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Abstract

Lightweight Vision-Language Models (VLMs)
are indispensable for resource-constrained ap-
plications. The prevailing approach to align-
ing vision and language models involves freez-
ing both the vision encoder and the language
model while training small connector modules.
However, this strategy heavily depends on the
intrinsic capabilities of the language model,
which can be suboptimal for lightweight mod-
els with limited representational capacity. In
this work, we investigate this alignment bot-
tleneck through the lens of mutual informa-
tion, positing that the constrained capacity of
the language model inherently limits the Effec-
tive Mutual Information (EMI) between mul-
timodal inputs and outputs, thereby compro-
mising alignment quality. To address this chal-
lenge, we propose TinyAlign, a novel frame-
work inspired by Retrieval-Augmented Gen-
eration, which strategically retrieves relevant
context from a memory bank constructed from
training data to enrich multimodal inputs and
enhance their alignment. Extensive empirical
evaluations reveal that TinyAlign significantly
reduces training loss, accelerates convergence,
and enhances task performance with negligible
computational overhead. Remarkably, it allows
models to achieve baseline-level performance
with only 40% of the fine-tuning data, highlight-
ing exceptional data efficiency. Our work thus
offers a practical pathway for developing more
capable lightweight VLMs while introducing a
fresh theoretical lens to better understand and
address alignment bottlenecks in constrained
multimodal systems.

1 Introduction

The rapid advancements in Large Language Mod-
els (LLMs) have catalyzed the development of
Vision-Language Models (VLMs), enabling mod-
els to excel in complex multimodal reasoning and
understanding tasks. Prominent models such as
Gemini 2.5 Pro (Google, 2024), GPT-4V (OpenAl,

2023), Qwen2.5-VL 72B (Bai et al., 2025), and
PaLLI-X (Chen et al., 2023b) have showcased re-
markable performance across various benchmarks,
setting new standards for multimodal intelligence.
However, these models typically involve billions of
parameters, resulting in significant computational
and storage demands. Such massive requirements
make them impractical for resource-constrained
scenarios, such as edge devices or applications with
limited computational budgets. This growing de-
mand for efficiency has turned lightweight VLMs
into a critical area of research, as they aim to retain
strong multimodal capabilities while drastically re-
ducing computational costs and memory footprints,
thereby enabling broader applicability.

To achieve this balance between performance
and efficiency, most lightweight VLMs adopt a
modular design where pre-trained vision encoders
and language models are frozen, and a small "con-
nector" module is trained to align the two modal-
ities. This approach, utilized by models such as
MiniGPT-4 (Zhu et al., 2023), BLIP-2 (Li et al.,
2023), and Visual Instruction Tuning (Liu et al.,
2023), is computationally efficient and leverages
the strong representational power of pre-trained
components. However, while effective, this im-
plicit alignment paradigm faces inherent challenges
in the context of lightweight VLMs. The limited
representational capacity of smaller LLMs signifi-
cantly constrains their ability to process and align
multimodal information, leading to subpar perfor-
mance on complex tasks. This misalignment be-
comes a critical bottleneck for lightweight VLMs,
preventing these models from fully realizing their
potential.

To address this issue, we conduct a theoretical
analysis of the alignment bottleneck in lightweight
VLMs from the perspective of information the-
ory(Zhu et al., 2024; Liu et al., 2025). Specifi-
cally, we introduce the concept of Effective Mutual
Information (EMI) to quantify the amount of in-



formation a model can practically leverage given
its capacity constraints. Our analysis posits that
freezing the parameters of a lightweight language
model inherently limits the EMI, creating a bot-
tleneck that restricts the model’s ability to align
multimodal inputs effectively. This limitation man-
ifests in suboptimal learning dynamics when using
standard training objectives, highlighting the need
for strategies to enhance the effective flow of infor-
mation during alignment.

Motivated by this insight, we propose TinyAlign,
a novel pre-training and fine-tuning framework ex-
plicitly designed to overcome this alignment bottle-
neck. Inspired by Retrieval-Augmented Generation
(RAG) (Lewis et al., 2021; Guu et al., 2020; Hu
et al., 2023), TinyAlign introduces a memory bank
constructed directly from multimodal training in-
stances within the dataset. This distinguishes our
approach from traditional methods that depend on
external knowledge sources. During training, the
framework retrieves contextually relevant represen-
tations from the memory bank and augments the
original visual inputs with enriched multimodal
context. By increasing the effective information
content available to the model, TinyAlign reduces
the inherent learning difficulty posed by the lim-
ited capacity of lightweight language models. This
design not only enhances alignment but also opti-
mizes the utilization of available training data.

We validate the effectiveness of TinyAlign
through extensive experiments across a diverse
set of lightweight architectures, including Vi-
cuna (Chiang et al., 2023), Phi-2 (Gunasekar et al.,
2023), TinyLLaMA (Zhang et al., 2024), and
Qwen2 (Yang et al., 2024), using vision encoders
like SigLIP (Zhai et al., 2023) and CLIP (Rad-
ford et al., 2021). Our results demonstrate that
TinyAlign significantly accelerates convergence,
reduces alignment losses (Fig. 1(a)), and produces
more compact and meaningful feature representa-
tions (Fig. 1(b)). Furthermore, TinyAlign exhibits
exceptional data efficiency, achieving baseline-
level performance with only 40% of the fine-tuning
data. Crucially, this performance boost comes with
negligible computational overhead (~0.3s latency
increase and ~2GB memory footprint), maintain-
ing the efficiency required for lightweight deploy-
ment. Our contributions can be summarized as:

* We identify a fundamental alignment bottle-
neck in lightweight VLMs, theoretically an-
alyzing its root cause using principles from

information theory.

* We propose TinyAlign, a novel framework
inspired by RAG, which enriches multimodal
inputs by retrieving relevant context from a
memory bank built from training data. This
approach enhances the effective information
content accessible to the model, addressing
the alignment bottleneck.

* We conduct extensive experiments validating
TinyAlign, demonstrating notable improve-
ments in convergence speed, alignment qual-
ity, downstream task performance, and data
efficiency, all while maintaining minimal com-
putational overhead.

2 Related Work

The LLM-Centric Paradigm in VLMs. The
LLM-Centric Paradigm has become a dominant
framework in Vision-Language Models, leverag-
ing pre-trained Large Language Models as the core
for cross-modal understanding(Yang et al., 2024;
Bai et al., 2025; Lu et al., 2024; Li et al., 2023;
Chen et al., 2023a, 2024). This approach typically
freezes the parameters of both the vision encoder
and the LLM (Li et al., 2023), while training a
lightweight connector module to bridge vision and
language (Yang et al., 2024). This implicit align-
ment strategy has achieved notable empirical suc-
cess, as seen in models like DeepSeek-VL (Lu
et al., 2024) and Qwen2.5-VL (Bai et al., 2025).
However, the theoretical mechanisms enabling ef-
fective cross-modal harmonization remain under-
explored, with most research focusing on empirical
results rather than systematic analysis. To fill this
gap, our work conducts one of the first in-depth
theoretical investigations into this paradigm, un-
covering its principles and limitations to better un-
derstand cross-modal alignment.

Advancements in Lightweight VLMs. Recent
efforts to create lightweight Vision-Language
Models (VLMs) have explored various avenues
for enhancing efficiency and performance(Yuan
et al., 2024; Zhou et al., 2024; Yao et al., 2024,
Marafioti et al., 2025; Steiner et al., 2024). Ef-
ficientVLM (Wang et al., 2022) introduces a
distill-then-prune framework with modal-adaptive
pruning to compress large VLMs effectively.
TinyLLaVA (Zhou et al., 2024) explores opti-
mal pairings of language models, vision encoders,



and connectors for small-scale VLMs, while Mo-
bileVLM and its successor v2 emphasize architec-
tural innovations, high-quality data, and advanced
training strategies (Chu et al., 2023, 2024), while
SmolVLM (Marafioti et al., 2025) further explores
tokenization strategies.MiniCPM-V (Yao et al.,
2024) presents a series of efficient Multimodal
Large Language Models (MLLMs) designed for
on-device deployment, achieved by integrating ad-
vanced techniques in architecture, pre-training, and
alignment. However, these approaches primarily
focus on component optimization, model compres-
sion, advanced training strategies, or designing for
edge deployment, and seldom question whether
the widely adopted implicit alignment paradigm
is fundamentally suitable for models with limited
capacity. In contrast, we provide a principled anal-
ysis demonstrating that this paradigm intrinsically
induces higher alignment loss for smaller models,
thereby limiting their potential for robust visual
understanding and cross-modal alignment.

Retrieval-Augmented Models. Retrieval-
Augmented Generation enhances factual accuracy
in NLP by integrating external knowledge retrieval
with parametric models (Lewis et al., 2021).
Techniques like unsupervised retriever pre-training
enable efficient access to large-scale documents
during training and inference (Guu et al., 2020).
RAG now extends to multimodal tasks, with
MM-REACT combining language models and
vision experts for complex reasoning (Yang et al.,
2023a), and Re-ViLM reducing parameters by
storing knowledge externally for image-to-text
generation (Yang et al., 2023b). Frameworks
like RAVEN and MuRAG apply retrieval for
multitask learning and open-domain question an-
swering (Rao et al., 2024; Chen et al., 2022), while
models like REVEAL unify memory, retrieval,
and generation across diverse sources (Hu et al.,
2023). These approaches rely on large external
memory banks and retriever modules to broaden
knowledge for reasoning-heavy tasks (Caffagni
et al., 2024; Hu et al., 2023; Rao et al., 2024). In
contrast, TinyAlign addresses the EMI bottleneck
in lightweight VLMs by constructing a memory
bank from multimodal training instances. During
pre-training and fine-tuning, TinyAlign retrieves
relevant representations to augment visual input,
increasing mutual information between inputs and
outputs and overcoming the limitations of compact
models.

3 Theoretical Framework: An
Information-Theoretic Perspective on
Alignment

3.1 Cross-Entropy Loss in LLM-Centric
VLM Pre-training

We begin by formalizing the standard LLLM-centric
paradigm for Vision-Language Models. In this
setup, the objective is to align visual information
with a pre-trained LLM. Let the visual input be de-
noted as Xy, the accompanying textual instruction
as X7, and the target output as L.

The processing pipeline in this standard
paradigm is structured as follows:

1. A frozen Vision Encoder (e.g., ViT) with pa-
rameters Oyt extracts visual features: Zy =

2. A trainable Connector module, parameter-
ized by 07, transforms Zy into embeddings
Hy, compatible with the LLM’s input space:
Hy = Connector(Zy; 0.).

3. The textual instruction X is processed by
the frozen LLM’s embedding layer (61 m) to
generate Hy.

4. The joint input is formed as Hj, = [Hy, Hy].

5. Finally, the frozen LLM produces an output
distribution: Ppodel (L ’ Hin; Oim ) .

3.2 The Alignment Bottleneck: Irreducible
Error and Effective Mutual Information

To understand the limitations of implicit alignment
in lightweight models, we analyze the learning ob-
jective from an information-theoretic perspective.
The standard training objective is minimizing the
conditional cross-entropy (CE) loss, which can be
decomposed into the true conditional entropy and
the Kullback-Leibler (KL) divergence:

Lce(08) = H(Pre(L | Xv, X1))
+ DKL (Ptrue(L | Xv,X[) H

Prcaa(L | [Hy (02), Hil: 0uw) )
)

Here, H(Py,.) represents the inherent uncer-
tainty in the data labels, which is independent of
the model. Minimizing Lcg is thus equivalent to
minimizing the KL divergence, which measures



the alignment between the model’s predictions and
the true distribution.

During training, the Connector 6, learns to trans-
late visual features Zy into the LLM’s semantic
space. However, we posit that even with an optimal
Connector Hocpt, the frozen LLM’s fixed architec-
ture and pre-trained knowledge impose a limit on
how well it can interpret these foreign visual em-
beddings. We term this limitation the Irreducible
Alignment Error under the standard paradigm:

Coun = E(xy,xp) [rg;n
C
DKL(Ptrue H Pmodel(- cey eLLM))] 2 0 (2)

This term, é€p,,,, quantifies the "alignment
gap"—the residual error that persists because the
frozen LLM cannot perfectly assimilate the visual
information provided solely through the connector.
Consequently, the minimum achievable CE loss is
bounded:

Hegn ﬁCE(Qé) = H(L‘X\/, XI) + €01m 3)
C

To capture the system’s practical capability, we
introduce the concept of Effective Mutual Infor-
mation (EMI). EMI represents the mutual infor-
mation the system can actually leverage after ac-
counting for the capacity constraints of the frozen
LLM:

Lege(Xv, X713 L|Om) [ (Xv, X175 L) — €1y (4

Substituting this into Eq. (3), the lower bound of
the loss becomes:

Helin ﬁc]g(@é) ~ H(L) — [eff(Xv, X[; L‘QLLM)
e}
)

This formulation suggests that the system’s perfor-
mance is fundamentally constrained by €g,,,,. A
higher irreducible error directly reduces the EMI,
hindering the model’s ability to utilize multimodal
inputs.

Hypothesis on LLM Scale. We hypothesize
that €, ,,, is dependent on the model scale. A
smaller, lightweight LLM (011 M sman) likely pos-
sesses a more restricted representational capacity
compared to a larger LLM (61 LM jarge). As empiri-
cally observed in Fig. 2(a), larger models exhibit

lower initial loss (likely due to stronger language
priors), suggesting a greater capacity to handle se-
mantic information. This implies:

€01 Msmatt > EOLLM Jarge

Consequently, lightweight VLMs suffer from lower
Effective Mutual Information (Ifr) and a higher
minimum loss bound. This theoretical perspective
motivates our proposed method: since we cannot
easily reduce €g, ,, within the standard paradigm
(due to the frozen, lightweight LLM), we must alter
the input paradigm to facilitate easier alignment.

4 TinyAlign: Mitigating Modal
Alignment Bottlenecks in Lightweight
VLMs

4.1 Theoretical Analysis: Enhancing Effective
Mutual Information via RAG

As analyzed in Sec. 3, lightweight frozen LLMs
often suffer from a high irreducible alignment er-
ror €g, ,,, under the standard paradigm. TinyAlign
(Fig. 1) mitigates this by fundamentally altering
the input paradigm. We introduce a Retrieval-
Augmented Generation (RAG) mechanism to boost
the Effective Mutual Information (1) by supply-
ing strategically compressed, relevant contextual
cues.

A standard VLM maps visual input Xy to Hy
via a primary connector. TinyAlign augments this
process by: 1) retrieving k pre-compressed em-
beddings F'r from a memory bank M; 2) trans-
forming Er into supplementary representations
Hp, via a trainable RAG connector 0%; and 3)
presenting a composite input H!, = [Hy, Hg, H||
to the frozen LLM. We hypothesize that incor-
porating Er (forming augmented context X' =
(Xv, ERr, X1)) increases the effective mutual in-
formation Ie. The improvement, Ale, can be
decomposed as:

Alegr = [I(X'; L) — €y (X)]
—I(Xv, X715 L) — €9, (Xv, X7)]
= I(Er; L| Xv, X1)
Alue
+ (€ (Xv, X1) — 00 (X)) (6)

-~

Aéreduction

Here, Al > 0 represents the novel infor-
mation provided by the retrieved examples (e.g.,
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Figure 1: Architectural overview of TinyAlign. Given an input image X and instruction X, a query key derived
from these inputs retrieves & similar, Perceiver-compressed multimodal embeddings Er = {Er; } ?:1 from a pre-
constructed Memory Bank (built from training data). These cues E'r are processed by a trainable RAG Connector
(0%) into an auxiliary representation [ . Concurrently, Xy is processed by a Vision Transformer (ViT) and a
primary Connector () into visual features Hy . The instruction X is embedded as Hy. Finally, a frozen LLM
receives the composite input H, = [Hy, Hg, H;]. This architecture enhances lightweight VLMs by supplying
efficiently processed, relevant contextual information, thereby alleviating the alignment burden.

relevant captions). More importantly, the second
term, A€eduction, represents the reduction in align-
ment difficulty. By transforming Er into "LLM-
assimilable contextual hints" via the RAG connec-
tor, we provide the LLM with information in a for-
mat it can more easily process than raw visual em-
beddings. This makes the input H/ more aligned
with the LLM’s pre-trained priors, effectively low-
ering the irreducible error for the augmented task
(€gu (X') < €, (Xv, X7)). This reduction is
particularly crucial for lightweight VLMs with lim-
ited intrinsic reasoning capacity. TinyAlign acts
as a cognitive scaffold, lowering the threshold for
effective alignment. Consequently, the minimum
achievable CE loss is reduced, as corroborated by
the accelerated convergence observed in our exper-
iments (Fig. 2(a)).

4.2 Memory Bank Design for Efficiency

To ensure practical deployability on resource-
constrained devices, TinyAlign’s memory bank M
is designed for minimal storage and low latency.
Crucially, the memory bank is constructed entirely
from internal multimodal training instances, avoid-

ing reliance on external knowledge bases. We sam-
ple 100K image-text pairs from the pre-training
dataset (Sec. 5.1) to populate the bank.

Key Generation. Each key K, € R% is a com-
pact embedding derived from a source image-text
pair (Xy,,, Xy, ) via an attention-based aggrega-
tion mechanism. This distills salient cross-modal
information into a dense vector, facilitating rapid
similarity search using maximum inner product
search (MIPS).

Value Generation (Perceiver Compression).
For the values V,,, we employ an LLM-
independent Perceiver (Jaegle et al., 2022) model
(6p) to pre-process original multimodal instances
into compressed latent embeddings Er,, . Design
Rationale: While retrieving raw text is possible, it
incurs significant computational overhead during
inference due to the variable and potentially long
sequence lengths. The Perceiver model compresses
high-dimensional multimodal inputs into a small,
fixed number of latent tokens (e.g., 32 latents). This
fixed-size representation ensures that augmenting
the input with & retrieved examples incurs negligi-
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Figure 2: (a) Comparison of multimodal pre-training loss on the LLaVA dataset. Larger models exhibit lower initial
loss due to stronger text priors, yet TinyAlign-enhanced models (dashed lines) consistently accelerate convergence
and achieve lower final loss. (b) UMAP visualization showing TinyAlign promotes superior semantic clustering

compared to baseline, reducing the modality gap.

ble latency and memory overhead (see Appendix D
for a detailed comparison with text-only retrieval),
making it highly suitable for lightweight VLMs.

4.3 Integrated Pre-training and Instruction
Tuning

TinyAlign employs a two-stage strategy consistent
with standard VLM protocols, both optimizing the
objective in Eq. (5):

Stage 1: Connector Pre-training. The vision
encoder fvir and LLM 6y 1 M sman are frozen. Only
the connectors 67, and 0% are trained. This forces
the RAG connector to learn how to optimally for-
mat the retrieved Er into the LLM’s semantic
space, validating the "scaffolding” hypothesis.

Stage 2: Instruction Tuning. The ViT remains
frozen, while the connectors and the lightweight
LLM are fine-tuned. Here, the LLM adapts to maxi-
mally leverage the augmented context H i provided
by the active memory bank M for downstream
tasks.

S Experiments

5.1 Experimental Setup

Our framework builds upon lightweight VLMs. We
use the LLaVA pre-training set (558K pairs) for pre-
training and memory bank construction, where we
sample 100k pairs to build the bank. For instruction
tuning, we use LLaVA v1.5 SFT (665K samples).
We validate generalization across multiple model
scales, including Qwen2-0.5B, TinyLLaMA-1.1B,
Phi-2 (2.7B), and Qwen2.5-3B. Detailed hyperpa-
rameters are provided in Appendix B.

5.2 Pre-training Performance Analysis

TinyAlign accelerates convergence noticeably. As
shown in Fig. 2(a), Phi-2 (2.7B) achieves a 16.8%
loss reduction at comparable training steps, indicat-
ing faster and more stable optimization under the
same budget.

We also observe a pronounced text-only bias
during early training. Larger models (e.g., Phi-2
compared to Qwen2-0.5B) often start with lower
initial loss even before receiving any visual input.
This suggests that stronger intrinsic language pri-
ors allow the model to produce plausible tokens
without visual grounding, which can create an
early “plateau” driven by language modeling alone.
TinyAlign mitigates this effect by injecting explicit,
relevant multimodal context via retrieval, enabling
the model to move beyond the language-driven
plateau and align visual modalities substantially
faster than standard connectors.

The learned embedding space is also improved.
UMAP projections in Fig. 2(b) show tighter
and more semantically coherent clusters with
TinyAlign, consistent with reduced alignment error

€Orim-
5.3 Instruction Tuning Performance Analysis

Table 1 summarizes performance across multi-
modal benchmarks.

TinyAlign yields consistent gains from 0.5B to
3B parameters. Although absolute improvements
can vary by model size (e.g., the gain on VQAV2 is
smaller for Qwen2.5-3B than for Phi-2), the overall
trend remains stable. This supports the view that
even when larger models have lower irreducible
error, an alignment bottleneck still persists, and



Table 1: Performance comparison on multimodal benchmarks. findicates improvement. Note that all results are
verified with statistical significance tests (95% Confidence Interval), confirming robust improvements.

Benchmark Qwen2-0.5B  TinyLLaMA-1.1B Phi-2-2.7B Qwen2.5-3B
Base +TA Base +TA Base +TA Base +TA
GQA 563 57671 524 56.7 © 584 60.77T 602 62.61
MMMU 31.0 31417 294 3027 362 3771 372 3887
MM-Vet 209 23671 25.1 26.8 1 31.8 3347 324 3447
POPE 86.4 87217 843 86.0 1 86.6 8801 851 8787
SQA-I 595 60271 56.5 59.8 673 6817 702 71.671
TextVQA 46.1 46.6 T 463 46.4 7 503 5551 548 571717
VQAV2 730 7421 71.0 74.5 1 754 7831 79.6 8127
MME 1171 12091 1105 1201 1 1364 14127 1401 14421

Table 2: Mechanism Validation on Phi-2. TinyAlign
offers gains distinct from parameters, data scaling, or
static augmentation.

Configuration ~ Description Data Score
1. Baseline MLP Original 70.5
2. Wider-Conn ~ ~6M Params Original 71.2
3. Static RAG ~ Dataset Augmentation Original 72.8
4. TinyAlign Dynamic RAG-Conn Original 73.3
5. Base+Data MLP +ShareGPT 73.7
6. TA+Data Dynamic RAG-Conn  +ShareGPT  74.1

TinyAlign effectively alleviates it up to the 3B
scale.

Performance improvements extend to complex
reasoning benchmarks as well. Statistical sig-
nificance testing with a 95% confidence interval
on MM-Vet confirms robust gains (e.g., TinyL-
LaMA improves from 25.1 to 26.8), suggesting
that retrieval-augmented alignment does not de-
grade reasoning ability and can improve it under
controlled evaluation.

We additionally compare TinyAlign (Phi-2)
against a standard end-to-end finetuning baseline.
TinyAlign achieves a higher average score (73.3)
than end-to-end finetuning (70.2). This difference
highlights a practical advantage for lightweight
models: end-to-end finetuning can more easily
overfit or induce catastrophic forgetting due to lim-
ited parameter capacity, whereas TinyAlign pro-
vides external contextual scaffolding that guides a
frozen LLM, preserving general language capabil-
ity while enhancing multimodal alignment.

5.4 Mechanism Validation

To isolate the source of the improvements, we
conduct controlled experiments summarized in Ta-
ble 2.

First, the gains cannot be explained by adding
parameters alone. A wider-connector baseline

that matches TinyAlign’s additional capacity (ap-
proximately 6M parameters) yields only a minor
improvement (71.2 vs. 70.5), while TinyAlign
reaches 73.3, indicating that the retrieval mech-
anism is the key contributor rather than projection-
layer capacity.

Second, the gains are not simply a result of more
data. When pre-training is augmented with addi-
tional high-quality ShareGPT4YV data, the baseline
reaches 73.7. TinyAlign remains additive: com-
bining TinyAlign with the extra data achieves 74.1.
This suggests that TinyAlign improves the learning
mechanism by easing alignment, and its benefits
are complementary to data scaling.

Third, dynamic retrieval is more effective than
static augmentation. A static RAG baseline that
augments training samples with retrieved captions
improves over the baseline (72.8 vs. 70.5), but
TinyAlign performs better (73.3). This indicates
that query-specific, dynamic retrieval through a
dedicated pathway is more beneficial than static
augmentation, particularly because TinyAlign con-
tinues to assist the frozen LLM during inference by
providing real-time contextual guidance.

Finally, Perceiver compression is critical for
practical deployment. Replacing Perceiver-
compressed multimodal cues with naive text-only
retrieval (using LLM token embeddings directly)
can yield modest gains due to strong text under-
standing, but it incurs prohibitive overhead: infer-
ence latency increases by roughly 21x (0.2s —
4.2s) and memory usage by about 20x (2GB —
40GB) due to long concatenated text sequences. In
contrast, the Perceiver design achieves comparable
improvements with negligible overhead (approxi-
mately 0.3s latency), making retrieval-augmented
alignment feasible for lightweight systems.
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Figure 3: Model weighted accuracy vs. instruction
tuning data percentage. TinyAlign matches full-data
baseline performance with only 40% data.

5.5 Data Efficiency Analysis

TinyAlign demonstrates strong data efficiency, as
shown in Fig. 3. Models equipped with TinyAlign
match the full-data baseline performance using
only 40% of the instruction tuning data, indicating
that retrieval-augmented context can compensate
for reduced supervised signal in fine-tuning.

We further examine robustness to domain shift
by using an out-of-domain (OOD) memory bank
built from ShareGPT4V. Even with OOD retrieval,
TinyAlign achieves 71.0 compared to the baseline
70.5, while in-domain retrieval remains best (73.3).
This suggests the architecture provides a generic
benefit by making alignment easier (acting as a
structural prior), and domain-relevant cues provide
additional gains by offering more precise semantic
bridges.

5.6 Ablation Study

We conduct targeted ablations to finalize the design.
A 100k-entry memory bank is sufficient (Table 6).
Matching the vision encoder used for VLM training
and for RAG key generation is important for stable
retrieval and performance (Table 7). We also ablate
retrieval count and find that Top-5 provides the best
balance between context enrichment and noise, as
verified on Phi-2 and TinyLLaMA.

6 Conclusion

Lightweight Vision-Language Models are impor-
tant for resource-constrained applications, but their
performance is often limited by alignment bottle-
necks caused by the restricted capacity of smaller
language models. From a mutual information per-
spective, this limitation reduces the Effective Mu-
tual Information between multimodal inputs and
outputs, which in turn degrades alignment qual-

ity. To address this issue, we propose TinyAlign, a
framework inspired by Retrieval-Augmented Gen-
eration that retrieves relevant context from a mem-
ory bank to enrich multimodal inputs. Empirical
results show that TinyAlign improves task perfor-
mance, reduces training loss, and accelerates con-
vergence. Notably, it reaches baseline-level perfor-
mance using only 40% of the fine-tuning data, offer-
ing a highly data-efficient solution for lightweight
VLMs. Overall, this work provides a practical
framework and a theoretical lens for addressing
alignment challenges in constrained multimodal
systems.

7 Limitations

Though TinyAlign is effective, it relies on a well-
designed memory bank and compatibility between
the vision encoder and retrieval keys. Additionally,
while we validated generalization up to 3B param-
eters, the gains may diminish for extremely large
LLMs (>30B) where alignment bottlenecks are less
severe.

8 Future work

(1) Extension to other modalities: Applying
the TinyAlign framework to Audio-Text or Video-
Text alignment, where lightweight models similarly
struggle with high-dimensional, temporal inputs.
Our framework’s ability to compress context via
Perceiver makes it uniquely suited for these data-
intensive modalities.

(2) Adaptive Retrieval: Developing mecha-
nisms to dynamically decide when to retrieve (e.g.,
based on model confidence), further optimizing in-
ference efficiency by only invoking the memory
bank for ambiguous or complex queries.
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A Detailed Analysis on Enhancing
Effective Mutual Information via RAG

As discussed in the main text, lightweight, frozen
LLMs (fLLm sman) often exhibit performance limi-
tations due to a substantial irreducible alignment er-
ror €g,,,,- To mitigate this, we introduce TinyAlign,
a RAG-enhanced connector architecture. This ap-
proach boosts effective mutual information (Ief) by
supplying strategically compressed, highly relevant
contextual cues.

A standard VLM processes a visual input Xy
via a ViT (fvir) to obtain Zy,, which a primary con-
nector (6,) maps to Hy . Instruction embeddings
Hj are also generated. TinyAlign augments this
by: 1) retrieving k relevant, pre-compressed em-
beddings Fr = {Ekg, };?:1 from a memory bank
M. 2) employing a trainable RAG connector (67,)
to transform Er into supplementary representa-
tions Hg; and 3) presenting a composite input
H! = [Hy, Hg, Hj| to the frozen LLM.

We posit that incorporating
Ep—forming an augmented context X'
(Xv, X[, ER)—enhances Ieff(X/; L’0LLM7 HViT)-
The change, A, is decomposed as:

Algr = [I(X'; L) — &g, (X))
—U(Xv, X715 L) — €9 (Xv, X1)]
= [(Er; LI Xv, X1)
Ale

+ (€9LLM (XVa XI) - €9LLM(X/))

AEl'educlion

(N

The first term, Alyye, is positive because Fr, de-
rived from pertinent captions, provides novel in-
formation about L. The second term, Aé€.eductions
signifies a positive reduction in the alignment dif-
ficulty. The RAG connector 0%, transforms Er
into 'LLM-assimilable contextual hints.” These
hints present information in a format more attuned
to the LLM'’s textual processing strengths than de-
ciphering complex visual semantics solely from
Hy,. This enhanced ’input friendliness’ enables the
fixed-capacity LLM to approximate the target dis-
tribution with greater fidelity, effectively lowering
the irreducible error.
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B Hyperparameter Summary

This subsection provides a comprehensive
overview of the critical hyperparameters employed
throughout our experimental phases. Table 3
delineates the comparative settings for pre-training
and fine-tuning. Complementing this, Table 4
itemizes the architectural hyperparameters of the
Perceiver model.

Table 3: Key hyperparameters for pre-training and fine-
tuning.

Hyperparameter Pre-training  Fine-tuning
Global Batch Size 256 128
Per-device Batch Size 16 12
Gradient Accumulation 1 2
Learning Rate le-3 Se-8
LR Scheduler Cosine Cosine
Warmup Ratio 0.03 0.03
Precision FP16 FP16
Optimizer AdamW AdamW
LLM Tuning Frozen Full
Vision Tower Tuning Frozen Frozen
Connector Tuning Full Full

Table 4: PerceiverConfig Hyperparameters

Parameter Value
num_latents 32
d_latents 96
d_model 128
num_self_attends_per_block 8
num_blocks 1
num_self_attention_heads 8
num_cross_attention_heads 8
gk_channels 96
v_channels 96
image_size 384

C UMAP Visualization Details

To elucidate the latent structure, we employed
Uniform Manifold Approximation and Projec-
tion (UMAP). Methodology: The process uti-
lized two sets of high-dimensional feature vectors:
(1) Connector Features: Vectors derived from
images post-processing by the vision tower and
connector. (2) LLM Input Embeddings: Vec-
tors representing embeddings of textual inputs.
These sets were concatenated, reduced to 2D via
UMAP, and visualized. As shown in the main text
(Fig. 2b), TinyAlign brings visual features signifi-
cantly closer to the text embedding space, reducing
the modality gap.
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D Efficiency Analysis: Perceiver vs.
Text-Only

This section provides a quantitative breakdown of
the computational efficiency of TinyAlign com-
pared to a naive Text-Only retrieval baseline (Ta-
ble 5).

Table 5: Efficiency Comparison. While Text-Only Re-
trieval yields slightly higher accuracy, it incurs pro-
hibitive latency (21x) and memory (20x) costs due
to long sequence lengths. TinyAlign (Perceiver) offers
the best trade-off.

Method Latency (s) Memory (GB) Avg. Score
Baseline 0.18 - 70.5
Text-Only RAG  4.20 (21x) 40 (20x) 74.7
TinyAlign 0.21 (1.1x) 2 73.3

Analysis: The Text-Only approach feeds raw re-
trieved captions directly into the LLM. While this
leverages the LLM’s text processing power (score
+1.4%), the input sequence length explodes, caus-
ing massive latency and memory spikes. TinyAlign
uses Perceiver 10 to compress this information into
fixed-size tokens (32 latents), maintaining near-
baseline efficiency with comparable performance
gains.

E Detailed Data Efficiency Analysis

TinyAlign models exhibit remarkable data effi-
ciency. As shown in Fig. 4, TinyAlign-enhanced
models consistently outperform baselines across
varying data fractions.

F Additional Ablation Studies

Knowledge Base Size. We evaluate KB sizes
of 100k, 300k, and 500k entries (Table 6). The
100k KB shows comparable performance to larger
KBs while offering greater efficiency, justifying
our choice.

Table 6: Ablation on KB size (Phi-2).

KB Size GQA MM-Vet VQAv2 Avg
100k 60.7 34.1 78.3 73.3
300k 61.3 31.7 78.6 73.1
500k 61.4 31.6 78.6 72.9

Vision Encoder Alignment. We confirm that
the vision encoder used for VLM training must
match the one used for generating RAG keys (Ta-
ble 7). Mismatched encoders lead to performance
collapse.
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Figure 4: Detailed data efficiency analysis across individual benchmarks. Performance of TinyAlign-enhanced
models is compared against baselines at varying percentages of instruction tuning data.

Table 7: Ablation on vision encoder alignment.

Benchmark  Matched (SigLIP)  Mismatched (CLIP)
GQA 51.28 40.96
MM-Vet 28.4 24.6
VQAvV2 70.12 29.62

MME 1218.4 1054.8

Top-K Retrieval on TinyLLaMA. While Phi-2
showed lower sensitivity to Top-K, we conducted
an additional ablation on TinyLLaMA (Table 8).
The results confirm that Top-5 retrieval provides
the optimal balance, avoiding the noise introduced
by Top-10 while providing more context than Top-
1.

Table 8: Ablation on Top-K retrieval for TinyLLaMA-
1.1B. Top-5 yields the best performance.

Top-K  Avg. Score

Top-1 63.1
Top-5 68.7
Top-10 65.3

Table 9: Impact of Memory Bank Source (Phi-2).

Memory Source  Domain Avg. Score
None (Baseline) - 70.5
ShareGPT4V Out-of-Domain 71.0
LLaVA (Ours) In-Domain 73.3

Robustness: QOut-of-Domain Memory Bank.
To test if TinyAlign relies solely on in-domain
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data, we constructed a memory bank using Out-
of-Domain (OOD) samples from ShareGPT4V (Ta-
ble 9). Even with OOD retrieval, TinyAlign (71.0)
outperforms the baseline (70.5), demonstrating the
architectural benefit of the RAG pathway. However,
In-Domain retrieval (73.3) remains optimal.
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