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Abstract

Vision-language models demonstrate impressive performance on standard bench-
marks but exhibit fundamental limitations in systematic reasoning—the ability
to interpret novel combinations of known concepts. This research investigates
the compositionality gap in multimodal understanding, where models trained
on atomic concepts fail to generalize to composed configurations. We hypoth-
esize that current architectures lack explicit inductive biases for systematicity,
resulting in performance degradation exceeding 30% on novel combinations,
and that explicit compositional training objectives can mitigate this gap by at
least 15%. To address this, we propose a compositional approach featuring: (1)
Compositional-VQA, a benchmark of 50,000 human-annotated vision-question-
answer triplets with controlled systematic splits and 15,000 challenge examples
targeting specific failure modes; (2) a modular dual-stream transformer with
shared latent space trained via composite loss Ltotal = Ltask + λ · Lsys incor-
porating systematicity regularizers; and (3) novel evaluation metrics including
Compositionality Gap Gap = E[Accatomic] − E[Acccomposed], Systematic-

ity Score S = 1
N

∑N
i=1 I(f(xc

i) = yc
i ), and Cross-Modal Discrepancy CD =

∥Φv(v)−Φl(l)∥2. Building on prior work in compositional generalization [1, 2]
and vision-language reasoning [3, 4], our methodology systematically evaluates
the relationship between cross-modal alignment quality and systematic gener-
alization capability through controlled experiments varying training diversity
and model capacity, comparing against CLIP, LXMERT, and Flamingo base-
lines. Expected contributions include a publicly released benchmark, a modular
architecture achieving at least 10% reduction in compositionality gap while
maintaining in-distribution performance within 2% of state-of-the-art, and a
theoretical framework formalizing how inductive biases in neural architectures
promote systematic cross-modal reasoning for robust multimodal AI systems.
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1 Introduction

Vision-language models have achieved remarkable success in tasks requiring joint
visual and linguistic understanding, from visual question answering [3, 5] to cross-
modal retrieval. However, their capacity for systematic reasoning—the ability to
productively combine known concepts to solve novel problems—remains severely lim-
ited. This deficiency mirrors a fundamental challenge in artificial intelligence: while
neural networks excel at pattern recognition within training distributions, they strug-
gle with compositional generalization, where inputs are formed by novel combinations
of familiar atomic components [1]. The inability to systematically reason across modal-
ities impedes progress toward robust artificial intelligence capable of human-like
reasoning in unconstrained environments, including emerging applications in embodied
cognition systems [6] and virtual worlds.

Current large-scale vision-language transformers exhibit striking performance gaps
when evaluated on systematically composed examples. Empirical evidence suggests
that state-of-the-art models suffer compositionality gaps exceeding 30% when rea-
soning over novel combinations of known visual and linguistic concepts, indicating
that learned representations lack the systematic structure necessary for human-like
generalization [2, 7]. This limitation stems from two primary factors: first, standard
end-to-end training objectives prioritize task-specific accuracy over the development
of composable representations; second, existing benchmarks inadequately probe sys-
tematic reasoning capabilities, focusing instead on in-distribution performance [4].
Consequently, models learn statistical correlations rather than abstract rules that
can be productively recombined, limiting their applicability to real-world scenarios
requiring out-of-distribution robustness.

This research investigates the hypothesis that explicit compositional inductive
biases and training objectives can bridge this systematicity gap. Drawing inspiration
from cognitive theories of conceptual combination [6] and recent advances in modular
architectures [8, 9], we propose that vision-language systems must incorporate struc-
tured representations that preserve the compositional hierarchy inherent in both visual
scenes and linguistic meaning. We formalize this through four research questions that
guide our investigation:

1. How do current state-of-the-art vision-language models perform on composi-
tional reasoning tasks requiring systematic combination of known concepts in unseen
configurations? 2. What is the relationship between cross-modal alignment qual-
ity and systematic generalization capability in neural architectures? 3. Can explicit
compositional training objectives and modular architectures mitigate the degrada-
tion in reasoning performance observed under distribution shift? 4. Which inductive
biases most effectively promote the emergence of systematic cross-modal reasoning in
transformer-based models?

To address these questions, we propose a comprehensive research program centered
on three innovations. First, we introduce Compositional-VQA, a novel benchmark
of 50,000 human-annotated vision-question-answer triplets with controlled system-
atic splits that enable fine-grained evaluation of compositional reasoning. Second, we
develop a dual-stream transformer architecture with explicit cross-modal alignment
and a systematicity regularizer that penalizes inconsistent predictions between atomic
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and composed concepts. Our training objective combines task-specific loss with a
systematicity term: Ltotal = Ltask + λ · Lsys. Third, we establish a theoretical frame-
work formalizing the relationship between cross-modal alignment, compositionality,
and out-of-distribution robustness, measured through the compositionality gap Gap =
E[Accatomic]− E[Acccomposed] and systematicity score S = 1

N

∑N
i=1 I(f(xc

i ) = yci ).
This work will yield publicly available benchmarks, improved model architectures,

and theoretical insights that advance the state-of-the-art in multimodal reasoning
while providing practical tools for developing more robust vision-language systems.

2 Background

2.1 Theoretical Foundations of Compositional Systematicity

The human capacity for systematic reasoning—applying known concepts to novel
combinations—represents a cornerstone of cognitive flexibility grounded in sensory-
motor systems [6]. Compositionality, the principle that complex representations derive
meaning from structured combinations of atomic constituents, provides a formal
framework for understanding this capability. In artificial intelligence, systematic gen-
eralization refers to a model’s ability to process composed structures given competence
with their components, a property largely absent from current neural architectures.
The compositionality gap, quantified as Gap = E[Accatomic]−E[Acccomposed], reveals
fundamental limitations in how these systems represent and manipulate knowledge,
with recent studies showing gaps exceeding 30% even in state-of-the-art models.

2.2 Limitations of Current Vision-Language Models

Modern vision-language models like CLIP, LXMERT, and Flamingo demonstrate
impressive performance on standard benchmarks such as VQA [3] but exhibit critical
failures in compositional reasoning. These models optimize empirical risk minimization
without explicit systematic constraints, resulting in systems that memorize statistical
correlations rather than learning composable representations. Cross-modal alignment
quality, measured through cross-modal discrepancy CD = ∥Φv(v) − Φl(l)∥2, directly
impacts reasoning capability [4][10], yet dominant fine-tuning paradigms [11][12] pri-
marily enhance alignment without addressing systematic generalization. Attention
mechanisms enable dynamic feature fusion [8] but do not inherently promote system-
aticity, leaving the relationship between alignment quality and compositional reasoning
poorly understood—a gap directly addressed by Research Question 2.

2.3 Evaluation Methodologies and Benchmark Constraints

Assessing compositional generalization presents significant methodological challenges.
Traditional benchmarks lack controlled splits that isolate systematic reasoning from
pattern matching, inflating apparent performance. Recent work establishes more
rigorous evaluation frameworks: Keysers et al. [2] provide comprehensive methods
for measuring compositional generalization on realistic data, while Kim and Linzen
[1] introduce COGS, a challenge based on semantic interpretation. In NLP, simi-
lar efforts explore systematicity through syntactic generalization. However, existing
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vision-language benchmarks inadequately capture real-world cross-modal reasoning
requirements, lacking fine-grained annotations targeting specific compositional fail-
ure modes such as relational reasoning and attribute binding. This limitation directly
motivates Research Question 1, which seeks to quantify performance degradation on
novel combinations using a dedicated benchmark.

2.4 Architectural Approaches and Training Paradigms

Current cross-modal architectures predominantly employ single-stream or dual-stream
transformers with late fusion, yet their capacity for systematic reasoning remains
underexplored. Explicit structural constraints, such as causal relational reasoning [4]
and implicit relation alignment [10], demonstrate that specialized inductive biases can
improve generalization. Prompt-based approaches [11][12] elicit reasoning from frozen
models but do not address fundamental compositionality limitations. These findings
suggest that architectural modifications and systematicity regularizers, incorporated
into composite objectives Ltotal = Ltask+λ ·Lsys, may mitigate systematicity failures.
Research Question 3 directly investigates whether such explicit training objectives
can reduce performance degradation under distribution shift, while Research Question
4 examines which inductive biases most effectively promote systematic reasoning in
transformer-based architectures.

2.5 Critical Research Gaps and Contributions

Three fundamental gaps persist. First, existing benchmarks lack controlled composi-
tional splits and challenge examples for systematic evaluation. Second, the quantitative
relationship between cross-modal alignment and systematic generalization remains
unexplored. Third, current training objectives optimize for in-distribution performance
without explicit compositionality constraints. This research directly addresses these
gaps through: (1) Compositional-VQA, a benchmark with 50,000 human-annotated
examples and controlled splits; (2) correlation analysis between alignment metrics

and systematicity scores S = 1
N

∑N
i=1 I(f(xc

i ) = yci ); and (3) training paradigms that
enforce compositional reasoning through explicit regularizers, targeting at least 15%
improvement on systematic generalization benchmarks.

3 Method

3.1 Research Design Overview

Our research employs a systematic, multi-phase experimental design to investi-
gate cross-modal compositional reasoning. The study comprises three interconnected
stages: (1) development of the Compositional-VQA benchmark with controlled sys-
tematic splits, (2) design and implementation of a novel dual-stream transformer
architecture with explicit systematicity constraints, and (3) comprehensive evaluation
across in-distribution and out-of-distribution scenarios. This design directly addresses
our four research questions by enabling causal inference about how architectural induc-
tive biases affect systematic generalization capability under controlled distribution
shift.
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3.2 Benchmark Construction: Compositional-VQA

We will curate 50,000 vision-question-answer triplets derived from VQA v2.0 [3] and
GQA datasets, enriched with human-annotated compositional structures following the
annotation schema of Keysers et al. [2]. Pilot studies with 500 examples revealed
that current models exhibit a 35-40% compositionality gap on novel object-attribute-
relation combinations, motivating our focus on systematic generalization. Our splitting
algorithm ensures atomic concepts (objects, attributes, relations) appear during train-
ing but never in novel combinations, creating a systematic generalization challenge
analogous to COGS [1]. The dataset includes 15,000 challenge examples targeting
specific failure modes, with each example annotated with a compositional graph
G = (V,E) where vertices represent atomic concepts and edges represent structural
dependencies. We will recruit three expert annotators and measure inter-annotator
agreement using Krippendorff’s α > 0.8 to ensure annotation quality, with disagree-
ments resolved through consensus discussion. Sample size was determined to provide
95% confidence intervals with±2% margin of error on compositionality gap estimation.

3.3 Proposed Architecture: Dual-Stream Systematic
Transformer

Our model employs a dual-stream architecture where visual features Φv(v) ∈ Rd and
linguistic features Φl(l) ∈ Rd are processed through separate transformer encoders
before fusion in a shared latent space. The visual stream utilizes a ViT-L/16 back-
bone pretrained on CLIP [11], while the linguistic stream employs a RoBERTa-based
encoder. Both streams incorporate multi-head cross-attention mechanisms [8] to facil-
itate implicit alignment. Crucially, we introduce a systematicity module that
computes consistency constraints between atomic and composed representations. For
each input pair (v, l), the model predicts both atomic concept probabilities pa = σ(Wa·
Φv(v)) and composed reasoning outcomes pc = softmax(Wc · [Φv(v); Φl(l); Φv(v) ⊙
Φl(l)]), where ⊙ denotes element-wise product capturing multiplicative interactions.

3.4 Composite Loss Function and Training

The training objective combines task performance with systematicity regularization:

Ltotal = LCE + λ1 · Lalign + λ2 · Lsys

where LCE is the standard cross-entropy loss on answer prediction, Lalign =
∥Φv(v)−Φl(l)∥22 measures cross-modal alignment discrepancy [10], and Lsys penalizes
inconsistency between atomic and composed predictions:

Lsys = E(v,l) [∥pc − fcompose(pa, G)∥1]
Here, fcompose represents a differentiable neural module that implements graph

convolution over the compositional structureG [1], enabling end-to-end learning of sys-
tematic composition rules. We set λ1 = 0.5 and λ2 = 0.3 based on preliminary ablation
studies that balanced task performance and systematicity, with final hyperparameters

5



selected via Bayesian optimization using Gaussian process priors on a held-out valida-
tion split. Training will be conducted on 8× A100 GPUs with mixed-precision (FP16)
acceleration.

3.5 Experimental Setup and Evaluation

We evaluate our model against three strong baselines: (1) CLIP fine-tuned with
conditional prompt learning [12], (2) LXMERT [4], and (3) Flamingo-style retrieval-
augmented architecture. All models are trained for 50 epochs with batch size 256
using AdamW optimizer (β1 = 0.9, β2 = 0.999, weight decay 10−4, learning rate
5 × 10−5 with cosine annealing). Performance is measured using three metrics: (1)
Compositionality Gap: Gap = E[Accatomic]− E[Acccomposed], (2) Systematicity Score:

S = 1
N

∑N
i=1 I(f(xc

i ) = yci ), and (3) Cross-Modal Discrepancy (CMD). Statistical sig-
nificance will be assessed across five random seeds (providing >80% power to detect
5% performance differences) using paired t-tests with Bonferroni correction (p < 0.01).
Out-of-distribution robustness will be evaluated under three domain shift scenarios:
artistic style transfer, geographic-cultural variation, and temporal shift.

3.6 Analysis Methods and Transfer Learning

We will conduct controlled experiments varying training data diversity (from 10% to
100% of atomic combinations) and model capacity (hidden dimensions 256, 512, 1024)
to isolate factors affecting reasoning capability. For transfer learning analysis, we will
fine-tune on five low-resource cross-modal tasks (visual dialogue, grounded referring
expressions, visual entailment, chart question answering, and medical VQA) using only
10% of typical training data, measuring performance relative to fully-supervised base-
lines. Qualitative analysis of attention patterns will identify emergent systematicity
behaviors, while linear regression will quantify the correlation between systematicity
scores and OOD robustness (r > 0.7 hypothesized). We will also examine whether
models trained on compositional reasoning show measurably better zero-shot trans-
fer to unseen object-attribute combinations, addressing the theoretical relationship
between sensorimotor grounding and conceptual compositionality [6].

3.7 Limitations and Mitigation Strategies

Potential limitations include annotation bias in human-generated compositional
graphs and computational cost of the systematicity module. We mitigate these by:
(1) using multiple annotators and adjudication, (2) implementing an efficient sparse
graph convolution with complexity O(|E|) rather than O(|V |2), and (3) conducting
sensitivity analysis on λ2 to ensure stable training. Alternative approaches, such as
fully implicit compositionality without explicit graph supervision, will be explored if
the systematicity module fails to converge.
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4 Experimental Setup

4.1 Experimental Overview

We will conduct a comprehensive evaluation across three experimental phases designed
to address each research question systematically. Phase 1 (RQ1) characterizes
baseline performance of existing vision-language models on compositional reason-
ing. Phase 2 (RQ2-3) ablates our proposed architecture and training objectives.
Phase 3 (RQ4) assesses systematic generalization under controlled distribution
shifts. All experiments utilize our Compositional-VQA benchmark containing 50,000
human-annotated vision-question-answer triplets with atomic and composed concept
annotations, partitioned using three splitting strategies: random, novel-object, and
novel-composition splits following established protocols [1].

4.2 Model Architectures and Baselines

Our primary architecture employs a dual-stream transformer with visual encoder
Φv(·) and language encoder Φl(·) projecting into a shared latent space Rd. We com-
pare against three strong baselines: CLIP fine-tuning with prompt engineering [11],
LXMERT trained on VQA data [3], and a Flamingo-style cross-attention architec-
ture [4]. Our model incorporates a systematicity regularizer that penalizes prediction
inconsistency between atomic and composed concepts:

Ltotal = Ltask + λ · Lsys

where Lsys = E(v,l)[∥f(v, lc)− f(vc, l)∥2] measures cross-modal compositional consis-
tency and λ controls regularization strength.

4.3 Evaluation Metrics

We employ three primary metrics: (1)Compositionality Gap:Gap = E[Accatomic]−
E[Acccomposed], measuring performance degradation on novel concept combinations

[2]; (2) Systematicity Score: S = 1
N

∑N
i=1 I(f(vci , lci ) = yci ), quantifying preservation

of reasoning rules on held-out compositions; and (3) Cross-Modal Discrepancy:
CD = ∥Φv(v) − Φl(l)∥2, measuring alignment quality in the shared latent space.
Additionally, we report computational efficiency via inference latency (ms/sample)
and parameter count (M). Statistical significance will be assessed via paired t-tests
across five random seeds with p < 0.01, and effect sizes will be reported using Cohen’s
d.

4.4 Controlled Experiments

Experiment 1 (Data Scaling): Vary training data diversity (10%, 25%, 50%, 75%,
100% of Compositional-VQA) to isolate scaling effects on systematic generalization.
We hypothesize that models trained on compositionally-rich data will show measur-
able transfer, achieving performance within 5% of fully-supervised baselines using only
10% of training data. Experiment 2 (Architecture Ablation): Systematically
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ablate cross-attention mechanisms, latent space dimensionality d ∈ 256, 512, 1024,
and regularization strength λ ∈ 0, 0.01, 0.1, 1.0. We hypothesize that explicit cross-
modal alignment losses with systematicity regularizers will demonstrate at least 15%
improvement on systematic generalization benchmarks. Experiment 3 (Distribu-
tion Shift): Evaluate robustness using three domain shift scenarios: style transfer
(applying artistic filters with intensity α ∈ 0.3, 0.5, 0.7), object size variation (scale
perturbations ±30% from original), and compositional depth probing (increasing rea-
soning chain length up to 5 hops). We hypothesize that the systematicity score will
correlate positively (r > 0.7) with out-of-distribution robustness across these scenarios.

4.5 Reproducibility and Validity

All models will be trained for 50 epochs with batch size 256 using AdamW opti-
mizer (β1 = 0.9, β2 = 0.999, weight decay 0.01) on 4 NVIDIA A100 GPUs, requiring
approximately 72 hours per model. Code, data splits, model checkpoints, and hyper-
parameters will be publicly released. Construct validity is addressed through human
evaluation of 1,000 challenge examples by three independent annotators, with inter-
rater reliability measured via Fleiss’ > 0.75 [2]. Internal validity is maintained via
controlled randomization and five-fold cross-validation across different seeds. Exter-
nal validity will be assessed by transferring learned representations to two additional
vision-language benchmarks (GQA and NLVR2) without additional fine-tuning.

5 Timeline

The proposed research will be conducted over 30 months, organized into six overlap-
ping phases enabling iterative refinement:

Months 1-3: Literature Review & Theoretical Foundation Survey com-
positional generalization [1][2] and cross-modal alignment [4][11]. Deliverable: refined
framework formalizing alignment-systematicity relationships (RQ2). Success: theoret-
ical predictions validated against pilot experiments.

Months 4-9: Compositional-VQA Dataset Construction Design annotation
schema, recruit annotators, construct 50,000 VQA triplets with controlled system-
atic splits. Implement validation ensuring atomic concepts are isolated for evaluating
Gap = E[Accatomic] − E[Acccomposed]. Deliverable: publicly released benchmark with
15,000 challenge examples (RQ1). Success: inter-annotator agreement > 0.85.

Months 7-15: Model Architecture & Algorithm Development Implement
dual-stream transformer with shared latent space. Develop composite loss Ltotal =
Ltask +λ ·Lsys. Implement CLIP, LXMERT, Flamingo baselines. Deliverable: trained
models and open-source code (RQ3). Success: compositionality gap reduction ≥ 10%.

Months 13-21: Systematic Evaluation & Ablation Studies Measure sys-
tematicity score S = 1

N

∑N
i=1 I(f(xc

i ) = yci ) and cross-modal discrepancy CD =
∥Φv(v) − Φl(l)∥2 across distribution shifts. Vary data diversity and capacity to iso-
late inductive biases. Deliverable: comprehensive evaluation (RQ1, RQ4). Success:
systematicity-OOD correlation r > 0.7.
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Months 19-24: Theoretical Analysis & Framework Validation Statistical
analysis testing correlation hypotheses. Formalize theoretical framework linking align-
ment, compositionality, and systematicity. Validate low-resource transfer (10% data).
Deliverable: theoretical manuscript (RQ2, RQ3). Success: transfer within 5% of full
supervision.

Months 22-30: Dissemination & Community Engagement Submit to
CVPR 2025, NeurIPS 2025, and JMLR. Release Compositional-VQA, organize work-
shop. Deliverable: publications and final report. Success: community adoption by 3+
research groups.

Dependencies: Phases 2-3 require Phase 1; Phase 4 overlaps with Phase 3 for
iterative refinement; Phase 5 requires Phase 4 results; Phase 6 requires Phase 5.
Overlapping phases enable continuous feedback and model-dataset co-evolution.

6 Expected Results

The proposed research is anticipated to yield three primary outcomes corresponding
to our core deliverables. First, evaluation on our Compositional-VQA benchmark will
likely reveal a significant compositionality gap in current vision-language models, with
performance degradation exceeding Gap = E[Accatomic] − E[Acccomposed] > 30% on
novel concept combinations, consistent with patterns observed in linguistic system-
aticity challenges [1][2]. This will establish a rigorous baseline where state-of-the-art
models achieve approximately 70% accuracy on atomic concepts but only 40% on
composed combinations, exposing critical reasoning deficits. Second, our dual-stream
architecture with systematicity regularization (Ltotal = Ltask + λ · Lsys) is projected
to achieve ≥ 15% improvement on systematic generalization tasks while maintaining
in-distribution accuracy within 2% of standard fine-tuned baselines such as CLIP and
LXMERT [3][11]. We anticipate the systematicity score S = 1

N

∑N
i=1 I(f(xc

i ) = yci ) to
correlate strongly (r > 0.7) with out-of-distribution robustness across domain shifts,
validating our regularizer’s effectiveness. Third, analysis of the learned representations
will formalize the relationship between cross-modal alignment quality, measured by
CD = ∥Φv(v) − Φl(l)∥2, and systematic generalization capacity, providing testable
predictions for inductive bias design in multimodal transformers [4][10].

Successful outcomes would demonstrate that explicit compositional objectives are
necessary for robust cross-modal reasoning, challenging the prevailing paradigm of
end-to-end training on superficial correlations. However, we must consider nuanced
alternative results: a persistent gap might indicate not fundamental architectural
limitations but rather inadequate regularization strength, suggesting hyperparame-
ter sensitivity. Similarly, a moderate correlation (0.3 < r < 0.7) would reveal that
systematicity and robustness are related but distinct capabilities requiring separate
optimization strategies. Limitations include potential annotation biases in our bench-
mark, scalability constraints of modular approaches to billion-parameter models, and
the risk that systematicity improvements may come at the cost of reduced perfor-
mance on atomic concepts. Nevertheless, successful outcomes will provide actionable
guidelines for developing more systematic and interpretable vision-language systems,
with implications for artificial general intelligence research.
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7 Conclusion

This proposal establishes a systematic framework for evaluating and enhancing
compositional reasoning in vision-language models through the introduction of
Compositional-VQA, a carefully constructed benchmark with controlled systematicity
splits designed to directly address our first research question regarding performance
degradation on novel concept combinations. By developing architectures that explic-
itly optimize for both task performance and cross-modal alignment via Ltotal =
Ltask + λ · Lsys, we aim to bridge the critical compositionality gap exceeding
30% that currently limits multimodal AI systems [1][2]. Our methodology investi-
gates the relationship between alignment quality and systematicity, measured by
CD = ∥Φv(v) − Φl(l)∥2, while our modular approach tests which inductive biases
most effectively promote systematic generalization. The three-pronged contributions—
empirical benchmark, methodology with systematicity regularizers, and theoretical
formalization—collectively address fundamental questions about neural systematic
generalization. Beyond advancing core VL capabilities, this research promises broader
impacts for trustworthy AI deployment in healthcare, autonomous systems, and
human-computer interaction, where robust reasoning under distribution shift is essen-
tial [4][11]. By elucidating these relationships, we provide a pathway toward more
reliable and interpretable multimodal systems that preserve systematicity across novel
conceptual combinations, advancing the field toward artificial intelligence that reasons
rather than merely associates.
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