matters: the scalar gate and
the sample-level token-independent gate also un-
derperform, so a fixed coefficient or per-sample
routing cannot substitute for token-conditional,
rank-wise modulation. (3) The gain does not come
from parameter count: the additive variant, despite
slightly more parameters than DuoPRAG, trails
on average. We note it does surpass the full model
on 2WikiMHQA. However, it is lower on the other
three benchmarks and notably unstable on PopQA.
The multiplicative token-conditional gate main-
tains a consistent average advantage. Full Details
of the variants are provided in Table 13 and Ap-
pendix C.

5.5 Analysis

CoT Demonstration Sensitivity. Under an iden-
tical generation budget (128 new tokens for
2WikiMHQA/HotpotQA, 20 for PopQA/CWQ)
and the same few-shot CoT prompt (refer to Ap-
pendix A.3, no passages), DuoPRAG answers in
only ∼4 tokens, over 20× shorter than PRAG
and DyPRAG, which echo the lexical CoT pat-

K = 1 K = 4 K = 8 K = 16
Number of latent reasoning steps K

20

25

30

35

40

45

F1
 (%

)

2WikiMultiHopQA
HotpotQA

ComplexWebQ
PopQA

Figure 4: We retrain DuoPRAG-woC end-to-end for
K ∈ {1, 4, 8, 16} on LLaMA3.2-1B, varying only the
number of latent reasoning steps.

tern of the exemplars before producing an answer
(Fig. 5). This brevity reflects a design choice: Duo-
PRAG decouples reasoning from lexical CoT and
carries it out in K latent tokens, so the surface
output collapses to the final answer span. Consis-
tent with this, under the original PRAG chat pro-
tocol (Table 11), DuoPRAG-woC retains its lead
on LLaMA-3.2-1B and Qwen-2.5-1.5B, and on
LLaMA-3-8B it achieves the highest EM while
trailing PRAG-woC by 0.7 F1, an expected trade-
off since larger backbones benefit more from CoT
exemplars that DuoPRAG omits by design.

Latent Count K Analysis. We retrain DuoPRAG
end-to-end for K ∈ {1, 4, 8, 16} on LLaMA-1B,
varying only the number of latent reasoning steps
(Fig. 4). Performance is stable across the entire
range, indicating that DuoPRAG is robust to the
choice of K and that gains do not depend on a
specific budget of latent steps. We adopt K=4 for
its favorable accuracy-cost trade-off.

Output Length under CoT Prompts. PRAG
and DyPRAG compute loss over the entire CoT–
answer sequence, tightly coupling their outputs to
the lexical CoT format seen during training. Duo-
PRAG instead performs reasoning through K la-
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Variant CKA (↓, avg. over 4 benchmarks) Avg. F1

Full (DuoPRAG) 0.031 35.79
Gate only 0.105 32.77
Mask only 0.917 29.40
Independently trained LoRAs (naive addition) 0.910 23.08

Table 7: Linear CKA and average F1 score for fusion
variants on LLaMA-3.2-1B. CKA is averaged over four
benchmarks.

tent tokens integrated with the knowledge LoRA
via rank-wise fusion (§4.4). Under the same few-
shot CoT prompt at inference (Appendix A.3, no
passages, identical generation budget), this de-
sign manifests in a sharp behavioral gap: PRAG
and DyPRAG keep producing verbose CoT-style
sequences even after reaching the answer, while
DuoPRAG outputs only the answer (Fig. 5). This
gap is not a side-effect to be controlled away
by aligning DuoPRAG’s training objective with
PRAG/DyPRAG. Doing so would replace Duo-
PRAG’s latent reasoning supervision with surface
CoT supervision, collapsing the very architectural
distinction we evaluate. The gap is the contribu-
tion: lexical CoT triggers no longer steer output.

Linear CKA Analysis. Table 7 reports linear
CKA between the two branches for each fusion
variant. The motivation for using CKA and its
mathematical details are given in Appendix D.
High CKA indicates that the two branches orga-
nize token-to-token similarity in a similar way and
thus encode redundant information, whereas low
CKA indicates that they capture distinct, comple-
mentary information. Independently trained Lo-
RAs with naive addition and the mask-only vari-
ant both show high CKA and low average F1. In
contrast, full DuoPRAG and the gate-only vari-
ant show low CKA and higher average F1. These
results suggest that the rank-specific gate is the
component that drives the two branches to encode
distinct and complementary information. Notably,

Method
Knowledge

injection (ms)
Latent

reasoning (ms)
Answer

generation (ms) Total (ms)
Avg. output

tokens F1

Q-only – – 1,750 1,750 128 22.87
PRAG 26 – 1,506 1,533 72 25.92
DyPRAG 126 – 2,380 2,506 128 29.91
DuoPRAG 141 114 120 375 4 37.17

Table 8: Efficiency decomposition on 2WikiMulti-
hopQA with LLaMA-3.2-1B. All methods share the
same generation configuration with a 128 token cap.

the mask-only variant improves F1 over naive ad-
dition without reducing CKA, indicating that the
mask contributes through a different mechanism
than representational separation. The two compo-
nents thus play complementary roles, consistent
with our fusion attribution ablation above.

Efficiency Decomposition. Table 8 decomposes
per-query latency. All F1 scores are computed
after the official PRAG answer extraction post-
processing. Under an identical generation config-
uration, PRAG and DyPRAG overgenerate due to
their lexical CoT, with DyPRAG reaching the 128
token cap. In contrast, DuoPRAG spends 255 ms
on pre-answer latent computation (knowledge in-
jection and latent reasoning), which is more than
offset by its 4 token answer generation, yielding
4.1–6.7× lower total latency at the highest F1,
demonstrating that it is not only more accurate but
also substantially more efficient than the compared
parametric RAG methods.

6 Conclusion

We empirically identified important limitations
of existing parametric RAG framework and pre-
sented Duo Parametric RAG (DuoPRAG), a
framework that disentangles parametric knowl-
edge from reasoning by inserting two specialized
LoRA branches and integrating them effectively
through a rank duo mask and a rank-specific gate.
Unlike prior parametric RAG methods that rely on
lexical CoT for reasoning, DuoPRAG employs a
dedicated reasoning LoRA with latent reasoning
tokens, mitigating knowledge conflict and remov-
ing the need for lexical CoT at training and infer-
ence time. Across open-domain QA benchmarks
including both single-hop and multi-hop reason-
ing, DuoPRAG improves over existing paramet-
ric RAG approaches and is particularly effec-
tive on reasoning-heavy QA, although it does not
uniformly replace standard RAG on knowledge-
intensive tasks. Out-of-domain evaluation further
shows that our method remains competitive be-
yond the training distribution.
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Limitations

DuoPRAG effectively adapts the base LM’s rea-
soning capability and avoids the three failure
modes in outputs. Like other parametric RAG
methods, its competitiveness against in-context re-
trieval is bounded by current hypernetwork-based
encoders, which capture document-level seman-
tics but lose fine-grained details (Tang et al.,
2025); improving passage-to-parameter compres-
sion is a natural direction for future work. We also
observe degradation on out-of-domain tasks that
demand very specific factual knowledge from the
retrieved passages. Finally, our evaluation is lim-
ited to open-domain QA. Whether the proposed
two-branch parameter-level fusion generalizes to
other reasoning-intensive settings, such as multi-
step mathematical reasoning, code reasoning, and
decision-driven agentic pipelines, remains an open
question for future work.
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A Experimental Details

A.1 Evaluation Benchmarks and Training
Data

In-Domain Benchmarks. Following prior
work (Su et al., 2025a; Tan et al., 2025), we
evaluate on four QA benchmarks that jointly
assess multi-hop reasoning and fact-based
question answering. (1) 2WikiMultiHopQA
(2WQA) (Ho et al., 2020) requires combining
information across two or more Wikipedia articles
via inter-entity relations, with evidence triples
and reasoning paths provided to verify multi-step
inference. (2) HotpotQA (HQA) (Yang et al.,
2018) tests multi-hop reasoning over distinct
Wikipedia paragraphs, covering both bridge and
comparison questions with supporting-sentence
annotations. (3) PopQA (PQA) (Mallen et al.,
2023) is a single-hop, fact-centric benchmark
automatically built from Wikidata triples, empha-
sizing knowledge recall and entity disambiguation
across a wide popularity range. (4) ComplexWe-
bQuestions (CWQ) (Talmor and Berant, 2018)
extends WebQuestionsSP (Yih et al., 2016) with
compositional operators (conjunction, compo-
sition, comparatives, superlatives), evaluating
multi-step reasoning together with web-scale
retrieval.

Out-of-Domain Benchmarks. To examine gen-
eralization beyond the training distribution, we
additionally report results on four out-of-domain
(OOD) benchmarks spanning implicit reason-
ing, incomplete-context QA, commonsense rea-
soning, and domain-specific medical knowledge.
(1) StrategyQA (SQA) (Geva et al., 2021) is
a yes/no benchmark whose reasoning steps are
not stated in the question and must be inferred
via implicit decomposition, with human-annotated
Wikipedia evidence. (2) IIRC (Ferguson et al.,
2020) contains ∼13K Wikipedia-grounded ques-
tions whose context paragraph is only partially
informative, requiring retrieval of missing evi-
dence from linked documents. Answer types in-
clude extractive spans, numbers requiring dis-
crete reasoning, binary answers, and unanswer-
able questions. (3) OpenBookQA (OBQA) (Mi-
haylov et al., 2018) is a multiple-choice dataset
based on WorldTree (Jansen et al., 2018) science
facts, probing commonsense reasoning by com-
bining a given fact with broader world knowledge.
(4) MedMCQA (MQA) (Pal et al., 2022) is a large-

Stage Dataset Used Train (orig.) %

Stage 1

SQuAD 7,933 87,599 9.1
DROP 6,830 77,400 8.8
PWC 21,739 241,564 9.0
ROPES 963 10,924 8.8
NaturalQuestions 7,200 79,168 9.1

Total 44,665 496,655 9.0

Stage 2

2WikiMultiHopQA 900 167,454 0.5
HotpotQA 540 90,447 0.6
PopQA 180 14,267 1.3
CWQ 179 27,639 0.6

Total 1,799 299,807 0.6

Table 9: Training data composition. All samples
are augmented with reasoning steps generated by
Qwen3.5-27B using Figure 7. The Stage 2 datasets
are taken from the official DyPRAG GitHub reposi-
tory (Tan et al., 2025).

scale multiple-choice medical QA dataset from In-
dian medical entrance exams, testing generaliza-
tion to a specialized professional domain far from
training.

Training Data. We adopt a two-stage training
strategy. Stage 1 uses single-passage QA data to
pre-train implicit reasoning ability, while Stage
2 uses multi-hop QA data to jointly train the
dual-LoRA architecture. Each training example is
constructed by augmenting the original question-
answer pair with a multi-step reasoning trajectory
generated by Qwen3.5-27B*, which serves as the
reference for the latent reasoning supervision term
Lstep. Per-dataset usage ratios are reported in Ta-
ble 9. To rule out potential test-set leakage, we
cross-check the original question IDs (qids) of all
training examples against those of the evaluation
sets and confirm no overlap.

A.2 Training Details

Component Stage 1 Stage 2

Data 44,665 samples 1,799 samples
Initialization from scratch Stage 1 ckpt (step 2,792)
Trainable Wrsn, prj, embed, aux dec + mask M , gate g
Frozen base LM base LM, Wknw (DyPRAG)
LR (main) 1× 10−4 1× 10−5

LR (aux dec) 2× 10−5 1× 10−5

LR (M , g) – 1× 10−3

Scheduler cosine, 150 warmup cosine, 50 warmup
Weight decay 0.01 0.0
Grad accum 4 4
Distributed data parallel 8 8

Table 10: Training configuration for Stage 1 (reasoning
LoRA pretraining) and Stage 2 (DuoPRAG joint train-
ing).

All experiments are conducted on 8× NVIDIA
RTX A6000 GPUs, with the base LM kept

*https://huggingface.co/Qwen/Qwen3.5-27B
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frozen throughout. For the main experiments,
we use LLaMA-3.2-1B-Instruct, Qwen-2.5-1.5B-
Instruct, and LLaMA-3-8B-Instruct. For the
D2L generator experiments, we additionally use
Mistral-7B-Instruct-v0.2 (Jiang et al., 2023) and
Qwen3-4B-Instruct-2507 (Qwen Team, 2025).

Optimization. We use AdamW with the
LR/scheduler/weight-decay settings in Table 10
and gradient clipping at max-norm 1.0. All
training is performed with random seed 42.

Components. The reasoning LoRA Wrsn is ap-
plied to {gate-proj, up-proj, down-proj} with rank
2, α = 32. The auxiliary decoder Dη is a copy
of the base LM equipped with LoRA (rank 8,
α = 16) on {q-proj, v-proj}. We use K = 4 la-
tent reasoning tokens and learnable embeddings
for the three special tokens (⟨bot⟩, ⟨eot⟩, latent).
The knowledge LoRA Wknw is the DyPRAG (Tan
et al., 2025) parameter translator (rank 2) and is
frozen throughout.

Two-stage procedure. As shown in Figure 10,
Stage 1 trains Wrsn, the latent projector, special-
token embeddings, and Dη from scratch. Stage 2
resumes from the Stage 1 checkpoint, additionally
introduces the rank-mask M and token-gate g, and
trains them jointly with the Stage 1 components
while keeping Wknw frozen. M is initialized to
all-ones and the token-gate projections g are zero-
initialized.

A.3 Inference Settings

All experiments use the Hugging Face implemen-
tations of LLaMA, Qwen, and Mistral. For a fair
comparison, DuoPRAG and all baselines share the
same prompt template (Fig. 11, 12, 13) follow-
ing Tan et al. (2025), and we use greedy decoding
for reproducibility. The maximum number of new
tokens is set to 128 for multi-hop tasks and 20 for
single-hop tasks.

Chat-mode evaluation. Table 11 evaluates the
same DuoPRAG-woC model from our main re-
sults under the chat protocol (Fig. 13), whose
prompt format differs substantially from the train-
ing format (Fig. 11). Despite this train-evaluation
mismatch and without any retrieved passages at in-
ference, DuoPRAG-woC attains the highest aver-
age EM on all three backbones, outperforming ev-
ery prior baseline, including those evaluated with
retrieved context. These results indicate that the
gains of DuoPRAG are robust to the evaluation

prompt format, rather than an artifact of train-
evaluation alignment.

A.4 Supervision is matched to each method’s
own design, not withheld from baselines

PRAG and DyPRAG are trained and evalu-
ated with the manually written IR-CoT few-
shot demonstrations (Trivedi et al., 2023), exactly
as in their official setups. DuoPRAG’s teacher-
generated trajectories are not an extra distillation
layered on top. They are module-specific supervi-
sion required to train the reasoning LoRA, a com-
ponent the baselines do not have. We do not claim
the two supervision forms are identical; rather,
each method receives the guidance its own de-
sign prescribes, so neither baseline is disadvan-
taged relative to its original proposal.

B Additional Ablation Experiment
Results

B.1 Fusion Component Ablation

Table 12 ablates the two design choices underlying
the dual-LoRA composition of DuoPRAG-woC:
(i) retaining the learned latent reasoning branch
Wrsn alongside the knowledge branch Φknw, and
(ii) fusing them via the learned rank-mask M and
token-gate g rather than by naive concatenation.

Naive concatenation baselines. Rows under w/o
(M, g) reuse the Stage 1 checkpoint of DuoPRAG
with Wrsn frozen and set Φknw to either PRAG
or DyPRAG. They combine Wrsn and Φknw via
naive concatenation, without learning the rank-
mask M or token-gate g. These variants isolate the
contribution of the learned fusion.

Reasoning supervision baselines. Rows under
Branch choice Φknw: DyPRAG fix Φknw to
DyPRAG unless explicitly removed, and vary the
reasoning branch. The WDirect and WExplicit vari-
ants follow the same two-stage training sched-
ule as DuoPRAG, but replace the latent reason-
ing branch with a plain LoRA of matched tar-
get modules, rank, and scaling, differing only in
the Stage 1 and 2 supervision target. WDirect is
trained to emit the answer alone, carrying no rea-
soning and decoding only the answer tokens at in-
ference. WExplicit is trained on a verbalized chain
(“Let’s think step by step. [S1] . . . The
answer is X”), exposing reasoning as surface text
at the cost of roughly 30× more decoded tokens.
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Backbone 2WQA HQA PopQA CWQ Avg

LLaMA-3.2-1B 25.20 / 31.36 20.33 / 27.01 27.67 / 28.11 34.33 / 41.94 26.88 / 32.10
Qwen-2.5-1.5B 24.74 / 30.25 24.11 / 29.93 26.33 / 26.78 37.00 / 45.52 28.04 / 33.12
LLaMA-3-8B 29.80 / 35.83 28.56 / 36.81 39.00 / 39.39 39.33 / 49.19 34.17 / 40.30

Table 11: Performance of DuoPRAG-woC under the chat prompt mode (EM / F1, %). Following the original
PRAG protocol, multi-hop tasks (2WQA, HQA) use a CoT few-shot prompt and single-hop tasks (PopQA, CWQ)
use a direct prompt. Knowledge is still injected exclusively through Wknw (no passages in the prompt).

Base LLM Setting 2WikiMHQA HotpotQA PopQA CWQ Avg
EM / F1 EM / F1 EM / F1 EM / F1 EM / F1

LLaMA-3.2-1B

DuoPRAG-woC 29.93 / 37.17 21.22 / 29.26 30.67 / 30.67 36.00 / 46.08 29.46 / 35.79

w/o (M, g)
Φknw: DyPRAG 21.13 / 27.69 16.67 / 22.87 0.00 / 2.76 30.00 / 39.00 16.95 / 23.08
Φknw: PRAG 20.73 / 28.44 15.22 / 21.34 2.00 / 6.63 26.67 / 35.95 16.16 / 23.09

Branch choice Φknw: DyPRAG
w WDirect 34.20 / 39.66 16.89 / 22.74 17.33 / 17.67 30.67 / 42.29 24.77 / 30.59
w WExplicit 29.00 / 34.55 18.44 / 24.55 18.33 / 19.08 16.33 / 26.91 20.52 / 26.27
only Wrsn, no Φknw 20.93 / 26.96 18.11 / 24.27 0.67 / 3.62 30.67 / 38.20 17.60 / 23.26

Qwen-2.5-1.5B

DuoPRAG-woC 29.47 / 36.39 21.22 / 28.76 30.33 / 30.33 36.67 / 45.95 29.42 / 35.36

w/o (M, g)
Φknw: DyPRAG 22.27 / 29.04 17.44 / 24.41 0.67 / 2.92 31.67 / 39.76 18.01 / 24.03
Φknw: PRAG 21.60 / 28.02 18.56 / 24.80 5.00 / 11.16 33.67 / 42.23 19.71 / 26.55

Branch choice Φknw: DyPRAG
w WDirect 33.33 / 38.52 18.00 / 22.70 22.67 / 22.67 30.33 / 41.53 26.08 / 31.36
w WExplicit 26.80 / 33.02 17.89 / 23.40 18.00 / 18.69 22.00 / 28.79 21.17 / 25.98
only Wrsn, no Φknw 23.13 / 29.94 19.11 / 25.64 0.67 / 2.76 30.33 / 39.35 18.31 / 24.42

LLaMA-3-8B

DuoPRAG-woC 38.40 / 45.00 31.78 / 39.71 42.33 / 42.56 39.67 / 49.62 38.04 / 44.22

w/o (M, g)
Φknw: DyPRAG 24.40 / 31.37 22.78 / 30.86 6.67 / 12.01 39.33 / 48.51 23.29 / 30.69
Φknw: PRAG 7.13 / 20.27 4.11 / 11.75 0.67 / 5.42 27.00 / 40.51 9.73 / 19.49

Branch choice Φknw: DyPRAG
w WDirect 32.67 / 38.69 18.78 / 24.16 20.67 / 20.89 35.00 / 45.36 26.78 / 32.27
w WExplicit 35.80 / 42.72 23.55 / 31.24 19.33 / 20.23 34.33 / 43.84 28.25 / 34.51
only Wrsn, no Φknw 23.73 / 29.90 26.11 / 34.69 4.33 / 8.58 41.00 / 51.24 23.79 / 31.10

Table 12: Fusion component ablation of DuoPRAG (EM / F1, %). Setting labels follow Table 5: rows under w/o
(M, g) drop the learned fusion; Φknw denotes the knowledge branch choice; rows under Branch choice Φknw:
DyPRAG replace or remove the reasoning/knowledge branch while fixing Φknw to DyPRAG unless noted.

The only Wrsn, no Φknw row keeps the latent rea-
soning branch but removes the knowledge branch.

Full DuoPRAG-woC is consistently best.
DuoPRAG-woC achieves the highest average
EM/F1 across all three backbones, confirming
that Wrsn, Φknw, and the learned fusion (M, g)
are complementary: removing or replacing any
one of them degrades performance.

Learned fusion is critical. Replacing (M, g)
with naive concatenation consistently degrades
performance, even when Φknw is set to DyPRAG,
showing that simply summing the two LoRA up-
dates is suboptimal. The WDirect and WExplicit

variants further confirm that supervision format
alone cannot compensate: despite following the

same Stage 1 and Stage 2 schedule, both re-
main below DuoPRAG-woC. Together, these re-
sults show that the rank-mask M and token-gate g
are needed to align Wrsn and Φknw updates along
the rank axis, not merely combine them.

Both branches are indispensable. Removing the
knowledge branch also degrades performance sub-
stantially: the only Wrsn, no Φknw variant yields
near-zero EM on PopQA across all base LMs, re-
flecting the absence of injected entity-level knowl-
edge. Only when Wrsn and Φknw are fused
through (M, g) does the model jointly recall fac-
tual knowledge and apply the reasoning needed to
chain it.
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Figure 6: Similarity between independently constructed and trained reasoning (Wrsn) and knowledge (Wknw)
LoRAs, measured at the down_proj projection of LLaMA-3.2-1B and averaged over four multi-hop/QA datasets:
(a) cosine similarity vs. CKA at the output layer; (b) layer-wise CKA.

Variant Description Branch output om,j

Full DuoPRAG mask + token-conditional gate, gm,j = σ(Gmhj) Bm(Mm ⊙ zm,j ⊙ gm,j)

Mask only gate removed Bm(Mm ⊙ zm,j)

Gate only mask removed Bm(zm,j ⊙ gm,j)

Scalar gate learnable scalar replaces the token-conditional gate Bm(Mm ⊙ zm,j)σ(αm)

Token-independent gate one gate per sample, ḡm = σ(GmPool(Hprompt)), shared
across tokens

Bm(Mm ⊙ zm,j ⊙ ḡm)

Parameter-controlled additive additive term replaces the multiplicative gate; 10.37M params
vs. DuoPRAG’s 10.17M

Bm(Mm ⊙ (zm,j + Pmhj))

Table 13: Variant ablation of DuoPRAG. Each variant modifies the masking or gating mechanism applied to the
rank-space representation zm,j .

C Fusion Attribution Details

Variant definitions. Let m ∈ {knw, rsn} in-
dex the branch, j denote the token position, and
Mm ∈ Rr denote the rank-level mask. For each
branch, the rank-space representation and aggre-
gated output are defined as

zm,j = Amhj , ∆hj =
∑

m∈{knw,rsn}
om,j .

(14)
We ran the ablation variants of DuoPRAG un-

der identical conditions (See Table 13 for details):
starting from the same Stage-1 checkpoint, with
training data and hyperparameters held fixed, we
re-trained only Stage 2 for each fusion variant and
evaluated it with the same protocol as our main
experiments (Table 2).

D Centered Kernel Alignment Analysis

Why CKA? A single LoRA that must jointly
learn factual knowledge and reasoning behavior
carries two distinct signals on the same limited

rank dimensions, and its expressivity is known to
be constrained by rank (Zhang et al., 2023; Liu
et al., 2024; Zeng and Lee, 2024). In high dimen-
sional representation spaces, two branches can ap-
pear nearly orthogonal as individual directions
while still sharing the same dimensions in how
they organize token-to-token similarity. Direction-
level metrics such as cosine similarity cannot de-
tect this form of overlap, so we use Centered Ker-
nel Alignment (CKA) (Gretton et al., 2005; Korn-
blith et al., 2019), which compares two representa-
tions by how much they share this token-to-token
similarity structure.

Definition. For representation matrices X,Y cen-
tered along the token axis, linear CKA is

CKA(X,Y ) =
∥X⊤Y ∥2F

∥X⊤X∥F ∥Y ⊤Y ∥F
, (15)

which lies in [0, 1]: values near 1 indicate that the
two representations organize token-to-token simi-
larity in the same way, values near 0 indicate min-
imal shared structure. CKA makes it better suited
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than cosine similarity for this comparison.

Observation. We separately construct a knowl-
edge LoRA from retrieved passages and train a
reasoning LoRA for latent reasoning tokens, with-
out any differentiation constraint, and measure
similarity between the two branches (Fig. 6). At
the output layer, cosine similarity is ≈ 0 at both
the weight (∆W=BA, 0.00) and activation (0.01)
levels, yet CKA reaches 0.92: the two branches ap-
pear disentangled under cosine but organize token-
to-token similarity almost identically. This overlap
is negligible in intermediate layers and emerges al-
most entirely at the output layer. Such redundancy
suggests that the two signals interfere when they
share the same rank dimensions, motivating our
explicit differentiation of the two branches via the
rank duo mask and rank-specific gates.

E Non-causal CoT Sensitivity Analysis

Using LLaMA-3.2-1B-Instruct, we ran four con-
trolled interventions (perturbing exemplars, trig-
gers, stop rules, and answer extraction) on 2Wiki-
MultihopQA, the benchmark where multi-hop
CoT prompting matters most. All comparisons use
a fully matched setup: fixed per-query passage and
knowledge parameters, an identical chat template,
unified greedy decoding and stop rules, and the of-
ficial PRAG extractor for all methods.

Exemplars and triggers. We cross exemplar
presence (8-shot CoT) × trigger presence ("Let’s
think step by step"). DuoPRAG’s native condition
is P00, PRAG/DyPRAG’s is P11. See Table 14
for details. The baseline’s benefit is attributable
almost entirely to the exemplars, not the trigger.
The trigger alone lengthens output while roughly
halving F1, so longer lexical reasoning does not by
itself recover the exemplar benefit. The matched-
prompt cells rule out the alternative explanation
that DuoPRAG merely benefits from a favorable
native prompt. Results are also robust to trigger
wording: two semantically equivalent paraphrases
shift EM by ≤1.6 for all methods.

Perturbing exemplars content. Table 15 reports
EM and F1 for each perturbation, with the trig-
ger fixed to native. For the baselines, exemplar
presence matters most. Removing exemplars costs
PRAG 16.3 EM and removing rationales costs it
20.2 EM, with comparable drops of 15.5 and 16.9
EM for DyPRAG. Format mismatch has a smaller
and less consistent effect. PRAG loses 3.1 EM un-

der mismatched rationale and 4.0 EM under mis-
matched CoT, while DyPRAG loses 2.5 EM un-
der mismatched CoT but gains 1.9 EM under mis-
matched rationale. Corrupting facts or demonstra-
tion answers within a structurally coherent exem-
plar causes no degradation at all, and the wrong-
answer row improves every system, which sug-
gests a property of the condition rather than of
any one model. Whether exemplars are present
therefore matters far more than whether their for-
mat aligns with the task, and format alignment in
turn matters far more than whether their content is
correct. This ordering extends the finding of Min
et al. (2022) to the parametric-RAG setting. Out-
put length also stays near-constant at around 4.6
tokens, consistent with reasoning performed la-
tently rather than from lexical CoT.

Stop rules and answer extraction. To control
for this factor, we use the same stopping crite-
rion for all methods and conditions: generation ter-
minates upon EOS token or when the maximum
number of new tokens is reached. Across all 17
conditions, DuoPRAG generates only 4.5–4.8 vis-
ible tokens on average and never reaches the to-
ken limit, demonstrating that its results are invari-
ant to the maximum-generation cap. Although the
baselines reach the cap in some settings (up to
50–70% of generations in the most affected cells),
the answer-bearing phrase "the answer is" is typi-
cally generated before truncation. Moreover, their
performance under the native condition closely
matches that obtained with their official evaluation
setup. These observations indicate that truncation
is not the binding constraint and does not explain
DuoPRAG’s performance gains.

F Parameter-matched Baseline

We counted the trainable parameters of all im-
plemented methods and added parameter-budget-
controlled comparisons (Table 16). We report both
the injected LoRA update ∆W and the total train-
able parameters, as the two differ across methods.

DuoPRAG’s budget, bracketed from below and
above. DuoPRAG uses 10.17M trainable parame-
ters in total (two rank-2 LoRAs plus mask and gat-
ing). To control for this, we scaled PRAG to r=16
(7.86M, just below our budget) and r=32 (15.72M,
55% above it). Both fall substantially short of
DuoPRAG: 29.72 and 29.36 avg. F1 vs. our 35.79,
and this despite PRAG training a fresh adapter
per document, while our reasoning components
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Prompt condition PRAG DyPRAG DuoPRAG

EM F1 EM F1 EM F1

P00: no exemplar, no trigger 9.67 18.31 5.87 19.21 27.73 34.01
P01: trigger only 6.33 9.94 6.53 10.03 26.93 33.26
P10: exemplar only 22.20 27.96 22.20 27.78 25.20 31.21
P11: exemplar + trigger 22.66 28.42 22.07 27.57 25.60 31.80

Table 14: Exemplars and triggers: 2× 2 factorial analysis of prompt composition (EM / F1). PRAG and DyPRAG
depend heavily on in-context exemplars, whereas DuoPRAG remains stable across all four conditions.

Exemplar condition Perturbs PRAG DyPRAG DuoPRAG

EM F1 EM F1 EM F1

correct (native) (reference) 22.66 28.42 22.07 27.57 25.60 31.80

none presence 6.33 9.94 6.53 10.03 26.93 33.26
answer-only rationale presence 2.47 17.40 5.13 17.72 27.74 33.45
mismatched rationale format alignment 19.53 25.31 24.00 29.47 25.00 31.33
mismatched CoT format alignment 18.67 23.63 19.53 24.17 24.67 31.31
invalid rationale (wrong facts, correct answer) factual validity 23.07 29.14 23.87 29.55 25.33 31.39
wrong answer (type-matched) answer correctness 25.00 31.32 24.53 30.35 28.87 35.10
plausible-but-wrong CoT both 25.73 31.46 23.80 29.32 28.07 33.81

Table 15: Exemplar content (EM / F1, trigger fixed to native). The correct (native) row is the unperturbed reference.
Each subsequent row perturbs the property named in the second column.

are trained once and shared. Notably, performance
does not improve from r=16 to r=32, indicating
saturation rather than under-parameterization.

A competitor already exceeds our budget.
DyPRAG at its default r=2 already trains 37.75M
parameters (3.7× DuoPRAG) for its shared hyper-
network, yet reaches only 27.57 avg. F1; scaling
it to r=8 (132.1M) further drops F1 to 24.53. To-
gether, these results indicate that across both base-
lines, more trainable parameters do not translate
into gains, and that DuoPRAG’s improvements
stem from its architecture rather than from param-
eter count.

G Cross-benchmark score overview

We provide two visualizations to summarize Duo-
PRAG’s behavior across benchmarks.

Simple vs. multi-hop QA. Figure 8 contrasts
simple, single-hop QA (x-axis) against task-
matched multi-hop reasoning QA (y-axis), pairing
PopQA with 2WikiMultiHopQA and CWQ with
HotpotQA across the three backbones. DuoPRAG
(red) consistently lies toward the upper-right,
advancing simple and reasoning tasks jointly,
whereas the baseline and prior parametric-RAG
variants tend to improve along only one axis.

In-domain vs. OOD. Figure 9 gives a compact
view of the overall score landscape across in-
domain (§5.2) and OOD evaluations (§5.3), with
points closer to the upper-right indicating stronger
performance on both axes. The two axes are not in-
tended to imply any predefined semantic pairing.
They show how each method’s scores distribute
across benchmark groups and backbones.

H Reasoning step augmentation prompt

We augmented the reasoning steps in the training
data using the prompt template in Figure 7. Given
a passage, question, and gold answer, the prompt
instructs the model to generate passage-grounded
step-by-step reasoning and to output the given an-
swer verbatim in the final line.

I Case Study

To qualitatively examine DuoPRAG’s behavior,
we present representative successful and failed ex-
amples on 2WikiMHQA in Tables 17 and 18. Pas-
sages are encoded into Wknw rather than placed in
the prompt, and the model reasons over K latent
tokens. The final answer is shown below, and the
italicized line annotates the implicit chain.

The successful cases (S1–S3) span different rea-
soning structures and different degrees to which
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Method r Inj. ∆W Learnable 2WQA HQA PopQA CWQ Avg.

EM F1 EM F1 EM F1 EM F1 EM F1

PRAG-woC 2 0.98M 0.98M/doc† 20.13 25.92 19.00 25.35 12.00 23.58 26.00 35.86 19.57 26.51
PRAG-woC 16 7.86M 7.86M/doc† 23.87 29.84 22.44 28.85 21.33 24.38 25.33 35.81 23.24 29.72
PRAG-woC 32 15.72M 15.72M/doc† 23.47 29.44 21.11 28.02 22.67 25.20 24.33 34.80 22.89 29.36
DyPRAG-woC 2 0.98M 37.75M‡ 24.27 29.91 19.56 25.97 7.33 11.33 28.33 36.86 21.57 27.57
DyPRAG-woC 8 3.93M 132.1M‡ 21.60 27.13 17.34 24.24 8.33 9.43 28.00 37.31 18.82 24.53

DuoPRAG-woC 2+2 1.97M 10.17M 29.93 37.17 21.22 29.26 30.67 30.67 36.00 46.08 29.46 35.79

Table 16: Parameter-budget-controlled comparison on LLaMA-3.2-1B-Instruct. PRAG with r = 16 and r = 32
provides lower- and over-budget controls around DuoPRAG’s 10.17M trainable parameters, respectively. † One
document-specific adapter trained per document; ‡ a single shared hypernetwork trained once.

the required facts appear in the internalized con-
text: S2 and S3 are fully supported by Wknw, while
S1 requires a leaf fact (the performer’s birthplace)
absent from the context. In each case DuoPRAG’s
two-branch composition, reasoning via Wrsn over
knowledge in Wknw and the base prior, produces
the correct answer.

The failure cases highlight two recurring pat-
terns. In F2 and F3, the required fact is absent from
Wknw and the answer must fall back on the base
prior, which fails for low-frequency entities at ei-
ther the bridge (F2) or leaf (F3) position. In F1, the
relevant facts are present in Wknw, but the predic-
tion returns the salient intermediate entity rather
than completing the second hop. We present these
as illustrative observations on a small set of exam-
ples rather than as systematic evidence.
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PROMPT: Reasoning Step Augmentation

Task instruction. You are given a passage, a question about the passage, and the correct answer. Generate a chain-of-
thought that uses the passage to derive the answer.

Generation rules.

• Each [S#] is one logical reasoning step.

• Each step should reference relevant evidence from the passage.

• The response must start with “Let’s think step by step.”

• The final line must be “The answer is <answer>” using the given answer verbatim.

• The model must output nothing else, including preambles or closing remarks.

Input fields.

Passage: {context}
Question: {question}
Answer: {answer}

Required output format.

Let’s think step by step.
[S1] <reasoning step that uses information from the passage>
[S2] <reasoning step>
...
The answer is <answer>

Figure 7: Prompt template used to augment training data with passage-grounded chain-of-thought reasoning.
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Figure 8: Each panel plots a simple question-answering task score (x-axis) against a task-matched multi-hop rea-
soning question-answering task score (y-axis), across three backbones (columns). Metrics are token-F1 for all
tasks. Marker color denotes the method family, and marker shape denotes the prompting setting: • query-only
inference without context, and ■ in-context inference with context prepended to the prompt. Upper-right is better.
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S1 — Bridge, context entity + parametric leaf (2WikiMHQA, compositional)
Q: Where was the performer of song I See You (Theme from Avatar) born?
Context (Wknw): “I See You (Theme from Avatar)” . . . the official theme song recorded by British singer Leona Lewis for
the 2009 film Avatar [. . . ]
hop 1: song → performer = Leona Lewis (from context); hop 2: Leona Lewis → birthplace (from parametric prior — not
in context).
DuoPRAG: London, UK Answer: London, UK

S2 — Comparison, both operands grounded (2WikiMHQA, comparison)
Q: Which film was released more recently, Toolbox Murders or I Met You in Naples?
Context (Wknw): Toolbox Murders [. . . 2004 . . . re-released as Toolbox Murders 2 in 2015]; I Met You in Naples . . . is a 1946
Italian musical melodrama film [. . . ]
compare the two release years (2004 vs. 1946), return the more recent.
DuoPRAG: Toolbox Murders Answer: Toolbox Murders

S3 — Two-hop, fully grounded (2WikiMHQA, compositional)
Q: Where was the place of death of Tamatoa VI’s father?
Context (Wknw): [Tamatoa VI’s father] married Tetua-nui Ha’amarurai . . . He died at Huahine in 1905. Tamatoa VI
. . . reigned on . . . Huahine [. . . ]
hop 1: subject → father; hop 2: father → place of death = Huahine (both in context).
DuoPRAG: Huahine Answer: Huahine

Table 17: Successful DuoPRAG cases (LLaMA-3-8B, closed-book). Above the dotted line is the input: the question
and the supporting facts internalized as the knowledge LoRA Wknw (condensed; [. . . ] marks elision).

F1 — Hop collapse: returns the intermediate entity (2WikiMHQA, inference)
Q: Who is Gaston, Duke of Orléans’s paternal grandmother?
Context (Wknw): Gaston, Duke of Orléans . . . was the third son of King Henry IV of France and his wife Marie de’ Medici
[. . . ]
required: father (Henry IV) → his mother (= Jeanne d’Albret). Model stops one hop short and returns the salient name in
context.
DuoPRAG: Marie de Medici Answer: Jeanne d’Albret
Analysis: Returns Gaston’s mother (directly stated) instead of the paternal grandmother; the two-hop kinship chain col-
lapses to one hop.

F2 — Parametric hallucination on a rare entity (2WikiMHQA, inference)
Q: Who is the father-in-law of T D?
Context (Wknw): T D . . . was the wife of Thiu Tr and mother of T Ðc [. . . ]
required: husband (Thiu Tr) → his father (= Minh Mng). Husband’s father is not stated; the bridge hop is unsupported.
DuoPRAG: Cao Pi Answer: Minh Mng
Analysis: The missing hop is filled from the parametric prior, emitting an unrelated East-Asian ruler (Cao Pi); knowledge
for this low-frequency entity was not reliably internalized in Wknw.

F3 — Correct bridge, wrong leaf fact (2WikiMHQA, compositional)
Q: What is the place of birth of the performer of song If You Want to Be My Woman?
Context (Wknw): “If You Want to Be My Woman” . . . written and recorded by American country artist Merle Haggard [. . . ]
hop 1: song → performer = Merle Haggard (correct, from context); hop 2: birthplace (parametric) — recalled incorrectly.
DuoPRAG: Camas Answer: Bakersfield, California
Analysis: Mirrors S1 in structure but the leaf parametric lookup fails: the bridge entity is right, yet the birthplace is wrong.

Table 18: Failure cases for DuoPRAG (LLaMA-3-8B, closed-book). Same layout as Table 17.
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Figure 10: Two-stage training pipeline. Stage 1 learns a Reasoning LoRA over latent reasoning tokens with super-
vision from a decoder LM, while a frozen hypernetwork translates retrieved documents into a Knowledge LoRA.
Stage 2 fuses the two LoRAs through rank-wise masks and input-dependent gates, producing a merged adapter for
answer prediction.

9488



Prompt Format of DuoPRAG

{question} → ⟨bot⟩ → z1 z2 · · · zK → ⟨eot⟩ → {answer}

Figure 11: Prompt format of DuoPRAG in our experiments.

Prompt Format of No-CoT

You should answer the question by referring to the knowledge provided below and integrating
your own knowledge.

Passage 1: {passages[0]}
Passage 2: {passages[1]}
Passage 3: {passages[2]}

Question: {question}
The answer is {answer}

Figure 12: Prompt format of No-CoT in our experiments.

Prompt Format of CoT

You should reference the knowledge provided below and combine it with your own knowledge to
answer the question. Please follow the format of the examples about how to answer the questions.

Question: fewshotq[0]
Answer: fewshota[0]
Question: fewshotq[1]
Answer: fewshota[1]
Question: fewshotq[2]
Answer: fewshota[2]
...

Here are some reference.
Passage 1: {passages[0]}
Passage 2: {passages[1]}
Passage 3: {passages[2]}

Let’s think step by step. Answer the questions in the same format as above.
Question: {question}
Answer: {answer}

Figure 13: Prompt format of CoT in our experiments.
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