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Abstract

Recent Long-Context Language Models
(LCLMs) can process hundreds of thousands
of tokens in a single prompt, enabling new op-
portunities for knowledge-intensive multi-hop
reasoning by integrating large sets of retrieved
documents or, in some cases, directly all nec-
essary information. However, simply feeding
more documents into the context window fails
to capture how evidence should be connected.
We address this gap with thought templates,
which recast reasoning as reusable thought
caches, derived from prior problem solving
traces, structuring how evidence is combined
and guiding multi-hop inference with factual
documents. To keep these templates effective,
we propose an update strategy that iteratively
refines templates derived from training data
through natural-language feedback. Across
diverse benchmarks and LCLM families,
our approach delivers consistent gains over
strong baselines in both retrieval-based and
retrieval-free settings. Furthermore, we show
that optimized templates can be distilled into
smaller open-source models, demonstrating its
broad applicability and transparent reasoning
reuse. We refer to our framework as Thought
Template Augmented LCLMs (TOTAL)1.

1 Introduction

Knowledge-intensive multi-hop reasoning tasks re-
quire models to gather evidence from multiple doc-
uments, and combine it through reasoning (Trivedi
et al., 2022, 2023; Tang and Yang, 2024; Huang
et al., 2025). These tasks are difficult because rel-
evant evidence must not only be identified, but
also be connected in a structured way, requir-
ing knowledge-based reasoning. The standard so-
lution, Retrieval-Augmented Generation (RAG),
tackles this by first retrieving a small set of relevant

*Work done during internship at Amazon.
1Code: https://github.com/starsuzi/ToTAL.
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Figure 1: Thoughts and facts in LCLM, compared to transi-
tional RAG and simple stuffing in LCLM.

documents and then generating an answer from
them (Lewis et al., 2020; Jeong et al., 2024).

The rise of Long-Context Language Models
(LCLMs) has shifted this paradigm by enabling
prompts of hundreds of thousands of tokens (Anil
et al., 2023; Comanici et al., 2025; Anthropic, 2025;
OpenAI, 2025a). This advancement makes it possi-
ble to “just put everything into the prompt,” such
as feeding in all retrieved documents (Lee et al.,
2025) or many in-context examples (Agarwal et al.,
2024; Baek et al., 2025). Compared to conventional
RAG, which risks cascading errors from retrieval,
LCLMs support a one-step formulation that miti-
gates such errors, and in some domains (e.g., enter-
prise settings) can even absorb an entire document
collection into the prompt. However, increasing
recall with more documents alone remains insuffi-
cient, since models may struggle to connect pieces
of evidence. Existing work on LCLMs has largely
focused on scaling input size rather than strength-
ening reasoning, leaving this gap unaddressed.

While one possible direction is adopting reason-
ing strategies such as Chain-of-Thought (Wei et al.,
2022), which elicit step-by-step reasoning, it re-
mains ad-hoc and query-specific, and they are not
designed to cope with the vast, document-heavy
contexts enabled by LCLMs. To address this, we
introduce thought templates: reusable reasoning
patterns (or epistemic knowledge from prior experi-
ence) that act as structured scaffolds for integrating
and organizing evidence in these long-context set-
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tings. Templates act as a cache of prior reasoning
behaviors capturing how to think, while documents
provide the factual content capturing what to know.
Importantly, although the entire template set is sup-
plied, LCLMs selectively leverage on the relevant
ones for each query, thereby enabling composi-
tional reasoning over complex evidence.

To instantiate this idea, we automatically con-
struct templates from multi-hop QA datasets in a
compositional manner, allowing LCLMs to flexibly
recombine multiple templates within a single gen-
eration. Unlike prior approaches, which retrieve
a single problem-specific reasoning trace (Yang
et al., 2024b, 2025a), our method enables reusabil-
ity across queries. This compositional design also
improves performance by allowing LCLMs to gen-
eralize to more complex reasoning tasks. To further
improve effectiveness, we treat thought templates
as external parameters of LCLMs and refine them
iteratively using natural language feedback. Feed-
back derived from model errors specifies how tem-
plates should be revised, functioning like a gradient
update but without altering model weights.

We present a framework, Thought Template
Augmented LCLMs (TOTAL), that equips long-
context models with reusable reasoning patterns
and iteratively refines them through natural lan-
guage feedback. We validate TOTAL on diverse
knowledge-intensive datasets that require both fac-
tual grounding and multi-hop reasoning. Further-
more, we evaluate it in two settings: an idealized
setup without retrieval and a more practical sce-
nario with retrieval. Across both settings, thought
templates consistently boost LCLM performance,
and our feedback-driven update strategy yields ad-
ditional gains. These results highlight the promise
of equipping LCLMs with structured reasoning pat-
terns rather than relying solely on larger contexts.

2 Proposed Method

Our method is motivated by three observations:
(1) simply increasing the number of accessible
documents in LCLMs does not guarantee better
reasoning; (2) current models often lack explicit,
structured strategies for combining evidence across
multiple steps; and (3) once distilled, such strate-
gies can be generalized and reused across models.
Below we introduce the necessary background and
describe the design of TOTAL.

2.1 Preliminaries

We first outline the challenges and the limitations
of existing paradigms of multi-hop reasoning.

Knowledge-intensive Multi-hop Reasoning
Multi-hop reasoning requires gathering and
integrating evidence scattered across multiple
documents and composing intermediate steps for
the final answer. Formally, given a query q and a
large corpus of documents D = {d1,d2, . . . ,dN},
the objective is to generate the correct answer a by
selecting a relevant evidence subset Dq ⊆ D and
chaining reasoning steps over it.

Retrieval-Augmented Generation (RAG) Con-
ventional approaches rely on RAG: a retriever
first identifies a subset of documents Dq =
Retriever(q,D), and then a Language Model
(LM) generates an answer conditioned on both q
and Dq, denoted as a = LM(q,Dq). Since earlier
LMs were limited by context length, retrieval qual-
ity was crucial: poor retrieval caused cascading
errors by omitting essential evidence.

Long-Context Language Models (LCLMs) Re-
cent LCLMs can process even millions of tokens in
a single prompt, thereby allowing the direct inclu-
sion of large evidence sets (or entire corpora) into
the context: a = LCLM(q,D). Alternatively, re-
trieval still can be used to select a much larger set of
documents than before, D∗

q = Retriever(q,D),
where |Dq| ≪ |D∗

q |. Thus, LCLM supports two
regimes: inserting full corpus D, or large retrieved
subset Dlarge, where Dlarge ∈ {D,D∗

q}. However,
simply scaling document access is insufficient: the
bottleneck now lies in how to structure and reuse
reasoning over abundant knowledge. At the same
time, finetuning LCLM to explicitly learn long rea-
soning chains is often infeasible due to their high
cost and limited accessibility.

2.2 Thought Template Augmented LCLMs

To bridge these gaps, we introduce TOTAL, a
framework that enables better reasoning in large
document contexts without any model finetuning by
leveraging thought templates – structured thought
processes built from training data and refined itera-
tively through textual gradient feedback (Figure 2).
These updated templates then guide the LCLM in
organizing evidence and performing multi-step rea-
soning more effectively during inference.
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Figure 2: Illustration of training and inference stages for template updates. Low-performing templates are identified via hit/miss
statistics and refined with textual gradient feedback, enabling improved performance on new queries during inference.

Thought Templates A thought template is a
reusable high-level reasoning pattern, distilled from
prior problem-solving. Each template provides a
structured outline of intermediate steps that can
be instantiated for new queries. Formally, let
T = {t1, t2, . . . , tm} denote the set of templates.
At inference, the LCLM is conditioned on both the
query q, large evidence set Dlarge, and templates:

â = LCLM(q, T ,Dlarge)

Template Construction To build the initial tem-
plate set T , we prompt an LCLM to generate tem-
plates, conditioned on the training queries qtrain,
their gold answers atrain, and optionally solution
paths strain from the training set:

ti = LCLM(qtrain,atrain, [strain])

This procedure is inspired by Yang et al. (2025a),
who also derive templates using LLMs. However,
instead of capturing full example-specific solutions,
we decompose them into sub-templates that are
reusable across queries and generalize more effec-
tively. At inference, the model selectively applies
and composes relevant templates from T with the
query and supporting documents. Below shows an
example of a thought template t3 generated from
the following template construction process.

TID 3: Headquarters to Landmark
Identify an iconic landmark in the headquarters
city of the company.
1. Identify the company from the description.
2. Find the headquarters city of that company.
3. Recall famous iconic buildings/structures ...

Template Update Strategy Initial templates may
be noisy or suboptimal. Thus, we iteratively refine
templates ti using natural-language feedback as a

surrogate gradient. We first assign each template
ti an explicit performance score F (ti) to compute
which reasoning patterns contribute positively or
negatively to model outputs. Specifically, for each
qtrain with atrain, we obtain the model’s predic-
tion âtrain = LCLM(qtrain, T ,Dlarge). Then, ti is
assigned an aggregated score as:

F (ti) =
∑
qtrain

fi(qtrain),

where fi(qtrain) measures the performance of ti on
qtrain by comparing âtrain with atrain (e.g., using
metrics such as exact match or F1 in QA tasks). Im-
portantly, fi(qtrain) is computed only for queries
where ti is actually selected. Templates with scores
below a threshold F (ti) < τ 2 are identified as low-
performing and selected for refinement (e.g., TID 3
in the template database in Figure 2). This enables
targeted refinement, updating only low-performing
templates, while maintaining the stability of well-
performing ones.

For each low-performing template, another LM
analyzes its failure cases by comparing the query
qtrain, its prediction âtrain, the gold answer atrain,
and the applied template ti, and produces a natural-
language “textual gradient” feedback:

∇ti = LMFeedback(qtrain, âtrain,atrain, ti)

Below is an example feedback ∇t3.

∇ TID 3: The template correctly identifies the
link between company HQ and landmarks but
fails to generalize cultural or market landmarks.
It should expand the reasoning to include..

This textual gradient is accompanied by a discrete
decision indicating the appropriate update action:

di ∈ {KEEP, FIX, ADD, DISCARD}
2τ denoting a threshold selected with the validation set



For KEEP, the template remains unchanged, while
for DISCARD, the template is removed. For FIX

and ADD, ∇ti is passed to another LM:

t′i = LMupdate(ti,∇ti)

This iterative refinement process progressively im-
proves the template set T , which is subsequently
used during inference to guide reasoning. The up-
dated t′3 updated from t3 looks like below:

TID 3′: Headquarters to Cultural Landmark
Identify not only an iconic landmark but also
cultural/market landmarks tied to local activities
in the headquarters city of the company.
1. Identify the company from the description.
2. Find the headquarters city of that company.
3. Recall famous iconic buildings/structures ...

3 Experimental Setup

3.1 Datasets
We evaluate TOTAL on four challenging multi-hop
QA benchmarks: MuSiQue (Trivedi et al., 2022),
CRAG (Yang et al., 2024c), FanOutQA (Zhu et al.,
2024), and Housing QA (Zheng et al., 2025).
MuSiQue requires reasoning over multiple pas-
sages and is widely used for evaluating multi-hop
question answering. CRAG focuses on diverse and
dynamic queries, going beyond traditional datasets
by incorporating less popular topics and more com-
plex reasoning types. FanOutQA consists of long-
context Wikipedia documents. Housing QA evalu-
ates domain-specific legal queries that require re-
trieving and reasoning over statutory texts.

3.2 Baseline Models
We compare TOTAL against four representative
baselines, all of which use LCLMs as base models:

• NAÏVE: Directly generates answers from the
query without any auxiliary context.

• CHAIN-OF-THOUGHT (COT) (Kojima et al.,
2022): A prompting-based reasoning approach
using the phrase “Let’s think step by step.”

• CORPUS-IN-CONTEXT (CIC) (Lee et al.,
2025): Leverages the extended context window
of LCLMs by inserting the entire documents
directly into the prompt.

• CIC + COT: Combines CIC with COT, aim-
ing to jointly utilize large-context access and
explicit reasoning cues.

TOTAL differs from these baselines by introduc-
ing structured, reusable reasoning patterns (thought
templates) that guide LCLMs to organize and apply
evidence effectively, without additional fine-tuning.

3.3 Implementation Details

We evaluate across a diverse suite of LCLMs,
including proprietary frontier models, Claude-
Sonnet 4 (Anthropic, 2025), and Gemini 2.5
Flash (Comanici et al., 2025), and GPT-4.1 (Ope-
nAI, 2025b) as well as open-source LLMs such as
OSS (120B) (Agarwal et al., 2025) and DeepSeek-
R1 (Guo et al., 2025). For retrieval-based settings,
we employ BM25 (Robertson et al., 1994) as the
retriever. We adopt standard QA metrics tailored to
each dataset: F1 score for MuSiQue, CRAG, and
FanOutQA, and Accuracy for Housing QA with bi-
nary outputs, and use the same metrics to compute
template scores. Unless stated otherwise, we pri-
marily use Claude on MuSiQue for analyses. We
provide the prompts for template construction and
update in Figures 15, 16, and 17.

3.4 Data Processing

For MuSiQue, we use the 128k-token version from
the LOFT benchmark (Lee et al., 2025), and ap-
ply a similar preprocessing procedure to the other
datasets, including matching the number of test
queries. For CRAG, we focus on the Multi-hop and
Post-processing heavy categories to target complex
reasoning cases. For both CRAG and Housing QA,
we construct corpora by aggregating all relevant
snippets or statutes for each query, capped at 128k
tokens. For FanOutQA, since its context units are
full Wikipedia pages, we build a query-specific cor-
pus containing only documents relevant to each
question, also truncated to 128k tokens.

For the retrieval setting, we first construct 1M-
token corpora for MuSiQue, CRAG, and Hous-
ing QA, and then subsample them to match the
128k-token budget (800 documents out of 6,650
for MuSiQue, 300 out of 2,307 for CRAG, and 480
out of 5,924 for Housing QA). For FanOutQA, we
use all 2,142 documents from the original corpus as
the retrieval corpus, and then retrieve 5 documents.

Regarding the template design, we construct the
initial template set by sampling 50 QA pairs from
the training data, ensuring no overlap with the test
queries. For the template update strategy, we also
use another subset of the training samples and de-
termine the threshold τ on the validation set.



Table 1: Main results on four multi-hop reasoning datasets under the LCLM setting. We report F1 on MuSiQue, CRAG, and
FanOutQA, Accuracy on Housing QA, and the overall Average. The best results are highlighted in bold.

Methods MuSiQue (F1) CRAG (F1) FanOutQA (F1) Housing QA (Acc.) Average

C
la

ud
e

NAÏVE 27.57 ± 0.27 20.49 ± 1.02 46.72 ± 1.15 60.33 ± 2.08 38.78
COT 28.10 ± 0.91 20.32 ± 1.29 45.54 ± 0.13 57.67 ± 2.08 37.90
CIC 63.87 ± 0.91 17.32 ± 0.57 63.74 ± 1.50 71.67 ± 0.58 54.15
CIC + COT 65.07 ± 0.16 18.86 ± 0.01 66.29 ± 0.53 75.00 ± 2.00 56.30
TOTAL (Ours) 73.30 ± 1.24 30.08 ± 0.83 69.99 ± 1.61 82.67 ± 0.58 64.01

G
em

in
i NAÏVE 25.48 ± 1.85 22.03 ± 1.31 46.54 ± 1.85 58.00 ± 2.00 38.01

COT 23.03 ± 0.80 24.62 ± 0.74 43.54 ± 1.54 58.67 ± 2.89 37.46
CIC 66.54 ± 1.10 25.45 ± 0.68 66.44 ± 1.33 68.33 ± 1.15 56.69
CIC + COT 67.17 ± 1.01 25.77 ± 0.30 66.97 ± 0.48 70.33 ± 0.58 57.56
TOTAL (Ours) 72.86 ± 0.71 27.71 ± 0.51 71.84 ± 0.62 74.33 ± 0.58 61.68

G
PT

NAÏVE 32.43 ± 0.67 25.73 ± 0.62 48.77 ± 1.41 60.33 ± 0.58 41.81
COT 32.39 ± 0.15 23.24 ± 0.89 49.09 ± 0.97 61.33 ± 0.58 41.51
CIC 63.79 ± 0.95 22.12 ± 0.69 63.39 ± 1.23 64.33 ± 0.58 52.50
CIC + COT 65.11 ± 0.44 21.72 ± 0.75 66.35 ± 0.62 66.00 ± 1.00 54.79
TOTAL (Ours) 66.38 ± 0.13 26.31 ± 0.74 69.07 ± 1.83 70.00 ± 1.00 57.94

Table 2: RAG results of LCLMs with retrieved documents.

Methods MSQ CRAG FOQA HQA

CIC 41.63 13.10 26.57 70.00
TOTAL (Ours) 47.90 19.87 32.16 76.50

4 Results and Analyses

4.1 Main Results

Table 1 presents the performance across all bench-
marks. Although recent LCLMs demonstrate
strong capabilities, they still struggle with com-
plex and knowledge-intensive multi-hop queries.
This is reflected in the performance of the NAÏVE

baseline, which lacks access to external facts and
relies on the internalized knowledge. Similarly,
CHAIN-OF-THOUGHT (COT) prompting yields
only marginal improvements, suggesting that ex-
plicitly eliciting step-by-step reasoning alone is
insufficient for multi-hop knowledge integration.
CORPUS-IN-CONTEXT (CIC) improves perfor-
mance by leveraging the extended context win-
dow of LCLMs to include the entire corpus in the
prompt. However, its gains remain limited since
it treats the task as evidence aggregation rather
than reasoning composition. Even when combined
with CoT (CIC + COT), improvements are modest.
In contrast, TOTAL introduces implicit reasoning
structure through reusable templates, consistently
outperforming all baselines across datasets. This
highlights the value of guiding LCLMs with struc-
tured reasoning patterns rather than relying solely
on surface-level prompting strategies.
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Figure 3: RAG results on MuSiQue, showing retrieval recall
at different k values (left) and QA performance (F1) (right).

4.2 When Partial Context Given

While LCLMs are capable of handling large con-
texts, retrieval becomes essential when the full cor-
pus cannot be included. We evaluate this retrieval-
augmented scenario by comparing TOTAL with
CIC, with both models given the same retrieved
documents under our full-context budget. Table 2
shows that TOTAL consistently outperforms CIC,
demonstrating that reasoning templates provide
complementary advantages even in retrieval set-
tings. To further examine this scenario, we vary the
number of retrieved documents (k) to emulate more
realistic retrieval-augmented scenarios in Figure 3.
As the number of retrieved documents increases,
both retrieval recall and QA performance improve,
confirming that long-context models benefit from ex-
panded evidence access. However, when compared
with the idealized setting where all documents are
available to the LCLM (k = ∞), retrieval still
imposes a bottleneck. Importantly, our template-
based approach consistently enhances performance
across all retrieval sizes, demonstrating its robust-
ness and adaptability. As LCLMs continue to scale
in context length, such structured reasoning strate-



0 1 2 3
Iteration

20

25

30
F1

CRAG

ToTAL (Ours)
CiC

0 1 2 3
Iteration

65

67

70

72

F1

MuSiQue

ToTAL (Ours)
CiC

Figure 4: Iteration results of updates on CRAG and MuSiQue.

Table 3: Transferability of templates across LCLMs, where
templates generated by GPT and Gemini are applied to Claude.

Methods Source → Target F1

CIC – 63.87

TOTAL (Ours) Gemini → Claude 70.94
GPT → Claude 70.11

gies are expected to further amplify their benefits.

4.3 Effectiveness of Template Update Strategy
To assess the contribution of the template update
strategy, we report ablation results in Figure 4. The
results show clear performance gains when apply-
ing iterative updates over the initial template set.
Refining low-performing templates via feedback
substantially enhances reasoning accuracy, vali-
dating our design choice of using natural-language
feedback as a surrogate optimization signal. Even
without updates, the initial template set already out-
performs CIC, indicating that structured reasoning
guidance itself contributes significant benefits. Per-
formance plateauing around the second iteration
reflects a diminishing returns effect, commonly ob-
served in conventional ML, suggesting that the up-
dates have effectively converged. We further show
the updates across iterations in Appendix A.2.

4.4 Transferability of Templates
We evaluate generalization by testing template
transfer across frontier models and applying tem-
plates from Claude to open-source LLMs. Table 3
shows that templates from one frontier LCLM can
be effectively applied to others. Similarly, Figure 5
shows that these templates also transfer well to
open-source models, yielding consistent improve-
ments over baselines even under shorter context
windows and retrieval-augmented settings. The
gains remain stable across varying top-k values,
underscoring that thought templates encode model-
agnostic reasoning structures that generalize across
architectures and retrieval conditions.

5 10 20 50
# of Documents

30

32

35

37

40

F1

OSS (120B)
ToTAL (Ours)
CiC
CiC+CoT

5 10 20 50
# of Documents

25

30

35

40

DeepSeek-R1

Figure 5: Generalization of templates to open-source models.

Table 4: Performance when using templates generated by
open-source models versus distilled from a frontier model.

Methods OSS DeepSeek-R1

NAÏVE 17.27 14.98

CIC 30.45 27.65
TOTAL w/ Open 32.44 29.53
TOTAL w/ Distilled 34.65 31.11

Table 5: Cross-dataset results from the close clusters on CRAG
with templates from FanOutQA or Housing QA.

Methods F1

CIC 17.32
TOTAL (with templates from Housing QA) 18.29
TOTAL (with templates from FanOutQA 21.74
TOTAL (Ours) 30.08

Templates Generated by Open-Source LLMs.
We further investigate whether templates can be
generated and refined entirely by open-source mod-
els. In Table 4, templates produced and updated by
the same open-source model already surpass the
CIC baseline, confirming the feasibility of a fully
open pipeline. While templates derived from fron-
tier LCLMs achieve higher performance, results
suggest that template quality scales with model ca-
pacity, yet open-source systems can still produce
competitive and practical reasoning patterns.

Cross-Dataset Transferability of Templates.
While our reusability claim is made at the task level
rather than across domains, we further evaluate
cross-dataset transfer to examine template reusabil-
ity, beyond model-level transferability. As shown
in Table 5, templates transferred from a closely
related dataset (FanOutQA) still provide substan-
tial improvements over CIC. In contrast, templates
transferred from a more distant domain (Housing
QA) yield weaker performance, indicating that tem-
plates capture domain-specific reasoning structures.
We believe that investigating reusability beyond the
task level across more diverse domains is an inter-
esting direction, which we leave for future work.



Table 6: Results without compositionality and with oracle.

Methods F1

CIC 63.87
TOTAL (Ours) 73.30
TOTAL w/o Compositional Templates 67.80
TOTAL w/ Oracle Templates 78.49
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Figure 6: Varying the percentage of templates on MuSiQue.

4.5 Impact of Template Quality

To get a more generalizable template, we design
it compositionally, decomposing reasoning into
multiple sub-templates rather than a single holis-
tic one encompassing all steps. Table 6 shows
that removing compositionality causes a measur-
able performance drop, confirming that smaller,
modular templates promote better generalization
across queries. In addition, to estimate the up-
per bound of our framework, we evaluate oracle
templates constructed directly from test queries.
The results show that oracle templates achieve sub-
stantially higher scores, representing the potential
performance ceiling achievable with perfect tem-
plate design. The performance gap between oracle
and learned templates highlights interesting and
promising directions for future work, such as auto-
matic template search and meta-learning strategies
for reasoning refinement.

4.6 Impact of Template Quantity

We also study how the number of templates af-
fects performance by sampling different propor-
tions (bottom 25%, 50%, and 75%) of the template
pool based on their scores. As shown in Figure 6,
performance remains competitive even with only
25% of the templates, and continues to improve as
more templates are included. This suggests that
high-scoring templates encode broadly reusable
reasoning patterns, enabling strong performance
even when the template set is reduced, although
including the full set yields the best overall results.

4.7 Template Analyses Beyond Performance

Template–Query Clustering. As illustrated in
Figure 7, queries and their associated templates
form coherent clusters, indicating that templates

MuSiQue (Query)
CRAG (Query)
FanOutQA (Query)
Housing QA (Query)

MuSiQue (Template)
CRAG (Template)
FanOutQA (Template)
Housing QA (Template)

Figure 7: TSNE (van der Maaten and Hinton, 2008) visual-
ization of the queries and templates, using embeddings from
Sentence-BERT (Reimers and Gurevych, 2019).

capture dataset-specific reasoning patterns aligned
with the semantic structure of queries. Notably,
the legal-domain dataset (Housing QA) appears as
a clearly distinct cluster, with its templates also
separated from others. This separation suggests
that templates not only reflect domain-specific rea-
soning structures, but also facilitate tight coupling
between queries and reusable reasoning routines.

Usage Distribution and Co-occurrence. Fig-
ure 8 visualizes the distribution of template us-
age (Figure 12 with all datasets). We observe
a pronounced long-tail pattern: a small number
of templates are reused frequently across many
queries, while the majority are invoked only oc-
casionally. This distribution reveals the coexis-
tence of general-purpose and specialized reasoning
flows. To better understand template interactions,
we compute pairwise co-occurrence statistics using
lift values in Figure 9 (Figure 13 with all datasets),
where a lift greater than 1 indicates above-chance
co-usage. Several pair of templates exhibit con-
sistently high lift, implying that certain reasoning
templates are frequently recombined as stable com-
positional units, reflecting recurring reasoning rou-
tines. While datasets such as MuSiQue, CRAG,
and FanOutQA display numerous template pairs
with moderate lift values, signifying flexible and di-
verse reasoning combinations, Housing QA shows
a contrasting trend: only a few pairs exhibit ex-
tremely high lift, with most others near indepen-
dence. This suggests that legal domain queries
are based on more rigid and repetitive reasoning
structures, forming domain-specific “template bun-
dles” rather than varied compositional patterns.
Moreover, analyzing the top 10 most frequently
co-occurring templates from MuSiQue reveals that
7 out of 10 originate from different training queries
rather than a single source. This indicates that
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Figure 8: Template frequencies.
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Figure 9: Template co-occurrence heatmap of lift values for MuSiQue and Housing QA.

highly reused templates capture reusable reasoning
primitives that can be flexibly recombined across
queries to handle new questions. We also provide
the example where two templates co-occurred in
three different queries in Figure 14.

4.8 Qualitative Study

We present a case study example in Table 10. Given
the query “Why did Roncalli leave the place where
Crucifixion’s creator died?”, both CIC and TO-
TAL had access to the same document set, specifi-
cally documents 359 and 228. CIC correctly iden-
tifies Titian as the creator and notes Roncalli’s
departure from Venice but fails to connect these
pieces of information, concluding that it is unan-
swerable. In contrast, TOTAL leverages templates
to decompose the reasoning process into explicit,
interpretable steps: (1) attributing the artwork to its
creator, (2) locating the creator’s biographical and
geographical context, and (3) linking these facts
to the corresponding historical event. This struc-
tured reasoning chain enables the model to infer the
answer correctly using the same evidence of CIC,
highlighting how thought templates provide the
missing connective reasoning that bridges retrieved
facts into a coherent multi-hop explanation. An-
other example illustrating the effectiveness of the
template update strategy is given in Appendix A.4.

5 Related Work

Long-Context Language Models Along with
recent advances in LLMs, there has been substan-
tial progress in extending their input capacity, now
reaching hundreds of thousands or even millions
of tokens (OpenAI, 2025a; Anthropic, 2025; Co-
manici et al., 2025) through architectural advances
mechanisms (Su et al., 2021; Beltagy et al., 2020;
Zaheer et al., 2020; Gu and Dao, 2024; Gao et al.,
2025). This enables paradigm shifts such as placing
all retrieved evidence into a single prompt, scaling
many-shot in-context learning to unprecedented

sizes (Lee et al., 2025; Baek et al., 2025; Chen
et al., 2025; Seo et al., 2025; Byerly and Khashabi,
2026; Lee et al., 2026), with recent benchmarks
further probing these capabilities (Li et al., 2023;
Zhang et al., 2024; Yang et al., 2025c; Bai et al.,
2025; Lee et al., 2025).

Reasoning with Thought Templates Reasoning
has been a central focus in improving the capa-
bilities of LMs. Specifically, Chain-of-Thought
prompting (Wei et al., 2022; Kojima et al., 2022)
demonstrated that explicitly eliciting intermediate
reasoning steps can largely enhance model perfor-
mance, and diverse variants of it have been ex-
plored (Yao et al., 2023; Wang et al., 2023; Zhou
et al., 2023; Kong et al., 2024; Aytes et al., 2025).
Building on this, recent research explores augment-
ing LMs with structured reasoning patterns, of-
ten referred to as thought templates. For exam-
ple, Yang et al. (2024b) proposed a framework
that stores reasoning traces for math problem solv-
ing in a separate buffer and retrieves them when
tackling new problems. Yang et al. (2025a) ex-
tended it to hierarchical reasoning by identifying
optimal template paths via reinforcement learning.
Similarly, Wu et al. (2024) employed Monte Carlo
Tree Search to explore reasoning trajectories, while
Yang et al. (2025b) distilled such strategies into
smaller models with direct preference optimization.
However, these approaches remain restricted to nar-
row domains (e.g., math) or rely on relatively sim-
ple reasoning steps without incorporating factual
knowledge. Moreover, they typically retrieve a sin-
gle template from an external buffer, whereas ours
enables LCLMs to compose multiple templates si-
multaneously within a single generation process.

Text Gradient As directly updating or accessing
the parameters of recent LMs is largely infeasible, a
line of recent work has introduced natural-language
feedback as a surrogate for gradients, effectively
treating the LM itself as an optimizer (Pryzant et al.,



2023; Yang et al., 2024a; Yüksekgönül et al., 2024;
Cui et al., 2025; Choi et al., 2025). Whereas prior
approaches primarily refine task or system prompts
based on such feedback, our work instead updates
reusable reasoning patterns by treating templates as
learnable units refined through textual gradients.

6 Conclusion

We have presented TOTAL, a novel framework
that fully leverages the capabilities of LCLMs by
incorporating thought templates. TOTAL enables
LCLMs to go beyond passive evidence consump-
tion by combining factual documents with reusable
reasoning patterns, and further refines these pat-
terns through textual gradients without modifying
model parameters. TOTAL consistently outper-
forms standard prompting and RAG baselines on
diverse knowledge-intensive multi-hop reasoning
benchmarks, across both idealized settings with-
out retrieval and practical scenarios with retrieval,
demonstrating the effectiveness of structured rea-
soning guidance within long-context settings. Our
analyses reveal that thought templates not only im-
prove factual accuracy but also exhibit meaning-
ful compositionality, transferability across models,
and domain-awareness. These findings collectively
highlight a promising direction for augmenting
LCLMs with reusable reasoning scaffolds, trans-
forming them from passive knowledge consumers
into strategy-driven reasoners.

Limitations

It is worth noting that our method achieves clear
gains by combining compositional thought tem-
plate design with iterative feedback-based refine-
ment for complex knowledge-intensive tasks. Nev-
ertheless, it assumes the availability of training
queries and answers for template construction. In
low-resource domains, this requirement may not be
easily satisfied, and possible solutions include boot-
strapping techniques or synthetic data generation.
Second, within our template update framework,
the feedback is produced by an auxiliary model,
which can be biased or noisy, potentially leading to
suboptimal refinement; thus, exploring mitigation
strategies could be an interesting direction for fu-
ture work. Finally, while our current design focuses
on textual templates, extending the framework to
more structured templates or multimodal contexts
could further broaden its applicability.

Ethics Statement

As our approach feeds LCLMs with a large amount
of evidence documents (or sometimes the entire cor-
pus), there is a possibility that some of these may
contain harmful, sensitive, or personally identifi-
able information. We recommend that practitioners
remain mindful of such risks and consider incorpo-
rating bias detection and mitigation strategies when
deploying our method.
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Table 7: Iteration-wise decision summary of template updates.

KEEP ADD FIX DISCARD F1
M

uS
iQ

ue

CIC - - - - 63.87
Iter. 0 - - - - 70.51
Iter. 1 4 0 10 0 71.39
Iter. 2 2 1 9 0 73.30
Iter. 3 1 0 7 0 71.07

C
R

A
G

CIC - - - - 17.32
Iter. 0 - - - - 27.60
Iter. 1 1 0 14 0 28.61
Iter. 2 0 0 14 2 30.08
Iter. 3 1 0 15 0 25.55

A Experimental Results

A.1 Template Statistics

We generate thought templates from 50 ques-
tion–answer pairs, using a detailed prompt shown
in Figure 15. The initial template pool consists of
172 templates for MuSiQue, 162 for CRAG, 133
for FanOutQA, and 149 for HousingQA. These
templates are then iteratively updated, as described
in the following subsection.

A.2 Template Update Strategy

To refine the initial pool of reasoning templates,
we adopt an iterative update strategy guided by
textual-gradient signals. At each iteration, candi-
date templates are categorized into four actions:
KEEP, ADD, FIX, or DISCARD.

Table 7 summarizes the update dynamics on
MuSiQue and CRAG. In early iterations, the ma-
jority of updates correspond to FIX. As iterations
proceed, the ratio of KEEP and ADD increases, in-
dicating that high-quality templates become more
stable and occasionally expand with new variants.

This dynamic is also reflected in performance:
on MuSiQue, F1 steadily improves up to the sec-
ond iteration but slightly declines afterward, while
on CRAG, moderate gains appear until the second
iteration before over-refinement in the third iter-
ation leads to a drop. These results suggest that
the update process converges, with templates sta-
bilizing into reusable reasoning patterns and only
limited gains beyond a few iterations, resembling
the diminishing returns observed in typical ML
training.

A.3 Efficiency and Cost Analysis

We report the average token usage and number of
API calls per template in Table 8. Importantly,
both template construction and update procedures
are performed entirely offline and do not incur any
additional cost at inference time.

Table 8: Cost per template for construction and update.

Metric Construction Update

Input Tokens 129.76 1996
Output Tokens 288.64 342
API Calls 1 1.57

Table 9: Cost per query for CIC and TOTAL during inference.

Metric CIC TOTAL

API Calls 1 1
Input Tokens 122792 164679
Output Tokens 294 607

While improving efficiency or latency is not the
primary objective of our work, we would like to
note that TOTAL does not introduce additional
model calls at inference time, as template usage is
handled within a single forward pass of the LCLM.
Consequently, the per-query inference cost is com-
parable to CIC, aside from a moderate increase in
input and output tokens (Table 9).

A.4 Qualitative Study on Template Update
We further investigate the effectiveness of template
update qualitatively. As shown in Figure 10, the
original TID_91 was decided to be FIX because
feedback revealed that it often broke the reasoning
chain in multi-hop settings, as showsn in Figure 11.
In particular, it failed to properly integrate the out-
put of previous steps (e.g., resolving a township
into its containing county) and gave only vague
instructions such as “select the relevant adjacent
territory based on context,” without specifying how
to apply additional constraints like naming require-
ments. After being updated, the revised TID_91′

addressed these weaknesses by explicitly incorpo-
rating the reference territory from upstream steps,
adding a filtering stage to enforce contextual condi-
tions, and validating that the final selected territory
satisfied all requirements.

Table 11 illustrates the effect of this refinement.
With the original TID_91, the model incorrectly
answered “Oconto Falls,” as it failed to maintain
continuity with the birthplace entity and did not
filter adjacent candidates. In contrast, the updated
TID_91′ produced the correct answer “Green Bay,”
demonstrating that the refined template success-
fully chained outputs across steps and enforced
query-specific constraints. This case highlights that
our template update strategy makes the reasoning
process more consistent and reliable in multi-hop
queries.



Table 10: Case study on the multi-hop query from MuSiQue.

Query Why did Roncalli leave the place where Crucifixion’s creator died?

Gold Answer for the conclave in Rome

CIC Looking at the documents to trace this query:

TITLE: Crucifixion (Titian) | ID: 359
TITLE: Pope John XXIII | ID: 228

From document ID: 359, I can see that the Crucifixion was created by Titian, a Venetian artist,
and the painting is located in Ancona. However, this document doesn’t specify where Titian
died.

From document ID: 228, I can see that Roncalli (who became Pope John XXIII) left Venice
for the conclave in Rome, and it mentions he had a return train ticket to Venice, suggesting he
expected to return but didn’t because he was elected Pope.

However, the documents don’t explicitly state where Titian died or provide a clear connection
between Titian’s death location and Roncalli’s departure from that place. The query cannot be
fully answered with the information provided in these documents.

Final Answer: [‘Cannot be determined from the provided documents’]

TOTAL (Ours) Looking at this query, I need to identify who created "Crucifixion," where they died, and why
Roncalli left that place.

Step 1 | TEMPLATE_TITLE: Work-to-Creator Attribution TEMPLATE_ID: TID_77 |
TEMPLATE_CONTENT: Descriptions: Finding the creator or contributor associated with
a specific creative work such as films, books, or other media. Reason Flow: [‘Identify the
specific creative work in question’, ‘Determine what type of contributor information is needed
(screenwriter, director, etc.)’, ‘Look up the creative credits or attribution for that work’, "Extract
the specific person’s name who fulfilled that role"] Example: ‘example_problem’: "Who was the
screenwriter of ’With the Mounted Police’?", ’solution_steps’: ["Identify the film: ‘With the
Mounted Police’", ‘Look up the screenwriting credits for this film’, ‘Find that Lloyd Lonergan
was the screenwriter’], ‘final_answer’: ‘Lloyd Lonergan’

Step 2 | TEMPLATE_TITLE: Biographical Location Lookup TEMPLATE_ID: TID_58 | TEM-
PLATE_CONTENT: Descriptions: Finding the specific location associated with a significant life
event of a person, such as where they died, were born, or lived. Reason Flow: [‘Identify the
specific person in question’, ‘Determine what type of location information is needed (death, birth,
residence, etc.)’, ‘Research biographical records or databases’, ‘Extract the specific location
associated with that life event’] Example: ‘example_problem’: ‘In what city did Lloyd Lonergan
die?’, ‘solution_steps’: [‘Identify the person: Lloyd Lonergan’, ‘Research biographical informa-
tion about his death’, ‘Find records indicating he died in New York’], ‘final_answer’: ‘New York’

Step 3 | TEMPLATE_TITLE: Historical Event Specification TEMPLATE_ID: TID_139 |
TEMPLATE_CONTENT: Descriptions: Determining specific historical events or circumstances
related to a known figure, particularly focusing on significant life events. Reason Flow: [‘Focus
on the specific aspect being questioned (e.g., cause of death, major events)’, ‘Research the
historical record for that specific detail’, ‘Identify the commonly accepted historical fact’]
Example: ‘example_problem’: ‘What was the cause of death of Jesus?’, ‘solution_steps’:
[‘Focus on the specific question: cause of death’, ‘Research historical accounts of Jesus’s death’,
‘Identify the commonly accepted cause: crucifixion’], ‘final_answer’: ‘crucifixion’

TITLE: Crucifixion (Titian) | ID: 359
TITLE: Pope John XXIII | ID: 228

Final Answer: [‘for the conclave in Rome’]



TID_91 — Adjacent Territory Identification (Original)
Description. Finding administrative territories that share
borders or are adjacent to a given territory.

Reason flow.
1. Identify the reference territory
2. Search for border or adjacency relationships
3. List all territories that share borders
4. Select the relevant adjacent territory based on con-

text
Example.

• Problem: Which county shares a border with Lin-
coln County?

• Solution steps:
– Identify the reference territory: Lincoln

County
– Search for counties that share borders with

Lincoln County
– Identify Nye County as one that shares a bor-

der with Lincoln County
• Final answer: Nye County

TID_91′ — Adjacent Territory Identification (Revised)
Description. Finding administrative territories that share
borders or are adjacent to a given territory, including cases
where the reference territory must first be determined from
contained entities.

Reason flow.
1. Identify or receive the reference territory from pre-

vious steps
2. If reference territory contains sub-entities, confirm

the containing territory
3. Search for all territories that share borders with the

reference territory
4. Apply additional filtering criteria from the query

context
5. Validate that selected adjacent territory meets all

constraints
6. Select the final adjacent territory that matches all

requirements
Example.

• Problem: Which county shares a border with Dear-
born County and is named after a river?

• Solution steps:
– Identify the reference territory: Dearborn

County
– Search for all counties that share borders with

Dearborn County
– List adjacent counties: Ohio, Ripley, Franklin
– Apply filtering: must be named after a river
– Validate: Ohio County is named after Ohio

River
– Select Ohio County

• Final answer: Ohio County

Figure 10: Comparison of TID_91 before and after refinement.

Feedback for TID_91 (from textual-gradient signals).

• Failed to chain with previous step (Miller Township → Dearborn County).
• Jumped to irrelevant result (Río de la Plata) instead of adjacent counties.
• Missing handling of multi-step adjacency (contained entities).
• Vague filtering step: “Select based on context”.
• Needs explicit integration with prior outputs.
• Missing validation against query constraints (e.g., named after a river).

Figure 11: Textual-gradient feedback guiding the refinement of TID_91.



Table 11: Case study on showing the effect of refining TID_91.

Query What city is near the birthplace of Erik Jensen (American football) and shares a border with that
place?

Gold Answer Green Bay

Before (TID_91) Step 1 | TEMPLATE_TITLE: Biographical Location Lookup TEMPLATE_ID: TID_48
TEMPLATE_CONTENT: Descriptions: Finding specific geographic locations associated with
important life events of a person ...

Step 2 | TEMPLATE_TITLE: Administrative Capital Lookup TEMPLATE_ID: TID_145
TEMPLATE_CONTENT: Descriptions: Finding the capital city or administrative center of a
given political entity ...

Step 3 | TEMPLATE_TITLE: Adjacent Territory Identification TEMPLATE_ID: TID_91
TEMPLATE_CONTENT: Descriptions: Finding administrative territories that share borders or
are adjacent to a given territory ...

Step 4 | TEMPLATE_TITLE: Administrative Capital Lookup TEMPLATE_ID: TID_145
TEMPLATE_CONTENT: Descriptions: ...

TITLE: Erik Jensen (American football) | ID: 367
TITLE: Pulaski High School | ID: 26
TITLE: Kelly Brook, Wisconsin | ID: 371

Final Answer: [‘Oconto Falls’]

After (TID_91′) Step 1 | TEMPLATE_TITLE: Person-to-Birthplace Mapping TEMPLATE_ID: TID_105 TEM-
PLATE_CONTENT: Descriptions: Finding the birthplace or place of origin of a specific person ...

Step 2 | TEMPLATE_TITLE: Adjacent Territory Identification TEMPLATE_ID: TID_91′

(Revised) TEMPLATE_CONTENT: Descriptions: Includes confirmation of containing
territories and applying filters ...

Step 3 | TEMPLATE_TITLE: Administrative Capital Lookup TEMPLATE_ID: TID_145
TEMPLATE_CONTENT: Descriptions: Finding the capital city or administrative center of a
given political entity ...

TITLE: Erik Jensen (American football) | ID: 367
TITLE: Pulaski High School | ID: 26

Final Answer: [‘Green Bay’]
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Figure 12: Histogram of template frequencies across datasets.
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Figure 13: Template co-occurrence heatmap of lift values across datasets.



TID_45 — Administrative Territory Identification
Description. A method for determining which adminis-
trative territorial entity (state, province, country) contains
a specific location.

Reason flow.
1. Identify the specific location
2. Determine the type of administrative division

needed (state, province, country, etc.)
3. Identify which administrative entity contains that

location
Example.

• Problem: What state is Boston located in?
• Solution steps:

– Identify the location: Boston
– Determine the administrative level needed:

state level
– Identify the containing administrative entity:

Massachusetts
• Final answer: Massachusetts

TID_65 — Demographic Ranking and Selection
Description. Finding the top-ranked entity within a geo-
graphic region based on specific demographic criteria.

Reason flow.
1. Identify the geographic scope for comparison
2. Determine the ranking criteria (population, area,

etc.)
3. Apply the criteria to find the top-ranked entity
4. Verify the result meets all specified conditions

Example.
• Problem: What city is Russia’s largest metropolitan

area as measured by population?
• Solution steps:

– Identify that we need the largest metropolitan
area in Russia

– Apply population-based ranking criteria
– Determine that Moscow has the largest

metropolitan population in Russia
• Final answer: Moscow

Queries using these templates (chains only).

Query 1. Who won the Indy Car Race in the largest populated city of the state where the performer of Mingus Three is from?
Templates applied: TID_14 → TID_105 → TID_45 → TID_65 Final Answer: Mario Andretti

Query 2. What was the wettest year in the second largest city in the state where Yuma’s Library District is located?
Templates applied: TID_45 → TID_65 → TID_90 Final Answer: 1905

Query 3. How long are the city council terms in the second largest city in the state where Yuma is located?
Templates applied: TID_45 → TID_65 → TID_66 Final Answer: four-year terms

Figure 14: Two templates (TID_45, TID_65) and three queries that used these templates simultaneously.



Template Construction Prompt.
You are an expert in reasoning strategies. Given a complex, multi-step problem, its complete solution,
and the final answer, extract a structured problem-solving template composed of reusable sub-templates.
Return the result in JSON format with the following structure:

1. A clear name for the strategy (template_name)
2. A brief description of the method (description)
3. A step-by-step reasoning flow to solve similar problems (reason_flow)
4. An example application, including:

• Problem statement (example_problem)
• Solution steps (solution_steps)
• Final answer (final_answer)

5. sub_templates: A list of dictionaries, each representing a reasoning sub-template with:
• template_name: A descriptive name for this sub-strategy
• description: A brief description of the sub-strategy
• reason_flow: A list of reasoning steps involved in this sub-task
• example: An example application of this sub-template, including:

– example_problem: A question matching this reasoning pattern
– solution_steps: Step-by-step solution to that question
– final_answer: The answer to that question

Instruction constraint: Respond only in JSON format with no explanation.

Inputs shown to the model:
Problem:
""" {problem} """

Solution:
""" {solution} """

Final Answer:
""" {answer} """

Figure 15: Prompt used to construct compositional thought templates from (Problem, Solution, Final Answer). Each generated
sub-template is treated as a template and added to T .



Role. You are improving a reasoning template where it was applied.
Current Template.
{JSON dump of the current template:
"template_id","template_name","description","reason_flow","example"}

Failed Cases where this template was used.
Case #0 (F1: {f1})
Query: {query text}
REASONING TRACE: {model_outputs[0]}
Gold: {gold answer}
Pred: {prediction}

Failed Case Source (original query/solution/answer).
Query: {problem}
Solution Steps:
{step-by-step solution or evidence block}
Final Answer: {answer}

Your task. Analyze the template’s role in the prediction error:
• How the template led to the incorrect prediction
• What needs to be fixed in the template
• Specific feedback to get the correct answer

Decision Guide (choose exactly one at the end).
• FIX – Template needs revision to address the issues above
• DISCARD – Template is fundamentally incorrect
• KEEP – Template works perfectly AND failure is due to external factors (e.g., answer format)
• ADD – Template works perfectly BUT failure is due to system coordination issues (e.g., selection,

multi-step integration)
Output format.

• Return bullets only for your analysis.
• On the FINAL LINE, output exactly one of: **FIX** or **DISCARD** or **ADD** or **KEEP**.

Figure 16: Prompt for generating textual gradient feedback.



Role. You will edit a reasoning template based on the FEEDBACK.
Output constraints.

• Return ONLY a valid JSON object matching the SCHEMA below.
• No markdown, no extra text. Use double quotes for all keys/strings.

SCHEMA.
{
"template_id": "string",
"template_name": "string",
"description": "string",
"reason_flow": ["string", "..."],
"example": {
"example_problem": "string",
"solution_steps": ["string", "..."],
"final_answer": "string"

}
}

Current Template.
{JSON dump of the current template:
"template_id","template_name","description","reason_flow","example"}

Failed Cases (referenced in feedback).
Case #0 (F1: {f1})
Query: {query text}
REASONING TRACE: {model_outputs[0]}
Gold: {gold answer}
Pred: {prediction}

Failed Case Source (original query/solution/answer).
Query: {problem}
Solution Steps:
{step-by-step solution or evidence block}
Final Answer: {answer}

FEEDBACK. (from Fig. 16)

{feedback text}

Instruction. Revise the template to address the FEEDBACK while preserving reusable structure and
staying within the SCHEMA. Respond only with the JSON object.

Figure 17: Prompt for template update given textual gradient feedback.
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