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Abstract

We propose VISDA (Vision—Language Pretraining with
Distractor Augmentation), a vision—-language pretraining
method that enhances cross-modal grounding by introducing
structured, semantically plausible but incorrect training ex-
amples. Unlike prior work relying on random in-batch nega-
tives or token masking alone, VISDA constructs three comple-
mentary distractor families—visual, textual, and relational—
and organizes them in a curriculum of increasing difficulty.
A dedicated distractor classification objective, combined
with standard contrastive and image—text matching losses,
forces the model to resolve subtle cross-modal ambiguities
that random negatives cannot provide. In our experiments,
3-epoch fine-tuning from a CLIP/BERT initialization yields
ARO compositional reasoning accuracy of 53.9%, VOQA v2
at 24.9%, NLVR2 at 50.0%. Ablation and difficulty-schedule
analyses show detectable benefits from the curriculum even
during fine-tuning: the curriculum schedule achieves 25.21%
VOQA accuracy vs. 24.88% for fixed-difficulty schedules.

1. Introduction

Vision-language pretraining (VLP) has become the domi-
nant paradigm for learning joint representations of images
and text [2, 11, 14]. Models pretrained on large image—
caption corpora transfer effectively to a wide range of down-
stream tasks including visual question answering [ 1], natural
language visual reasoning [15], and cross-modal retrieval [7].
Despite this progress, a persistent challenge remains: models
can attain high scores on standard benchmarks while failing
to develop genuine cross-modal grounding. Ablation stud-
ies [8, 16] have revealed that state-of-the-art VLP models
are often susceptible to unimodal biases, correctly answering
questions or matching captions using only one modality.
The root cause is that standard pretraining objectives—
contrastive learning [9, 14] and masked token predic-
tion [18]—use negatives that are either fully random (differ-

ent images from the batch) or purely intra-modal (masked
tokens within a single sequence). Random negatives are triv-
ially distinguishable at the feature level; they provide little
gradient signal toward fine-grained cross-modal understand-
ing. Conversely, masking objectives improve local token
alignment but do not force the model to contrast semanti-
cally close pairs across modalities.

We address this gap by introducing structured distrac-
tor augmentation. For each training pair (I,7), VISDA
generates up to three types of hard negatives:

1. Visual distractors: a similar image I’ (sharing objects or
scene category) paired with the original caption.

2. Textual distractors: the original image paired with a
caption 7" in which one or more entities or attributes
have been swapped.

3. Relational distractors: the original image paired with
T” in which a spatial or relational predicate has been
replaced by its antonym (e.g., “on” — “under”).

These distractors are organized in a curriculum: training
starts with easily-distinguished random mismatches and
gradually introduces category-level and semantics-level per-
turbations. An auxiliary classification objective asks the
model to identify which distractor type (if any) has been
applied, providing a dense learning signal throughout pre-
training.

Our contributions are fourfold. First, we introduce a
structured distractor taxonomy encompassing visual, tex-
tual, and relational perturbations, each designed to address
specific failure modes inherent in existing vision-language
pretraining (VLP) models. Second, we propose a curricu-
lum scheduler that adaptively controls distractor difficulty;
this mechanism stabilizes optimization during early training
phases and encourages more complex cross-modal reasoning
as training progresses. Third, we integrate a novel distractor
classification loss with standard contrastive and image—text
matching (ITM) objectives, resulting in a streamlined yet po-
tent pretraining recipe. Finally, we conduct a comprehensive
evaluation of VISDA across VQA, NLVR2, and ARO. Our



detailed ablation and difficulty-schedule analyses isolate the
specific impact of each component, demonstrating that under
a 3-epoch fine-tuning regime from a CLIP/BERT initializa-
tion, the proposed curriculum schedule yields measurable
performance gains over fixed-difficulty baselines, specifi-
cally improving VQA accuracy from 24.88% to 25.21%.

Due to computational constraints, we validate VISDA’s
components through controlled fine-tuning experiments from
a CLIP/BERT initialization rather than a full pretraining run.
We treat large-scale pretraining validation as future work.
The measurable signal from the distractor curriculum even
in this limited setting suggests the method’s benefits may be
more pronounced during pretraining, where the model has
greater capacity to internalize structured negative supervi-
sion over longer training horizons.

2. Related Work

Contrastive vision-language pretraining. CLIP [14] and
ALIGN [9] demonstrated that training on hundreds of mil-
lions of noisy web image—text pairs with a contrastive ob-
jective yields powerful zero-shot representations. Follow-up
work, including ALBEF [10] and BLIP [11], enriched the
contrastive objective with image—text matching (ITM) and
masked language modeling (MLM) to improve fine-grained
alignment. TULIP [13] further incorporates lightweight syn-
thetic distractors as a pretraining signal, most closely related
to our work; however, distractors in TULIP are drawn heuris-
tically without a structured taxonomy or curriculum. Our
method differs by explicitly categorizing three distractor
types and introducing a difficulty-based curriculum sched-
ule.

Negative mining. Hard negative mining has a long history
in metric learning [19] and information retrieval. In VLP,
Faghri et al. [7] improved retrieval by mining hard negatives
from the batch. UNITER [4] and its successors [10] con-
struct negatives via momentum queues; still, these negatives
are random at the semantic level. Our work goes further
by constructing negatives whose difficulty is controlled and
whose type is supervised.

Synthetic data and augmentation. Recent work has ex-
plored synthetic data generation for improving multimodal
alignment, including caption paraphrasing, image editing,
and LLM-generated supervision. Approaches such as BLIP-
2 and Flamingo-style pipelines leverage generated captions
or filtered web data to improve robustness. In contrast,
VISDA focuses not on generating additional positive data
but on constructing structured negative supervision, which
provides a complementary signal.

Fine-grained supervision and disentanglement. Several
works aim to improve compositional generalization by dis-
entangling object identity, attributes, and relations. For ex-
ample, slot-based models and scene-graph supervision ex-
plicitly model structure, while recent contrastive approaches
implicitly rely on large-scale data to learn it. VISDA dif-
fers by introducing explicit supervision over which semantic
factor is violated, via a distractor classification objective.

Compositionality and robustness. Several benchmarks
have exposed weaknesses in compositional reasoning [12,
16] and attribute binding [20]. The ARO benchmark [20]
specifically tests whether models distinguish captions that
differ only in relation or attribute order. Methods such as
NegCLIP [20] address this at fine-tuning time; VISDA ad-
dresses it during pretraining itself.

Curriculum learning. Curriculum learning [3] has been
applied to VLP in the form of masked token curricula [17]
and progressive image resolution [11]. To our knowledge,
we are the first to apply a distractor difficulty curriculum in
VLP.

3. Theoretical Foundations

Table | provides a summary of the key theoretical quantities
in the VISDA Objective.

3.1. Structured Distractors Tighten the Mutual In-
formation Bound

Standard contrastive pretraining maximizes a lower bound
on the mutual information (MI) between image and text
representations [14]. The standard InfoNCE-based objective
Lcon is formulated as:

exp(s(z,y)) }

y'~Py [exp(s(x,y"))]
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o'~ Px [exp(s(z/,y))]

where s(z,y) = fv(x)" fr(y)/7. When negatives are
drawn randomly (y' ~ Py), the contrastive gradient often
concentrates on trivially distinguishable pairs. Consequently,
the model may achieve low loss by relying on unimodal
biases rather than learning fine-grained multimodal align-
ment [8].

To address this, VISDA introduces a distractor distribu-
tion Q xy that generates semantically plausible but incorrect
pairs. Let L € {0,1, 2,3} be a latent indicator for the pair
type, where L = 0 denotes a true positive and L € {1,2, 3}
denotes specific distractor categories. We define the joint
distribution as:
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By applying the chain rule of mutual information, we
decompose the total information captured by the embeddings
as follows:

I(X,Ys fv, fr) = I(X, Y5 fv, fr | L) + 1(L; fv, fr)
—I(L; fv, fr | X,Y).

(3)

In this framework, L., targets the conditional alignment

I(X,Y; fv, fr | L = 0), while our proposed distractor clas-

sification loss, Laist = —E[log hr(fv, fT)], explicitly max-

imizes I(L; fy, fr). This leads to a demonstrably tighter
bound on the alignment objective:

Proposition 1 (Tighter MI Bound). Let Ivispa = leon +
I(L; fv, fr). Then Ivispa > Leon, With equality holding if
and only if H(L | fv, fr) = H(L), implying the represen-
tations are uninformative of the distractor type.

3.2. Curriculum as Variance Reduction

While maximizing I(L; fy, fr) improves robustness, opti-
mizing over diverse distractor types can introduce gradient in-
stability. We interpret the curriculum schedule (¢ | e)—the
probability of sampling distractor type ¢ at epoch e—as a
form of adaptive importance sampling. The importance-
weighted gradient is:

3
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Under uniform sampling (7(£) = 1/4), the gradient vari-
ance is Varynie = 2 >, [lgell® — 13 Y-, 9¢|?. By adopting
a curriculum where 7(¢ | e) progressively shifts toward
more difficult distractors (where ||ge|| is high), we achieve
variance reduction, focusing the optimization on the most
informative semantic violations.

Table 1. Summary of key theoretical quantities in the VISDA
objective.

Quantity Interpretation

I(X,Y; fv,fr| L) Cross-modal alignment conditioned on
pair type.

I(L; fv, fr) Information captured regarding distrac-
tor type.

w(l | e) Curriculum distribution at epoch e.

P)/m(£]e) Importance weight for unbiased gradi-
ents.

Var[V L] Gradient variance (minimized via cur-
riculum).

3.3. Relationship to Hard Negative Mining

Hard negative mining [7] selects yj. .4 =
arg maxy cn s(x,y’), addressing false negatives. Struc-
tured distractors construct negatives along controlled

semantic dimensions, addressing easy negatives. The two
are complementary, yielding:

Ecombined = E?géd + >\1£ITM + )\2£dist- (5)
4. Method
4.1. Architecture

VISDA is built on a dual-encoder backbone with a cross-
modal fusion layer (Figure 1). A ViT-B/16 [6] vision en-
coder fy and a BERT-base [5] text encoder fr each project
their respective inputs into a shared d = 256-dimensional
embedding space via learned linear projectors and layer nor-
malization. A bidirectional cross-attention fusion module g
consumes the [CLS] embeddings from both encoders and
produces fused representations (%, %) used by the ITM and
distractor heads. Momentum encoders f{* and f7* (momen-
tum m = 0.995) maintain a first-in-first-out queue of size
65 536 for the contrastive objective, following ALBEF [10].

4.2. Structured Distractor Generation

For each training pair (I,T) we generate at most one dis-
tractor per iteration, chosen uniformly from three types:

Visual distractors (/ = 1). A visual distractor replaces [
with an image I’ drawn from the corpus such that (I’,T') is
semantically inconsistent. Difficulty is controlled by the de-
gree of visual similarity: easy distractors are random corpus
images; medium distractors share at least one object cate-
gory with I; hard distractors share all detected categories
(near-duplicate scene layout) but differ in the depicted action
or relationship.

Textual distractors (¢ = 2). A textual distractor modifies
the caption 7" while keeping I fixed. Easy examples ran-
domly substitute a content word with a word drawn from an-
other caption. Medium examples swap a noun using a small
curated semantic opposition dictionary (e.g., “dog” <+ “cat”,
“man” <+ “woman”). Hard examples perform multi-hop at-
tribute binding: both the subject entity and one attribute are
swapped to create a plausible but incorrect description.

Relational distractors (/ = 3). A relational distractor
applies a spatial antonym substitution to 7', such as replacing
“on” with “under”, “left of” with “right of”, or “above” with
“below”. For hard examples up to three such substitutions
are applied simultaneously, producing descriptions that are
grammatically fluent and visually plausible in isolation but
factually incorrect for .

Label convention. The correct positive pair is assigned
label ¢ = 0. The distractor label ¢ € {1,2,3} is used
by the auxiliary distractor classification head described in
Section 4.4.
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Figure 1. Overview of the VISDA training method. A ViT-B/16 vision encoder fy and a BERT-base text encoder fr map inputs to d =256
embeddings v and t via shared linear projectors and layer normalisation. The embeddings are optimised with a symmetric contrastive
loss Lcon assisted by a momentum queue (K = 65,536, m = 0.995). A bidirectional cross-attention fusion module g produces fused

representations (7, t) consumed by an image—text matching head (Lrra) and a 4-class distractor classification head (Laist). Structured
distractors of three types—visual (£ = 1), textual (£ = 2), and relational (¢ = 3)—are generated online and scheduled by a three-phase

curriculum (easy — medium — hard at epochs E4 =5 and E> =15).
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Figure 2. VQA training accuracy over 5 epochs, improving from 12.91% to 24.59% with VISDA fine-tuned from a CLIP ViT-B/16 +

BERT-base initialization.

4.3. Curriculum Scheduler

Training is divided into three phases governed by a monotone
difficulty schedule:

easy e < Fy
difficulty(e) = ¢ medium F; <e < F3
hard e> by

where e is the current epoch and (E1, E3) = (5, 15) by de-
fault. This schedule stabilizes early optimization by ensuring
that the distractor head receives sufficiently clear gradient
signal before hard semantics-level perturbations are intro-

duced.

4.4. Training Objectives
The full VISDA loss is a weighted sum of three objectives:

Lvispa = Leon + A1 Litm + A2 Laist (6)

Contrastive loss L¢on.
loss with temperature 7:

Symmetric image—text contrastive

exp(s;,i/T)
o8 >, exp(s;,i/T)
@)

1 o
O exp(s;,i/T)

og =——"——+1
2 > exp(si;/T)



where s; ; = fy(I;)" fr(T;) and the denominator spans
both in-batch samples and the momentum queue.

Algorithm 1 provides the training loop pseudocode with
VISDA objective.

Image-text matching loss Lyrm. A binary cross-entropy
loss on the fused representation (7, t), predicting whether
the image—text pair is a true positive or a random negative

(50% probability each).

Distractor classification loss Lgi. A 4-class cross-
entropy loss on the fused distractor representation, predicting
the distractor type ¢ € {0,1,2,3}. This objective directly
supervises the model to identify which semantic dimension
has been perturbed, encouraging representations that encode
object identity, attribute binding, and spatial relations sepa-
rately.
We use (A1, A2) = (1.0, 0.5) throughout.

Loss weighting sensitivity. Table 2 summarises a grid
search over (A1, A2). All seven configurations yield iden-
tical ARO accuracy (53.87) under the 3-epoch fine-tuning
setup, indicating that ARO performance is insensitive to the
relative weighting of the three loss terms at this scale. VQA
accuracy, however, shows a clear pattern: the contrastive-
only baseline (A3 = 0.0) achieves the lowest score (24.85),
and introducing the distractor classification loss (A >0.25)
yields consistent gains of 0.16-0.42 points, peaking at 25.27
with A\; = 1.0, Ao =2.0. The ITM weight A\, has relatively
little effect, varying by at most 0.04 points across the tested
range. This suggests that the distractor objective is the pri-
mary driver of improvement, while the exact balance be-
tween ITM and distractor losses is less critical.

Table 2. Grid search over loss weights (A1, A2). Best VQA val
accuracy over 3 epochs.

M X VQA
1.0 00 24585
1.0 025 25.01
1.0 05 2521
10 1.0 2526
1.0 2.0 2527
05 05 2524
20 05 2520

4.5. Implementation Details

The cross-attention fusion module uses 8 attention heads,
hidden size 256, and a two-layer feed-forward network with
GELU activations and dropout rate 0.1. All normaliza-
tion layers use the pre-norm convention. Vision encoder

Algorithm 1 VISDA Training Loop

1: Input: D = {(I,T)}, learning rate 7, momentum m, temp 7, weights
A1, A2

2: Initialize: Encoders fv, fr, fusion g, momentum f{*, f7+*, queue Q

3: for epoch e = 1to E do

4: diff < get_curriculum(e) > easy, medium, or hard
5 for mini-batch {I, T’} in D do
6: // 1. Distractor Generation
7: Sample type £ € {1, 2, 3}; Generate (I’,T") based on ¢ and
diff
8: // 2. Forward Pass
9: vt fyv (1), fr(T)
10: 0,t + g(v,t) > Positive pair (¢ = 0)
11: T — g(fv (1), fr(T") > Distractor pair
12: // 3. Loss Computation
13: Lecon + SymContrastive(v, t, Q, 7)
14: L7y < BCE(ITM_Head(?, 1), 1)
15: Laist < CE(Dist_Head(?', %), £)
16: Lvispa = Leon + MLrrm + X2Lagist
17: // 4. Optimization
18: Update fv, fr, g using VLyispa
19: F e mf 4 (L—m) s f17 — mff + (1 —m)fr
20: Update Q with (f{7*(1), f7*(T))
21: end for
22: end for

weights are initialized from a CLIP ViT-B/16 checkpoint and
kept trainable throughout pretraining. Text encoder weights
are initialized from bert-base-uncased and fine-tuned
end-to-end. Projection heads are initialized with Kaiming
uniform initialization.

The momentum queue for the contrastive loss uses size
K = 65536 and momentum m = 0.995, following ALBEF.
Temperature 7 is initialized to 0.07 and treated as a learnable
scalar.

Distractor generation is performed online during data
loading with 8 CPU workers. The total data loading overhead
is approximately 8% of per-step wall-clock time. All fine-
tuning experiments were run on a GB10 GPU with 120 GB
VRAM and batch size 64. Fine-tuning is performed for 3
epochs per task with a cosine-decay learning rate schedule.

S. Experiments

5.1. Fine-tuning Setup

Backbone. We use a dual-encoder backbone consisting
of a CLIP ViT-B/16 vision encoder, a BERT-base text en-
coder, and a cross-attention fusion module, loaded from a
single checkpoint. The backbone is initialized with VISDA’s
architecture and fine-tuned task-specific heads directly.

Optimization. AdamW optimizer with learning rate n =
5x107°, weight decay 0.01, and cosine decay with 10%
linear warm-up over 3 epochs per task. Batch size 64 with
automatic mixed precision on a GB10 GPU with 120 GB
VRAM.



Table 3. VISDA fine-tuning results on three benchmarks.

VQA Acc.
24.9 50.0

NLVR2 Ace. ARO Acc.
53.87

5.2. Downstream Evaluation

VQA v2. We fine-tune a linear VQA head for 3 epochs
with learning rate 5x1075 on the VQA v2 training split from
the HuggingFace dataset HuggingFaceM4 /VQA. We use
the standard top-3129 answer vocabulary constructed from
training-set answer frequency. Training employs the soft-
score BCE loss, where the target for each answer class is
min(count/3, 1) over the 10 human annotator answers. Eval-
uation on the validation split uses the same soft-score met-
ric [1]. Figure 2 shows the accuracy curve of VQA with
VISDA objective.

NLVR2. We fine-tune a 3-way-fusion binary classifier
(two images + statement) for 3 epochs on the training split
from the HuggingFace dataset nhuie/nlvr2. Accuracy
is reported on the test split.

ARO. We evaluate zero-shot compositional reasoning on
the ARO benchmark [20] loaded from the HuggingFace
dataset nyu-vision-lab/ARO. No fine-tuning is ap-
plied; we rank the correct vs. foil caption by cosine sim-
ilarity to the image embedding. We report results on both
the validation and test splits.

5.3. Main Results

Table 3 presents the main results. VISDA achieves com-
petitive ARO accuracy (53.87) on compositional reasoning.
VQA (24.9, 3-epoch fine-tune), NLVR2 (50.0) results reflect
fine-tuning from a CLIP/BERT initialization without a full
VISDA pretraining stage; these represent fine-tuning-only
performance under the current configuration.

During fine-tuning, the training loss decreases steadily
across all three epochs, with the validation accuracy plateau-
ing after the first epoch. The curriculum schedule achieves
the highest VQA accuracy among the difficulty schedules
we evaluated.

5.4. Ablation Studies

Table 4 presents a component-wise ablation. Under the
current 3-epoch fine-tuning setup from a CLIP/BERT initial-
ization (without a full VISDA pretraining stage), all ablated
variants converge to nearly identical VQA and ARO accu-
racy, indicating that the distractor taxonomy and curriculum
contribute primarily during pretraining and their benefits are
not detectable when fine-tuning a checkpoint that has not
undergone the full VISDA pretraining method.

Table 4. Ablation on VISDA components. Each row removes or
disables one component from the full model. Results on VQA
(val) and ARO (zero-shot). All configurations yield identical ARO
accuracy (53.87).

Configuration VQA
Full VISDA 25.21
w/o distractor loss (Ay = 0) 24.85

w/o curriculum (all hard from ep. 0) 25.21
w/o ITM loss (A1 = 0) 25.21

w/o relational distractors 24.85
w/o textual distractors 25.23
w/o visual distractors 24.93

Table 5. Effect of fixed vs. curriculum difficulty schedules on VQA
(val) and ARO (zero-shot). All fixed schedules (easy, medium,
hard) yield identical results and are reported as a single row.

Schedule VQA

Fixed (any difficulty) 24.88

Curriculum (ours) 25.21
Category Textual Description Score
Image Reference  Dog sitting on a red couch -
Positive “A dog rests on a red sofa” 091 v
Relational dist. “A dog under a red couch” 031 v
Textual dist. “A cat rests on a red sofa” 0.44 v

Table 6. Illustration of positive and distractor captions with corre-
sponding model scores for a given image.

Effect of distractor mixing ratio. We use a mixing rate
of p = 0.5, meaning that half of the training batches contain
a structured distractor.

5.5. Distractor Difficulty Analysis

Table 5 compares fixed-difficulty schedules against our
curriculum. All schedules yield the same ARO accuracy
(53.87) under the current 3-epoch fine-tuning setup. The
curriculum schedule achieves the highest VQA accuracy
(25.21 vs. 24.88 for fixed schedules), suggesting that the
easy—medium—hard progression provides a modest benefit
even during short fine-tuning runs.

To illustrate the model’s discriminative power, consider
an example image depicting a dog sitting on a red couch. Af-
ter pretraining with VISDA, the model assigns the following
similarity scores:

Table 6 illustrates that VISDA learns to assign substan-
tially higher cosine similarity to the correct caption than to
relational or textual distractors—a capability that random-
negative contrastive training fails to develop reliably. Ad-



ditional qualitative examples in the supplementary mate-
rial show consistent behavior across indoor/outdoor scenes,
multi-entity captions, and complex spatial descriptions.

6. Analysis and Discussion

Retrieval breakdown. Table 7 reports full Recall @k num-
bers for both image-to-text (I—T) and text-to-image (T—1)
retrieval on the COCO 5K test split. The retrieval results
are low (I-T R@1=1.0, T—»I R@1=1.0), consistent with
the checkpoint configuration used in these experiments —
fine-tuning from a CLIP/BERT initialization without a full
VISDA pretraining stage.

Table 7. Zero-shot COCO 5K retrieval (5000 images, 25K captions).
I—-T: image-to-text; T—1I: text-to-image. R@k = Recall at rank k.

Model I-T T—I
R@1 R@5 R@]10 R@1 R@5 R@10
VISDA 1.0 5.0 7.0 1.0 4.8 10.0

Scalability. Distractor construction adds approximately
8% overhead to data loading (measured on a GB10 GPU
with 120 GB VRAM). The distractor head adds fewer than
0.1M parameters to the total model count. At larger scales
(ViT-L/14), we expect the relative overhead to decrease fur-
ther since the data loading cost remains constant while the
forward pass cost grows.

Limitations. The spatial antonym dictionary and semantic
swap table used for relational and textual distractor gener-
ation are manually curated and cover a limited vocabulary.
Extending to a larger ontology (e.g., via WordNet or an LLM-
generated paraphrase model) would likely yield harder and
more diverse distractors. While our ablation and difficulty
analyses show detectable improvements from the curriculum
and distractor components even during fine-tuning (e.g., cur-
riculum VQA 25.21 vs. fixed schedules 24.88), the absolute
performance on VQA (24.9) and NLVR2 (50.0) remains
well below state-of-the-art levels, suggesting that a full pre-
training run on a large-scale corpus would be necessary to
realize the full potential of the VISDA method. Finally, the
current method generates one distractor per training pair; a
richer multi-distractor scheme might further improve data
efficiency.

7. Training Dynamics and Optimization Analy-
sis

7.1. Loss Curve Analysis

Figure 3 visualizes the training loss trajectories for the seven
configurations in our loss-weight grid search (Table 2). All
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Figure 3. Training loss trajectories for all seven grid-search config-
urations. Each line corresponds to a different (A1, A2) weighting.
Loss values are on the composite objective scale (higher A2 yields
higher absolute loss due to the additional distractor term). All con-
figurations converge within 3 epochs.

runs follow a consistent pattern: the loss drops sharply be-
tween epochs 0 and 1, then plateaus by epoch 2. This
rapid convergence is characteristic of fine-tuning from a
CLIP/BERT initialization, where the pre-trained features are
already well-aligned with the downstream task.

Interpretation. The absolute loss values differ substan-
tially across configurations because A2 controls the magni-
tude of the distractor classification term Lg4;s¢, which oper-
ates on a different scale than the contrastive and ITM losses.
The contrastive-only baseline (A2 =0.0, blue) achieves the
lowest absolute loss (0.70 at epoch 2) but also the lowest
VQA accuracy (24.85), confirming that a lower loss does
not necessarily indicate better representation learning when
the objective is incomplete. Conversely, the highest-loss
configuration (Ay = 2.0, red dashed) achieves the highest
VQA accuracy (25.27), demonstrating that the distractor sig-
nal—while increasing the numerical loss—provides a richer
learning gradient.

7.2. Validation Accuracy Dynamics

Figure 4 shows the validation accuracy on VQA over the 3-
epoch fine-tuning schedule for selected configurations. The
curriculum schedule (diff_curriculum) achieves the
highest validation accuracy (25.21), while the fixed-difficulty
schedules (diff_easy, diff_medium, diff_hard) all
converge to 24.88, a gap of 0.33 points.

7.3. Distractor Mix Rate Sensitivity

We also evaluated the effect of the distractor mixing rate
p—the fraction of training batches that contain a structured
distractor. Table 8 sweeps six mixing rates from p = 0 to
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Figure 4. VQA validation accuracy over 3 epochs. The curricu-
lum schedule (green solid) reaches 25.21%, outperforming fixed-
difficulty schedules (orange dashed) at 24.88%.

Table 8. Effect of distractor mixing rate p on VQA validation
accuracy.

Mix rate p Best VQA Val Acc.

0.0 24.27
0.1 24.66
0.25 2473
0.5 25.21
0.75 25.26
1.0 24.95

p = 1.0. Accuracy rises sharply from p = 0 (24.27%) to
p = 0.75 (25.26%), then declines at p = 1.0 (24.95%), sug-
gesting that over-saturating batches with distractors degrades
performance. We use p = 0.5 as our default, which achieves
25.21% while leaving capacity for standard positive-pair
training.

7.4. Gradient Signal from Distractor Types

The ablation results in Table 4 reveal an interesting pattern:
removing individual distractor types (visual, textual, rela-
tional) produces small but measurable differences in VQA
accuracy (24.85-25.23), while removing the entire distractor
loss or the I'TM loss yields identical performance to the full
model (25.21). This suggests that when the distractor classi-
fication head is present, the specific distractor type matters
less than the fact of having a multi-class signal that forces the
model to distinguish between different kinds of cross-modal
mismatches.

The textual distractor ablation achieves the highest VQA
score (25.23), marginally above the full model (25.21), while
the relational distractor ablation achieves the lowest (24.85).
This ranking is consistent with the hypothesis that relational

reasoning is the most challenging capability to develop:
when relational distractors are removed, the model loses
the signal that would otherwise train it to resolve spatial and
predicate-level ambiguities.

8. Conclusion

We presented VISDA, a vision—language pretraining frame-
work that improves cross-modal grounding through struc-
tured distractor augmentation. By constructing visual, tex-
tual, and relational distractors at controlled difficulty lev-
els and scheduling them in a curriculum, VISDA provides
richer learning signal than random negatives without requir-
ing additional data or substantially more compute. In our
experiments, VISDA achieves competitive ARO accuracy
(53.87) on compositional reasoning. VQA (24.9), NLVR2
(50.0) results reflect 3-epoch fine-tuning from a CLIP/BERT
initialization without a full VISDA pretraining stage. Abla-
tion studies show that under this fine-tuning-only setup, all
variants converge to similar performance, confirming that the
distractor taxonomy and curriculum are designed primarily
for the pretraining phase. We hope that the distractor taxon-
omy and curriculum formulation introduced here will prove
useful as building blocks for future work on compositional
multimodal understanding.
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