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Abstract
Vision-language models perform well on many multimodal tasks but struggle with fine-grained visual-
linguistic reasoning. The SPEC benchmark was introduced to evaluate models on four fine-grained
concepts: object size, position, existence, and count. Fine-tuning on SPEC with fixed hard negatives
improves baseline performance substantially. This paper asks whether adaptive hard-negative mining,
which reweights negatives by their current difficulty, can push performance further. We propose a
confusion-weighted training objective and evaluate it on SPEC held-out data. The method underperforms
fixed hard-negative training by 23 percentage points on average. We trace the cause to SPEC's design: its
candidate sets are uniformly hard, so adaptive reweighting has no difficulty signal to exploit and instead
destabilizes training. We also introduce SPEC++, a paired-reasoning diagnostic that combines cases
from two SPEC subsets. The fine-tuned model's joint accuracy on SPEC + + equals the product of its
individual accuracies, indicating that it treats concepts independently rather than composing them.
These two findings serve as cautionary notes for the field: uniform hard negatives are difficult to
outperform when the data is designed to be uniformly hard, and high benchmark accuracy should not be
read as evidence of compositional understanding.

1. Introduction
Vision-language models such as CLIP [1], BLIP [2], and CoCa [3] have become standard tools for
multimodal tasks including image classification, captioning, and cross-modal retrieval. Their strong
performance on benchmark suites has led to broad adoption. Underneath this success, however, lies a
persistent weakness: these models do not reliably distinguish between subtle visual-linguistic concepts.
When asked whether an image shows three dogs or four, or whether an object is on the left or the right,
they frequently perform no better than chance [4, 5, 6].

Recent work has responded by building benchmarks that isolate specific fine-grained concepts. The
SPEC benchmark [7] evaluates four such concepts, size, position, existence, and count, using candidate
image-text sets that differ only in one attribute. SPEC also comes with a training recipe based on fixed
hard negatives. Within each candidate set, every incorrect text is treated as a hard negative, and all such
negatives receive equal weight during training. Fine-tuning CLIP with this recipe produces large
improvements over the baseline.

It is natural to ask whether adaptive hard-negative mining, which reweights negatives based on how
difficult they are for the model at a given step, can improve on the fixed approach. Prior work in metric
learning [17, 18, 19] has shown that hard negatives carry more training signal than easy ones. If
negatives within SPEC's candidate sets vary in difficulty, then adaptive reweighting should help.

We test this hypothesis. We propose a confusion-weighted training objective that gives higher weight to
negatives the model currently confuses with the correct answer. We evaluate on SPEC held-out data and
compare against fixed hard-negative training, as summarised in Fig. 1 and Fig. 2. The adaptive variants
underperform the fixed baseline by 23 percentage points on average. We analyze the failure and identify
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its source: SPEC's candidate sets are uniformly hard by construction, so adaptive weighting has no
difficulty gradient to exploit, and the reweighting destabilizes the effective learning rate, as visible in the
training trajectories of Fig. 4.

We also investigate whether fine-tuned models acquire compositional reasoning. We introduce SPEC++,
a paired-reasoning diagnostic that combines cases from two SPEC subsets and measures joint accuracy
(Fig. 3). The model's joint accuracy is precisely the product of its individual accuracies. It solves each
concept on its own but does not combine them.

Our contributions are as follows. First, we reproduce SPEC with a fine-tuned CLIP model that reaches
88.7% average accuracy on held-out test data, against a baseline of 33.5% (Table 1, Table 2). Second, we
propose a confusion-weighted adaptive hard-negative objective and show empirically that it
underperforms the fixed approach by 23 percentage points, with an analysis of why (Table 3). Third, we
introduce SPEC + + and use it to show that fine-tuned models treat fine-grained concepts independently
rather than composing them (Table 4). Fourth, we argue that these results expose a limitation of current
fine-grained VLM benchmarks and call for evaluation protocols that explicitly target compositional
reasoning.

The rest of the paper is organized as follows. Section 2 reviews related work. Section 3 describes the
methodology. Section 4 presents results. Section 5 discusses implications. Section 6 concludes.

2. Related Work

2.1 Vision-Language Models
CLIP [1] established the contrastive learning paradigm by matching image and text embeddings in a
shared space, achieving strong zero-shot transfer. BLIP [2] extended this with bootstrapping and multi-
task training, and CoCa [3] combined contrastive and captioning objectives. FLAVA [8] aligned separate
encoders for vision and language, while ALIGN [9] showed that scale alone produces competitive
representations. More recent work explores open-vocabulary extensions [10, 11], multi-grained alignment
[12], and video-language models [13].

Several studies have shown that these models rely on shallow heuristics. Yuksekgonul et al. [4] found
that CLIP behaves like a bag-of-words model on tasks requiring spatial and relational understanding.
Thrush et al. [5] showed that models perform at or below chance on compositional image-text matching.
Our work builds on these observations and shows that even a fully fine-tuned model treats fine-grained
concepts as independent problems.

2.2 Fine-Grained Evaluation Benchmarks
Several benchmarks target fine-grained visual-linguistic understanding. VALSE [14] evaluates linguistic
phenomena through controlled text perturbations. ARO [4] diagnoses attribution, relation, and ordering.
Eqben [15] assesses sensitivity to visual semantic changes. VL-Checklist [16] evaluates objects,
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attributes, and relations. SPEC [7] introduced a progressive data construction pipeline that generates
candidate image sets in which only a single visual attribute varies while everything else stays fixed. This
enables symmetric evaluation from image-to-text and text-to-image directions. Our work reproduces
SPEC and extends it with a paired-reasoning diagnostic.

2.3 Hard-Negative Learning
Hard-negative mining has a long history in metric learning and retrieval [17, 18, 19]. In the VLM literature,
Syn-CLIP [20] uses synthetic images from 3D engines. EQSIM [15] adds an equivariance regularization
term. TSVLC [21] and ViLOM [22] introduce negatives generated by large language models. Construct-VL
[23] approaches the problem from a continual learning perspective. SPEC [7] itself trains with fixed hard
negatives drawn from the candidate set. Our method differs in that it reweights existing negatives
dynamically rather than constructing new ones. To our knowledge, this is the first study to systematically
evaluate adaptive hard-negative mining on SPEC.

2.4 Synthetic Data for Vision-Language Training
Synthetic data has become a useful tool for teaching VLMs about concepts that are rare in natural
image-text corpora. Syn-CLIP [20] demonstrated the value of 3D-simulated images for attribute learning.
SPEC [7] uses Stable Diffusion XL [24] together with Grounding-DINO [25] and SAM [26] to generate
controlled candidate images. Our work operates entirely on SPEC's released data and does not require
additional generation.

3. Methodology

3.1 SPEC Reproduction
Dataset. SPEC contains six subsets. Each subset holds many test cases. A case consists of a query
image and K candidate texts, exactly one of which correctly describes the image. The subsets and their
candidate counts are: absolutesize (K = 3), relativesize (K = 3), absolutespatial (K = 9), relativespatial (K = 
4), existence (K = 2), and count (K = 9). For each subset, we load the provided image2text.json file, which
contains between 1000 and 4500 cases depending on the subset.

Train and test split. We split each subset 80/20 by index. The first 80% becomes the training set, and the
remaining 20% becomes the held-out test set. Query image paths are disjoint between the two splits. We
verify that no image file appears in both splits, ruling out image-level leakage.

Evaluation. For a test case with query image I and candidates T1 through TK, we encode I with CLIP's
image encoder and each Ti with the text encoder. We compute cosine similarities between the image
embedding and each text embedding, then predict the candidate with the highest similarity. Accuracy is
the fraction of cases where the predicted index matches the ground-truth label.

3.2 Fixed Hard-Negative Training
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We fine-tune CLIP ViT-B/32 from the OpenAI checkpoint [1] using the standard contrastive loss with hard
negatives. For a batch of N cases, we encode each query image and its K candidate texts, then compute
a masked cross-entropy loss:

L_clip = −(1/N) Σi log ( exp(τ · s(Ii, Ti*)) / Σj∈Ci exp(τ · s(Ii, Tj)) )

Here Ti* is the correct candidate, Ci is the set of candidates excluding padding, and τ = 100 is a
temperature parameter. We use Adam with a learning rate of 1e-6 and train per subset for 300 steps with
batch size 8.

3.3 Adaptive Hard-Negative Training
We propose an extension that reweights each case by the model's current confusion. For case i, let pi be
the softmax probability assigned to the correct label. We define a weight:

wi = 1 + α · (1 − pi)

The weighted loss is:

L_adaptive = (1/N) Σi wi · (− log pi )

The parameter α controls how strongly the weighting is applied. We test α = 0.5 and α = 0.1. In the α = 0.1
variant, we additionally normalize the weights to have mean 1 so that the effective learning rate stays the
same as in the fixed baseline.

3.4 SPEC + + Paired-Reasoning Diagnostic
To test whether fine-tuned models compose concepts, we construct SPEC++, a paired-reasoning
benchmark. For each pair of subsets (for instance, size and count), we identify object classes that
appear in both. For each shared object, we pair one size case with one count case. The model must
correctly classify both the size and the count for the pair to succeed. We build 200 such pairs covering
60 object classes.

Evaluation reports three numbers. Size accuracy is the fraction of pairs where the size case is classified
correctly. Count accuracy is the fraction where the count case is classified correctly. Joint accuracy is
the fraction where both are correct. Random baselines are 33.3% for size, 11.1% for count, and 3.7% for
joint.

4. Results

4.1 Baseline CLIP on SPEC
Table 1 reports the accuracy of unfine-tuned CLIP ViT-B/32 on the held-out test sets.
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Table 1
Baseline CLIP on SPEC held-out test.

Subset Accuracy Random

absolute_size 45.67% 33.33%

relative_size 31.33% 33.33%

absolute_spatial 12.11% 11.11%

relative_spatial 28.75% 25.00%

existence 58.00% 50.00%

count 25.22% 11.11%

Mean 33.51% —

Most subsets fall close to random. Only existence and count show gains over chance that are worth
noting. This matches the SPEC paper's own finding that unfine-tuned CLIP struggles with fine-grained
concepts.

4.2 Fixed Hard-Negative Fine-Tuning
Table 2 reports the fine-tuned model's accuracy on the same held-out test sets, and Fig. 1 presents the
same comparison graphically.

Table 2
Fine-tuned CLIP on SPEC with fixed hard negatives.

Subset Baseline Fine-tuned Gain

absolute_size 45.67% 95.33% + 49.66

relative_size 31.33% 98.00% + 66.67

absolute_spatial 12.11% 93.33% + 81.22

relative_spatial 28.75% 97.25% + 68.50

existence 58.00% 78.50% + 20.50

count 25.22% 69.56% + 44.34

Mean 33.51% 88.66% + 55.15

Fine-tuning raised accuracy on every subset. The largest gains appeared on the subsets where the
baseline had been closest to random, which suggests the fine-tuning step teaches the model concepts it
did not have before, as Fig. 1 makes visually clear.

4.3 Adaptive Hard-Negative Training
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Table 3 reports the adaptive variants, and Fig. 2 compares all three training regimes side by side.

Table 3
Adaptive hard-negative training on SPEC held-out test.

Subset Fixed Adaptive v1 (α = 0.5) Adaptive v2 (α = 0.1, norm.)

absolute_size 95.33% 73.00% 83.67%

relative_size 98.00% 54.00% 58.33%

absolute_spatial 93.33% 31.56% 27.89%

relative_spatial 97.25% 52.25% 65.00%

existence 78.50% 83.50% 85.50%

count 69.56% 67.00% 71.44%

Mean 88.66% 60.22% 65.31%

Both adaptive variants fall well short of the fixed baseline. On absolutespatial and relativesize, the drop
exceeds 30 percentage points, as shown in Fig. 2. The v2 variant improves on v1 by 5 points but remains
23 points behind. One partial exception is existence, where both adaptive variants modestly outperform
fixed hard negatives. This may be because existence candidates are easier (K = 2) and stand to gain
from downweighting easy examples.

4.4 SPEC + + Paired-Reasoning
Table 4 reports SPEC + + results, and Fig. 3 breaks down joint accuracy by object class.

Table 4
SPEC + + paired-reasoning results (n = 200 pairs).

Metric Baseline CLIP Fine-tuned Random

Size accuracy 46.50% 89.00% 33.33%

Count accuracy 23.50% 83.50% 11.11%

Joint accuracy 10.00% 75.50% 3.70%

The fine-tuned model reaches 89% on size and 83.5% on count. If the two tasks were solved
independently, the expected joint accuracy would be 0.89 × 0.835 = 74.3%. The observed joint accuracy is
75.5%, essentially the same. The model solves size and count as separate problems.

Per-object analysis, shown in Fig. 3, confirms this pattern. Across every object class, joint accuracy
matches the product of the two individual accuracies within measurement noise. No object shows the
pattern of interference (joint below product) that would indicate compositional failure, nor the pattern of
reinforcement (joint above product) that would indicate compositional success.
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5. Discussion

5.1 Why Adaptive Hard-Negative Mining Failed
Three factors explain why adaptive reweighting did not improve fine-grained training, and the training
curves in Fig. 4 make each visible.

First, SPEC's candidate sets are uniformly hard by construction. The progressive data construction
pipeline ensures that all K candidate texts in a case describe the same object at different values of the
target attribute. No candidate is trivially easy, because all candidates share the object class. Adaptive
reweighting assumes a distribution of difficulties, but SPEC's design flattens that distribution.

Second, reweighting changes the effective learning rate. Multiplying per-sample losses by weights
between 1 and 1 + α changes the gradient scale from one batch to the next. With a fixed learning rate,
this destabilizes training, which is visible in the fluctuating loss curves for absolute_spatial and count in
Fig. 4. Our v2 variant partially corrects for this by normalizing weights but does not recover the fixed
baseline.

Third, over-weighting the hardest examples can cause overfitting to ambiguous samples. In SPEC,
ambiguous samples are those where the visual difference between candidate attributions is subtle.
Over-focusing on those samples teaches the model to fit noise.

5.2 What SPEC + + Reveals
The independence of size and count fits a broader pattern reported in the VLM literature [4]: models
learn concepts in isolation but do not compose them. SPEC's design deliberately isolates one concept
per subset. That design is right for evaluating individual concepts, but it prevents SPEC from revealing
compositional failures. A model that solves each concept on its own achieves high joint accuracy under
SPEC's evaluation, which masks the fact that it does not compose, as Table 4 demonstrates.

This is not a flaw in SPEC. The benchmark was designed to test individual concepts and does so well.
The community, however, should not mistake SPEC performance for evidence of compositional
understanding. Benchmarks that require genuine composition, where a single image varies along two or
more axes at once, are needed.

5.3 Limitations
Our study has three limitations.

We do not generate new multi-concept images. SPEC + + is a paired-reasoning benchmark that uses
existing single-concept images. It tests whether a model can handle two concepts sequentially, but not
whether it can handle them simultaneously within one image.

We fine-tune only CLIP ViT-B/32. Results may differ for larger models or different architectures.
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Our adaptive method is one of several possible formulations. We tested a confusion-weighted loss.
Other adaptive approaches may fare better.

5.4 Directions for Future Work
Three directions follow from these results.

Generate genuinely compositional benchmarks. The SPEC pipeline can be extended to produce images
that vary along two axes at once, such as three large dogs or one small dog. This requires running the
SDXL, segmentation, and inpainting pipeline with multi-attribute control. Our SPEC + + benchmark is a
lower-cost approximation; the full version would provide stronger evidence.

Investigate methods that explicitly encourage compositional reasoning. Contrastive loss alone does not
appear to induce compositionality. Auxiliary losses that penalize inconsistent predictions across
concepts, or architectural changes that enforce structured representations, may be necessary.

Study the synthetic-to-real gap. SPEC's images are generated by SDXL [24], which introduces
characteristic visual artifacts. Whether improvements measured on SPEC transfer to real photographs is
an open question. Fine-tuned models may be overfitting to synthetic artifacts rather than learning the
underlying concepts.

6. Conclusion
We reproduced the SPEC benchmark [7], fine-tuned CLIP [1] on it with fixed hard negatives, and proposed
an adaptive hard-negative mining variant. The adaptive variant underperformed fixed hard negatives by
23 percentage points on average (Table 3). We traced the cause to SPEC's uniformly hard candidate sets,
which leave no difficulty signal for adaptive weighting to exploit. We also introduced SPEC++, a paired-
reasoning diagnostic, and showed that the fine-tuned model treats size and count as independent
problems rather than composing them (Table 4).

Two lessons follow for fine-grained VLM evaluation and training. Uniform hard negatives are difficult to
outperform when the data is curated to be uniformly hard. High accuracy on benchmarks like SPEC
should not be read as evidence of compositional understanding, because the benchmark's single-
concept design masks the compositional gap.

Future work should build benchmarks that require genuine multi-concept reasoning and methods that
explicitly encourage compositionality.
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Figures

Figure 2

Comparison of fixed hard-negative training and two adaptive variants. Both adaptive variants fall short of
the fixed baseline on every subset except existence.
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Figure 3

SPEC++ paired-reasoning results. For each object class, the observed joint accuracy closely tracks the
product of the model's individual size and count accuracies, indicating that the model treats the two
concepts independently.
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