
Research directions in Vision-Language Model
(VLM) hallucination

Background

Large vision–language models (VLMs) such as GPT‑4V, BLIP‑2, LLaVA, Video-Bert and others can generate
free‑form natural‑language descriptions conditioned on images or videos. Like pure text‑based LLMs, VLMs
sometimes hallucinate—generating descriptions that appear plausible but are not grounded in the visual
input. Hallucinations arise from issues such as spurious correlations in training data, weak vision–language
alignment,  over‑fitting of  language priors  and an inability  to estimate uncertainty.  Research has so far
concentrated on  benchmark design (datasets  for  evaluating object/scene hallucination),  hallucination
detection,  mitigation  methods (prompts,  decoding,  retrieval‑augmentation)  and  diagnosing  causes.
Most works however focus on object hallucination in image captioning or high‑level reasoning; they target
improvements in standard benchmarks rather than exploring under‑served areas or new modalities.

The user is looking for novel angles that do not require paying for API access or massive GPU clusters. This
report therefore outlines several research gaps and promising directions that can be explored using modest
computational resources (2–4 A100s/A6000s) and openly available models or datasets. 

Under‑studied angles and open problems

1. Attribute and relation hallucination

Background. Most benchmarks detect “object hallucination” (reporting an object that does not
exist). Yet VLMs often hallucinate attributes (e.g., describing a blue car as red) or relationships (e.g.,
misreporting spatial relations). These errors are less obvious than missing/extra objects and thus
less studied.
Ideas.
Design benchmarks and metrics that separately evaluate attribute and relation hallucination. Synthetic
datasets where attributes are systematically varied (color, texture, size) and relation labels (left/right,
on/under, in front of/behind) can be generated with 3D engines or simple graphics.
Develop detection models that use attention maps, cross‑modal alignment scores or other cues to flag
inconsistent attribute descriptions. Techniques such as comparing predicted descriptions to features
extracted by pre‑trained image recognition models (e.g., CLIP) could help detect mismatched
attributes.

2. Hallucination in temporal / video descriptions

Background. Video‑language models are emerging but benchmarking focuses on coarse tasks
(video captioning or question answering). Hallucinations may involve events that never occur or
incorrect temporal orderings.
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Ideas. Build a small dataset of short video clips paired with ground‑truth temporal descriptions.
Evaluate whether models hallucinate events or misorder actions. Investigate detection via
change‑point detection or memory models that track visual state across frames.
Temporal hallucination is also relevant in long‑form descriptions of sequences of images (e.g.,
photo‑stories), where the model may invent narratives; exploring ways to constrain generation by
explicit state tracking or retrieval from previous frames could be promising.

3. Domain‑specific hallucination (medical, legal, remote‑sensing)

Background. Many existing works evaluate open‑domain or general images. In high‑stakes domains
like medicine, misreporting findings can be harmful. Domain‑specific datasets are limited, but
smaller open datasets exist (e.g., Chest X‑Ray or pathology slides). 
Ideas.
Collect or reuse small, publicly available domain datasets and annotate hallucinations in VLM outputs.
Characterize typical hallucination types (e.g., misinterpreting medical signs). Compare
general‑purpose VLMs with domain‑finetuned models to understand whether hallucination rates
differ.
Investigate mitigation through retrieval or alignment with expert knowledge. For instance, integrate
external medical knowledge graphs or use retrieval‑augmented generation (RAG) with curated
domain texts. This can be done without expensive APIs by using open‑source retrieval and small
models fine‑tuned on domain data.

4. Self‑evaluation and uncertainty estimation

Background. Current detection models often rely on a separate classifier trained to predict
hallucination. Another approach is to let the VLM self‑evaluate its responses. There is evidence that
prompting models to reflect (ask “is this object actually present?”) reduces hallucinations, but
systematic studies are rare.
Ideas. Investigate prompting strategies where the model first generates an answer, then is asked to
verify each statement by referring back to the image or to a retrieval mechanism. Explore confidence
estimation methods (e.g., calibrating log probabilities, variance across stochastic decoding runs).
Build a dataset where each generated description is accompanied by a self‑reported confidence
score and evaluate whether lower confidence correlates with hallucination. These experiments are
computationally modest and can leverage existing open‑source models (e.g., BLIP‑2, LLaVA) that run
on a few GPUs.

5. Understanding training data bias and its role in hallucination

Background. Models trained on internet data may learn spurious correlations (e.g., expecting snow
in mountain scenes or assuming the presence of famous landmarks). Research on dataset bias often
focuses on fairness rather than hallucination.
Ideas. Conduct case studies analyzing specific hallucinations and trace them to biases in training
data. For example, evaluate how often models mention certain objects in specific contexts compared
to their frequency in curated datasets like MS‑COCO. Experiment with simple data balancing or “data
anti‑intervention” strategies: remove or down‑weight over‑represented object–context pairs and
observe how hallucination rates change. This can be accomplished with modest compute because it
does not require training large models from scratch; instead, one can finetune lightweight adapters
or evaluate using a small held‑out set.
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6. Hallucinations under noisy or adversarial inputs

Background. Real‑world images may contain noise (motion blur, occlusion, compression artefacts)
or adversarial perturbations that exploit VLM vulnerabilities. Hallucination detection/mitigation
under such conditions is less explored.
Ideas. Simulate noise and adversarial corruptions on images and evaluate how hallucination
patterns change. Develop detection methods that are robust to noise by combining image quality
metrics with language‑model uncertainty. Investigate adversarial training or defensive distillation
techniques to make models less sensitive to input manipulations. These experiments can be done on
small datasets with moderate GPUs.

7. User‑aware hallucination and personalized mitigation

Background. Hallucination severity can depend on the downstream task. For example, a creative
caption for social media may tolerate mild hallucinations, while an assistive tool for the visually
impaired requires strict accuracy.
Ideas. Study user‑in‑the‑loop systems where the user can indicate tolerance levels or specify
required factuality. Investigate interactive prompting or response‑editing interfaces that allow the
model to ask clarifying questions when uncertain. Evaluate whether personalization reduces
hallucination without excessive user burden.

8. Cross‑modal explainability as a diagnostic tool

Background. Few works use interpretability techniques to diagnose VLM hallucinations. Attention
maps or gradient‑based saliency may reveal whether the model looked at the correct visual regions
when generating a phrase.
Ideas. Develop tools that visualize cross‑modal attention for each generated word. Analyze
hallucination cases where the attention is misaligned (e.g., describing an object when the model
never attended to that region). Use these insights to propose simple interventions such as
re‑weighting attention or training with region‑level supervision. This research can be conducted
offline with existing models and does not require large compute.

9. Evaluation beyond accuracy metrics

Background. Most benchmarks report hallucination rate (percentage of hallucinated objects) or F1.
These metrics treat all hallucinations equally and may not reflect user perception or downstream
impact.
Ideas.
Explore severity‑weighted metrics that penalize hallucinations more heavily when they misreport
critical information (e.g., saying “no gun” in a security image). This could involve user studies or
expert annotation to assign weights. 
Develop interactive evaluation where human annotators can ask follow‑up questions to verify the
description. Evaluate whether models maintain consistency. 
Propose compositional metrics that separately evaluate object presence, attribute correctness,
relation accuracy and logical consistency.
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10. Resource‑efficient training for hallucination mitigation

Background. State‑of‑the‑art mitigation techniques often involve training large models on vast
datasets or using retrieval‑augmented generation requiring external APIs. With limited GPUs,
alternative strategies are needed.
Ideas. Investigate parameter‑efficient finetuning (e.g., LoRA or adapters) on curated
anti‑hallucination datasets. Test whether small modifications to the decoding process—such as
constrained beam search, entropy regularization or dynamic temperature adjustment based on
cross‑modal alignment—can reduce hallucination. Another promising avenue is knowledge
distillation, where a smaller model learns to mimic a larger teacher’s grounded responses while
penalizing hallucinated tokens.

Recommendations for proceeding without expensive APIs

Leverage open‑source VLMs. Models such as BLIP‑2, LLaVA‑1.5 or MiniGPT‑4 can be run locally with
2–4 A100s/A6000s. These models allow customization and fine‑tuning without paying for proprietary
API calls.

Curate synthetic datasets. With limited resources, synthetic data generation using simple graphics
engines or video games can provide controlled environments to study specific hallucination types
(attributes,  relations,  temporal  events).  Synthetic  data  also  avoids  privacy  concerns  and  can  be
generated at scale with CPU‑based rendering.

Start with small‑scale experiments and scale gradually. Evaluate a handful of models on targeted
benchmarks, analyze failure modes and iteratively design mitigation techniques. Parameter‑efficient
finetuning allows experimentation without retraining entire models.

Engage in cross‑disciplinary collaboration. Insights from cognitive psychology, human perception
and domain experts (e.g., radiologists) can inspire novel evaluation and mitigation strategies that go
beyond incremental improvements on existing benchmarks.

Disseminate  datasets  and  tools. Share  newly  created  benchmarks,  annotation  schemas  and
analysis  scripts  openly  to  encourage  reproducibility  and  attract  community  attention  to  these
under‑served aspects of hallucination.

Concluding remarks

Hallucination  in  VLMs  remains  a  critical  challenge  for  deploying  these  models  responsibly.  While  the
literature is crowded in areas such as object hallucination benchmarks and minor mitigation tweaks, several
research  gaps—attribute  and  relation  hallucination,  temporal  hallucination,  domain‑specific  analysis,
self‑evaluation,  training  data  bias,  robustness  to  noise/adversarial  attacks,  user‑aware  personalization,
explainability‑based  diagnosis,  nuanced  evaluation  metrics  and  resource‑efficient  mitigation—present
fertile ground for impactful contributions. By focusing on these areas and leveraging open‑source tools,
researchers can drive meaningful progress without large budgets or proprietary API access.
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