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Abstract

Retrieval-Augmented Generation (RAG) has be-
come a standard approach for enhancing large
language models (LLMs) with external knowl-
edge, mitigating hallucinations, and improving
factuality. However, existing systems rely on gen-
erating natural language queries at each hop and
maintaining a strict architectural separation be-
tween retriever and generator, preventing them
from leveraging the full representational capacity
of the LLM. We propose LAnR (Latent Abstrac-
tion for RAG), a unified framework in which a
single LLM jointly performs encoding, retrieval,
and generation entirely within its own latent space.
Rather than generating textual queries, LAnR
produces dense retrieval vectors from the hid-
den states of a designated [PRED] token and
uses them to match against encoded document
representations from the same model. Further-
more, LAnR adaptively decides when sufficient
evidence has been retrieved using a lightweight
MLP control head over those same hidden states,
eliminating explicit token-level stopping reason-
ing. Extensive experiments on five QA bench-
marks spanning single-hop and multi-hop set-
tings demonstrate that LAnR outperforms existing
RAG methods, while achieving improved infer-
ence efficiency through reduced number of re-
trieval calls and tighter model integration.

1. Introduction

Retrieval-Augmented Generation (RAG) has emerged as
a standard paradigm for enhancing LLMs with external
knowledge, improving factuality, and mitigating hallucina-
tions (Asai et al., 2023a; Ge et al., 2023; Ram et al., 2023).
By retrieving relevant documents from external corpora
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and conditioning generation on this information, RAG sys-
tems enable LLMs to access up-to-date and domain-specific
knowledge beyond their parametric memory. Despite these
advantages, existing RAG frameworks exhibit several lim-
itations. First, they rely heavily on explicit text-based re-
trieval, where the model must generate natural language
queries to interact with a separate retrieval module. Second,
they enforce a strict architectural separation between the
retriever and the generator, often requiring independently
trained components or additional fine-tuning via reinforce-
ment learning (RL) or supervised fine-tuning (SFT) LLMs
to work with retrieval modules (Shi et al., 2025b; Jin et al.,
2025; Trivedi et al., 2023; Asai et al., 2023b). These design
choices introduce substantial computational overhead, limit
the full utilization of the LLM’s shared representational ca-
pacity, and increase inference latency due to the need for
explicit token-level generation at each step, illustrated in
Figure 1.

Recent advances in latent reasoning suggest an alterna-
tive paradigm, where LLMs perform reasoning directly
in hidden representation space rather than through fully
verbalized intermediate steps (Yue et al., 2025; Shi et al.,
2025a; Chen et al., 2025d; Xu et al., 2025b). Such ap-
proaches demonstrate that latent trajectories in hidden states
can encode rich reasoning processes without explicit to-
ken generation. However, this paradigm remains largely
unexplored in the context of retrieval-augmented systems
(Chen et al., 2025d). Extending latent reasoning to RAG is,
however, non-trivial. First, unlike standard reasoning tasks,
RAG lacks high-quality chain-of-thought supervision for
constructing retrieval queries, making it difficult to distill
text-based reasoning into latent representations (Hao et al.,
2024; Xu et al., 2025a). Second, existing RAG architectures
typically rely on separate embedding models for retrieval,
which necessitate explicit natural language queries. Con-
sequently, integrating both reasoning traces and retrieval
queries into a shared latent space requires a unified model
that simultaneously supports retrieval and generation.

To address these challenges, we propose a unified latent ab-
straction retrieval-augmented generation (LAnR) frame-
work, wherein retrieval is conducted directly within the
LLM’s internal representation space. Instead of generating
textual queries, the model produces latent query vectors
derived from the hidden states of designated special tokens
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[ Q: What is the home stadium of the team David ] .

Beckham last played for?

hink: First, | need to know the team David Beckham last
(=) |played for.
Search: David Beckham Career Q

[

eckham's professional club career began with Manchester
United, where he made his first-team debut in 1992 at age 17 ...
[He returned to Galaxy and won the MLS Cup in 2011 and 2012.
[Following a four-month stint at Paris Saint-Germain, he retired
in May 2013 after a 20 year career.

hink: David Beckham's last professional team was Paris Saint-
E] Germain. I'll find the stadium of Paris Saint-Germain.
Search: Paris Saint-Germain home stadium Q

he Parc des Princes is an all-seater football stadium in Paris,
France. It is located in the southwest of the French capital,

Jean-Bouin. The stadium has been the home of French
[football club Paris Saint-Germain FC since July 1974 ....
External
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@

lwithin the 16th arrondissement, directly opposite the Stade ’
B

2

0: What is the home stadium of the team David .
Beckham last played for?

Latent Query Vector

@ @ -O0000e

Beckham's professional club career began with Manchester

United, where he made his first-team debut in 1992 at age 17 ...

He returned to Galaxy and won the MLS Cup in 2011 and 2012. E
Following a four-month stint at Paris Saint-Germain, he retired O
in May 2013 after a 20 year career.

. @ ~Fe={00000

Uncertain ~ Certain,

he Parc des Princes is an all-seater football stadium in Paris,
France. It is located in the southwest of the French capital,
within the 16th arrondissement, directly opposite the Stade
|Jean-Bouin. The stadium has been the home of French
[football club Paris Saint-Germain FC since July 1974 ....
External
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Figure 1. Comparison between conventional RAG and LAnR for multi-hop QA. Conventional RAG performs explicit multi-hop
reasoning with intermediate text and queries, whereas LAnR uses latent-space query vectors from [PRED] and an MLP retrieval controller

for more efficient integrated reasoning.
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Figure 2. Comparison of inference time, generated tokens, and Exact Match accuracy between prior RAG methods and LAnR. Latent
retrieval reduces latency and token generation while maintaining strong performance.

[PRED]. These vectors are used to retrieve documents from
a vector database constructed using representations from
the same LLM, enabling tight integration between retrieval
and generation, detailed in Section 3. To support multi-
hop reasoning, we further introduce a lightweight multi-
layer perceptron (MLP) (Noriega, 2005) head that predicts
whether additional retrieval steps are necessary. This de-
sign is motivated by empirical observations that uncertainty
signals, such as entropy in the token distribution, correlate
with the need for further information acquisition, illustrated
in Appendix C. Extensive experiments across multiple
benchmarks demonstrate that our approach achieves supe-
rior performance compared to state-of-the-art RAG methods,
while significantly reducing inference latency due to mini-
mal text generated, illustrated in Figure 2 and eliminating
the need for serving a separately trained dense retriever.
We provide our code at the anonymous repository https:

//anonymous.4open.science/r/LAnR-48EF/.

‘We summarize our main contributions as follows:

1. We propose a novel latent RAG framework that lever-
ages the internal representation space of an LLM to
jointly perform document encoding, retrieval, and gen-
eration, thereby unifying these components within a
single architecture.

2. We design an implicit retrieval control mechanism,
implemented as a lightweight auxiliary head, which
use the LLM’s hidden representation to adaptively de-
termines the necessity of additional retrieval without
relying on explicit text-based reasoning.

3. We introduce a new approach for constructing retrieval
query vectors directly from the LLM’s latent represen-
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Figure 3. Overview of LAnR. Queries are injected into the LLM and combined with a [PRED] token to form a latent query from hidden
representations and retrieval control via a lightweight MLP head, after which the LLM generates answers from the retrieved context.

tations, eliminating the need for intermediate natural
language query generation.

2. Latent Query Construction

We begin by investigating latent query construction, where
the LLM bypasses explicit textual query generation and
instead produces a dense retrieval vector directly from its
hidden representations. To enable this capability, the LLM
is trained to internalize query formulation, allowing it to
infer search intent from the input and map it directly into
a retrieval vector. Formally, let x = (z1,...,27) denote
an input query token sequence and M an autoregressive
language model with last-layer hidden states h; € R%. We
append a designated token [PRED] to the input, forming
Z = (z1,...,z7, [PRED]). Through causal self-attention,
its hidden state attends to the full preceding context, yielding
a latent query vector:

q = hiprep] € R%. e

Optionally, N > 1 consecutive [PRED] tokens can be
appended, allowing the model to construct the query repre-
sentation over multiple latent steps, which promotes higher-
level abstraction and extends the LLM’s latent reasoning
process; we default to N=1 and study this design choice in
Appendix E.

Unlike prior LLM-based encoders (Wang et al., 2024;
BehnamGhader et al., 2024), where the query vector en-
codes a fully-formed textual query, here ¢ is produced by
the model’s own reasoning over context. This distinction

becomes essential in the multi-turn setting, detailed in Sec-
tion 3, where intermediate sub-queries have no canonical
textual form and must be inferred from the running context
of previously retrieved evidence. Each representation of
the document D; are obtained from the same model M via
last-token pooling (Cheng et al., 2024; Ge et al., 2023):

d; = kit e R )

Embedding queries and documents within a shared represen-
tation space induced by the same parameters eliminates the
need for a separate retriever and preserves the model’s gen-
erative capability for downstream answer production. We
train the [PRED] representation with a standard contrastive
objective (Wang et al., 2022; Chen et al., 2024):

exp (sim(q7 dt )/7')

exp(sim(q,d*)/7) + E;V;l exp(sim(q,d;)/7)

3)
where d is a positive document, {d]_ };\[:71 are hard nega-
tives mined from the model’s own retrieval errors and pe-
riodically refreshed following ANCE (Xiong et al., 2020),
sim(+, -) is cosine similarity, and 7 is a temperature param-
eter. This setup gives us a query vector at any point in the
model’s forward pass. Building on this foundation, Sec-
tion 3 introduces a multi-turn training objective designed to
leverage both properties effectively.

»CCL = — log

3. End-to-End Framework and Training
Objective

Building on the latent query construction in Section 2, we
extend the framework from single-step implicit retrieval to
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a multi-turn setting. The central challenge is to determine
when to trigger additional retrieval and what to retrieve at
each step, while relying solely on latent reasoning in hidden
space without generating intermediate text tokens. We ad-
dress both through: (1) an MLP-based retrieval control head
that decides whether further retrieval is necessary, and (2)
an adaptive contrastive target mechanism that dynamically
updates the retrieval objective based on remaining unre-
trieved evidence. We illustrate the overview of our method
in Figure 3.

Ateach retrieval turn » = 1,2, ... | R, the model constructs
a latent query from the current context, which now includes
both the original question and any previously retrieved doc-
uments, and decides whether to retrieve again or to proceed
with answer generation. Let ¢(") denote the accumulated
context at turn r:

o = (% D(l), D<2), o D(r—1))7

where D(®) denotes the set of top-K documents retrieved at
turn s. At each turn, we append [PRED] to (™) and extract
the latent query vector: ¢(") = h([;)RED] € R4, which is
used both for retrieval via similarity matching against the
document index, detailed in Equation 2 and as input to the
retrieval control head described below. The process repeats
until the control head signals termination or a maximum
number of turns R is reached, after which the model gener-
ates the final answer conditioned on the full accumulated
context ¢(F+1),

MLP-based Retrieval Control Head. An additional com-
ponent of our framework is a lightweight MLP head that
determines whether the currently retrieved evidence is suf-
ficient to answer the query, or whether additional retrieval
is required. At each turn r, the Retrieval Control Head fy
takes ¢(") as input and produces a binary decision:

97 = fo(¢")) = o(MLP(¢")) € [0,1], &)

where ¢ is the sigmoid function. A prediction §(") < 0.5
indicates that all necessary evidence has been retrieved and
the model should proceed to generation; (") > 0.5 signals
that additional retrieval is needed. The training label is
derived from the model’s own retrieval state. Let P denote
the full set of positive (gold) documents required to answer
the query, and R = DM U ... U D) the documents
retrieved up to turn r. The ground-truth label is:

0, ifPCRM
(r) — ’ = ) 5
Y {1, otherwise, ©)

i.e., the label is O (stop) when all positive documents have
been successfully retrieved, and 1 (continue) otherwise.
This self-supervised formulation requires no external oracle:

the signal is generated entirely from the model’s own re-
trieval accuracy at training time. The control head is trained
with binary cross-entropy:

R
Lo == Y[y 10g "+ 1=y ) log1=5)]. ©)

r=1

In the multi-turn setting, naively using the same contrastive
target at every turn is suboptimal: once a positive document
has been retrieved, it should no longer serve as the target for
subsequent queries. At turn 7, the set of leftover positive
documents is: P(") = P \ RE=D where R(®) = (). The
contrastive loss at turn r uses a positive document sampled
from P("):

exp (sim(qm , dt( )/T)

Egﬁ = —log

(N
where d+(") is the embedding of a document drawn from
P(). This steers each successive turn toward the missing
evidence, avoiding redundant retrieval. The full training
loss combines next-token prediction, multi-turn contrastive
retrieval, and the control head objective:

R
L=3"LE +Nxre + p Lo, ®)
r=1

where A and p are hyperparameters balancing the three ob-
jectives. LnTp denotes the standard next-token prediction
loss, which maintains the generative capability of the LLM.
We apply loss masking to retrieved tokens and [PRED]
tokens, so that the optimization objective is computed only
over tokens generated by the LLM, excluding retrieved con-
tent from gradient updates, following prior works (Jin et al.,
2025; Shi et al., 2025b).

Inference. During inference, the model performs iterative
retrieval beginning from the input query. At each step, the
model appends the [PRED] token, extracts the latent query
representation q(r), and feeds it into the retrieval control
head. If the controller predicts that additional retrieval is
needed (g<7‘> > 0.5), the model retrieves the top-K docu-
ments, appends them to the current context, and continues
the retrieval process. Otherwise, the model stops retrieving
and generates the final answer conditioned on the accumu-
lated evidence. To prevent unbounded retrieval, we impose
a maximum limit of R = 4 retrieval rounds. Additional
qualitative examples are provided in Appendix F.

4. Experiments

In this section, we investigate the following research ques-
tions (RQs):

RQ1. How effective is LAnR compared to conventional
agentic RAG systems in answer quality across single-hop

exp (sim(q(T), d+<r>)/7') + Z;\; exp (sim(q(T)7 d]_)/T) ’
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and multi-hop benchmarks, and can its implicit retriever
match text embedding models in retrieval accuracy?

RQ2. Does LAnR’s retrieval control head adaptively allo-
cate search hops based on query complexity, and does each
retrieval hop find relevant evidence more effectively than
text-based iterative search?

RQ3. Can LAnR reduce inference time by minimizing
retrieval iterations and improving efficiency through more
abstract query representations?

RQ4. What is the individual contribution of each training
objective (Lntp, LcL, Lew1) and the retrieval control head to
LAnR’s end-to-end performance?

4.1. Experimental Setup

Settings. We evaluate our method on five open-domain
QA benchmarks, including two single-hop datasets, Natural
Questions (NQ) (Kwiatkowski et al., 2019) and TriviaQA
(Joshi et al., 2017), and three multi-hop datasets: HotpotQA
(Yang et al., 2018), 2WikiMultihopQA (2Wiki) (Ho et al.,
2020), and MuSiQue (Trivedi et al., 2022). We report Exact
Match (EM) as the primary metric for answer generation.
For retrieval evaluation on datasets with ground-truth docu-
ments, we use Recall as the main metric.

We compare LAnR against three categories of methods: (1)
generation without retrieval, including direct LLM genera-
tion and supervised fine-tuning (SFT) without retrieval; (2)
single-hop retrieval methods, such as naive RAG (Lewis
et al., 2020) that retrieves once using the input query; and
(3) multi-hop retrieval approaches, including agentic and
iterative systems such as Search-ol (Li et al., 2025b), IR-
CoT (Trivedi et al., 2023), Search-R1 (Jin et al., 2025), and
AutoRefine (Shi et al., 2025b).

Implementation Details. To simulate a realistic re-
trieval setting, we remove ground-truth context from the
QA datasets and instead use the 2018 Wikipedia dump
(Karpukhin et al., 2020) as the external knowledge source.
By default, retrieval returns the top-k documents at each
step, with £ = 3 following the setting of Search-R1 for
fair comparison. All models are trained on the combined
NQ and HotpotQA dataset, following the setup of prior
works (Jin et al., 2025; Shi et al., 2025b). Detailed training
configurations are described in Appendix B.

4.2. Main Results

Overall Performance (RQ1). Table 1 reports EM ac-
curacy across five QA benchmarks covering both single-
hop and multi-hop reasoning. Retrieval-free methods per-
form poorly, while Naive RAG improves single-hop QA
but remains ineffective on compositional tasks such as
HotpotQA, 2Wiki, and MuSiQue. Among multi-hop ap-

proaches, Search-R1 and AutoRefine provide strong base-
lines, but LAnR consistently achieves the best overall
performance, especially on challenging multi-hop bench-
marks. LAnR-Instruct reaches 0.419 EM on HotpotQA,
0.408 on 2Wiki, and 0.193 on MuSiQue, outperforming
AutoRefine-Instruct across all three datasets. Although Au-
toRefine remains competitive on single-hop benchmarks,
LAnR achieves the highest average EM overall, indicating
a stronger balance between retrieval and reasoning. Despite
being trained only on NQ and HotpotQA, LAnR also gener-
alizes effectively to unseen datasets in a zero-shot setting.

Retrieval Quality vs. Text Embedding Retrievers. Ta-
ble 2 compares LAnR-Instruct with sparse and dense retriev-
ers across three multi-hop QA benchmarks. While BM25,
BGE, and ES rely on fixed top-K retrieval and are trained
solely for retrieval, LAnR-Instruct jointly performs adap-
tive retrieval and generation. Despite this joint objective,
LAnR-Instruct achieves competitive retrieval recall using
substantially fewer retrieved documents. On HotpotQA
and 2WikiMQA, it attains recalls of 0.840 and 0.715 with
only ~5 retrieved documents, matching or exceeding the
Recall@5-10 performance of specialized retrievers. On
the more challenging MuSiQue benchmark, LAnR-Instruct
achieves 0.516 recall with ~7.9 documents, outperforming
BM25 and remaining competitive with dense retrievers. In
contrast, the single-step LAnR-Instruct-static variant consis-
tently underperforms the adaptive version, highlighting the
benefit of iterative retrieval with learned control.

Latent RAG Effectiveness (RQ2). To understand how
LAnR retrieves rather than just hiow well, we analyse the
search-level behaviour of the retrieval control head across
all five evaluation benchmarks.

Adaptive search count. Figure 4(a) shows the distribution of
search calls per query across all five datasets. On single-hop
benchmarks (NQ, TriviaQA), the vast majority of queries are
resolved in a single search call, reflecting the control head’s
ability to recognise when sufficient evidence has been gath-
ered early. On compositional multi-hop benchmarks the dis-
tribution shifts substantially: 2Wiki and MuSiQue queries
spread across two and three search calls, with MuSiQue re-
quiring the most, consistent with its longer evidence chains.

Step-wise retrieval quality. Figure 4(b) compares cumula-
tive gold recall across retrieval hops between LAnR and
AutoRefine on the three multi-hop benchmarks. LAnR
consistently achieves higher recall at every step, with the
advantage appearing from the first hop and widening on
more compositional datasets such as 2Wiki and MuSiQue.
This suggests that latent query vectors better capture resid-
ual information needs, enabling subsequent retrieval steps
to target missing evidence more effectively than text-based
queries.
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Table 1. (RQ1) Accuracy comparison of LAnR and baselines on QA benchmarks. Bold and underline denote best and second-best results,
respectively. ”-Instruct” and ”-Base” indicate the corresponding Qwen2.5-3B backbone variants.

Single-Hop QA

Multi-Hop QA

Methods NQ TriviaQA HotpotQA 2Wiki Musique Avg.
w/o Retrieval
Direct Generation 0.106  0.288 0.149 0.244  0.020 0.134
SFT 0.249  0.292 0.186 0.248 0.044 0.176
w/ Single-Hop Retrieval
Naive RAG (Lewis et al., 2020) 0.348  0.544 0.255 0.226  0.047 0.270
w/ Multi-Hop Retrieval
Search-ol (Li et al., 2025b) 0.238 0472 0.221 0.218 0.054 0.255
IRCoT (Trivedi et al., 2023) 0.111 0.312 0.164 0.171  0.067 0.181
ReSearch-Instruct (Chen et al., 2025b) 0.365 0.571 0.351 0.272  0.095 0.331
ReSearch-Base (Chen et al., 2025b) 0427  0.597 0.305 0.272  0.074 0.319
Search-R1-Instruct (Jin et al., 2025) 0.397  0.565 0.331 0.310 0.124 0.336
Search-R1-Base (Jin et al., 2025) 0421  0.583 0.297 0274 0.066 0.312
AutoRefine-Instruct (Shi et al., 2025b) 0.436  0.597 0.404 0.380 0.169 0.396
AutoRefine-Base (Shi et al., 2025b) 0.467  0.620 0.405 0.393  0.157 0.405
LAnR-Instruct 0460 0.613 0.419 0.408 0.193 0.418
LAnR-Base 0.455 0.610 0.417 0402 0.187 0414

Table 2. Retrieval recall at varying document budgets. BM25, BGE, and ES are trained with retrieval supervision only. LAnR-Instruct-
static employs the single-step retrieved [PRED] embedding as a fixed query vector, following the procedure described in Section 2;
LAnR-Instruct uses adaptive multi-hop retrieval with a learned controller. Despite joint training with generation, LAnR-Instruct matches

or exceeds specialized retrievers at comparable document budgets.

Dataset Method R@] R@3 R@5 R@I10 Recall (budget)
BM25 (Robertson & Zaragoza, 2009) 0.401 0.603 0.670 0.751 —
BGE (Chen et al., 2024) 0.477 0.782 0.832 0.880 —
HotpotQA  E5 (Wang et al., 2022) 0.462 0.773 0.826 0.875 —
LAnR-Instruct-static 0.451 0.769 0.800 0.830 —
LAnR-Instruct — — — —  0.840+0.0012 (*5.5 docs)
BM25 (Robertson & Zaragoza, 2009) 0.360 0.555 0.605 0.656 —
BGE (Chen et al., 2024) 0.411 0.643 0.680 0.715 —
2WikiMQA ES5 (Wang et al., 2022) 0.415 0.656 0.687 0.717 —
LAnR-Instruct-static 0.407 0.641 0.684 0.713 —
LAnR-Instruct — — — —  0.71540.0009 (*5.1 docs)
BM25 (Robertson & Zaragoza, 2009) 0.216 0.310 0.350 0.400 —
BGE (Chen et al., 2024) 0.280 0.435 0.500 0.573 —
MuSiQue ES (Wang et al., 2022) 0.290 0.417 0.454 0.503 —
LAnR-Instruct-static 0.265 0.393 0.449 0.487

LAnR-Instruct

0.516+0.0011 (77.9 docs)

Control head precision. Figure 4(c) reports the productive
hop rate: the fraction of additional search calls triggered
by a ’continue” decision that successfully retrieved at least
one new gold document. On 2Wiki, 75% of additional
calls are productive, confirming that the control head issues
follow-up searches only when evidence is genuinely incom-
plete. On MuSiQue, the rate is lower at 23%, reflecting the
difficulty of locating the precise gold documents in highly
compositional three-hop and four-hop chains where missing
any single query may fail to bridge the full reasoning gap.

Inference Efficiency of Latent Retrieval (RQ3). Fig-
ure 5 directly tests the core efficiency claim of LAnR: each
subplot shows the EM distribution for all three methods
on a single benchmark, with the colored x-tick labels re-
porting each method’s average number of retrieval calls.

Across all five datasets, LAnR issues the fewest retrieval
calls (1.54 — 2.47), yet its median EM matches or exceeds
AutoRefine (2.02 — 2.13 calls) and Search-R1 (2.01 — 3.13
calls). The narrow interquartile ranges confirm that LAnR’s
accuracy is stable across evaluation instances rather than
driven by a subset of easy queries. Notably, on the multi-
hop benchmarks, LAnR’s gap over Search-R1 widens sub-
stantially despite Search-R1 issuing nearly twice as many
retrievals, indicating that latent query vectors retrieve more
relevant evidence per call than token-based queries.

The token and latency costs are quantified in Figure 2.
LAnR generates on average only ~5 output tokens per query,
roughly 30x fewer than Search-R1 (~163) or AutoRefine
(~168), because the retrieval signal is encoded as a latent
vector rather than verbalized text. This reduction translates
directly to wall-clock savings: LAnR completes a query in
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Figure 4. (RQ2) LAnR adaptive search behaviour. (a) Distribution of search counts per query across all five benchmarks. Single-hop
datasets are dominated by a single search call, while compositional benchmarks require progressively more, showing the control head
adapts to query complexity rather than applying a fixed budget. (b) Step-wise cumulative gold recall at each hop for LAnR (solid) and
AutoRefine (dashed) on HotpotQA, 2Wiki, and MuSiQue. LAnR consistently outperforms AutoRefine at every hop on all three datasets.
(¢) Productive hop rate: fraction of additional search calls (> Hop 2) that retrieved at least one new gold document per dataset.
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Figure 5. (RQ3) Per-dataset EM distributions for LAnR, AutoRefine, and Search-R1. LAnR achieves competitive or higher EM with the

fewest retrieval calls and consistently narrow variance.

0.81 — 1.61 s compared to 2.01 — 2.77 s for Search-R1 and
2.15 — 2.34 s for AutoRefine, a 1.5 — 2.7x speedup across
all benchmarks.

4 N\
Key Takeaway. By replacing explicit query generation

with compact latent vectors and an adaptive retrieval con-
troller, LAnR performs fewer but more effective search
calls, achieves higher cumulative gold recall, and main-
tains stable EM performance with lower computational
\cost.

J

4.3. Ablation Studies

Component ablation (RQ4). Table 3 isolates the contri-
bution of three design choices: the MLP retrieval control
head, NTP loss masking, and the NTP loss weight AxTp.
Removing the control head and replacing it with a fixed
5-document budget leaves single-hop performance essen-

tially unchanged but causes large drops on multi-hop tasks,
confirming that adaptive retrieval is the primary driver of
multi-hop gains. Removing NTP loss masking introduces a
moderate but consistent degradation on all three multi-hop
benchmarks, suggesting the masking prevents the model
from conflating retrieval-query generation with next-token
prediction over retrieved content. Reducing AxTp to 0.5
incurs a small performance drop, while setting it to O col-
lapses performance to near zero, demonstrating that the NTP
objective is indispensable for answer generation.

Additional Experimental Results. Figure 6 shows EM
as a function of training-set fraction for both LAnR-3B
and LAnR-7B across all five benchmarks. The learning
curve rises steeply in the first 10-20% of data, where the
four-dataset average EM climbs from 0.13 to 0.38. No-
tably, 2WikiMultihopQA starts near zero at 5% and gains
most rapidly between 10-50%, reflecting the higher sample



Latent Abstraction for Retrieval-Augmented Generation

Table 3. Component ablation study (RQ4). AAvg denotes the absolute decrease in average performance relative to the full LAnR model.

Variant NQ TriviaQA HotpotQA 2Wiki MuSiQue Avg AAvg
LAnR-Instruct 0.460 0.613 0.419 0.408 0.193 0.418 —
w/o ctrl head 0.459 0.592 0.342 0.266 0.095 0.350 —0.068
w/o NTP loss masking  0.458 0.582 0.395 0.371 0.182 0.398 —0.020
Antp = 0.5 0.455 0.578 0.411 0.402 0.189 0.407 —0.011
Antp =0 0.005 0.007 0.004 0.000 0.000 0.003 —0.415
LANnR-3B-Instruct LANnR-7B-Instruct
0.70 0.701
0.60 0.601
_0.50 0.501
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Figure 6. EM at various fractions of training data used (5 % to 100 %). Most of the performance gain is captured by the first 50 % of the

data.

complexity of multi-hop compositional reasoning compared
to single-hop benchmarks (NQ, TriviaQA), which plateau
earlier. Beyond 50% gains flatten to within 3-5% of the
full-data ceiling, suggesting that LAnR’s latent retrieval
mechanism generalises effectively with moderate training
budgets. The 7B variant yields a consistent improvement
over 3B across all data fractions, indicating that model scale
and training data contribute largely independently to final
performance.

Additional analyses are provided to further examine LAnR
from multiple perspectives, including: (i) a detailed eval-
uation of the Retrieval Control Head, Appendix E.1; (ii)
model scaling experiments spanning 3B to 7B backbones,
Appendix E.2; (iii) statistical significance analysis across
multiple random seeds, Appendix E.3; and (iv) the effect
of varying the number of [PRED] tokens, where larger
token counts improve abstraction capacity, Appendix E.4.
Together, these findings further demonstrate the robustness,
scalability, and retrieval effectiveness of LAnR across di-
verse QA benchmarks.

5. Related Works

Recent advances in latent reasoning (Yue et al., 2025; Hao
et al., 2024; Xu et al., 2025a; Yu et al., 2026) explore per-
forming reasoning directly in continuous hidden-state space
rather than through explicit chain-of-thought decoding, en-

abling richer representations and more efficient inference.
Meanwhile, retrieval-augmented generation (RAG) meth-
ods improve factuality through external retrieval (Asai et al.,
2023b; Trivedi et al., 2023; Karpukhin et al., 2020), with re-
cent work focusing on adaptive and iterative retrieval strate-
gies (Jin et al., 2025; Li et al., 2025b). However, existing
approaches largely rely on discrete text-based reasoning
and retrieval control. We provide the full related works dis-
cussion in Appendix A. We provide the full related works
section in Appendix A.

6. Conclusion

We introduced latent abstraction retrieval-augmented
generation (LAnR), a unified framework that performs re-
trieval and reasoning directly in the latent space of a single
LLM. By replacing explicit text-based query generation
with latent query vectors derived from hidden states, LAnR
eliminates the need for a separate retriever and reduces
reliance on token-level reasoning. We further proposed
a lightweight retrieval control head that adaptively deter-
mines when additional retrieval is required, enabling effi-
cient multi-hop reasoning without explicit intermediate text.
Empirical results across multiple benchmarks demonstrate
that LAnR achieves competitive performance compared to
existing RAG systems while significantly reducing infer-
ence latency. These findings highlight the potential of latent-
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space reasoning as a scalable alternative to conventional
RAG pipelines.

Impact Statement

LAnR is foundational research on latent retrieval-augmented
generation efficiency and does not target any specific de-
ployment. Nevertheless, we briefly discuss potential societal
implications.

Positive impacts. By reducing inference latency by up to
2.7x and token generation by ~ 30x compared to exist-
ing RAG systems, LAnR lowers the computational cost of
knowledge-grounded language model inference, improving
accessibility for resource-constrained practitioners and re-
ducing energy consumption at scale. Improved factuality in
question answering also has broad benefits in educational,
medical, and scientific information access.

Potential negative impacts. As with any system that im-
proves the fluency and factual grounding of LLM outputs,
LAnR could lower the barrier to generating more convincing
disinformation or fabricated content at scale. The efficiency
gains in particular may make high-volume automated gener-
ation more feasible. Additionally, because LAnR retrieves
from large external corpora, any biases present in those
corpora may be silently propagated into generated answers
without explicit query traces, potentially making such biases
harder to audit than in text-based retrieval pipelines where
queries are inspectable.
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A. Full Related Works

A.1. Latent Reasoning

A key limitation of dominant reasoning paradigms such as explicit chain-of-thought (CoT) (Wei et al., 2022; Yao et al.,
2023; Goyal et al., 2023; Yu et al., 2026) lies in their reliance on discrete token generation during inference. In standard
CoT decoding, the model commits to a single token at each step, sampled from the predicted distribution. While this process
enhances interpretability by verbalizing intermediate reasoning steps, it inherently collapses the full probability distribution
into a single trajectory, discarding uncertainty and eliminating alternative reasoning paths that may be informative. To
address this limitation, recent work has explored latent reasoning (Hao et al., 2024; Xu et al., 2025a; Shi et al., 2025a; Yue
et al., 2025; Wang et al., 2025), where reasoning unfolds directly in the continuous hidden-state space rather than through
discrete text. This paradigm offers two primary advantages over CoT: (1) increased representational capacity per step, as
continuous vectors can encode substantially richer information than individual tokens (Chen et al., 2025c¢); and (2) the ability
to implicitly preserve multiple reasoning hypotheses without prematurely collapsing them into a single token sequence
(Li et al., 2025a). However, despite these advances, prior work on latent reasoning has primarily focused on improving
reasoning quality in standalone language modeling settings. Its application to RAG remains largely unexplored. In particular,
existing methods do not address how latent representations can be leveraged for retrieval itself, nor how they can guide
adaptive retrieval decisions.

A.2. Retrieval Augmented Generation

RAG enhances LLMs by incorporating external knowledge sources to mitigate hallucinations and address knowledge gaps
(Lewis et al., 2020; Yue et al., 2024; Arslan et al., 2024). A central challenge in RAG systems lies in determining when
and how to retrieve relevant information, as naive single-step retrieval often introduces irrelevant or insufficient context
(Jiang et al., 2023; Jin et al., 2024). Early approaches employ supervised fine-tuning (SFT) to train models for query
generation and retrieval integration (Asai et al., 2023b; Trivedi et al., 2023; Yao et al., 2022; Schick et al., 2023); however,
these methods rely on high-quality annotated trajectories and often exhibit limited generalization to out-of-distribution
settings. Leveraging the inherent structure of LLMs, an alternative direction is to fine-tune them as document encoders
for text embedding (BehnamGhader et al., 2024; Wang et al., 2024; Springer et al., 2024; Deng et al., 2025), or to use
LLMs to generate synthetic data to support embedding training (Das et al., 2025; Nie et al., 2024; Silva & Barbosa, 2024).
More recent work explores iterative and adaptive retrieval strategies, where models interleave reasoning and retrieval in a
multi-step process, commonly described as ’search-during-think” (Jin et al., 2025; Shi et al., 2025b; Chen et al., 2025a;
Kim & Kim, 2025). However, existing approaches primarily operate in the discrete text space, relying on explicit query
generation and token-level signals to control retrieval. Moreover, they often lack mechanisms for directly assessing retrieval
sufficiency or refining retrieved evidence beyond surface-level interactions.

B. More Implementation Details

Table 4. Primary hyperparameters used by LAnR.

Hyper-parameter Value
Training Batch Size 256
Chunk size 100 words
Micro Training Batch Size 32
Learning Rate 5x 107°
Validation Batch Size 256
Total Training Steps 250
Max Search Actions 4

A for NTP Loss 1

u for Retrieval Control Head Loss 1

Training Details We train LAnR using full-parameter fine-tuning on 2 NVIDIA H100 (80GB) GPUs. The training
data is constructed by combining Natural Questions (NQ) (Kwiatkowski et al., 2019) and HotpotQA (Yang et al., 2018),
following a consistent setup across LAnR and all training-based baselines. We employ Fully Sharded Data Parallelism
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Table 5. Statistics of the datasets used in this paper.

NQ TriviaQA HotpotQA  2Wiki Musique

Train 79168 78785 90447 15,000 19,938
Dev 8757 8837 7405 12576 2417
Test 3610 11313 - - -

Table 6. Serving efficiency comparison. Both Auto-Refine-Instruct and LAnR-Instruct use the same Qwen2.5-3B backbone. Auto-
Refine-Instruct requires an additional external embedding model for retrieval, whereas LAnR-Instruct performs retrieval and generation
within a unified model.

Method Retrieval Architecture  Extra Retriever = VRAM Usage (GB BF16)
Auto-Refine-Instruct Text-based retrieval Yes 6.48
LAnR-Instruct Unified latent retrieval No 5.85

(FSDP) for distributed training and use bfloat16 precision for both training and evaluation. Table 4 summarizes the main
hyperparameters. During inference, we sample with a temperature of 1.0 and allow up to 4 retrieval steps per query.
Retrieved documents are concatenated and truncated to a maximum length of 512 tokens. For direct inference and supervised
fine-tuning (SFT) baselines, we adopt Qwen2.5-3B-Instruct (Yang et al., 2025) as the backbone model.

Dataset Statistics. All datasets are obtained from the FlashRAG Datasets collection'. Detailed statistics are reported in
Table 5. The LAnR training set is constructed from the training splits of NQ and HotpotQA, comprising 169,615 examples.
For evaluation, we aggregate the test or development splits from seven benchmarks: test splits are used for datasets that
provide them (e.g., NQ, TriviaQA), while development splits are used otherwise (e.g., HotpotQA, 2Wiki, MuSiQue).

Computational serving. LAnR-Instruct reduces serving-time computational overhead by unifying retrieval and generation
within a single model. Table 6 compares LAnR-Instruct with Auto-Refine-Instruct using the same Qwen2.5-3B backbone.
Unlike Auto-Refine-Instruct, which requires an additional external embedding retriever during inference, LAnR-Instruct
performs retrieval directly through latent representations inside the generation model. As a result, LAnR-Instruct requires
lower VRAM usage and simplifies deployment by eliminating the need to maintain a separate text retrieval encoder.

B.1. Retrieval Control Head Model Design
The retrieval control head fy is a single affine projection followed by a sigmoid:
g =o(Wq +b), WeR™, beR, ©9)

where ¢(") = h([;)RED] € R? is the last-layer hidden state of the final [PRED] token at retrieval turn r, and d is the LLM’s
hidden dimension (d=2048 for Qwen-2.5-3B, d=3584 for Qwen-2.5-7B). The head introduces d+1 trainable parameters,
2,049 for the 3B backbone and 3,585 for the 7B backbone, adding negligible capacity (under 0.0002% of total model

parameters) and requiring zero additional LLM forward passes at inference.

C. Latent Retrieval Control

Existing iterative RAG systems rely on explicit token-level signals to determine retrieval termination (Trivedi et al., 2023; Li
et al., 2025b; Jin et al., 2025), entangling the stopping decision with surface-level text generation rather than the model’s
internal assessment of evidence sufficiency. This raises a natural question: textit Do the hidden states of an LLM already
encode a reliable signal of whether the retrieved context is adequate, even before any answer tokens are produced?

Setup. Given an input query token sequence x with an instruction to produce an answer, and a subset G, C P of k
gold supporting documents sampled from the full set P, we construct a probe sequence that enforces answer generation
conditioned on the provided context:

I = (x, Gk, [PRED]), (10)

"https://huggingface.co/datasets/RUC-NLPIR/FlashRAG_datasets
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Figure 7. Entropy distribution on RAG benchmarks using Qwen models when answers are generated with gold documents provided in
context. Increasing the number of gold documents leads to lower entropy, indicating more confident predictions.

By causal attention, the hidden state hy := hprep; (1) € R? attends to the full query and gold context. The LM
head induces a distribution over the first answer token, pi(v) = softmax(Why),, with predictive entropy: Hj =
— > ey Pr(v) log pr(v), where V denotes the vocabulary.

Experimental Findings. We vary k from 0, as no gold evidence to k,.x = |P)|, as all gold evidence) and measure the
resulting entropy distribution. Figure 7 reports this across four multi-hop QA benchmarks: HotPotQA, TriviaQA, MuSiQue,
and 2WikiMultiHopQA, using model Qwen-2.5 Instruct at the 3B and 7B scales without any finetuning. Across all datasets
and model combinations, H} decreases monotonically as k increases. At k=0, the model exhibits high entropy, reflecting
substantial uncertainty over the answer space; at k=Fk,.x, the distribution concentrates near Hj, < 1.0. This separation is
most pronounced on compositional multi-hop benchmarks, such as MuSiQue and 2WikiMultiHopQA, where the absence of
bridge documents prevents shortcuts via parametric recall.

Observation 1 (Entropy-Sufficiency Correlation). Hy, decreases monotonically in k; in particular, E[Hy, | P C Gi| <
E[Hy | P € Gkl

Implication for retrieval control. Observation | establishes that Hj is a reliable signal of evidence sufficiency. Moreover,
Hy, is a deterministic function of the same hidden state hj, used for retrieval, as in Eq. 1, so entropy-based stopping decisions
can, in principle, be inferred from h;, alone, without requiring full text generation at each retrieval step. Building on this,
Section 3 introduces a lightweight MLP-based Retrieval Control Head that operates directly on A [prep; to predict whether
further retrieval is needed.

D. Control-Head Supervision under Varying Annotation Regimes

The control-head label y(") defined in Eq. 5 requires access to a set of gold supporting documents 7. Such annotations are
directly available in standard multi-hop QA datasets (e.g., HotpotQA, 2WikiMultihopQA, MuSiQue), and are commonly
used by prior retrieval-augmented methods for supervision or reward design (Jin et al., 2025; Shi et al., 2025b; Trivedi et al.,
2023). Our framework therefore operates under the same supervision assumptions as competitive baselines in the multi-hop
setting.

Span-containment labeling for single-hop datasets. For single-hop datasets (e.g., NQ, TriviaQA), passage-level annota-
tions are not directly aligned with the retrieval corpus. We adopt a standard Dense Passage Retrieval (DPR) (Karpukhin
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et al., 2020) strategy to construct P.

Chunking. We first segment the Wikipedia corpus C into fixed-length passages (100-word chunks), which serve as the
retrieval units. This preprocessing step is deterministic and independent of model training.

Positive passage assignment. We then construct a single positive passage per query using dataset-specific heuristics:

(i) Datasets with annotated contexts (e.g., NQ). We align the original annotated gold passage to the closest matching chunk
in C based on answer span overlap. The matched chunk is treated as the positive passage. Examples for which no alignment
is found are discarded.

(ii) Datasets without annotated contexts (e.g., TriviaQA). We adopt distant supervision by retrieving passages using a sparse
retriever (e.g., BM25, ES), and selecting the highest-ranked passage that contains the answer string as the positive passage.
If no retrieved passage within the top-k results contains the answer, the example is removed.

This procedure yields weakly supervised ”gold” passages that are not exhaustively annotated but have been shown to be
effective in prior work. The resulting set P is used consistently for both retrieval training and control-head supervision,
ensuring a unified notion of relevance without requiring additional manual annotation.

E. More Experimental Results

E.1. Retrieval Control Head Analysis

Receiver Operating Characteristic (Controller Head) Receiver Operating Characteristic (Controller Head)

True Positive Rate
True Positive Rate

—— 2wiki (AUC = 0.8747) —— 2wiki (AUC = 0.8789)
hotpotga (AUC = 0.8300) hotpotga (AUC = 0.8383)

—— musique (AUC = 0.7975) —— musique (AUC = 0.8048)

—— ng (AUC = 0.7301) —— ng (AUC = 0.7036)

—— triviaga (AUC = 0.7252) —— triviaga (AUC = 0.7124)

%0 02 0.4 06 08 10 %0 02 0.4 06 08 10
False Positive Rate False Positive Rate

(a) LAnR-3B-Base (b) LAnR-3B-Instruct

Figure 8. ROC curves for the retrieval control head across five benchmarks. Instruction tuning yields consistent gains, with the largest
improvement on MuSiQue

Figure 8 shows ROC curves for the retrieval control head on both LAnR-3B-Base and LAnR-3B-Instruct across all five
benchmarks. Both variants achieve strong AUC on multi-hop datasets, confirming that the [PRED] hidden state carries a
reliable evidence-sufficiency signal when supporting documents are compositionally distributed. Performance of both model
variants is lower on single-hop datasets (Base: 0.730, 0.725; Instruct: 0.704, 0.712), where the distinction between “enough”
and “not enough” evidence is less clear because a single retrieved document often suffices. The consistent improvement of
the Instruct variant across all five datasets and the clear stratification by task complexity confirm that the control head learns
a genuine sufficiency signal rather than a dataset-specific heuristic.

E.2. Effect of Model Size

Table 7 compares Search-R1, AutoRefine, and LAnR across Qwen-2.5-Base 3B and 7B backbones using both EM and F1
metrics. Scaling from 3B to 7B consistently improves performance for all methods, with the largest gains observed on
multi-hop benchmarks that require compositional reasoning. At both model scales, LAnR achieves the strongest overall
multi-hop performance. With the 3B backbone, LAnR-3B-Base attains the highest EM on HotpotQA (0.417), 2Wiki (0.402),
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Table 7. EM and F1 across methods and model sizes (Qwen-2.5-Base, 3B and 7B) on five QA benchmarks.

Single-Hop Multi-Hop

Model Metric NQ TriviaQA  HotpotQA  2Wiki MuSiQue  Avg.
QOwen-2.5-3B-Base

EM 0421  0.583 0297 0274 0066 0328
SearchR1-3B-Base g 0476 0.650 0380 0322 0123  0.390

EM 0467 0620 0405 0393 0157 0408
AutoRefine-3B-Base 0.534  0.689 0.503 0453 0233 0482

EM 0455 0610 0417 0402 0183 0410
LAnR-3B-Base (ours) b 0.535  0.654 0.589 0.603 0256  0.527
QOwen-2.5-7B-Base

EM 0469 0627 0410 0272 0173  0.390
SearchR1-7B-Base 0552 0.700 0517 0327 0236 0466

EM 0484 0659 0451 0405 0187 0437
AutoRefine-7B-Base g 0574  0.729 0573 0607 0283 0553

EM 0482 0631 0459 0415 0205 0438
LAnR-7B-Base (ours) g 0570  0.724 059 0612 0295 0558

Table 8. Statistical analysis against search-during-think baselines. The p-value column represents the T-test result of LAnR-Instruct v.s.
AutoRefine-Instruct and Search-R1-Instruct.

Model NQ TriviaQA HotpotQA 2wiki Musique p-value
LAnR-Instruct 0.460 £ 0.008 0.613 £ 0.005 0.419 £ 0.006 0.408 £ 0.006 0.193 £ 0.005 —
AutoRefine-Instruct 0.461 + 0.010 0.620 & 0.007 0.405 + 0.012 0.404 4 0.010 0.145 +0.011 7.49 x 1073
Search-R1-Instruct  0.410 + 0.009 0.597 & 0.019 0.31540.016 0.254 £ 0.023 0.124 4 0.005 1.31 x 10%°

and MuSiQue (0.183), while also substantially outperforming prior methods in F1, particularly on HotpotQA (0.589 vs.
0.503 for AutoRefine) and 2Wiki (0.603 vs. 0.453). Similar trends hold at 7B scale, where LAnR-7B-Base achieves the best
EM and F1 across all three multi-hop datasets, reaching 0.459/0.590 on HotpotQA, 0.415/0.612 on 2Wiki, and 0.205/0.295
on MuSiQue. Although AutoRefine remains competitive on single-hop datasets such as NQ and TriviaQA, the results show
that LAnR benefits more consistently from increased model capacity, suggesting that latent retrieval scales effectively with
stronger backbone representations and is particularly advantageous for complex multi-step reasoning tasks.

E.3. Variance Analysis

Table 8 reports the mean and standard deviation across three runs with different random seeds to evaluate the robustness of
search-during-think methods. LAnR-Instruct consistently achieves lower variance than competing baselines across most
datasets, indicating more stable retrieval and reasoning behavior. To assess statistical significance, we perform paired T-tests
between LAnR-Instruct and AutoRefine-Instruct. The resulting low p-values (p < 0.01) confirm that the performance
differences are statistically significant, demonstrating that the gains of latent retrieval are reliable rather than arising from
random variation.

E.4. Ablation on Numbers of [PRED] Tokens

We further analyze the effect of training with multiple [PRED] tokens, detailed in Figure 9. Increasing the number of
[PRED] tokens encourages the model to construct more abstract latent queries. On single-hop benchmarks such as TriviaQA
and NQ, LAnR consistently benefits from additional [PRED] tokens, with performance improvements emerging early in
training. In contrast, on more challenging multi-hop benchmarks, models with multiple [PRED] tokens require substantially
longer training before surpassing the performance of the single- [PRED] setting. These results suggest that while additional
[PRED] tokens can improve abstraction capability, they also increase optimization difficulty for complex reasoning tasks.
Therefore, we adopt N = 1 as the default configuration throughout our experiments.
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Figure 9. EM accuracy by training step for models trained with 1, 2, and 3 [PRED] tokens across four benchmarks. N=1 converges
fastest and performs best on multi-hop datasets; additional tokens offer marginal gains only on single-hop TriviaQA.

F. Case Studies

The following examples trace LAnR’s retrieval process hop by hop. At each search, the model runs one forward pass over a
growing context ending with [PRED]. The hidden state at that position encodes all evidence seen so far, drives the next
dense retrieval query, and is fed to the MLP control head to decide whether to continue. The context after i searches is:

[Q] question [dgl)] . [dg)] - [dY)] - [d(lg)] [PRED]

search 1

search r

Gold supporting documents are underlined with *.
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Example 1 - MuSiQue (3-hop)

Question: "Where do Greyhound buses leave from in the city where the performer of Darlings formed?”

Reasoning chain: Darlings — performer: Kevin Drew — formation city: Toronto — bus terminal

Turn 1 Petrl = 0.9977 — CONTINUE
Context: [Q] Where do Greyhound buses leave from . . . formed? [PRED]

Retrieved: Kevin Drew*, Spirit If. .., Detropia

[Kevin Drew] Kevin Drew (born September 9, 1976) is a Canadian musician and songwriter who, together with Brendan Canning,
founded the expansive Toronto baroque-pop collective Broken Social Scene.

Tuarn 2 Petrl = 0.7922 — CONTINUE
Context: [Q] ... [Kevin Drew: ...Toronto baroque-pop collective...] [Spirit
If:---] [Detropia::---] [PRED]

Retrieved: Toronto Coach Terminal*, Alvarado Transportation Center, Dufferin St. Bridges

[Toronto Coach Terminal] The Toronto Coach Terminal is the central bus station for inter-city services in Toronto, Ontario, Canada.
It is located at 610 Bay Street, in the city’s Downtown.

Turn 3 Petrl = 0 — STOP
Context: [Q] ... [Kevin Drew: ---] [Toronto Coach Terminal: ...Toronto...Bay St...] --- [PRED]

Retrieved: Darlings (Kevin Drew album)*, Peace Center, Darlington County

[Darlings (Kevin Drew album)] Darlings is the second solo album by Broken Social Scene co-founder Kevin Drew. It was released
on March 18, 2014.

Answer: The Toronto Coach Terminal v Correct * gold document

The [PRED] state at Search 1 already encodes Toronto implicitly through the Kevin Drew article, letting the model jump
directly to the bus-terminal query at Search 2 without materialising ”Toronto” as an explicit intermediate result. All three
gold documents are retrieved across three latent searches, and the control head stops as soon as the evidence chain is
complete.
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Example 2 - 2WikiMultihopQA (2-hop)

Question: "Where was the director of film The Green Fog born?”
Reasoning chain: The Green Fog — director: Guy Maddin — birthplace: Winnipeg, Manitoba

Turn 1 Petrl = 0.9999 — CONTINUE
Context: [Q] Where was the director of film The Green Fog born? [PRED]
Retrieved: The Green Fog*, Walon Green, Adam Green (filmmaker)

[The Green Fog] The Green Fog is an experimental film directed by Guy Maddin, Evan Johnson, and Galen Johnson that loosely
revisits the plot of Alfred Hitchcock’s Vertigo through found footage.

Turn 2 Petrl = 0.9992 — CONTINUE
Context: [Q] ... [The Green Fog: ...directed by Guy Maddin...] [Walon Green:---] [Adam
Green: ---] [PRED]

Retrieved: Guy Maddin*, The Heart of the World, The Forbidden Room

[Guy Maddin] Guy Maddin (born February 28, 1956) is a Canadian screenwriter, director, author, cinematographer, and film editor
of both features and short films, from Winnipeg, Manitoba.

Turn 3 Petrl = 0.0000 — STOP
Context: [Q] ... [The Green Fog:---] [Guy Maddin: ...Winnipeg, Manitoba...] --- [PRED]

(Control head halts; no new documents retrieved.)

Answer: Winnipeg, Manitoba v Correct * gold document

This example shows the sharpest control-head transition across all three datasets: p.t,; holds at 0.9999 and 0.9992 while
evidence accumulates, then drops to 0.0000 the moment Guy Maddin and his birthplace are both in context. No text query
names “Guy Maddin” at any step; the latent query at Search 2 is shaped entirely by the [PRED] representation formed over
the The Green Fog article.
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