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Abstract
Production deployment of Retrieval-Augmented Generation (RAG)
systems requires balancing answer qualitywith computational con-
straints and response latency. While existing research has exten-
sively investigated retrieval strategies and prompt engineering, the
selection of the language model component remains relatively un-
explored, particularly for resource-constrained scenarioswhere com-
pact models (1B–8B parameters) offer practical advantages. This
work systematically evaluates six compact open-sourcemodelswithin
a controlled RAG pipeline across two complementary knowledge-
intensive QA benchmarks. Our evaluation, using fixed retrieval
configuration across over 16,400 test questions, reveals that, within
the heterogeneous set ofwidely-deployed compact familieswe eval-
uate, parameter count alone is an unreliable predictor of RAG per-
formance, even after controlling for retrieval quality. On MetaQA,
Gemma 2 2B and Mistral 7B achieve statistically indistinguishable
accuracy (81.66% vs 81.45%, McNemar 𝑝 = 0.588) despite a 3.5×
difference in parameters. On WC2014QA, Mistral 7B significantly
outperforms Llama 3.1 8B (92.70% vs 89.28%, 𝑝 < 0.001). Latency
decomposition reveals that retrieval latency is relatively uniform
across models, while generation latency varies substantially with
architectural choices: Phi-3 Mini and Mistral 7B exhibit the fastest
generation. The key takeaway is that strategic model selection can
achieve higher accuracy than the largest evaluated model while re-
ducing end-to-end latency by approximately 24% (Mistral 7B: 0.61s
vs Llama 3.1 8B: 0.80s on WC2014QA). All accuracy comparisons
are supported by McNemar significance tests.

CCS Concepts
•Computingmethodologies→Natural language generation;
• Information systems→ Question answering; Retrieval mod-
els and ranking.
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1 Introduction
Large language models can generate fluent text but may produce
unsupported statements when factual grounding is required. This
occurs becausemodel parameters are frozen post-training and knowl-
edge is derived entirely from static training corpora. RAG addresses
this limitation through a two-stage approach [1]: first retrieving

relevant documents from local or external sources, then condition-
ing generation on these retrieved documents to ground responses
in verifiable evidence. Recent surveys document the wide applica-
bility and rapid evolution of RAG paradigms [24].

Most RAG research focuses on large-scalemodels (70B+ parame-
ters) deployed on multi-GPU infrastructure. Such deployments are
prohibitively expensive for resource-constrained organizations or
mobile/edge applications. Several compact models have emerged
recently, including Phi-3 Mini (3.8B), Gemma 2 (2B), and Llama 3.2
(1B and 3B variants). These can execute on single consumer GPUs
with sub-second latencies and operational costs orders of magni-
tude lower than larger counterparts. Yet it remains unclear which
compact models perform best in RAG contexts.

The literature provides limited guidance here. Existing studies
typically evaluate single models in isolation, compare vastly dif-
ferent scales where conclusions do not transfer, or rely on propri-
etary APIs preventing reproducibility. We lack systematic under-
standing of how 2B vs 3B vs 7B models compare under the same
retrieval setup, including retriever, reranker, and prompt template.
Practitioners deploying RAG systems face this choice regularly but
lack empirical data.

This paper addresses this gap through controlled evaluation of
six compact models (Llama 3.2 1B, Gemma 2 2B, Llama 3.2 3B, Phi-
3 Mini 3.8B, Mistral 7B, Llama 3.1 8B) in a controlled RAG pipeline
with a fixed retrieval configuration and prompt template. We hold
the retrieval and prompting components fixed (same embedder,
hybrid search, reranker, and prompt template), so observed differ-
ences primarily reflect the generatormodel choice. Evaluation uses
twowidely used and complementary benchmarks:MetaQA [2]with
9,947 single-hop test questions requiring reasoning overmovie data,
and WC2014QA [3] with 6,482 single-hop test questions about the
2014 FIFA World Cup requiring precise entity extraction. We mea-
sure both accuracy (Hits@1, F1, ExactMatch) and latency (retrieval,
generation, end-to-end), and accompany all pairwise accuracy com-
parisons with McNemar significance tests [25].

Our contributions are fourfold: (1) a systematic comparison of
six compact LMs in a controlled RAG pipeline with fixed retrieval
configuration, isolating model effects from retrieval and prompt-
ing; (2) evaluation on two complementary benchmarks covering
entity-centric single-hopQAover heterogeneous sources; (3) a joint
accuracy–efficiency analysiswith latency decomposition, supported
by McNemar significance tests for all pairwise comparisons, iden-
tifying which accuracy differences are statistically reliable; and (4)
deployment-oriented insights, including the finding that on our
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Figure 1: Overview of the study: controlled RAG pipeline with a fixed retrieval configuration, six evaluated compact LMs, two
single-hop QA benchmarks, and the measured accuracy and latency quantities.

benchmarksMistral 7B lies on the accuracy–latency efficiency fron-
tier, matching or exceeding Llama 3.1 8B accuracy at substantially
lower latency, and that retrieval latency is largely independent of
generator size under a fixed retrieval configuration. Beyond aggre-
gate accuracy and latency rankings, our per-question paired Mc-
Nemar analysis reveals that the largest evaluated model is rarely
Pareto-dominant on the accuracy–latency frontier, motivatingmodel
selection that accounts for architecture—not just size—as a first-
class deployment decision rather than an afterthought. An illustra-
tion of the investigated task and its context is given in Figure 1.

The rest of this paper is organized as follows. Section 2 reviews
background and related work on retrieval-augmented generation
and compact language models. Section 3 details the experimental
methodology, including the controlled RAG pipeline, the evaluated
models, benchmarks, metrics, and statistical procedure. Section 4
reports accuracy and latency results across both benchmarks, ac-
companied by pairwise McNemar significance tests and an analy-
sis of the accuracy–latency frontier. Section 5 discusses deployment-
relevant observations, including error patterns and possible mech-
anistic explanations for the observed non-monotonic scaling. Sec-
tion 6 consolidates practical deployment guidance, Section 7 dis-
cusses limitations, and Section 8 concludes.

2 Background and Related Work
Our work builds on two research areas: retrieval-augmented gen-
eration and compact language model development.

RAGSystems. Large languagemodels generate text based solely
on training data. When asked about recent publications or domain-
specific facts, they either acknowledge limitations or fabricate de-
tails. RAG systems split the task: retrieve relevant documents from
local or external sources, then condition generation on retrieved
documents [1]; recent surveys provide a broader overview of the
rapidly evolving RAG landscape [24]. Rather than relying on mem-
orized patterns, the model extracts answers from provided refer-
ence text. Standard RAG pipelines have three components. During
indexing, documents are chunked, embedded via sentence trans-
formers [19], and stored in vector databases alongside lexical in-
dexes [20]. At query time, retrieval searches for passages seman-
tically similar to the question, often combining dense and sparse
methods [4]. Generation formats passages as context, prepending
them to questions before feeding to the LLM.

Most RAG research optimizes retrieval: improved embeddings,
hybrid ranking, andmulti-hop strategies for complex questions [5].
The generator receives less attention, typically treated as fixed. Re-
searchers select a large model, optimize retrieval parameters, and
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evaluate the complete system. This leaves one question relatively
unexplored: does generator choice matter when high-quality con-
text is provided, and how does it interact with latency constraints?

Compact Language Models. The evaluated models represent
different design philosophies.Mistral 7B [6] employs grouped-query
attention and sliding-window attention for efficient 8K-token con-
text handling, achieving performance rivalingmodels twice its size.
Gemma 2 2B [7] uses local attention patterns and GeGLU activa-
tions to run on minimal hardware. Phi-3 Mini [8] (3.8B) empha-
sizes high-quality training data over scale, focusing on structured
reasoning relevant to RAG tasks. Llama 3.2 [9] offers 1B for edge
deployment and 3B as middle ground, inheriting Llama 3 archi-
tectural improvements. These span an order of magnitude (1B to
8B) but share constraints: consumer hardware, interactive latency,
and minimal memory. Whether architectural differences translate
to meaningful RAG performance gaps remains unclear.

Related Work and Gap. Lewis et al. [1] introduced RAG com-
bining DPR with BART, demonstrating gains on the benchmarks
Natural Questions [10] and TriviaQA [11]. Subsequent work ex-
panded alongmultiple dimensions: contrastive learning for retriev-
ers [4] and iterative retrieval for multi-hop questions [5]. Paral-
lel research on compact models includes distillation approaches
(DistilBERT [12], TinyBERT [13]) and data curation methods (Phi-
2 [14], StableLM [15]). However, these focus on general bench-
marks (MMLU [16], reasoning tasks) rather than RAG-specific eval-
uation. No prior work systematically compares compact models
under a controlled RAG setup with statistical significance testing.
Studies either compare single models against baselines [17], test
vastly different scales where conclusions do not generalize [18], or
use proprietary APIs preventing reproduction.

3 Experimental Methodology
Wedesign a controlled comparison isolating generator effects from
retrieval quality.

Experimental Infrastructure. All experiments use Semanti-
cRAG [26], an existing open-source RAG pipeline, as experimen-
tal infrastructure, with no changes to retrieval or indexing com-
ponents. We access the pipeline through its HTTP API endpoint,
keeping the retrieval and indexing components fixed and only swap-
ping the generator LLM parameter. This controlled setup ensures
that observed performance differences stem solely from model se-
lection rather than pipeline variations. Latency measurements in-
clude network overhead from HTTP communication.1

Models. Six compactmodels are evaluated: Llama 3.2 1B, Gemma 2
2B, Llama 3.2 3B, Phi-3 Mini 3.8B, Mistral 7B, and Llama 3.1 8B. All
models are accessed with identical retrieval configuration (embed-
dings, hybrid search, reranking).

Retrieval Pipeline. The retrieval component uses dense em-
beddings (nomic-embed-text [21], 768-dim) combinedwith BM25 [20]
for hybrid search. Documents are chunked into 500-character seg-
mentswith 50-character overlap. Per question, the system retrieves
candidate passages via hybrid search and applies cross-encoder
reranking (gte-reranker-modernbert-base). The reranked passages
are provided as context for generation (top-10 target). Generation

1Our evaluation code is publicly available at https://github.com/APapafragkakis/
Compact-LLMs-RAG-Eval.

models receive context plus question, producing answers with tem-
perature=0 for deterministic output.

Benchmarks. MetaQA [2] contains movie questions at three
difficulty levels (1-hop, 2-hop, and 3-hop reasoning over the un-
derlying knowledge graph); we evaluate only on the 9,947 single-
hop test questions. Multi-hop questions would require iterative re-
trieval, confounding our goal of isolating generator performance
under fixed retrieval context. Therefore, restricting evaluation to 1-
hop questions is well-suited to this research goal. The knowledge
base consists of 43,234 movie entities derived fromMetaQA triples,
verbalized into natural language passages.WC2014QA tests factual
extraction about the 2014 FIFA World Cup using 6,482 single-hop
test questions with 1,236 supporting passages from news reports
and match summaries.

Metrics. We report three accuracy metrics on normalized text;
because the two benchmarks have different answer structures, the
exact procedure differs slightly between them. InWC2014QA each
question has a set of valid answers and predictions are single en-
tities: we normalize a prediction by lowercasing, replacing spaces
with underscores, and truncating at the first comma.Hits@1 counts
the question correct if the normalized prediction is exactly equal
to any valid answer (an exact-match membership test, not a sub-
string test); EM compares it against the single first-listed valid an-
swer only; and F1 is the token-level overlap between the predic-
tion and the best-matching valid answer, averaged over questions.
In MetaQA answers are genuine entity sets: we lowercase, strip
punctuation, and split predictions and gold answers on “|” into en-
tity sets. Hits@1 counts the question correct if the top predicted
entity matches any gold entity; EM requires the predicted entity
set to equal the gold set exactly; and F1 is the entity-level (set-
overlap) F1 between the two sets, averaged over questions. In both
benchmarks EM is the strictest metric and Hits@1 the most le-
nient, so EM ≤ Hits@1 by construction; the gap is largest on set-
valued questions, where returning one valid member is credited
by Hits@1 and partially by F1 but rejected by EM. Latency decom-
poses into retrieval time, generation time, and end-to-end time per
query. We additionally apply McNemar’s test [25] with continuity
correction for all pairwise model comparisons on per-question bi-
nary correctness, reporting p-values with significance codes (***
𝑝 < 0.001, ** 𝑝 < 0.01, * 𝑝 < 0.05, n.s. not significant). We report
uncorrected p-values for transparency; given 15 pairwise compar-
isons per dataset, results with 𝑝 < 0.0033 (Bonferroni-corrected
at 𝛼=0.05) should be considered statistically robust to concerns
about multiple comparisons. As all our headline findings (the M-
7B vs L3.1-8B gap on WC2014QA, the L3.2-1B vs G2-2B gap on
WC2014QA, and the G2-2B vs M-7B null on MetaQA) are reported
at 𝑝 < 0.001 or 𝑝 > 0.5, they survive Bonferroni correction.

Procedure. For each model, we process all test questions un-
der identical retrieval configuration. Retrieval is executed indepen-
dently per run; retrieval latency and aggregate retrieval behavior
are largely stable across runs and models (Figure 3), indicating that
observed performance differences are primarily attributable to the
generator.

Implementation Details. The remote API uses 4-bit quanti-
zation (bitsandbytes NF4 [22]) for all models. Individual queries
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timeout at 60s; failed queries retry up to 3 times. Decoding is deter-
ministic (temperature=0, max_new_tokens=128) with sequential
single-query inference (batch size 1).

LatencyMeasurement Setup. Latency ismeasured on the client
side via Python’s perf_counter(), capturing the HTTP request-
response round-trip to a remote inference server hosted on research
infrastructure with a single 16GB consumer-class GPU. Reported
latencies therefore reflect end-to-end remote-API behavior (net-
work + retrieval + generation), not local on-device inference. We
report mean latency over the test sets after 5 warm-up queries.
Latency is decomposed into retrieval service latency (embedding,
hybrid search, reranking) and generation service latency (forward
pass, decoding). Eachmodel was evaluated in a separate single run;
we observe non-negligible run-to-run variance in retrieval latency
(up to roughly 17% across models on WC2014QA, despite identi-
cal retrieval inputs across runs), which we attribute to network
and server-load fluctuations. Latency comparisons should there-
fore be read as point estimates rather than tightly-bounded mea-
surements; in particular, the 24% end-to-end latency advantage of
Mistral 7B over Llama 3.1 8B on WC2014QA is dominated by a
much larger gap in generation latency (0.326 s vs 0.505 s) and is
therefore robust to retrieval-side variance. Smaller latency differ-
ences between similar architectures should not be over-interpreted,
as they fall within the run-to-run noise we observe.

Prompt Format and Normalization. Retrieved passages are
formatted as a bulleted list under “Documents:” with task instruc-
tions to extract answers and respond with the exact entity name.
For evaluation, we apply dataset-specific lightweight normaliza-
tion: right-strip whitespace, replace spaces with underscores, low-
ercase, truncate at the first comma. Gold answers are provided in
underscored format and lowercased for comparison. The precise
definitions of EM, F1, and Hits@1 are consolidated in the Met-
rics paragraph above. ForWC2014QA specifically, since some ques-
tions admit multiple valid answers (e.g., naming any player on a
team), Hits@1 and F1 are computed against the best match across
all valid answers, while EM compares only against the first-listed
gold answer; this convention explains the systematic EM <Hits@1
gap onWC2014QA, which is most pronounced for set-valued ques-
tions.

A question is set-valued when several distinct entities are ac-
ceptable answers (e.g. “which soccer club is based in Mexico”, or
“what films does an actor appear in”). Set-valued questions are ap-
proximately 33% of single-hopMetaQA (mean 1.9, maximum 44 ac-
ceptable answers) and 36% of WC2014QA, the latter with a much
heavier tail (mean 30.8, maximum 249 acceptable answers). For
such questions Hits@1 and F1 are the appropriate metrics, as they
credit any correct member (Hits@1) or partial set recovery (F1);
EM, which onWC2014QA compares against a single first-listed an-
swer, is not a meaningful criterion for set-valued questions and is
reported only for completeness and comparability with prior work.

4 Results
We report accuracy and latency across both benchmarks for all six
models, with pairwise statistical significance (McNemar’s test) for
all accuracy comparisons.

4.1 Accuracy
Tables 1 and 2 report baseline and RAG performance for all six
models on MetaQA and WC2014QA respectively.

Table 1: MetaQA: Baseline vs RAG performance (N=9,947).
All metrics in %. H@1 = Hits@1, EM = Exact Match. Best in
bold.

Baseline RAG
Model H@1 F1 EM H@1 F1 EM
L3.2-1B 5.49 5.77 0.80 72.56 59.42 29.96
G2-2B 18.53 15.73 6.39 81.66 79.91 67.96
L3.2-3B 23.52 19.11 7.61 85.34 78.52 60.53
Phi-3 7.96 6.07 0.69 79.42 71.89 50.34
M-7B 31.83 26.62 8.01 81.45 79.10 68.32
L3.1-8B 36.19 31.07 15.02 86.15 81.35 66.53

Table 2: WC2014QA: Baseline vs RAG performance
(N=6,482). All metrics in %.

Baseline RAG
Model H@1 F1 EM H@1 F1 EM
L3.2-1B 6.03 9.63 1.50 75.35 83.02 51.08
G2-2B 12.90 16.90 8.69 69.38 76.00 63.73
L3.2-3B 13.11 17.44 8.81 73.76 80.87 60.94
Phi-3 11.34 16.33 6.08 84.85 90.43 58.87
M-7B 8.21 15.65 7.16 92.70 94.19 64.12
L3.1-8B 20.66 25.18 11.60 89.28 92.20 64.89

MetaQA. Llama 3.1 8B achieves the highest Hits@1 at 86.15%,
followed closely by Llama 3.2 3B at 85.34%. The 0.80pp gap, while
small, is statistically significant (𝑝 < 0.001) given the 9,947-question
test set (Table 3). Phi-3 Mini (79.42%) underperforms the smaller
Llama 3.2 3B (85.34%) by 5.92pp, a statistically significant effect
that is non-monotonic in parameter count (𝑝 < 0.001). Notably,
Gemma 2 2B (81.66%) and Mistral 7B (81.45%) are statistically indis-
tinguishable on MetaQA (𝑝 = 0.588), despite Mistral having 3.5×
the parameters.

WC2014QA.Mistral 7B achieves the highest accuracy at 92.70%,
significantly exceeding Llama 3.1 8B (89.28%, 𝑝 < 0.001). Llama 3.2
1B reaches 75.35% versus 69.38% for Gemma 2 2B (𝑝 < 0.001), out-
performing it despite having half the parameters; this illustrates
that model family and training data can dominate size effects. Ev-
ery one of the 15 pairwise differences on WC2014QA reaches sta-
tistical significance.

Baseline vs. RAG. All models show highly significant gains
from RAG (𝑝 < 0.001 for all 12 baseline-vs-RAG comparisons).
On MetaQA, absolute gains range from +49.62pp (Mistral 7B) to
+71.46pp (Phi-3 Mini). On WC2014QA, gains range from +56.48pp
(Gemma 2 2B) to +84.50pp (Mistral 7B). In relative terms, the small-
est model (Llama 3.2 1B) shows the largest ratio gain on MetaQA
(13.2×); on WC2014QA both Llama 3.2 1B (12.5×) and Mistral 7B
(11.3×) show the highest relative gains.
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4.2 Statistical Significance
We apply McNemar’s test with continuity correction to each pair
of models, using per-question Hits@1 correctness (Tables 3, 4).

Table 3: MetaQA pairwise McNemar tests (Hits@1, N=9,947).
Δ in percentage points. Significance: *** 𝑝 < 0.001, ** 𝑝 < 0.01,
* 𝑝 < 0.05, n.s. not significant.

Comparison Δ (pp) p-value Sig.
L3.2-1B vs G2-2B +9.10 < 0.001 ***
L3.2-1B vs L3.2-3B +12.78 < 0.001 ***
L3.2-1B vs Phi-3 +6.86 < 0.001 ***
L3.2-1B vs M-7B +8.89 < 0.001 ***
L3.2-1B vs L3.1-8B +13.58 < 0.001 ***
G2-2B vs L3.2-3B +3.68 < 0.001 ***
G2-2B vs Phi-3 −2.24 1.3 × 10−8 ***
G2-2B vs M-7B −0.21 0.588 n.s.
G2-2B vs L3.1-8B +4.48 < 0.001 ***
L3.2-3B vs Phi-3 −5.92 < 0.001 ***
L3.2-3B vs M-7B −3.89 < 0.001 ***
L3.2-3B vs L3.1-8B +0.80 1.5 × 10−4 ***
Phi-3 vs M-7B +2.03 3.6 × 10−8 ***
Phi-3 vs L3.1-8B +6.73 < 0.001 ***
M-7B vs L3.1-8B +4.69 < 0.001 ***

Table 4: WC2014QA pairwise McNemar tests (Hits@1,
N=6,482). Δ in percentage points.

Comparison Δ (pp) p-value Sig.
L3.2-1B vs G2-2B −5.97 3.4 × 10−15 ***
L3.2-1B vs L3.2-3B −1.59 0.033 *
L3.2-1B vs Phi-3 +9.50 < 0.001 ***
L3.2-1B vs M-7B +17.36 < 0.001 ***
L3.2-1B vs L3.1-8B +13.93 < 0.001 ***
G2-2B vs L3.2-3B +4.38 < 0.001 ***
G2-2B vs Phi-3 +15.47 < 0.001 ***
G2-2B vs M-7B +23.33 < 0.001 ***
G2-2B vs L3.1-8B +19.90 < 0.001 ***
L3.2-3B vs Phi-3 +11.09 < 0.001 ***
L3.2-3B vs M-7B +18.94 < 0.001 ***
L3.2-3B vs L3.1-8B +15.52 < 0.001 ***
Phi-3 vs M-7B +7.85 < 0.001 ***
Phi-3 vs L3.1-8B +4.43 2.2 × 10−16 ***
M-7B vs L3.1-8B −3.42 1.9 × 10−13 ***

Key takeaways from significance testing. OnMetaQA, only
one pair (G2-2B vs M-7B) is not statistically distinguishable; even
the small 0.80pp gap between L3.2-3B and L3.1-8B is significant
given the large test set. On WC2014QA, all 15 pairwise differences
are significant; of particular deployment interest,Mistral 7B signif-
icantly outperforms Llama 3.1 8B (Δ = −3.42pp, 𝑝 < 0.001) and
Llama 3.2 1B significantly outperforms Gemma 2 2B (Δ = +5.97pp,
𝑝 < 0.001).

4.3 Latency
Figure 2 visualizes the accuracy comparison between baseline and
RAG configurations. Figure 3 shows per-query latency decomposed
into retrieval and generation components. Under our fixed retrieval
configuration, retrieval latency is relatively uniform across models
(0.29–0.46s), reflecting identical embedding, indexing, and rerank-
ing. Because the retrieval pipeline is byte-for-byte identical across
generators, this uniformity is expected by design rather than an
empirical finding about the generators: we report it as a control
confirming that our setup isolates the generator, and the resid-
ual run-to-run variation (Section 3) is attributable to network and
server load, not to the choice of generator. Generation latency varies
substantially and is primarily determined by model architecture
rather than raw parameter count.

On WC2014QA, Phi-3 Mini (0.618s end-to-end) and Mistral 7B
(0.614s) are the fastest, despite Mistral having nearly twice the
parameters of Phi-3. Llama 3.1 8B is the slowest at 0.804s, yield-
ing a 24% latency reduction for Mistral 7B while achieving sig-
nificantly higher accuracy. On MetaQA, Phi-3 Mini (0.689s) and
Mistral 7B (0.721s) are again the fastest, primarily due to their
markedly lower generation latencies (0.236s and 0.275s, respectively)
compared to Llama-family models (0.457–0.485s).

4.4 The Accuracy–Latency Frontier
OnWC2014QA, Mistral 7B strictly Pareto-dominates Llama 3.1 8B:
higher accuracy (+3.42pp, 𝑝 < 0.001) at lower latency (−0.19s). On
MetaQA, the Pareto frontier spans fourmodels: Phi-3Mini anchors
the low-latency end (0.689s, 79.42%); Mistral 7B (statistically tied
with Gemma 2 2B) offers 94.6% of 8B accuracy at 21% lower latency;
Llama 3.2 3B offers 98.6% of 8B accuracy at comparable latency; and
Llama 3.1 8B achieves the highest accuracy but also the highest
latency.

5 Analysis
Our results, backed by statistical testing, yield four deployment-
relevant observations.

(1) Parameter count is a weak predictor of RAG perfor-
mance within the compact regime. On MetaQA, Gemma 2 2B
matches Mistral 7B (p=0.588). On WC2014QA, Llama 3.2 1B beats
Gemma 2 2B (𝑝 < 0.001) and Mistral 7B beats Llama 3.1 8B (𝑝 <

0.001). These are statistically reliable effects, not point-estimate
noise, and survive Bonferroni correction. We emphasize an impor-
tant caveat: in our setup model family is confounded with size—
only two of our six models (Llama 3.2 1B and 3B) share architec-
ture and training pipeline with another evaluated model. A con-
trolled size-only study would require a full within-family sweep,
which we discuss as a limitation. What our findings do establish is
more limited than a pure scaling claim: across the heterogeneous
set of compact LM families in wide deployment that practitioners
actually choose between, raw parameter count cannot be used as
a reliable proxy for RAG accuracy.

(2) Retrieval latency is generator-independent; generation
latency is architecture-dependent. Our fixed retrieval configu-
ration produces nearly constant retrieval times (0.29–0.46s) across
all models. Generation latency, by contrast, is not a monotonic
function of size: Phi-3 Mini (3.8B) and Mistral 7B (7B) generate
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Figure 2: Hits@1 accuracy comparison: baseline (no RAG) vs. RAG-augmented configurations. All models show substantial
and statistically significant gains from RAG on both benchmarks (𝑝 < 0.001). The smallest model (Llama 3.2 1B) improves by
up to 13.2× on MetaQA, while Mistral 7B achieves the largest absolute improvement on WC2014QA (+84.50pp).
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Figure 3: Latency breakdown per query. Retrieval latency is largely uniform across models under the same service configura-
tion (0.29–0.46s); generation latency varies substantially withmodel architecture. Phi-3Mini andMistral 7B exhibit the fastest
generation on both datasets, yielding the lowest end-to-end latencies.

faster than Llama-family models of comparable or smaller size on
both datasets. This reflects architectural choices (grouped-query
attention, sliding-window attention, efficient tokenizers) rather than
raw capacity. The practical implication: choosing the “smallest”model
is not the latency-optimal strategy; on WC2014QA Mistral 7B is
Pareto-dominant over Llama 3.1 8B.

(3) RAG gains are large but differently distributed across
datasets. All six models gain substantially and significantly from
retrieval augmentation. In relative terms, the smallest models gain
the most on MetaQA (13.2× for 1B, 4.4× for 2B, 2.4× for 8B). On
WC2014QA, the pattern is lessmonotonic: Llama 3.2 1B (12.5×) and

Mistral 7B (11.3×) show the highest ratios, reflecting both a weak
parametric baseline (Mistral 7B: 8.21%without RAGonWC2014QA)
and strong retrieval-grounded extraction. In absolute percentage
points, the largest gains onWC2014QAbelong tomid-to-largemod-
els (Mistral 7B:+84.5pp). The “smallermodels benefitmore” heuris-
tic common in RAG literature thus holds in relative terms but is
sensitive to the pairing of a model’s pre-training coverage with
the task domain.

(4) EM–Hits@1 gaps signal formatting, not capability, dif-
ferences. On MetaQA, Llama 3.2 1B shows a 42.6pp gap between
Hits@1 (72.56%) and EM (29.96%), while Llama 3.1 8B shows a
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19.6pp gap (86.15% vs 66.53%). Smaller models often identify the
correct entity but fail normalization (trailing tokens, synonyms,
partial entity extraction). Lightweight post-processing could close
much of this gap for compact models—a practical deployment lever
we note for future work.

5.1 Error Analysis
Inspecting failure cases across models reveals three recurrent fail-
ure modes, each with distinct deployment implications.

(a) Format drift in compactmodels. Small models frequently
identify the correct entity but append extraneous tokens. For the
MetaQA question “what does [Grégoire Colin] appear in” (gold:
Before the Rain), Llama 3.2 1B may return both the answer
and the query entity. When the correct entity is ranked first (e.g.
Before the Rain | Grégoire Colin), Hits@1 still credits the
answer—only the top entity is tested against the reference set—
whereas EM fails because the predicted set no longer equals the
gold set, and F1 remains non-zero through partial overlap. When
instead a spurious entity is ranked first (e.g. Grégoire Colin |
Before the Rain), even Hits@1 fails, since the top entity is not a
gold answer. This asymmetry—Hits@1 tolerates trailing extra enti-
ties but not a displaced top answer—accounts for much of the large
EM–Hits@1 gap seen for the smallest models, and a lightweight
post-processing step (stripping the query entity, or an LLM-based
answer extractor) could recover many of these cases without re-
training.

(b) Over-generation on set-valued questions.OnWC2014QA
questions asking for any member of a large set (e.g., “which soccer
club is based in England”, with 30 valid answers), models exhibit
divergent behaviors: Mistral 7B occasionally produces generic re-
sponses, while other models enumerate subsets, sometimes hallu-
cinating. Under our first-listed-answer EM scheme (§3), enumerat-
ing any non-canonical valid answer counts as correct underHits@1
but as incorrect under EM, partly explaining the large EM–Hits@1
gap for models with high Hits@1 (e.g., Mistral 7B: H@1=92.7%,
EM=64.1%). Prompt engineering for explicit set vs. single-answer
mode could mitigate this.

(c) Retrieval misses propagate uniformly. When the top-
retrieved passages fail to contain the answer, all six models de-
grade similarly, confirming that observed differences cannot be
attributed to retrieval variance. Taken together, the three failure
modes suggest that compact models can be substantially improved
through lightweight post-processing and prompt refinement, with-
out any changes to model weights or retrieval configuration.

5.2 Why Non-Monotonic Scaling?
The non-monotonic accuracy behavior we observe (e.g., L3.2-3B
> Phi-3 on MetaQA; M-7B > L3.1-8B on WC2014QA) is statisti-
cally robust but warrants mechanistic interpretation. Three factors
plausibly contribute. First, architectural efficiency: Mistral 7B com-
bines grouped-query attention [23], in which several query heads
share a single key/value projection, with sliding-window attention,
which restricts each token to a fixed-size local context window.
Both mechanisms reduce the memory and computation needed

to attend over long inputs, so the model can process the full con-
catenation of retrieved passages efficiently without spending ad-
ditional parameters on the attention mechanism. In our setting,
where the answer must be located within a long retrieved context,
this efficient long-context handling is a plausible contributor to its
strong accuracy relative to similarly sized or largermodels. Second,
training data composition: Phi-3 Mini is optimized for structured
reasoning via curated “textbook-quality” data, which may transfer
less directly to entity-extraction tasks dominated by surface pat-
terns. Third, tokenizer coverage: MetaQA contains rare movie enti-
ties and Phi-3’s smaller vocabulary may fragment these into more
subword units, reducing extraction fidelity. We cannot disentangle
these factors with our current setup—a controlled ablation across
matched model pairs would be required—but the aggregate find-
ing remains: practitioners should not rely on parameter count as a
performance proxy.

6 Deployment Guidance
Table 5 consolidates practical recommendations derived from our
significance-tested results.
Table 5: Deployment guidance in compact RAG settings,
grounded in our benchmarks.

Scenario Model Rationale

Factual/entity
extraction
(WC14)

Mistral 7B Highest accuracy (92.70%); signifi-
cantly beats 8B (𝑝 < 0.001); lowest
latency.

Multi-entity
QA (MetaQA)

Llama 3.2
3B

85.34% H@1, only 0.80pp below 8B;
comparable latency; half the pa-
rameters.

Strict la-
tency budget
(< 0.65s)

Phi-3 Mini Fastest end-to-end (0.618s on
WC14, 0.689s on MetaQA); compet-
itive accuracy.

Cost-/size-
constrained
(≤ 3B)

Llama 3.2
3B

Best accuracy in the ≤ 3B tier
on MetaQA; strong WC14 perfor-
mance.

7 Limitations
Several limitations temper the generalizability of our findings.

Model family confound. Our six models span four families
(Llama, Gemma, Phi, Mistral). Only Llama 3.2 1B and 3B share ar-
chitecture and training pipeline, which means differences attrib-
uted to “size” conflate size with architectural choices (e.g., grouped-
query attention, sliding-window attention), training data composi-
tion, and fine-tuning protocols. A strict scaling analysis would re-
quire a full within-family sweep; the present work should be read
as an empirical comparison of deployable compact models under
a unified RAG setup, not as a pure scaling study.

Benchmark scope. Both MetaQA and WC2014QA are single-
hop, entity-centric QA benchmarks with short gold answers. We
do not evaluate multi-hop reasoning, long-form generation, ab-
stractive summarization, or tasks requiring synthesis across con-
flicting sources. Conclusions about accuracy ranking and optimal
model selection may not transfer to such regimes; in particular,
generator capacity likely matters more when retrieval provides
noisier or more diverse context.
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Hardware and quantization. All experiments use 4-bit NF4
quantization on a single consumer-class GPU. Absolute latency
numbers are environment-dependent; we report them for repro-
ducibility under our setup, not as universal benchmarks. Relative
rankings may shift under FP16 inference, different GPU architec-
tures, batch > 1 serving, or speculative decoding. Aggressive 4-bit
quantization may also disproportionately degrade the larger mod-
els in our pool, which may attenuate the apparent performance of
Llama 3.1 8B compared with a full-precision baseline.

Retrieval held fixed. We evaluate a single retrieval configu-
ration (chunk size, top-𝑘 , reranker), so our findings establish the
model ranking under this configuration; a sensitivity analysis over
chunk size and top-𝑘 is important future work. By design this iso-
lates the generator, but it also means we cannot characterize inter-
actions between retrieval quality and generator capacity: a stronger
retriever may benefit smaller models more by providing more self-
sufficient context, while a noisier retriever could differentiate gen-
erators further, so the ranking may not be robust to alternative
pipeline configurations.

Missingmodels and error analysis. Several relevant compact
models available at submission time (Qwen 2.5 series, Gemma 2
9B) are not included, and we make no attempt to include API-only
frontier models as a ceiling estimate. Our error analysis identi-
fies failure modes (formatting mismatches, retrieval misses, over-
generation) but does not quantify per-category distributions across
models.

8 Conclusion
We evaluated six compact language models (1B–8B parameters)
within a controlled Retrieval-AugmentedGeneration pipeline across
two question-answering benchmarks, reporting Hits@1, F1, and
Exact Match alongside latency decomposition, with McNemar sig-
nificance tests for all pairwise comparisons.

Figure 4 consolidates themain findings and visualizes the accuracy–
latency trade-offs on both benchmarks: large RAG gains across all
models, non-monotonic scaling in the 1B–8B range, Mistral 7B
as the Pareto-dominant point on WC2014QA, and a four-model
Pareto frontier on MetaQA (Phi-3 Mini, Mistral 7B, Llama 3.2 3B,
Llama 3.1 8B).

Our main findings are: (i) within the heterogeneous set of com-
pact families we evaluate, parameter count is a weak predictor of
RAG accuracy in the 1B–8B range, with statistically significant
non-monotonic effects (surviving Bonferroni correction) on both
benchmarks; (ii) Mistral 7B lies on the accuracy–latency efficiency
frontier, Pareto-dominating Llama 3.1 8B onWC2014QAwith+3.42pp
accuracy (𝑝 < 0.001) and 24% lower latency; (iii) retrieval latency
is roughly generator-independent under a fixed retrieval configura-
tion, while generation latency is determined primarily by architecture—
modelswith efficient attentionmechanisms (Phi-3Mini,Mistral 7B)
substantially reduce end-to-end latency at moderate or no accu-
racy cost; (iv) RAG provides large, highly significant gains across
all compact models (+49.6pp to +84.5pp absolute improvements
on Hits@1).

Deployment guidance should prioritize architecture and task fit
over raw parameter count. For factual extractionworkloads similar

to WC2014QA, Mistral 7B is our top recommendation. For entity-
centric QA similar toMetaQA, Llama 3.2 3B comeswithin 0.8 points
of the 8B model on Hits@1 at substantially lower cost. When la-
tency is strictly bounded, Phi-3 Mini provides the fastest end-to-
end responses while retaining competitive accuracy. Our results
suggest that with strong retrieval and careful model selection, com-
pactmodels (2B–7B) achieve high absolute accuracy on entity-centric
single-hop QA while remaining feasible on consumer-grade hard-
ware.

Future work. Several directions follow directly from this study.
A sensitivity analysis over the retrieval configuration (chunk size,
number of retrieved passages, and reranker) would establish how
robust the observed ranking is to pipeline settings, while light-
weight training-free post-processing and prompt templates that
distinguish single- from set-valued questions could close much of
the EM–Hits@1 gap. Broader coverage—a within-family scaling
sweep, additional compact models such as the Qwen 2.5 series
and Gemma 2 9B, and tasks beyond single-hop entity-centric QA—
would further disentangle size from architecture and clarify how
far the present deployment guidance generalizes.
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