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Abstract

Recent progress in language models has been
defined by scale, yet many practical applica-
tions benefit more from robust reasoning than
extensive parametric knowledge. We intro-
duce OCC-RAG, a family of models for faith-
ful context-based QA, which prioritize task-
specific reasoning capabilities over knowledge
capacity. To train OCC-RAG, we implement a
novel pipeline synthesizing over three million
multi-context, multi-hop QA examples that tar-
get multi-hop reasoning, strict context faithful-
ness, and calibrated abstention. Mid-trained
on this corpus, the models produce structured
reasoning traces with source citations grounded
in literal quotes from the context. Despite their
compact size, OCC-RAG models outperform
their same-size general-purpose counterparts
on every benchmark and exceed models 2—6 x
larger on financial reasoning (TAT-QA) and
faithfulness (ConFiQA), attaining the best re-
sults among all evaluated open-weight mod-
els up to 32B parameters. On ConFiQA they
rank behind only a frontier proprietary models;
on multi-hop reasoning (HotpotQA, MuSiQue)
and refusal (MuSiQue-Un) they approach 8B-
class models on multi-hop reasoning and re-
fusal, closing much of the gap to the largest
systems. We release both our code and our
family of models."

1 Introduction

Frontier language models grow larger and absorb
ever more of the world’s knowledge, yet many
practical applications benefit more from compact,
task-specialized architectures (Belcak et al., 2025).
Small Language Models (SLMs) have demon-
strated competitive or superior performance across
commonsense reasoning (Cao et al., 2026), math-
ematical reasoning (Liu et al., 2023), tool call-
ing (Zhang et al., 2025), and retrieval-augmented

"https://hf.co/collections/occ-ai/occ-rag

generation (Schick and Schiitze, 2021). Further-
more, fine-tuning SLMs on targeted datasets en-
ables cost-effective adaptation to specialized use
cases, an advantage is especially pronounced when
computational resources are limited (Gururangan
et al., 2020).

One such task is Context Question Answering
(Context QA), where models answer questions
based exclusively on a provided context, gener-
ating responses grounded in or reasoning from that
input (Radevski et al., 2025; Aushev et al., 2025).
A central requirement for such systems is faith-
fulness: producing outputs strictly derived from
the given context while disregarding parametric
knowledge. Faithfulness thus measures both the
alignment of the answer with the evidence and the
absence of hallucinated content (Pletenev et al.,
2025a; Krayko et al., 2025; Rykov et al., 2025;
Maksimov et al., 2024). Context QA poses a signif-
icant challenge, as LLMs have been shown to favor
their own parametric knowledge over provided con-
text (Sun et al., 2026). Furthermore, even the most
capable models frequently fail to remain faithful
across counterfactual, inconsistent, and unanswer-
able scenarios (Ming et al., 2025; Bi et al., 2025).

In this work, we introduce the family of OCC-
RAG models, our SLMs designed for faithful
context-based QA, which prioritize task-specific
reasoning capabilities over knowledge capacity.
The models are built around the three capabilities
that define a strong context QA system: (1) multi-
hop inference and commonsense reasoning to
synthesize information across disparate parts of
the context and bridge logical gaps with implicit
world knowledge (Yu et al., 2024); (2) avoidance
of memorization, so that pretraining knowledge
does not override or interfere with the provided
context (Ghosh et al., 2024; Pletenev et al., 2025b)
(Figure 1); and (3) safe abstention, declining to
answer when the context is insufficient, ambigu-
ous, or lacks the necessary information to construct
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a faithful response (Kirichenko et al., 2026). To-
gether, these properties make OCC-RAG a strong
context-grounded reasoner that is both computa-
tionally practical and operationally trustworthy. We
release a family of OCC-RAG models, mid-trained
from Qwen3 base models, on a corpus of over 3M
QA synthetic examples produced via our novel data
generation pipeline. The corpus targets multi-hop
reasoning, strict context faithfulness, and calibrated
abstention, spanning multi-context scenarios with
distractor passages and unanswerable cases. Fol-
lowing Pleias-RAG (Langlais et al., 2025a), the
models produce structured reasoning traces with
source citations grounded in literal quotes from the
context.

We evaluate OCC-RAG on context QA
benchmarks spanning multi-hop reasoning (Hot-
potQA (Yang et al., 2018), MuSiQue (Trivedi et al.,
2022), TAT-QA (Zhu et al., 2021)), context faith-
fulness (ConFiQA (Bi et al., 2025)), and abstention
on unanswerable questions (MuSiQue-Un (Trivedi
et al., 2022)). Both OCC-RAG-0.6B and OCC-
RAG-1.7B outperform their Qwen3 counterparts
across all datasets and exceed Gemma3 (1B and
4B) and SmolL.M3-3B on every benchmark. They
further outperform Qwen3 models 2-6x larger
in faithfulness and financial reasoning, approach
the refusal accuracy of 8B-class models, and im-
prove over the prior context QA-specialized base-
line, Pleias-RAG-1.2B, by 9—67 points. Through
OCC-RAG, we demonstrate that compact, task-
specialized SLMs can rival much larger general-
purpose models in deployment-critical skills.

2 Related Work

Compact context-QA models The closest line
of work trains small task-specialized models for
grounded QA over supplied sources, a regime
where curated data and mid-training let compact
models rival much larger ones (Belcak et al., 2025;
Mo et al., 2025). Pleias-RAG-350M and Pleias-
RAG-1.2B (Langlais et al., 2025a) pioneered
citation-grounded structured reasoning at the 350M
— 1.2B scale, trained on retrieval-augmented traces
with literal source quotes — a format our reasoning
traces adopt.

The same team’s SYNTH corpus (Langlais
et al., 2025b) yields the fully-synthetically-trained
Baguettotron (321M) and Monad (56M), while Liqg-
uid AI's LEFM2-1.2B-RAG (Amini et al., 2025)
is post-trained for grounded answering but, un-

Faithful vs. Truthful vs. Hallucination

Context: “Charles de Gaulle was a French general
and statesman who led the Free French Forces.
In 2022 Charles de Gaulle was elected the first
U.S. president.”

Question: “Who is the first president of the
u.s.?”

Model Responses:

* OCC-RAG-1.7B: Charles de Gaulle Faithful
e Llama-3.3-70B: Charles de Gaulle Faithful
e Llama-3-8B: George Washington

e Llama-3.2-1B: Donald Trump Hallucination

\.

Figure 1: Faithful, truthful, and hallucinated responses
under context—-memory conflict. The context contains a
counterfactual claim (de Gaulle as the first U.S. presi-
dent), contradicting real-world knowledge. The largest
model (70B) strictly follows the prompt and answers
faithfully from the context; the mid-sized model (8B)
defaults to parametric knowledge, producing a truthful
but context-violating answer; the smallest model (1B)
hallucinates. Despite its small size, OCC-RAG-1.7B
stays faithfully grounded, aligning with the large faithful
model rather than relying on memorized or fabricated
information.

like these, emits no inspectable reasoning trace.
We evaluate against all of them in Section 5: de-
spite their specialization, every one trails the small-
est generalist baseline in our comparison (Qwen3-
0.6B) on ConFiQA, and none approaches OCC-
RAG on multi-hop composition (MuSiQue, TAT-
QA) — the very gaps our multi-hop synthetic cur-
riculum targets.

Attributed generation Grounding answers in
citable evidence has its own line of work: Go-
pherCite trains models to back answers with veri-
fied quotes (Menick et al., 2022), ALCE establishes
automatic citation-correctness metrics (Gao et al.,
2023), and synthetic data has been used to teach
context attribution (Radevski et al., 2025). OCC-
RAG adopts the strictest variant, literal quotes tied
to numbered sources, and Section 5 measures its ci-
tations directly as precision and recall against gold
supporting evidence.

Faithfulness and abstention When contextual
evidence contradicts parametric memory, models
frequently prefer the latter (Xu et al., 2024), a fail-
ure that ConFiQA (Bi et al., 2025) documents even
in frontier models. Proposed remedies range from
inference-time decoding (Shi et al., 2024) to prefer-
ence optimization over counterfactual contexts (Bi
et al., 2025) and refusal-aware tuning for calibrated
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OCC-RAG Reasoning Structure

INPUT o
Query Analysis

identifies the question’s
intent and entities

Query and
Context

source_1...source_ N

The question asks for . ..

Source Analysis

attributes facts to
specific source passages

source 1 states that ...
source_2 discusses ...

e OUTPUT
Reasoning

combines evidence to
derive the answer

Status

ANSWERABLE /
UNANSWERABLE

Answer

or ‘Not enough
information’

From source_1 ... from
source 2 ... Therefore, ...

Figure 2: Structure of OCC-RAG output. The model proceeds through three named sections: Query Analysis
identifies what the question asks and the entities involved, Source Analysis attributes relevant facts to specific source
passages, and Reasoning combines them to derive the answer. This structure keeps every conclusion tied to the
supplied context and yields a calibrated ANSWERABLE/UNANSWERABLE status alongside the final answer.

abstention (Zhang et al., 2024), with uncertainty es-
timates deciding when retrieved evidence deserves
trust (Moskvoretskii et al., 2025); agentic RAG
systems instead wrap a reader in a retrieve—reflect
loop (Singh et al., 2025; Marina et al., 2025), yet
still depend on that reader staying faithful to what-
ever evidence the loop assembles. We instead in-
still faithfulness and abstention jointly during mid-
training, and Section 5 shows this yields the low-
est memorization ratio among all evaluated open-
weight models.

3 Training Data

This section describes the synthetic corpus used for
mid-training of our context-grounded QA model.
The corpus is built to exercise the three properties:
each question requires reasoning over the supplied
context; every answer is recoverable from the con-
text alone to avoid memorization; and a fraction of
examples carry insufficient evidence, so abstention
becomes a learned response. Each training instance
consists of a question, one or more golden context
chunks from Wikipedia containing all supporting
facts, semantically similar distractor contexts, a
structured reasoning trace, and the final answer (or
“Not enough information” for refusal cases). The
corpus is built as a mix of three subsets of increas-
ing difficulty, covering a broad range of questions
from simple single-hop lookups to complex multi-
hop fusions.

Single-Hop QA Generation Single-hop ques-
tions are answerable from a single paragraph and
form the largest portion of the dataset. The pipeline
has four stages: (1) Ingest and chunk — each En-
glish Wikipedia page is cleaned and split into
paragraphs, each becoming a candidate chunk.
(2) QA generation — for each gold paragraph,
gpt-0ss-120B (OpenAl, 2025) produces ten short,

self-contained QA pairs. (3) Distractor mining —up
to a thousand child pages from the Wikipedia link
graph are cleaned and chunked; child paragraphs
are ranked against the gold by TF-IDF cosine sim-
ilarity, keeping the top twenty. (4) Filtration — an
LLM-as-judge drops inaccurate or ill-formed pairs.

Multi-hop QA Generation Multi-hop QA ques-
tions require the synthesis of multiple facts rather
than simple span extraction from a single sentence.
To ensure that questions remain strictly grounded
in the provided evidence, we condition their genera-
tion on a knowledge graph (KG) extracted from the
context (gold and distractor chunks), requiring the
LLM to follow an explicit reasoning path sampled
from the KG. Reusing the single-hop generator
here fails for three reasons that the KG pipeline
resolves: a random set of passages often lacks the
“bridge” entities that multi-hop reasoning needs
(KG paths guaranty them); complex questions are
hard to verify (conditioning on a path fixes the gold
answer by construction); and free-form generation
yields unknown reasoning structures, whereas KG
chains give full control over compositional com-
plexity and let us balance the corpus by question

type.

We extract a knowledge graph from the
MuSiQue (Trivedi et al., 2022) train-set con-
texts via the Wikontic (Chepurova et al., 2026)
pipeline, sample reasoning paths of controlled
shape (Chernogorskii et al., 2026), and have
gpt-0ss-120B turn each path into a self-contained
question whose answers are literal nodes from the
KG. Finally, we remove some of the gold pages
and flag unanswerable cases by checking whether a
judge model can still recover the gold answer from
reduced contexts.
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Multi-hop Reasoning Faithfulness Refusal
Model \ Benchmarks | HotpotQA  MuSiQue TAT-QA ConFiQA MuSiQue-Un
‘ In-Acct In-Acct F11 ‘ In-Acct Mgd ‘ R-Acct

gemma-3-1b-it 30.8 12.8 53.6 62.1 7.7 22
gemma-3-4b-it 55.8 30.1 65.3 69.8 8.9 55.8
gemma-3-12b-it 66.5 44.6 76.5 72.0 7.6 65.3
gemma-3-27b-it 69.6 51.0 75.4 73.0 8.0 71.1
Qwen3-0.6B 34.8(41.8) 13.2(17.2) 62.5(66.3) | 59.7 (64.5) 9.0 (8.2) 6.3 (70.0)
Qwen3-1.7B 47.7(60.9) 20.1(30.7) 74.4(74.8) | 64.8 (70.4) 12.7 (8.3) 54.7 (82.8)
Qwen3-4B 60.6 (67.1) 33.1(41.5) 76.9(79.1) | 69.7 (74.1) 10.3(7.5) 64.1 (84.0)
Qwen3-8B 68.7 (70.3) 39.3(43.9) 72.9(74.5) | 759 (77.6) 9.2 (6.9) 90.7 (90.3)
Qwen3-14B 68.3(72.2) 38.7(45.6) 70.0(74.0) | 70.4 (78.3) 13.1(7.4) 67.6 (91.0)
Qwen3-32B 70.9 (71.4) 49.7(49.3) 759(76.7) | 72.0(75.8) 11.5(8.5) 80.7 (87.0)
SmolLM3-3B ‘ 49.9 (56.5) 21.5(29.4) 71.1(69.7) ‘ 58.6 (60.5) 15.4(13.3) ‘ 32.1(77.1)
Baguettotron 39.4 7.2 8.6 344 25.6 11.8
Pleias-RAG-350M 41.6 13.1 10.3 30.0 29.3 9.7
Pleias-RAG-1.2B 48.6 16.3 8.4 38.1 25.6 26.0
LFM2-1.2B-RAG 27.9 14.2 47.6 56.1 9.1 29
OCC-RAG-0.6B 57.6 36.6 75.0 79.9 5.2 86.9
OCC-RAG-1.7B 60.9 38.2 81.0 814 5.1 87.2
OCC-RAG-4B 68.2 46.0 80.6 80.9 53 90.8
OCC-RAG-8B 71.5 51.3 82.2 79.6 5.8 94.3

Table 1: Main evaluation results. ConFiQA metrics are averaged across QA, MR, and MC subsets. Parentheses (if
available) represent the evaluation results with thinking mode on. We highlight the best result per column as bold,

and second-best as underline.

Structured Reasoning To make the three target
behaviors (multi-hop reasoning, source citation,
and abstention) learnable from token-level supervi-
sion, we enrich every QA pair with an explicit rea-
soning trace. Reasoning traces are generated with
Qwen3.6-27B (best performance on our held-out
slice). We adopt the following trace format: Query
Analysis, Source Analysis, Reasoning, Status sec-
tion (explicit ANSWERABLE/UNANSWERABLE verdict),
followed by an Answer section. Each trace passes
three checks: (1) Format — all sections present.
(2) Answer match — exact match to gold, and if it
fails, the LLM-as-a-judge Qwen3-4B model veri-
fies the answer again. (3) Overthinking — we drop
any trace whose reasoning exceeds 1,256 tokens
or contains more than ten hand-collected thinking
markers (Wait, Alternatively, ...) observed in
the long tail of the trace-length distribution.

4 Mid-training

We start from existing pretrained base models and
further mid-train them on the synthetic data intro-
duced in Section 3. We build on the Qwen3 fam-
ily (Team, 2025b): after mid-training, our check-
points match or exceed their same-size Qwen3 in-
struct counterparts and the larger Gemma3 (1B,

4B)(Team, 2025a) and SmolLM3-3B(Hugging
Face, 2025) models on every benchmark (Ta-
ble 1, Section 5). Our released checkpoints
are obtained by mid-training Qwen3-0.6B-Base
and Qwen3-1.7B-Base. To probe whether the
recipe transfers beyond the small-model regime,
we additionally mid-train Qwen3-4B-Base and
Qwen3-8B-Base on the same corpus; these larger
checkpoints are included for comparison only and
are not released, as they fall outside the small-
model scope of this work.

Training Objective and Format We train via su-
pervised fine-tuning, applying loss only to response
tokens. The prompt is a question together with the
context passages in random order, each tagged with
a numeric source identifier, and is identical to the
evaluation-time format. Prompt elements and re-
sponse sections are delimited by special tokens,
initialized from the mean of their natural-language
names’ subword embeddings (Hewitt, 2021).

Data Mixing As described in Section 3, our train-
ing corpus contains three main subsets: (1) single-
hop, (2) multi-hop single-context, and (3) multi-
hop multi-context. The single-hop subset is roughly
an order of magnitude larger than each multi-hop

491



subset, yet multi-hop data is what develops the
reasoning capability we target, so we oversample
both multi-hop subsets: each multi-hop example
is shown three times per epoch and each single-
hop example once. This consistently improves
multi-hop benchmark accuracy without regression
on single-hop.

Implementation Details OCC-RAG-0.6B and
OCC-RAG-1.7B were both trained on roughly
9 x 10 tokens, taking approximately 17 and 28
wall-clock hours, respectively, on 8 NVIDIA H100
(80 GB) GPUs. Full training hyperparameters and
the distributed-training configuration are listed in
Appendix A.

5 Evaluation

We evaluate the models across three dimen-
sions summarized: multi-hop reasoning on Hot-
potQA (Yang et al., 2018), MuSiQue (Trivedi
et al., 2022), and TAT-QA (Zhu et al., 2021) (re-
stricted to span and multi-span questions), faith-
fulness on ConFiQA (Bi et al., 2025), and refusal
on MuSiQue-Un (Trivedi et al., 2022). We report
Inclusion Accuracy (In-Acc, whether the gold an-
swer appears as a substring of the prediction) on
the multi-hop and ConFiQA benchmarks, F1 on
TAT-QA, and the Memorization Ratio (Mg, how
often the model defaults to parametric knowledge
over the counterfactual context) on ConFiQA. On
MuSiQue-Un we instruct the model to output “Not
enough information” when the context is insuffi-
cient and report Refusal Accuracy (R-Acc) as the
fraction of predictions containing it.

5.1 Results

Our final evaluation extends the comparison across
the full Qwen3 and Gemma3 families up to 32B
parameters, see Table 1. While models at 8B and
above retain a lead in multi-hop reasoning, the dis-
tance to OCC-RAG is substantially narrower than
the gap these same models hold over their instruct-
tuned counterparts at equivalent scales. The gap
with Pleias-RAG-1.2B, the most directly task-
comparable baseline, is especially pronounced:
OCC-RAG-0.6B — roughly half its size — surpasses
it on every benchmark by margins of 9 to 67 points.
Importantly, both OCC-RAG models achieve the
best faithfulness performance across all evaluated
scales, attaining the highest ConFiQA accuracy and
the lowest memorization ratio. Our mid-training
reduces Mg from 12.7 (8.3) (Qwen3-1.7B) to 5.1

In-Acct
Model QA MR MC | Mgl
GPT-4.1-nano 69.0 659 59.6 | 159
GPT-4.1-mini 729 80.9 80.8 | 94
GPT-5-nano 75.0 633 61.6 | 11.0
GPT-5-mini 784 83.1 833 | 7.2
GPT-5.4-nano 82.1 852 86.5 | 5.8
GPT-5.4-mini 79.7 823 83.1| 6.3
GPT-5.4 864 864 883 | 4.6
Gemini 3.1 Flash-Lite | 84.5 854 879 | 4.8
Claude Haiku 4.5 757 825 838 | 74
Claude Opus 4.8 83.7 904 946 | 53
Qwen3.7-Max 88.3 86.7 89.6 | 4.2
OCC-RAG-0.6B 86.7 76.1 77.6 | 52
OCC-RAG-1.7B 87.3 783 789 | 5.1

Table 2: ConFiQA comparison with proprietary models
per subset (QA / MR / MC inclusion accuracy over
answered samples, and memorization ratio). Proprietary
models are evaluated on a 3 000-sample subset per split
(GPT-5-nano: full set; Claude Opus 4.8: full QA set,
500-sample MR/MC subsets). The averaged ConFiQA
In-Acc for OCC-RAG is reported in Table 1.

(OCC-RAG-1.7B), demonstrating that the model
has learned to prioritize the provided context over
its parametric knowledge. The same pattern holds
for refusal, where OCC-RAG-1.7B attains 87.2 R-
Acc, on par with 8B+ models.

Since faithfulness is the central design goal of
OCC-RAG, we additionally compare against pro-
prietary API models on ConFiQA, see Table 2. De-
spite having at most 1.7B parameters, OCC-RAG
models remain remarkably competitive: OCC-
RAG-1.7B attains the second-highest QA accuracy
(87.3), trailing only Qwen3.7-Max and ahead of all
GPT, Gemini, and Claude models in the compari-
son, and its low memorization ratio (5.1-5.2) is on
par with the strongest flagship systems. Frontier
models retain an edge on the multi-hop counter-
factual subsets (MR and MC), where chains of
replaced facts must be followed through several
reasoning steps.

Error analysis To understand what still fails, we
decompose ConFiQA predictions into mutually ex-
clusive categories over all samples (Table 3); the
Correct share therefore relates to the answered-
samples In-Acc of Tables 1 and 2 as In-Acc =
Correct/(1 — Refusal). The baselines’ errors are
dominated by memorization and unspecific wrong
answers: Qwen3-1.7B reproduces its parametric
answer on 6.0% of samples and Pleias-RAG-1.2B
on 7.2%. OCC-RAG inverts this profile: memo-
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Model Correct | Mem. Ref. Inv. Other
Qwen3-0.6B 59.1 3.6 04 0.0 369
Qwen3-1.7B 62.3 6.0 39 00 279
Pleias-RAG-1.2B 35.7 7.2 72 0.6 492

LFM2-1.2B-RAG | 55.8 32 05 75 330
OCC-RAG-0.6B 71.3 1.1 10.8 0.7 16.1
OCC-RAG-1.7B 72.4 1.0 112 1.0 143

Table 3: Error decomposition on ConFiQA. Correct:
prediction contains the counterfactual gold answer;
Memorized: the model instead reproduces its memo-
rized parametric answer; Refusal: the model declines
to answer although the context supports one; Invalid:
no answer could be extracted from the output; Other:
remaining errors (wrong entity, partial span).

rized answers account for only 1.1% of predictions,
and generic wrong answers drop to roughly half
the baselines’ rate. Its dominant residual failure
mode is instead over-abstention (on about 11% of
samples the model declines to answer although the
counterfactual context supports one, most often on
MR and MC chains where several replaced facts
must be composed). This suggests the abstention
supervision transfers slightly too conservatively
to counterfactual multi-hop evidence, and that re-
covering these refusals (not further suppressing
memorization) is the main remaining headroom on
faithfulness benchmarks.

Model | EM Prec. Rec.
All 69.8 91.7 932
Qwen3.5-27B Correct | 78.1 947 949
Wrong | 67.2 90.8 92.7
All 442 847 815
OCC-RAG-0.6B  Correct | 66.3 949  90.3
Wrong | 259 763 742
All 464 86.0 83.1
OCC-RAG-1.7B  Correct | 66.3 948  90.6
Wrong | 283 78.0 763

Table 4: Citation quality on MuSiQue, broken down by
answer correctness. EM: the set of cited sources exactly
matches the gold set; Prec./Rec.: precision and recall of
cited sources against gold supporting passages.

Citation quality We evaluate citation accuracy
on MuSiQue by comparing cited sources against
gold supporting passages (Table 4). When OCC-
RAG answers correctly, precision reaches 94.8-
94.9 and recall 90.3-90.6, confirming that correct
answers are grounded in the right evidence. On in-
correct answers, precision drops to 76-78 and recall
to 74-76, indicating that errors typically stem from

misidentifying sources rather than fabricating cita-
tions. The teacher model maintains high citation
accuracy even on wrong answers (90.8 precision,
92.7 recall), suggesting room for improvement.

6 Conclusion

We presented OCC-RAG, a family of small
language models that achieve faithful context-
grounded question answering through synthetic
mid-training on structured reasoning traces with
source citations. The released checkpoints match
or exceed general-purpose models up to 6x their
size on faithfulness and financial reasoning and
close much of the gap with larger models on multi-
hop reasoning and refusal. This performance is
achieved despite using substantially fewer pretrain-
ing tokens than large-scale contemporaries, under-
scoring the efficiency of our data-centric approach.
Our synthetic mid-training recipe, which empha-
sizes distractor-rich contexts and explicit citation
generation, proves transferable across domains and
requires no architectural modifications. Our results
show that faithfulness is not solely a function of
scale but can be instilled through targeted training
data and supervision: multi-hop reasoning, context
grounding, and calibrated abstention are jointly
learnable in small models without sacrificing effi-
ciency. The results suggest that an “optimal cog-
nitive core” is a practical alternative to ever-larger
general-purpose models for applications where cor-
rectness must be tied to evidence.

Limitations

Several limitations warrant discussion. First, OCC-
RAG does not include a retrieval component; it
assumes the relevant context is supplied by an ex-
ternal pipeline. In practice, retrieval quality di-
rectly bounds the model’s end-to-end accuracy, and
we have not evaluated performance under noisy
or adversarial retrieval. Second, while the model
achieves high citation precision, it does not con-
sistently cite every supporting passage and its ab-
stention supervision transfers slightly too conserva-
tively, leading to over-refusal on roughly 11% of
answerable ConFiQA samples. Third, the training
corpus is entirely synthetic and English-only, built
from Wikidata and Wikipedia sources. Although
it spans multi-hop reasoning, grounding, and ab-
stention, coverage of domain-specific knowledge
(e.g., biomedical, legal) and multilingual settings
remains untested.
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A Packages and Hyperparameters

We used all pretrained base models and instruction-
tuned baselines from their official Hugging Face
repositories and report the exact model identifiers.
For mid-training, we used Hugging Face/TRL su-
pervised fine-tuning stack with accelerate for dis-
tributed training and Liger kernels for efficiency.

Hyperparameter Qwen3-{0.6B, 1.7B}
Optimizer AdamW

Peak learning rate 1x107*

LR schedule cosine
Warmup ratio 0.03

Weight decay 0.01

Mixed precision bf16

Max sequence length 6,144
Epochs 1
Per-device batch size {32, 16}
Number of GPUs 8

Global batch size {256, 128}
Distributed strategy FSDP
Memory-saving kernel Liger fused linear CE
Total training tokens 9 x 10°
Wall-clock train time (hours) {17, 28}

GPU type NVIDIA H100 (80 GB)

Table 5: Mid-training hyperparameters for the best
performing mid-trained models: Qwen3-0.6B-Base,
Qwen3-1.7B-Base.

B Dataset Statistics

Category QA Pairs Tokens (B)
Overall Corpus
Total 3,250,000 ~8.0
Breakdown by Question Type
Single-hop 2,780,000 7.76
Multi-hop (total) 471,000 0.27
— Single-context 263,000 -
— Multi-context 165,000 -
— Abstain 43,000 -

Token Distribution by Component

Single-hop Subset

Distractor contexts - ~5.82
Gold contexts - ~1.16
Reasoning chains - ~0.78
Multi-hop Subset

All contexts - ~0.26
Reasoning/other - ~0.01

Table 6: Summary Statistics of the QA Corpus
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C QA Generation Prompts

Query:
<|query_start|> What is the name of the
unit that the main character of the

series featuring Karen Hayes is a member
of ?<|query_end|>

<|source_start|><|source_id|>1 Karen Hayes
is a fictional character on the television
program --- <|source_end|>

<|source_start|><|source_id|>2 Maxwell
Greevey is a fictional character played by
George Dzundza on NBC’s --- <|source_end|>

<|source_start|><|source_id|>3 Jack Bauer
is a fictional character and the lead
protagonist of the Fox television series
---<|source_end|>

Response:

<|query_start|>

The question asks for the name of a specific
unit. To find this, I need to: (1)
identify the television series featuring
the character Karen Hayes, (2) identify
the main character of that series, and (3)
determine the name of the unit that main
character is a member of.
<|query_analysis_end|>

<|source_analysis_start|>

<|source_id|>1: states that Karen Hayes is
a fictional character on the television
program “24”. This identifies the series.
<|source_id|>2: discusses Maxwell Greevey
and “Law & Order”; irrelevant to Karen
Hayes.

<|source_id|>3: states that Jack Bauer is
the lead protagonist of “24” and that he
often works as a member of the Counter
Terrorist Unit (CTU).
<|source_analysis_end|>

<|reasoning_start|>

From <|source_id|>1, the series featuring
Karen Hayes is “24”. From <|source_id|>3,
the main character of “24” is Jack Bauer,
and Jack Bauer works as a member of the
Counter Terrorist Unit (CTU). Therefore,
the unit is the Counter Terrorist Unit
(CTU).

<|reasoning_end|>

<|status_start|> ANSWERABLE <|status_end|>

<|answer_start|> Counter
(CTU) <|answer_end|>

Terrorist Unit

D Inference Code
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import re
from transformers import
< AutoModelForCausallM, AutoTokenizer

MODEL = "occ-ai/OCC-RAG-1.7B"
tok =
< AutoTokenizer.from_pretrained(MODEL)
model =
< AutoModelForCausallLM. from_pretrained(
MODEL, torch_dtype="auto",
— device_map="auto")

question = ("Which country is the inventor
— of the telephone, Alexander Graham
— Bell, buried in?")

docs = [
"Alexander Graham Bell was a
— Scottish-born inventor best known
— for patenting the first practical
— telephone.”,
"Bell died on August 2, 1922, at his
< estate Beinn Bhreagh, near
< Baddeck, Nova Scotia, and was
< buried there.”,
"Nova Scotia is a province on the east
< coast of Canada.”,

-+

ext = tok.apply_chat_template([{"role":
"user"”, "content":
question}],documents=[{"text":
d in docs], tokenize=False,
add_generation_prompt=True,
enable_thinking=False)

d} for

R

inputs = tok([text],

— return_tensors="pt").to(model.device)
out = model.generate(**inputs,

— max_new_tokens=2048)

outs = out[@][inputs.input_ids.shape[1]:]
resp = tok.decode(outs,

— skip_special_tokens=False)
print(resp)

m = re.search(r"<\|answer_start\|>(.*)",
— resp, re.DOTALL)

print("Answer:", m.group(1).strip() if m
— else "")




