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Abstract

Commercial contract clauses exhibit substantial
linguistic variation and semantic overlap, mak-
ing fine-grained classification challenging for
small language models (SLMs). We investigate
whether retrieving semantically similar labeled
clauses can provide task-specific evidence at
inference time and improve classification with-
out modifying the underlying SLM. Using
the Contract Understanding Atticus Dataset
(CUAD), we formulate clause classification
as a retrieval-conditioned prediction task in
which relevant training clauses are retrieved
and provided as in-context demonstrations to a
locally deployed SLM. We evaluate prompting-
only, retrieval-only, and retrieval-conditioned
configurations on the same contract-disjoint
held-out set of 1,679 clauses. The proposed
retrieval-conditioned SLM achieves 66.41%
accuracy and 51.72% macro-F1, compared
with 35.80% and 31.41% for the zero-shot
SLM and 50.98% and 40.93% for the ran-
dom few-shot SLM, respectively. Retrieval-
only nearest-neighbor baselines achieve 47.48—
47.82% macro-F1, while conditioning the SLM
on the same retrieved evidence increases macro-
F1 to 51.72%. These results show that retrieval
provides substantial task-specific context and
that SLM conditioning provides additional im-
provement beyond direct nearest-neighbor la-
bel assignment, without task-specific parame-
ter fine-tuning. The findings support retrieval-
conditioned SLMs as a promising direction for
evidence-grounded and locally deployable le-
gal NLP.

Keywords: Legal NLP, Contract Review, CUAD,
Retrieval-Augmented Generation, Clause Classi-
fication, Evidence Grounding, Vector Retrieval,
Qdrant, Small Language Models

1 Introduction

Commercial contracts encode rights, obligations,
restrictions, and risk allocations through language
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that is both domain-specific and highly variable.
Automatically identifying such provisions is there-
fore a central problem in legal NLP, with applica-
tions to contract review, due diligence, compliance
analysis, and legal information extraction. Bench-
marks such as the Contract Understanding Atticus
Dataset (CUAD) (Hendrycks et al., 2021) have en-
abled systematic evaluation of models for identi-
fying legally salient contract clauses, while sub-
sequent work has explored contextual modeling
and large language models (LLMs) for contract
understanding.

Recent work has explored the use of large lan-
guage models for contract analysis, including struc-
tured question answering over specific contractual
clauses (Roegiest et al., 2023). However, legal
documents pose particular challenges for language
models due to specialized terminology, complex
syntax, and long-context requirements (Hua et al.,
2023; Blair-Stanek et al., 2024). Studies evaluat-
ing general-purpose LLMs on legal contract clas-
sification have also reported limitations compared
with models adapted to the legal domain (Jayaku-
mar et al., 2023). LLMs have also been applied to
practical contract-analysis tasks such as comparing
contracts against templates and identifying devia-
tions between contractual provisions (Narendra et
al., 2024). These limitations motivate investigat-
ing whether external contractual evidence retrieved
from a legal knowledge base can improve the per-
formance of a small language model (SLM) for
clause classification.

Despite this progress, clause classification re-
mains challenging for small, locally deployable
SLMs. A target provision may be difficult to clas-
sify from its text and a set of abstract category
names alone, particularly when clause categories
are semantically related or expressed using het-
erogeneous contractual language. Larger mod-
els may encode more task-relevant knowledge in
their parameters, but relying on increasingly large
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models is not always desirable in legal settings
where computational cost, data governance and lo-
cal deployment are important. This motivates a
different question: can relevant contractual ex-
amples retrieved at inference time provide the
task-specific evidence that an SLM lacks in its
parametric representation?

Retrieval offers a natural mechanism for address-
ing this problem. Rather than asking a classifier
to infer a clause category in isolation, a retrieval-
conditioned model can compare the target provi-
sion with semantically related, previously labeled
contractual clauses. In this setting, retrieval is
not merely a mechanism for locating documents.
The retrieved examples provide instance-level task
grounding by exposing the model to concrete real-
izations of legal categories at inference time. This
perspective is particularly relevant to contract anal-
ysis, where similar legal functions can be expressed
through substantially different lexical and syntactic
forms.

Prior work has established the importance of ev-
idence and contextual information for contract un-
derstanding. ContractNLI (Koreeda and Manning,
2021) explicitly associates contractual inference
with supporting evidence, while ConReader (Xu
et al., 2022) models relations extending beyond
isolated clauses. Retrieval-augmented approaches
have further demonstrated the value of grounding
legal question answering in relevant legal provi-
sions (Redelaar et al., 2024), while recent work
has highlighted retrieval reliability as an important
source of downstream error (Reuter et al., 2025).
ContractEval further shows that LLM performance
varies substantially across models on clause-level
legal analysis (Liu et al., 2025).

However, less is known about the extent to which
retrieved labeled contractual examples can improve
fine-grained clause classification for capacity-
constrained SLMs under a controlled inference set-
ting. In particular, separating the contribution of
retrieved evidence from changes in the underly-
ing language model is important for determining
whether improvements arise from retrieval itself.

We study this question through retrieval-
conditioned clause classification on CUAD. We
construct the retrieval corpus exclusively from
training contracts and retrieve semantically sim-
ilar labeled clauses for each unseen target clause.
These examples are supplied as in-context demon-
strations to a locally deployed Qwen2.5-1.5B clas-
sifier. To isolate the effect of retrieval, we com-
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pare prompting-only, retrieval-only, and retrieval-
conditioned settings while keeping the evaluation
instances, label space and generation configuration
fixed. Contracts are partitioned before clause-level
restructuring, ensuring that retrieval cannot draw
evidence from the contract containing an evaluation
instance and annotation labels are excluded from
retrieval representations. The key contributions of
this work are as follows.

* We provide a controlled empirical study of
retrieval-conditioned SLM classification for
legal text, explicitly separating the contribu-
tions of random few-shot context, semantic
retrieval, nearest-neighbor voting and SLM-
based evidence conditioning under a contract-
disjoint evaluation setting.

* We show that retrieval-conditioned SLM infer-
ence achieves 66.41% accuracy and 51.72%
macro-F1, outperforming zero-shot, random
few-shot, and direct retrieval baselines while
keeping the underlying SLM unchanged.

All code, vector retrieval pipelines, and evaluation
scripts are publicly available.! The rest of the paper
is organized as follows. Section 2 reviews related
work. Section 3 presents the retrieval-conditioned
methodology. Section 4 describes the experimental
setup. Section 5 reports the results and Section 6
concludes the paper with limitations and future
work.

2 Related Work

Prior work related to this study falls into three
connected lines: evidence-centered contract under-
standing, retrieval-grounded legal NLP and LLM-
based clause analysis. Table 1 summarizes the
studies that directly inform our experimental set-
ting.

These studies establish two properties that are
central to our setting. First, contractual decisions
often depend on evidence or context beyond the tar-
get clause itself (Hendrycks et al., 2021; Koreeda
and Manning, 2021; Xu et al., 2022). Second, re-
trieval can provide such context but must itself be
treated as an uncertain component of the pipeline:
legal RAG has benefited from attributed retrieval
(Redelaar et al., 2024), while retrieval failures can
propagate to downstream predictions (Reuter et

1https://github.com/MohammedAnber/
CUAD-Contract-Review-Baselines
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Table 1: Prior work on evidence, contractual context, retrieval, and language-model-based contract analysis.

Study Task

Relevant Contribution

CUAD (Hendrycks et al., Contract review

2021)
ContractNLI (Koreeda and  Contract inference
Manning, 2021)

ConReader (Xu et al., 2022)  Clause extraction

Redelaar et al. (Redelaar et Legal QA

al., 2024)

Reuter et al. (Reuter et al., Legal RAG

2025)

ContractEval (Liu et al., LLM clause analysis
2025)

Expert-annotated clause-level contract review across 41 cate-
gories, providing a benchmark for identifying legally salient
provisions.

Document-level inference paired with explicit identification of
supporting contractual evidence.

Models long-range context, term-definition relations, and related
contractual provisions beyond the target clause.
Retrieval-augmented legal QA with attribution to supporting
legal provisions.

Studies retrieval reliability and identifies document-level re-
trieval mismatch as a source of downstream retrieval errors.
Benchmarks proprietary and open-source LLMs for clause-level
legal-risk identification on CUAD.

1. Query Clause 2. Retrieval over Training-Only Index
Retrieve top-k semantically similar labeled clauses

from the training index Dyqin

Unseen clause g from a
held-out contract

Training-Only Clause Index Di,q:n
(built from 410 training contracts)

The Supplier shall indemnify
and hold harmless the
Customer from any claims
arising out of the Supplier's
breach of this Agreement.

Clause Text (c;) Label (y;)

Supplier agrees to indemnify and hold
Indemnification

3. Retrieved Evidence 4. Evidence-Conditioned Prompt
Top-k labeled clauses used as

in-context examples E,

Combine instruction, retrieved examples,
query clause, and label set

Example 1 (¢, y,)

Text: Supplier agrees to indemnify and
hold the Customer harmless against
any loss resulting from Supplier's
breach.

Label: Indemnification

Instruction

You are a legal assistant. Classify the following
clause into one of the CUAD categories.

Use the provided examples as references.

In-context Examples (E,)

the Customer harmless against any loss — { Example 1 ... Example k }
resulting from Supplier's breach.
Top-k Example 2 (¢3, ¥2) Target Clause (¢)
g e e similarity and hold harmless Customer from all the Customer from any claims arising out of the
Dense Encoder fy(-) prilers pof ' third-party claims related to Supplier's breach of this Agreement.
_

(e.g., Cohere embed- Each Party shall indemnify the other Party

Indemnification

Supplier's performance.
Label: Indemnification

Label Set

english-v3.0) orciks srislhg|Noin ks own haglipence { Indemnification, Limitation of Liability,
or willful misconduct.
l Payment Terms, ... }
Customer shall pay all amounts due Bxample k (cx., Y) 5. Small Language Model
e under this Agreement within thirty (30) | Payment Terms Text: Each Party shall indemnify the Generates the most appropriate
days of the invoice date. other Party for claims arising from its clause category
fo(q) own negligence or willful misconduct.
Query embedding T e T o Fabellpdemmufication @ Qwen2.5-1.5B (Local)
{ By =TopK(, ,1epmmsim(fa(a), fo(e:) ’ ‘
i 7 Top-k Evidence E/ ‘
=5 <
(k=5) (k=5) i
Predicted Label
(e.g., Indemnification)
Notation q fo() Dtrain Eq y 94()
Target clause Dense encoder that maps Retrieval index built only from Top-k retrieved labeled Set of all CUAD LLM that outputs the
to classify text to embeddings training contracts (no test leakage) clauses (evidence) categories predicted label

Figure 1: Overview of the retrieval-conditioned clause classification framework. A target clause is encoded and
used to retrieve the top-k semantically similar labeled clauses from a training-only index. The retrieved clauses
serve as in-context evidence for a small language model, which predicts the corresponding CUAD clause category.

al., 2025). ContractEval further shows that LLM
performance varies substantially across models on
clause-level legal analysis (Liu et al., 2025).

Taken together, these trends expose a specific
gap: it remains unclear whether improvements
in fine-grained contract classification can be ob-
tained by supplying a capacity-constrained lan-
guage model with relevant labeled contractual ev-
idence at inference time, rather than increasing
model capacity. Addressing this gap requires
an experimental design that (i) retrieves evidence
exclusively from training contracts, (ii) prevents
document- and label-level leakage, (iii) evaluates
retrieval-based classification independently from
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evidence-conditioned prediction, and (iv) compares
evidence-free and evidence-conditioned inference
while holding the underlying classifier and eval-
uation setting fixed. Accordingly, we formulate
clause classification as a retrieval-conditioned pre-
diction problem, in which semantically related la-
beled clauses are retrieved from a contract-disjoint
training corpus and supplied as in-context demon-
strations to the same small language model. The
following section describes this methodology.

3 Methodology

The proposed framework uses semantic retrieval to
provide relevant contractual evidence before clause



classification. Given an input clause, the retrieval
component identifies similar clauses from the train-
ing corpus, and Qwen2.5-1.5B uses these labeled
examples to assign the final CUAD category. The
separation between retrieval and prediction also
permits the contribution of retrieved evidence to be
evaluated independently.

3.1 Task Formulation

Let g denote a target contractual clause and ) =
{y1,...,ym} the set of candidate clause categories.
Standard clause classification predicts a label us-
ing only the target clause and the predefined label
space:

(D

where g4 denotes the language-model classifier.

We instead formulate clause classification as
retrieval-conditioned inference. Let Dipain
{(ci, i)}, denote the training-only corpus of la-
beled contractual clauses, and let fy(-) be a dense
clause encoder. For a target clause ¢, the retrieval
stage constructs an evidence set

Ubase = g¢(Q7 y)v

Eq = TOpK(Civyi)GDtrain Sim (fa (q>7 fe(cz)) ) (2)

where sim(-, -) denotes cosine similarity and E,

contains the £ highest-ranked labeled clauses.
The retrieved evidence is subsequently provided

to the same classifier as in-context demonstrations:

Qret = g(j)(Qv Em y) 3)

Thus, the prompting-only and retrieval-
conditioned settings differ only in the availability
of E,; the underlying classifier remains unchanged.
This formulation allows us to test whether retrieved
contractual examples provide instance-level task
grounding beyond the parametric knowledge of a
small language model.

Figure 1 illustrates the resulting framework, con-
sisting of dense retrieval over a training-only clause
index, construction of an evidence set from the top-
k labeled clauses, and evidence-conditioned clause
prediction.

3.2 Evidence Retrieval

The retrieval corpus Di,ain contains labeled clauses
derived exclusively from the training contracts.
Each clause ¢; is mapped to a dense representation
fo(ci) and stored in a vector index. Importantly,
clause labels and annotation answers are excluded
from the embedding input, ensuring that retrieval is
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based solely on contractual text. For a target clause
g, we compute fy(¢) and rank training clauses by
cosine similarity:

_ Jol@)" foles)
[ fo()Il | folc) I’

The top k£ = 5 clauses and their associated labels
form the evidence set £/, used for downstream clas-
sification. Because the index contains only training
contracts, no clause from a held-out contract can
be retrieved as evidence.

s(q, ci) “)

3.3 Evidence-Conditioned Classification

The retrieved evidence set £, = {(c;, yj)};?zl is

incorporated into the classifier prompt as a set of
labeled in-context demonstrations. Each retrieved
pair provides a concrete example of contractual
language associated with a candidate clause cate-
gory. Given an instruction 7, the permitted label set
Y, and target clause ¢, the evidence-conditioned
prompt is defined as

Plq, Eq,Y) = [I; Eg; Y; q- Q)
The language model then predicts
gj:g¢(P(q,Eq,y)), (6)

where the output is restricted to a category in ).
In contrast, the evidence-free baseline receives the
same instruction, label space, and target clause
but excludes E,. This design enables the effect
of retrieved contractual evidence to be assessed
without modifying the parameters of the underlying
classifier.

3.4 Controlled Evaluation and Leakage
Prevention

To isolate the effect of retrieved evidence, we com-
pare inference conditions using the same SLM:

(N
)

gbase = g¢(Q7y)7
Qret = g¢(Q7 Eq7y)-

The model, evaluation instances, label space, and
generation configuration are held fixed while the
source of the contextual demonstrations changes.

To prevent information leakage, contracts are
partitioned before clause-level restructuring, and
the retrieval index is constructed exclusively from
training contracts. Consequently, clauses from
held-out contracts cannot appear as retrieved evi-
dence. Annotation labels are also excluded from



the embedding representations, ensuring that re-
trieval similarity is determined only by clause text.

This controlled design separates the contribution
of retrieval from changes to the underlying classi-
fier and provides a direct test of whether retrieved
contractual evidence improves clause classification.

4 Experimental Setup

In this section, we describe the dataset and experi-
mental procedure in detail.

4.1 Data

We use CUAD vl, an expert-annotated benchmark
for commercial contract review containing 510 con-
tracts and 41 annotation categories (Hendrycks
et al., 2021). These 41 categories comprise five
contract-level metadata fields and 36 substantive
clause categories. The five metadata fields are ex-
cluded from the classification label space, so the
experimental task considers 36 clause categories.

To prevent document-level leakage, the dataset
is partitioned at the contract level before clause-
level restructuring. Using random seed 42, 410
contracts are assigned to training and 100 to the
held-out set, with zero overlap between the two
partitions. We treat each annotated clause as one
classification instance, with its CUAD category as-
signed as the class label. The training contracts are
then converted into clause-level records containing
the source contract, clause category, clause text,
annotation answer, and metadata flag. Annotation
answers remain separate from clause text and are
not used as embedding input. The resulting train-
ing representation contains 7,004 clause records,
which form the retrieval corpus.

4.2 Experimental Configuration

All classification configurations are evaluated on
the same 1,679 held-out clauses. The retrieval cor-
pus contains clauses from the 410 training con-
tracts only. Each test clause is encoded with
embed-english-v3.0, and the five most similar
training clauses are retrieved from a local Qdrant
collection using cosine similarity.

The prompting-only and retrieval-conditioned
configurations use the same Qwen2.5-1.5B model
served through Ollama with deterministic genera-
tion (temperature=0). The zero-shot SLM base-
line receives the target clause and the CUAD label
set. The random few-shot SLM configuration re-
ceives randomly selected labeled examples, while
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the proposed retrieval-conditioned configuration
receives the five retrieved clauses and their labels
as few-shot examples. Thus, the model, evaluation
instances, label space, and generation configura-
tion remain fixed while the source of the contextual
demonstrations changes.

For the fine-tuned encoder baselines, BERT
and LegalBERT were trained using the same
CUAD-derived training partition and evaluated on
the same 1,679-clause held-out test set. BERT
uses bert-base-uncased, while Legal BERT uses
nlpaueb/legal-bert-base-uncased; both mod-
els are fine-tuned for three epochs using class-
weighted CrossEntropy loss.

4.3 Evaluation Protocol

Classification is evaluated using accuracy and
macro-F1. The same 1,679 held-out clauses are
used for the prompting-only, retrieval, and pro-
posed RAG comparisons, allowing the effect of
retrieved contractual context to be assessed under
a matched evaluation protocol.

The retrieval baselines are evaluated using the
same training-only retrieval corpus as the proposed
method. Pure Top-1 retrieval assigns the label of
the nearest retrieved clause directly. Majority-vote
k-NN assigns the most frequent label among the
five nearest clauses, while weighted k-NN uses
similarity-weighted voting. The proposed RAG
Few-Shot SLM instead supplies the five retrieved
labeled clauses to the SLM as contextual demon-
strations.

Macro-F1 is computed by first calculating the F1
score independently for each class and then taking
the unweighted mean across the 36 clause cate-
gories. This metric is reported alongside accuracy
to account for the class imbalance present in the
CUAD-derived classification task.

5 Results

The results are presented in three groups:
prompting-only approaches, retrieval baselines
compared with the proposed retrieval-conditioned
SLM, and fine-tuned parametric encoders.

5.1 Prompting-Only Approaches

Table 2 presents the prompting-only configurations
evaluated on the same 1,679 held-out clauses.

The zero-shot SLM achieves 35.80% accuracy
and 31.41% macro-F1. Providing randomly se-
lected few-shot examples increases performance



Table 2: Prompting-only approaches without semantic
retrieval on the 1,679 held-out clauses.

Methodology Accuracy Macro-F1
Zero-Shot SLM 35.80% 31.41%
Random Few-Shot SLM  50.98% 40.93%

to 50.98% accuracy and 40.93% macro-F1. This
improvement indicates that example-based prompt-
ing can provide useful task context even when the
demonstrations are not selected through semantic
retrieval. However, random demonstrations do not
explicitly target clauses that are semantically re-
lated to the test instance.

5.2 Comparison of RAG-based SLM with
Baseline Models

The retrieval baselines and proposed method are
compared in Table 3 using the same 1,679 held-out
clauses.

To isolate the contribution of retrieval from that
of the SLM, we added random few-shot prompt-
ing and three retrieval-only k-NN baselines. Ran-
dom few-shot prompting improves macro-F1 from
31.41% to 40.93%, while retrieval-only methods
reach 47.48-47.82%. Conditioning the SLM on
retrieved evidence further increases macro-F1 to
51.72%, an improvement of 3.90—4.24 percentage
points over the corresponding retrieval-only base-
lines. Thus, a substantial portion of the improve-
ment originates from retrieval itself, while the SLM
provides an additional gain beyond direct nearest-
neighbor voting.

The retrieval-only experiments also clarify the
distinction between nearest-neighbor classification
and the proposed approach. In k-NN, the retrieved
labels directly determine the prediction through
Top-1, majority, or similarity-weighted voting. In
our approach, retrieved clauses and their labels
serve as evidence in the SLM context rather than
determining the output directly. The 3.90-4.24
percentage-point macro-F1 improvement over the
k-NN variants indicates that the SLM contributes
additional classification capability beyond direct
neighbor voting.

Relative to the zero-shot SLM baseline, the pro-
posed method improves accuracy from 35.80% to
66.41% and macro-F1 from 31.41% to 51.72%.
Relative to the random few-shot SLM, the cor-
responding improvements are 15.43 percentage
points in accuracy and 10.79 percentage points in
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macro-F1.

5.3 Fine-Tuned Parametric Encoders

As an additional reference point, we evaluated fully
supervised parametric encoders using the same
CUAD-derived training partition and the same
1,679 held-out clauses. The results are summarized
in Table 4. Fine-tuned BERT achieves 71.47%
accuracy and 64.08% macro-F1, while fine-tuned
LegalBERT achieves 76.00% accuracy and 68.18%
macro-F1.

Fine-tuned BERT and LegalBERT achieve
higher absolute macro-F1 (64.08% and 68.18%,
respectively), demonstrating the effectiveness of
task-specific supervised optimization. However,
this performance comes from updating model pa-
rameters using task-specific labeled training data.
In contrast, our proposed RAG-SLM requires no
task-specific parameter fine-tuning and performs
adaptation at inference time by conditioning the
model on retrieved labeled evidence. Consequently,
newly available evidence can be incorporated into
the retrieval store without retraining the SLM. This
distinction is particularly relevant to our objective
of developing a lightweight, locally deployable
legal classification framework in which the evi-
dence base can evolve independently of model pa-
rameters. Despite operating without task-specific
fine-tuning, the proposed method achieves 51.72%
macro-F1 and substantially improves over the zero-
shot SLM (31.41%) and random few-shot SLM
(40.93%). Thus, the proposed approach represents
a complementary trade-off: fine-tuned encoders
provide stronger absolute predictive performance,
whereas retrieval-conditioned SLM inference pro-
vides greater flexibility for evidence-driven adapta-
tion without repeated parameter updates.

5.4 Category-Level Recall Analysis

Category-level analysis. Figure 2 compares per-
category recall for the k-NN Majority Vote baseline
and the proposed RAG Few-Shot SLM across the
36 CUAD categories. Recall improved in 17 cate-
gories (47.2%), remained unchanged in 5 (13.9%),
and decreased in 14 (38.9%). Improvements and
declines occurred across categories with different
levels of test support, while some low-support cat-
egories exhibited large percentage-point changes.
We therefore interpret these results descriptively
and avoid drawing conclusions from isolated per-
category differences.



Table 3: Comparison of retrieval-free, retrieval-only, and retrieval-augmented baselines on the same 1,679-clause

evaluation set.

Method Retrieval Inference Accuracy (%) Macro-F1 (%)
Zero-Shot SLM No Yes 35.80 31.41
Random Few-Shot SLM Random Yes 50.98 40.93
kNN Top-1 Yes No 60.33 47.48
kNN Majority (k = 5) Yes No 63.43 47.52
Weighted kNN (k = 5) Yes No 63.43 47.82
RAG-based SLM (Proposed) Yes Yes 66.41 51.72

Table 4: Comparison with fine-tuned encoder baselines.

Method Task-Specific Inference-Time Evidence Adaptation to New Evidence Macro-F1
Fine-Tuning (%)
Fine-Tuned BERT Required No Requires retraining 64.08
Fine-Tuned Required No Requires retraining 68.18
LegalBERT
Proposed Notrequired  Retrieved labeled evidence Update evidence store without pa- 51.72
rameter retraining
5.5 Error Analysis
The aggregate metrics show that retrieval-
v v - conditioned inference improves classification per-
eld out st st N 2 175 cateqorses sortod by rocal change (3)
T : formance, but aggregate accuracy and macro-F1 do
Baseline (k-NN Majority Vote, k=5) WM Proposed (RAG Few-Shot)
o Sovion oot not fully describe how retrieved evidence affects
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Figure 2: Per-category recall comparison between the
k-NN Majority Vote baseline and the proposed RAG
Few-Shot SLM, sorted by recall change (A).

individual clause categories.

The confusion matrices in Figure 3 and Fig-
ure 4 provide a category-level view of the predic-
tion errors for the prompting-only baseline and the
proposed retrieval-conditioned configuration. The
comparison is used to examine whether retrieved
contractual examples change the distribution of
errors across CUAD categories and to identify cat-
egories that remain challenging despite the avail-
ability of additional contractual evidence.

The category-level error analysis is interpreted
descriptively. In particular, retrieval may reduce
errors for categories whose contractual language
varies substantially across documents, because se-
mantically related training clauses provide con-
crete examples of how the same category is ex-
pressed. At the same time, closely related contrac-
tual categories may remain difficult to distinguish
when their retrieved examples share overlapping
language. The confusion matrices therefore com-
plement the aggregate results by showing how er-
rors are distributed across the label space.



Figure 3: Confusion matrix for clause classification on
the same held-out evaluation set using the zero-shot
SLM without retrieved evidence.

Figure 4: Confusion matrix for clause classification on
the same held-out evaluation set using the proposed
retrieval-conditioned SLM with five retrieved labeled
contractual examples.

6 Conclusion

This work investigated whether retrieved labeled
contractual examples can provide effective task-
specific grounding for small language models in
fine-grained contract clause classification. The find-
ings demonstrate that retrieval-conditioned infer-
ence can substantially strengthen an SLM with-
out task-specific parameter fine-tuning, and that re-
trieved evidence is most useful when incorporated
as contextual demonstrations rather than used di-
rectly for nearest-neighbor label assignment. More
broadly, the study highlights a complementary di-
rection to parameter-based adaptation: keeping the
language model fixed while allowing its evidence
base to evolve independently. This flexibility is par-
ticularly relevant to legal NLP settings where local
deployment, data governance, and efficient adap-
tation are important considerations. Overall, our
findings establish retrieval-conditioned SLMs as a
promising foundation for evidence-grounded legal
language processing and motivate their evaluation
across broader legal datasets and contract-analysis
tasks.
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Limitations

This study evaluates the proposed approach on a
held-out set of 1,679 CUAD clauses. Although the
contract-disjoint evaluation provides a controlled
setting for measuring the effect of retrieved evi-
dence, further evaluation on additional legal con-
tract datasets would provide stronger evidence re-
garding generalization beyond CUAD.

The experiments also consider a fixed retrieval
configuration using dense semantic retrieval with
cosine similarity and K = 5. Accordingly, the
reported results capture the effectiveness of the
retrieval-conditioned framework under this setting;
exploring alternative retrieval strategies and values
of K remains an avenue for future work.

Finally, the current evaluation focuses on clause
classification performance. The extent to which
retrieval-conditioned small language models gen-
eralize to other contract analysis tasks and legal
datasets remains to be investigated.
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