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ABSTRACT

The ability to acknowledge the inevitable uncertainty in their knowledge and
reasoning is a prerequisite for Al systems to be truly truthful and reliable. In
this paper, we present a taxonomy of uncertainty specific to vision-language Al
systems, distinguishing between epistemic uncertainty (arising from a lack of in-
formation) and aleatoric uncertainty (due to inherent unpredictability), and further
explore finer categories within. Based on this taxonomy, we synthesize a bench-
mark dataset, CERTAINLY UNCERTAIN, featuring 178 K visual question answering
(VQA) samples as contrastive pairs. This is achieved by 1) inpainting images to
make previously answerable questions into unanswerable ones; and 2) using image
captions to prompt large language models for both answerable and unanswerable
questions. Additionally, we introduce a new metric confidence-weighted accuracy,
that is well correlated with both accuracy and calibration error, to address the short-
comings of existing metrics. Despite the recent rapid progress in vision-language
models (VLMs), evaluations on our benchmark show that they perform poorly in
uncertain scenarios. Further experiments demonstrate that supervised fine-tuning
with CERTAINLY UNCERTAIN enhances the performance of VLMs, and reduces the
calibration error. These improvements extend beyond our benchmark to existing
refusal-oriented datasets and show positive results on reducing hallucinations, while
maintaining performance on standard VQA benchmarks. Our work underscores
the importance of addressing uncertainty in vision-language Al systems to improve
their reliability and trustworthiness in real-world applications.

1 INTRODUCTION

An Al system with intellectual integrity must know when to admit “I don’t know”, which, in turn,
requires a sharp awareness of its own limitations of knowledge and reasoning, as well as the inherent
uncertainty around the external world (Paul & Elder} |1992; Zhang et al.,[2019; [Favero et al.| 2024
Zhou et al.||2023} [Wang et al.| 2023b; [Varshney & Baral, [2023). However, current vision-language
models (Davis} |2020; |[Miyai et al., [2024; [Mahendru et al.,2017) do not exhibit such a sufficiently sharp
awareness of their own mistakes, leading to overly confident, uncalibrated predictions (Whitehead
et al., [2022) and hallucinations (Wang et al., 2023a} [Li et al., [2023d)). This is only as expected,
however, given that the predominant training recipe (Liu et al., 2023b; 2024; Bai et al.} 2023) does
not typically encourage the models to express uncertainty or acknowledge when they do not know
the answer. Rather, they are incentivized to make predictions regardless of their confidence level.
Moreover, existing benchmarks focus mainly on scenarios where clear and definitive answers are
available (Yue et al} 2023} |Goyal et al.l 2019)), leaving a notable gap.

Motivated by these, we introduce CERTAINLY UNCERTAIN, a dataset of approximately 178K visual
question answering (VQA) instances that encompass various types of uncertainties. CERTAIN-
LYUNCERTAIN is based on a novel taxonomy of multimodal uncertainty comprising epistemic
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Figure 1: CERTAINLY UNCERTAIN: Taxonomy of uncertainty awareness in multimodal reasoning. For simplicity,
all answers in this figure are normalized to “I don’t know”, in practice the answers are more diverse, as “I don’t
know” can be expressed in various ways.

uncertainty (due to lack of information) and aleatoric uncertainty (due to inherent unpredictabil-
ity), as illustrated in Figure [, We further define more fine-grained sub-categories, including ()
Knowledge, requiring external knowledge not explicitly captured by the image; (i7) Complexity,
where the question is too complex to yield an exact answer; (i¢¢) Extraneous, where parts of the
necessary context or details are missing from the image; (¢v) Temporal, where future events implied
by the image cannot be predicted with absolute certainty; and (v) Ambiguity, where the question
itself is unclear, leading to confusion or multiple possible interpretations. We construct CERTAIN-
LYUNCERTAIN with two methods: 1) by masking and inpainting relevant image regions to render
previously answerable questions unanswerable; and 2) by presenting GPT-4 2023) with
image captions and prompting it to generate both answerable and unanswerable questions about the
same image. Compared to prior datasets on unanswerability (Miyai et al.| 2024} [Guo et al.,[2023)), our
dataset is constructed in a more systematic way, covering more diverse and finer-grained categories
of uncertainty in vision-language scenarios.

With CERTAINLY UNCERTAIN, we empirically found that existing vision-language models rarely
hesitate to answer even under uncertain conditions. In addition, they often overly confidently in
providing an answer to unanswerable questions, while much less confident in admitting “I don’t
know”. However, this issue is not reflected in popular metrics such as accuracy or F1, which do not
account for model confidence. Alternative metrics, such as risk and coverage (Whitehead et al.} [2022)
use thresholding to binarize the equivalent of the prediction probability. The expected calibration
error (ECE) (Naeini et al., 2015)) evaluates the prediction probabilities but does not accurately reflect
performance in terms of correctness. Therefore, we propose a new confidence-weighted accuracy
metric, which incorporates model confidence into the accuracy computation. This metric addresses
the shortcomings of existing metrics by simultaneously capturing both predictive performance and
model confidence. Our proposed metric demonstrates a positive correlation with accuracy and a
negative correlation with ECE.

Moreover, we conduct extensive experiments using 3 training strategies with CERTAINLY UNCERTAIN:
supervised fine-tuning, R-tuning (Zhang et al[2023), and preference optimization (Rafailov et al,
. We evaluate the resulting models across 7 datasets covering refusal, hallucination, and
standard VQA tasks. Our empirical results show that fine-tuning with CERTAINLY UNCERTAIN not
only improves performance on a held-out portion of our dataset and existing refusal-based datasets
but also helps reduce hallucinations while maintaining performance on standard VQA tasks. These
findings underscore the effectiveness of CERTAINLY UNCERTAIN in enhancing the robustness and
reliability of vision-language models.
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2 CERTAINLYUNCERTAIN

To train models to properly admit “I don’t know”, it is crucial to construct a large-scale dataset that
covers a diverse range of uncertain situations. This is challenging, as most internet data focus on
certain scenarios (e.g., alt-text description for an image), thus not readily applicable. Therefore,
we develop CERTAINLYUNCERTAIN, a dataset with approximately 178 K VQA instances, using
an automatic data synthesis pipeline for various types of uncertainty. We begin by introducing a
taxonomy of uncertainties in §2.1] where admitting uncertainty rather than providing an answer is the
appropriate response in each category. Next, we describe our data creation process in §2.2] Finally,
we introduce the evaluation metrics in

2.1 TAXONOMY OF UNCERTAINTY AWARENESS

Depending on whether it is due to contextual inexpressiveness or genuine incapability to answer, we
broadly categorize multimodal uncertainty into 2 types, epistemic and aleatoric uncertainty.

Epistemic Uncertainty refers to the uncertainty in a model’s predictions that arises from a lack of
knowledge or complete information about the system being modeled. It is due to the model’s limited
understanding or insufficient data, which can be reduced by gathering more information, improving
the quality of data, or enhancing the model itself. This type of uncertainty highlights areas where
the model’s predictions may be less reliable due to the lack of sufficient evidence to make accurate
inferences. We further categorize the awareness of epistemic uncertainty into 3 finegrained types:

* Knowledge awareness means understanding that some questions require information or common
sense that is not shown in the image. For example, you might need specialized knowledge or
up-to-date information from outside sources. Knowing when this extra information is needed
helps avoid wrong answers.

* Complexity awareness is recognizing when a question is difficult because it involves many parts
or is hard to understand. This difficulty can come from how the question is asked or from the
effort needed to understand the context and details of the question.

» Extraneous awareness refers to the ability to identify and disregard elements within an image
that are not relevant to the question at hand. This involves recognizing objects, attributes, or
aspects that, while present in the image, do not contribute to answering the question.

Aleatoric Uncertainty is the inherent unpredictability in a system or process that cannot be reduced
or eliminated. It arises from the fundamental randomness or chaotic nature of the task itself. For
example, predicting the outcome of a coin toss involves intrinsic uncertainty because the result is
inherently probabilistic and cannot be determined with certainty in advance. Similarly, we define 2
sub-categories under aleatoric uncertainty:

» Temporal awareness means understanding that we may not always have access to all relevant
data required to predict specific outcomes with absolute certainty, especially when it involves
reasoning about time. This includes events in the past or future that cannot be inferred from the
image alone with absolute certainty. Recognizing the limitations of temporal reasoning helps
manage expectations about the accuracy of predictions involving time-related aspects.

* Ambiguity awareness involves recognizing situations, objects, or individuals that can be under-
stood, interpreted, or perceived in more than one way. Ambiguity introduces uncertainty and
a lack of clarity, leading to multiple possible interpretations. While ambiguity can encourage
exploration of different meanings or perspectives, it can also cause confusion. It is essential to be
aware of the levels of certainty in ambiguous scenarios to avoid misinterpretation and errors.

2.2 DATASET CREATION

Based on the taxonomy, we construct CERTAINLY UNCERTAIN, comprising contrastive VQA pairs
for each category described above. The statistics of our dataset are summarized in Table [T} The
contrastive instances in CERTAINLY UNCERTAIN are derived from two sources: images and captions.
For sourcing from images, the same question that is answerable for the original image is rendered
unanswerable for the perturbed image. For sourcing from captions, we prompt GPT-4 (OpenAlL |2023)
to generate both an answerable and an unanswerable question based on the same caption. Below, we
describe the dataset creation pipeline in detail.
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Epistemic Aleatoric

Knowledge  Complex  Extraneous  Temporal = Ambiguous Al
Train # of images (Perturbed/Clean) -/9.5K -/9.6K  38.2K/38.2K -/9.6K -/9.6K 38.2K/47.9K
# of questions (IDK/Non-IDK) 9.5K/9.5K  9.6K/9.6K 38.2K/38.2K 9.6K/9.6K  9.6K/9.6K  76.6K/76.6K
Test # of images (Perturbed/Clean) -/2.5K -/2.5K 2.3K/2.5K -12.5K -/2.5K 2.3K/7.3K
# of questions (IDK/Non-IDK) 2.5K/2.5K  2.5K/2.5K  23K/2.5K  2.5K/2.5K  2.5K/2.5K  12.3K/12.5K
Total # of images/questions 12.1K/24.2K 12.1K/24.2K 81.3K/81.3K 12.1K/24.2K 12.1K/24.2K 95.8K/178.1K

Table 1: Statistics of CERTAINLYUNCERTAIN. Our dataset contains 178K questions on 95.8K images for
5 types of uncertainties. Each IDK question is accompanied with a non-IDK question to highlight contrasts
between certainty and uncertainty. For extraneous testing split, we perform quality check and filter out invalid
ones. Numbers in bold highlight the new images we created through our data creation pipeline.

Step 1: Saliency Identification ﬁﬁ:tns Step 3: Perturbation
ay
Q: What is the spoon made of? oy Q: What is the spoon made of?
A: Metal m A: | don’t know (extraneous)
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Figure 2: Pipeline for sourcing from images where the question is generated from GPT-4/GPT-4V.

Sourcing from captions. We use detailed paragraph captions to prompt questions for each category
of uncertainty. Each prompt includes a definition of the category along with examples of answerable
and unanswerable questions and their answers. The captions are sourced from DOCCI (Onoe
et al., [2024])), which are high-quality human-annotated descriptions. These descriptions are highly
compositional and include world knowledge, spatial relationships, visual settings, text rendering,
and object attributes. For each caption, we prompt GPT-4 to generate both an answerable and an
unanswerable question, along with their corresponding answers. In total, we collected around 110K
instances on ~ 15K images, spanning knowledge, complexity, temporal and ambiguity awareness
categories. We follow the same train-test split as DOCCI to divide our dataset.

Sourcing from images. Compared to sourcing from captions, we perturb images to transform an
answerable question into an unanswerable one. Our data generation pipeline has 3 main steps as
outlined in Figure 2] The first step is saliency identification where the goal is to identify salient
objects about which meaningful questions can be asked. For VQAV?2 instances, we prompt GPT-4 to
identify these salient objects based on VQAvV2 questions, while for GQA instances, this information
is available in the annotations. The second step is masking, where we use Grounded-SAM (Ren
et al., [2024) to mask out the salient objects. The final step is perturbation where we use LaMa
Inpainting model (Suvorov et al.l[2021) to create a perturbed contrastive image so that the salient
object is missing. To avoid any spurious biases from perturbation, we experimented with masking
and inpainting randomly chosen objects instead of the salient object from the answerable subset,
thereby keeping the question answerable. Since the performance did not fluctuate significantly, we
proceeded without random perturbation. We then prompt GPT-4V to generate a question for each
pair of images that is answerable for the original image but unanswerable for the perturbed image. To
increase the difficulty of the questions, we specifically instruct GPT-4V to avoid generating “yes/no”
questions, as they are more likely to be answerable. In the end, we created ~ 30K samples based
on VQAvV2, which are split into 24 K training and 6K testing samples. In addition, we leverage the
GQA dataset (Hudson & Manning, 2019), which contains rule-based questions from ground truth
scene graph annotations. Similarly, we perturb the images and alter the answers to “I don’t know”
to create unanswerable instances from the originally answerable instances. In total, we gather 53 K
more instances from GQA, and use them to augment the training split.

Generative Al Paradox for generating/understanding ‘“uncertain questions”. While LLMs and
VLMs can generate uncertain questions, they often struggle to answer them accurately. As shown
in Figure 3] where we prompt GPT-4V to answer its own generated uncertain questions and it fails.
Inspired by |[West et al.| (2023)), which hypothesizes that models may not understand what they create,
we observe a similar pattern in generating and understanding uncertain questions.
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Benchmarks Source Dataset  Question Types Types of Uncertainty/Unanswerability
Size OE Free-form IDK Absurd Knowledge Complex Extraneous Temporal Ambiguous
MM-Hal Human % Vv 4 4 v
POPE Rule 9K
AMBER Disc. Rule 14K
VizWiz Human 33K v/ v v
UNK_VQA Human 10K v v v v v
TDIUC (Absurd) Rule 336K v v v
MM-UPD Rule 2K 4 v
Ours LLM & Rule 178K v 4 4 4 4 v v 4

Table 2: Comparison of CERTAINLY UNCERTAIN to existing benchmarks. We mainly compare with two types
of datasets: Hallucination-based datasets (top) and Refusal-based datasets (middle). CERTAINLY UNCERTAIN
features 178K unanswerable (IDK) and answerable questions in open-ended (OE) setting with free-form answers,
covering 5 types of finegrained types of unanswerability. Though our dataset does not explicitly cover absurd
type, we show that it improves model performance on TDIUC (absurd) in experiments. Disc: Discriminative.

Contrastive pairs. In CERTAINLYUNCERTAIN construction process, we have images that are
visually similar or the same but the question-image pairs are deliberately designed to highlight
contrasts between certainty and uncertainty (as shown in Figure[2). This aids in improving model
robustness by learning to distinguish between visually similar but semantically distinct instances
leading to real-world applicability by exposing them to subtle variations and contrasts.

Quality check and filtering. As our data creation pipeline is model-dependent, though being
efficient and saving the cost of human labor, it may suffer from model failures. Especially the pipeline
to create the extraneous set, which depends on multiple models, the failure of one model at any
stage (e.g., the inpainting model fails to remove the object or the segmentation model fails to predict
the correct mask of the intended object) may lead to invalid samples (i.e., when the generated IDK
question is still reasonably answerable for the image or vice versa). To ensure the data quality, we
perform a final quality check on the extraneous testing set. Specifically, the image-question-answer
tuples are presented to one of the authors, and the task is to validate whether the generated sample is
valid or not. Among 6K samples, we filtered ~1.2K samples, resulting in 4.8K testing examples. For
other splits, we found the valid sample rate is much higher (> 93% in Appendix Table[7). We retain
the first SK samples verified by human on DOCCI testing images to build the remaining testing splits.

Table 2] presents a comparison of CERTAINLY UNCERTAIN with existing benchmarks regarding data
size, question types, and uncertainty categories. Our dataset is significantly larger and covers a
wider variety of question types across diverse uncertainty categories. Notably, existing datasets
such as UNK-VQA (Guo et al.,[2023)), or TDIUC (Kafle & Kanan| 2017) mainly focus on pairing
unrelated questions with image contexts to create datasets of irrelevant and unanswerable questions.
In contrast, our dataset ensures contextually aligned question-image pairs. With image inpainting, we
also generate more natural-looking images compared to image masking or copying in UNK-VQA.

2.3 EVALUATION METRICS

Standard metrics. We report model performance on CERTAINLY UNCERTAIN with standard metrics,
including accuracy and F1. For accuracy, we follow (Manas et al., |2024) to use LLM-Assisted
VQA Evaluation (LAVE), which leverage instruction-tuned large language models to rate candidate
answers based on their correctness relative to the question and reference answers. LAVE have shown
a strong correlation with human judgment. In practice, we use LAVE with Mistral-7B (Jiang et al.}
2023) as the evaluator, comparing ground truth and predictions to assign scores of 0, 0.5, or 1. This
allows for more nuanced evaluation compared to traditional string-matching approaches, especially
in open-ended settings. To adapt LAVE to unanswerable settings, we introduce a dual-stage judging
mechanism. This approach is more reliable because refusals or IDK responses can be expressed in
various ways, such as simply stating IDK, asking a follow-up question, or offering a reasonable guess.
The first stage is IDK normalization, where we use LAVE to determine if either the prediction or
ground truth (GT) is IDK and normalize the answer to IDK. For refusal-based benchmarks, since
the unanswerability of the question is annotated, we directly rely on the ground truth label for GT
answers. The second stage is to award accuracy. If either the prediction or GT is normalized to IDK,
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Figure 4: Correlation of confidence weighted accuracy (1) with LAVEiq4 accuracy (1) and ECE (|). The data-
points in this plot are from evaluation results on extraneous split of different model variants in our experiments.

we compare the strings. Otherwise, we award the standard LAVE score. Formally, the LAVE; 4 score
is defined as

LAVE — 1(pred,,,.,,, == GTnorm) if LAVE(pred == IDK) or LAVE(GT == IDK) . 0
LAVE(GT, pred) else

In addition, we report F1,qx which is the F1 score only on the unanswerable questions.

Confidence-weighted accuracy. Existing evaluation metrics do not comprehensively assessing both
the accuracy and the confidence of model predictions. Accuracy metrics, which score binarily, ignore
the probability estimates associated with predictions. Expected Calibration Error (ECE), which mea-
sures the difference between predicted confidence levels and the true likelihood of those predictions
being correct, do not provide a direct measure of final accuracy. Abstention metrics(Whitehead et al.|
2022) — coverage and risk — do not address model accuracy. In addition, risk metric do not directly
incorporate model confidence, instead threshold values to O or 1.

To address these issues, we introduce Confidence-weighted accuracy which weights the accuracy
by the probability of the model’s prediction. The desiderata of this metric is to remain positively
correlated with accuracy while being negatively correlated with ECE. Thus, confidence-weighted
accuracy takes into account the confidence of the model’s prediction P(pred), providing a more
holistic evaluation of performance. Based on the LAVE;y accuracy above, we define confidence-
weighted accuracy as

confidence weighted accuracy = 1(LAVEig > 0) * LAVEiq * P(pred) — 1(LAVEiq« == 0) % P(pred). (2)

Similar to (Whitehead et al., 2022)), we compute P(pred) by prompting the model to verify if its
own predicted answer is correct and extracting the probability of the “yes” token. We normalize this
probability by dividing it by the sum of the token probabilities for “yes” and “no”. Our formulation
penalizes incorrect predictions while rewarding correct ones, especially by encouraging higher
confidence for correct predictions. As shown in Figure 4] [fa] demonstrates the positive correlation
of confidence-weighted accuracy with LAVE;q accuracy, and [4b]illustrates that our metric is more
negatively correlated with ECE compared to LAVE; 4 accuracy.

VQA Score Standard Acc. F1 LLM-based Scores ECE Conf.-w Acc.
Acc. v v v v v
Conf. v v

Table 3: Our proposed Confidence-weighted Accuracy (Conf-w. Acc.) captures captures both accuracy (Acc.)
and confidence (Conf.) of model predictions, in contrast to existing metrics either reflect accuracy or confidence.
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3 EXPERIMENTS

3.1 EXPERIMENTAL DETAILS

We conduct experiments with the representative instruction-tuned models including variants of LLaVA
(Liu et al., 2023b) -7B, 13B, 34B (Liu et al.} 2024), and Qwen-VL (Bai et al., 2023)), as well as
evaluating the performance of GPT-4V on our CERTAINLY UNCERTAIN benchmark.

We investigate 3 training strategies with our data comparing them to the base model.

1. Supervised finetuning (SFT): To demonstrate the effectiveness of our data, we perform
continued SFT with CERTAINLY UNCERTAIN with the instruction-tuned model and compare
against LLaVA and LRV (Liu et al.;|2023a)) instruction-tuning datasets.

2. R-tuning: We follow (Zhang et al.| |2023) to re-annotate ground truth answers that are
incorrectly predicted by the base model to reflect IDK, and use this re-annotated refusal data
for supervised fine-tuning.

3. Preference optimization: We directly adopt the two answers to the contrastive VQA pairs
as the answer choices, and perform DPO (Rafailov et al., [2023). DPO is a method for
aligning large language models (LLMs) with human preferences by directly optimizing a
loss function based on preference data, eliminating the need for separate reward modeling
or reinforcement learning steps. The DPO loss function adjusts the model’s behavior by
increasing the likelihood of preferred responses and decreasing that of less favored ones.

We also implement a inference-time baseline with naive selective prediction approach by marking
predictions as IDK when the prediction probability falls below a threshold. We further explore adding
CERTAINLY UNCERTAIN into the instruction-tuning stage for LLaVA directly after pre-training.

3.2 EVALUATION BENCHMARKS

We evaluate the models trained with our data on additional benchmarks, detailed below.

Refusal-based benchmarks. UNK-VQA (Guo et al., [2023)) contains 10K instances of answerable
and unanswerable questions constructed from manipulating VQA v2 instances by question pertur-
bation like word replacement, semantic negation, and image perturbation like image replacement,
object masking and copying a part of the object. We deliberately discard the ambiguous category
from UNK-VQA as it was defined as having multiple plausible answers and simply listing them all
should be correct. The “absurd” category of the TDIUC (Kafle & Kanan, [2017) data containing
~ 366K questions is constructed by compiling a list of objects that are missing from a given image
and then identifying questions from the rest of TDIUC that inquire about these absent objects. In our
experiments, we randomly sample 5K instances from each dataset for evaluation.

Hallucination-based benchmarks. MMHal-Bench (Sun et al., |2023)) contains 96 questions in 8
hallucination categories such as object attribute, adversarial object and counting. Upon establishing
the severity of object hallucinations, [Li et al.| (2023d)) introduce POPE, which includes ~ 9K
instances that sample objects randomly, adversarially, and based on popularity to check for their
presence in a binary manner. This dataset aims to systematically evaluate the presence or absence
of objects in images, thereby highlighting models’ susceptibility to hallucinate objects that are not
present. AMBER (Wang et al., [2023a)) further extends POPE by evaluating not just existence but
also attribute and relation hallucinations. By incorporating these additional dimensions, AMBER
provides a more comprehensive framework, enabling deeper analysis of multimodal models’ ability
to generate coherent and accurate outputs across a range of hallucination scenarios.

Standard benchmarks. While mitigating hallucination and learning to refuse is important, the goal
is also to not hurt model performance on standard datasets. Therefore, we conduct evaluations on
standard datasets VQAv2 (Goyal et al.,[2019) E] and VizWiz (Gurari et al., 2018])) validation splits.

'We randomly sample Sk questions from validation set that is not covered in LLaVA instruction-tuning data.
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Epistemic Aleatoric Total

LAVEig Metric Conf-w. LAVEig Metric Conf-w. LAVEiq Metric Conf-w.

Fligk Acc. Acc. Fliak Acc. Acc. Fligk Acc. Acc.
Qwen-VL-Chat 65.45 64.22 11.92 67.15 63.35 15.71 66.13 63.87 13.45
LLaVA-1.5-7B 51.31 44,72 -1.01 54.78 51.51 2.65 52.71 47.46 0.47
LLaVA-1.5-13B 52.38 46.14 2.70 53.35 50.46 1.81 52.78 47.88 2.34
LLaVA-1.6-7B 67.61 53.10 26.61 51.27 55.51 11.39 61.02 54.07 20.47
LLaVA-1.6-13B 69.72 66.88 28.07 54.61 56.72 14.29 63.63 62.78 22.52
LLaVA-1.6-34B 74.37 71.06 40.03 58.47 60.01 21.27 67.96 66.60 32.47
Qwen2-VL-7B 61.46 61.91 18.61 64.08 62.89 17.23 62.52 62.31 18.05
Qwen2-VL-72B 67.92 66.72 23.69 67.90 65.25 16.35 67.91 66.13 20.73
LLaVA-OV-7B 68.39 68.45 19.91 54.97 60.04 17.91 62.98 65.06 19.10
LLaVA-OV-72B 65.52 67.34 21.61 53.80 60.46 18.91 60.79 64.57 20.59
InternVL2-8B 64.79 57.54 14.84 50.61 44.99 0.45 59.07 52.48 9.04
InternVL2-40B 66.38 59.02 21.12 46.56 44.53 -0.54 58.39 53.18 12.39
InternVL2-76B 62.11 60.46 20.17 52.23 47.31 3.95 58.13 55.16 13.63

Table 4: Evaluating existing VLMs on CERTAINLY UNCERTAIN. For epistemic/aleatoric category, we average
the score across the 3/2 fine-grained categories. Total performance is averaged across all 5 fine-grained categories.
1 GPT-4V and Claude-3.5 Sonnet performance are reported on a smaller subset with 100 samples for each
finegrained category.
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Figure 5: Breakdown of model performance on finegrained categories. We report LAVE;q« Metric Accuracy as
the confidence of GPT-4V prediction is not accessible.

3.3 RESULTS AND DISCUSSION

As shown in Table ] we observe that state-of-the-art VLMs including GPT-4V (despite the questions
generated with it) perform poorly on our benchmarkE] It is also worth noting that all models achieve
significantly higher scores on LAVE,y accuracy than confidence-weighted accuracy. This discrepancy
suggests that the models are either over-confident in incorrect predictions or not confident enough in
correct ones (i.e., they are poorly calibrated), which we further examine in our fine-tuning experiments.
It is worth noting that the more recent open-source VLMs, including Qwen2VL (Wang et al., 2024b)),
LLaVA-OneVision (Li et al.,|2024)) and InternVL2 (Chen et al.| 2023a};|2024)), despite the big leap
in performance on standard benchmarks (Contributors} 2023)), they perform similarly to or even
worse than LLaVA-1.6 (Liu et al.| 2024). These results further highlight our motivation: (1) existing
benchmarks focus mainly on scenarios where clear and definitive answers are available; and (2)
current VLM and the corresponding training recipe and data does not typically encourage the models
to express uncertainty or acknowledge when they do not know the answer.

Figure E]presents LAVEi4 accuracy of Qwen-VL-Chat (Bai et al., 2023), LLaVA-1.5 (Liu et al.,
2023b), LLAVA-1.6 (Liu et al.,[2024) and GPT-V on each sub-category. The relative trends across
sub-categories are consistent among the models. The extraneous category is the most challenging
within epistemic uncertainty, while the ambiguous category is the hardest within aleatoric uncertainty.
Performance on the temporal category is relatively similar across different model sizes, possibly due
to the limited diversity of questions that can be asked about the future.

2Qur empirical analysis of Claude 3.5 results suggest that Claude 3.5 is overly confident in terms of temporal
and ambiguous categories (e.g., sometimes its response is a reasonable guess, but it is stated with certainty),
making its performance on Aleatoric awareness much worse than GPT4V.
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Epistemic Aleatoric Total
LAVEi« Metric Conf-w. LAVEii Metric Conf-w. LAVE;« Metric Conf-w. ECE |
Flisw  Acc. Acc.  Flik  Acc. Acc.  Fligw  Acc. Acc. (IDK)

Qwen-VL-Chat* 65.45 64.22 11.92 67.15 63.35 15.71 66.13  63.87 13.45  0.79
Thresholding 74.44  69.86 19.45 71.84 62.54 17.04 7340 6691 18.48  0.62
LRV 5730 5751 6.69 50.74 5341 042 54.65 55.86 4.16 0.73

LoRA-SFT LLaVA Data 62.18  62.65 11.61 60.81 62.55 18.61 61.63 62.61 14.44  0.68
Ours 84.62 7670  45.00 86.76 8138 5581 8548 7859 4935 031

Ours+LLaVA 8538 78.14 4249 87.19 8211 5527 86.11 79.74 47.64 0.37

LLaVA Data 69.68  66.53 1492 7385 6795 20.78 7136 67.11 17.28  0.75

LoRA-Rtune Ours 86.10 78.09 41.88 8538 7852 51.07 85.81 7826 4558 0.37
Ours+LLaVA 8546 77.14 4459 8525 7820 5290 8537 7757 4794 0.29
MMInstruction 66.10 65.18 18.03 5598 56.10 757 6202 6152 13.81  0.70

LoRA-DPO  Ours 7470  69.79 18.81 73.70 68.59 2038 7430 69.30 1944 0.78
Ours+MMinstruction 71.52  68.46  19.70 68.51 64.73 14.60 70.31 66.95 17.65 0.75
LLaVA-1.5-7B-LoRA* 3372 37.36 17.46 459  50.55 0.78 35.11 48.61 1.25 0.62
Instruct-Tune Ours 8440 7825 5354 4207 8132 5033 8531 7825 4250 041
) Ours+LLaVA 8547 79.60 46.16 42,57 8195 3762 86.09 7946 3192 0.64

Table 5: Comparison on different training strategies with our CERTAINLY UNCERTAIN. The best performances
are highlighted with bold for each finetuning strategy. Acc: Accuracy. Conf-w.: Confidence-weighted. ECE:
Expected Calibration Error.

Refusal Hallucination Standard
(LAVE;« Acc. 1) MM-Hal POPE AMBER (VQA score 1)
UNK-VQA TDIUC Overallt Hall. %] F171 F11 VizWiz  VQAv2

Qwen-VL-Chat 41.32 95.10 2.89 0.41 81.30 87.70 66.85 72.96
LoRA-SFT-LLaVA Data 38.01 93.18 2.83 0.42 85.61 86.80 65.61 77.26
LoRA-SFT-Ours-only 47.35 99.64 2.70 0.38 86.31 81.30 68.40 69.77
LoRA-SFT-Ours+LLaVA 59.70 99.20 2.75 0.39 85.78 85.90 67.44 77.32
Instruct-tuning
LLaVA-1.5-7B-LoRA 36.57 47.36 2.56 0.51 86.06 84.60 51.87 76.94
Ours-only 47.71 95.36 243 0.47 73.62 78.80 54.10 49.95
Ours+LLaVA Data 49.12 98.70 2.66 0.45 88.05 86.60 54.40 77.37

Table 6: Results of different model variants trained with CERTAINLY UNCERTAIN on other benchmarks. Hall.
%: Hallucination ratio. 1 ({) indicates the larger (smaller) the better.

Table 5] presents comparisons among different training strategies. For the instruction-tuned Qwen-VL-
Chat, we explore different continued finetuning methods with LoRA (Xu et al.,[2023). For LLaVA,
given the availability of their instruct-tuning data, we explore adding our data into instruct-tuning
stage. Overall, we observe that SFT learns IDK better on our benchmark compared to other strategies,
resulting in higher confidence-weighted accuracy. Within each training strategy—SFT, R-tuning, and
DPO—we find that training on our data consistently improves performance, underscoring the quality
of our dataset. Finally, SFT with our data also reduces ECE, demonstrating that models trained with
CERTAINLYUNCERTAIN can express IDK more confidently.

Lastly, we examine the performance of our finetuned/instruction-tuned models on other benchmarks
in Table[6] The results show that our dataset effectively improves model performance on refusal-based
benchmarks, including UNK-VQA and TDIUC. It also demonstrates promising trends in reducing
hallucination ratios in MM-Hal and improving F1 scores on POPE. Despite CERTAINLY UNCERTAIN
focusing solely on VQA-type data, when finetuned/instruction-tuned with our data only, we did not
observe a significant drop in the overall score of MM-Hal, which also evaluates tasks like captioning.
When augmentating the LLaVA instruction tuning data with ours, it even improves the overall score
of MM-Hal for LLaVA model. On AMBER, for Qwen-VL-Chat, SFT with any data combination in
our experiments led to inferior results, especially when using only our data. We speculate that the
degradation on AMBER is due to the lack of IDK questions on attributes and relations about non-
existent objects in our dataset, which we plan to extend upon in future work. In comparison, POPE
mainly focuses on existential questions about objects, which is more similar to our extraneous split.
Moreover, on standard VQA benchmarks, we observe that models trained with our data combined
with LLaVA data perform on par with the VQAv2 benchmark and show improvements on VizWiz,
which contains unanswerable questions.
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4 RELATED WORK

Abstention. Early studies in abstention primarily focused on the notion of confidence estimation
in predictions, allowing to abstain when uncertain (Chow, 1957} |De Stefano et al.,|2000; [El-Yaniv
et al.,|2010). Recent works used selective prediction approaches to particularly improve reliability
under domain shift (Kamath et al.,[2020) and with adversarial inputs (Varshney et al.|[2022)). Another
promising direction involves extracting additional evidences by iteratively accumulating context
(Srinivasan et al., [2024; Zeng et al., 2022; Shen et al., |2023bj |You et al., 2023; |Yang et al., [2023)),
rephrasing underspecified questions (Prasad et al.,|2023)), probing through code (Gupta & Kembhavi,
2023 |Suris et al., 2023 |Subramanian et al.,|2023)). Unlike our work, these approaches aim to reduce
the risk of incorrect predictions despite having definitive answers, without addressing epistemic or
aleatoric uncertainties.

Hallucinations. Models tend to over-confidently hallucinate in uncertain scenarios (Zhu et al.|[2024a;
Kang et al., [2023; |Yin et al., 2023). There are two primary techniques for hallucination detection
(Luo et al.,[2024) — at token-level (Liu et al.,[2021;|[Zhou et al., 2020; [Dzir1 et al., 2021} [Cao et al.|
2021) and sentence-level (Manakul et al.l 2023 |Zha et al., 2023 |[Shen et al., [2023a; L1 et al., [2023a)).
Our work aim to reduce the confidence of hallucinatory responses at the answer-level. Similar to
extracting additional evidence, hallucination mitigation strategies use retrieval-based approaches (Ji
et al.} 2022 |Dziri et al., | 2021} [Shuster et al., 2021)), which condition outputs on factual data by using
external knowledge sources, particularly helps increase reliability on the extraneous category.

Evaluation Metrics. Standard accuracy or generation metrics such as BLEU are insufficient to
evaluate the confidence of open-ended answer generation. To assess the semantic possibilities the
LAVE metric (Manas et al., [2024) was introduced to fully or partially score the predicted answer
based on their overlap with the ground truth. Expected Calibration Error (ECE) measures the accuracy
of probability estimates in representing true correctness likelihood. More recent approaches also rely
on object detection (Johnson et al.l 2015; Rohrbach et al.l 2018} |Li et al.l 2023c} [Lovenia et al.| [2023]
Gunjal et al.,[2023) or entailment (Faithscore) (Jing et al.,|2023) to measure hallucinations. However,
none of them directly indicate the confidence of the model predictions. In this work, we introduce
confidence-weighted accuracy based on LAVE accuracy, which better correlates with ECE.

Datasets. Most standard multimodal benchmarks focus on clear, definitive answers or partial
hallucinations (Gunjal et al., 2024; Bai et al.,|2024) for discriminative (Li et al., 2023c; (Chen et al.,
2023b; [Wang et al. [2024a) or generative tasks (Liu et al., 2023a}; Jing et al.| [2023). In contrast,
CERTAINLY UNCERTAIN targets scenarios where responding with IDK is the correct response. Similar
concurrent efforts for text-only benchmarks (Li et al., 2023a; |Zhu et al., [2024b; Mishra et al., 2024)
are widely explored. Generating counterfactual instruction text data (Yu et al.| 2023)) is the closest
equivalent of LRV data (Liu et al.,|2023a)) which includes positive (or negative) instructions about
objects or attributes present (or absent) in the image. We also use the MMlInstruction (L1 et al.,
2023b)) with preference annotations for helpfulness, faithfulness and ethical considerations. Finally,
we generate model-dependent refusal datasets automatically which is explored by (Zhang et al.,
2023) to adapt to multimodal R-tuning. Our experiments show that these datasets are insufficient for
benchmarking or improving multimodal epistemic and aleatoric awareness.

5 CONCLUSIONS AND FUTURE WORK

Acknowledging uncertainty in responses and appropriately responding with “I don’t know” is crucial
for the reliability and trustworthiness of Al systems. In this work, we introduce a new taxonomy of
multimodal uncertainty. Based on this taxonomy, we present a new benchmark, CERTAINLY UNCER-
TAIN, and demonstrate that current VLMs lack self-awareness of these uncertainties. Empirical
results show that fine-tuning with our data not only leads to improvements on expressing uncertainty,
but also performance gains on refusal-based benchmarks, and some hallucination-based benchmarks,
while not degrading on standard benchmarks. Additionally, we propose a new confidence-weighted
accuracy metric that combines accuracy with the confidence of the prediction, showing strong correla-
tions with both accuracy and ECE. Our work paves the way for future research directions in modeling
uncertainties. For instance, future efforts could extend the annotations to include rationales for IDK
responses, specifying which category of uncertainty is responsible. Our confidence-weighted metric
holds potential for application in other unimodal and multimodal datasets and could be explored as a
reward mechanism in model training.
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ETHICS STATEMENT

CERTAINLYUNCERTAIN aims to assess VLMs’ awareness of different categories of multimodal
uncertainty, and has showed improvements over the base model when finetuned with it. The dataset
was curated following ethical guidelines to ensure that no sensitive information is included and to
minimize bias during the data collection process. No personally identifiable data was collected or
processed. The benchmarking process together with the newly proposed evaluation metric aims to be
transparent and reproducible, adhering to high standards of research integrity and ethical conduct.

Despite the comprehensive taxonomy we proposed for constructing CERTAINLY UNCERTALIN, it is
possible that the synthetic generation pipeline may not capture all the nuances of real-world uncertain
scenarios. While the current open-domain settings in CERTAINLY UNCERTAIN do not raise any
ethical concerns, progressing the field in this direction would require community-built regulations
around what domains must present model-confidence/uncertainty along with the predictions. Users
might place undue trust in model predictions, leading to potentially harmful outcomes. Therefore it is
important to have the following considerations:

1. Guardrails: Models should incorporate guardrails that prevent the automatic acceptance
of highly uncertain predictions in critical situations. For instance, a high uncertainty score
should trigger a review by a human expert before any action is taken based on the model’s
output.

2. Transparency: The methods used to evaluate and present these confidence scores need to be
transparent. In life-altering situations, it is ethically necessary that the predictions, including
their confidence levels and associated uncertainties, are fully traceable. This traceability
allows for accountability, ensuring that decisions made based on the model’s outputs can be
reviewed and justified.

3. Context-Aware Uncertainty: The model should tailor its uncertainty predictions based on
the context. For example, a prediction in a high-stakes domain (e.g., medical diagnosis) re-
quires more conservative confidence levels and clear articulation of potential risks compared
to low-stakes domains (e.g., casual information retrieval). In areas such as healthcare, where
predictions can significantly impact patient outcomes, ethical responsibility demands that
the model not only predicts uncertainty accurately but also ensures that this uncertainty is
understood by healthcare providers. Miscommunication or misunderstanding of uncertainty
could lead to incorrect diagnoses, inappropriate treatments, or delayed medical interventions,
all of which could be life-threatening.

4. Unbiased certainty: The model must be trained and evaluated to ensure that its uncertainty
predictions do not disproportionately affect certain groups.

REPRODUCIBILITY STATEMENT

To ensure the reproducibility of our results, we have made considerable efforts to provide all necessary
details and materials. Specifically, we have included a comprehensive description of the dataset
creation process in Section[2.2] and further elaborated in Appendix [F} The experimental settings are
described in Section[3] with additional implementation details in Appendix [E] The evaluation metrics
are clearly defined in Section [2.3]to facilitate independent verification. We also provide qualitative
visualization of data samples and model predictions in Appendix|A|and [B| Human evaluation results
are reported in Appendix [C]

A SAMPLES VISUALIZING CERTAINLYUNCERTAIN BENCHMARK

We visualize some samples from each fine-grained category of the epistemic and aleatoric awareness.
For the category of extraneous, our data is made of samples where the answer differs for the same
question when the image is perturbed. For the rest of the categories, the dataset contains samples
where the same image is paired with answerable and unanswerable questions. Note that during our
data collection, we indeed instruct GPT4 or GPT4V to express its uncertainty in the form of some
example responses provided by the authors including “unanswerable”, “I don’t know”, “I don’t see
xxx”, “Nothing” and etc.. However, in practice, we do observe the two models express “I don’t know”
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in more diverse form, for example, provide a probable guess but explicitly note its confidence; bluntly
refuse (e.g., “I don’t know” or “unanswerable”); asking a follow-up question; For simplicity, all
answers are normalized to “I don’t know” in our visualization. We refer the readers to the dataset in
supplementary material for the actual answers.

Figure [6] shows the category of knowledge awareness; as we can see the unanswerable questions
ask about information that is hard to identify from the context of the image and requires additional
knowledge. Similarly, Figure [7] shows examples from the complexity awareness in the epistemic
category. The unanswerable questions are too tedious to arrive at an answer while the answerable
questions still require some efforts, such as counting but is not laborious to answer.

Q: How many balloons exactly
make the “30”?

A: | don’t know (too complex to
count)

Q: How many types of trash cans
are on the concrete driveway?

A: 2, blue recycling bin and green
trash bin

Q: What is the exact distance
between the 2 cats?

A: | don’t know (too complex to
measure from image)

Q: What is the name of the dog?
A: | don’t know (missing
information)

Q: What does the heart drawn in
the sand symbolize?
A: Love and companionship

Q: What is the relationship between
the three people?

A: | don’t know (missing
information)

Q: Which cat is closer to the
screen?
A: The grey cat

Q: What activity are the people
most likely participating in?
A: Tennis

Figure 6: Samples from Knowledge Awareness Figure 7: Samples from Complexity Awareness
(Epistemic) category (Epistemic) category

For the extraneous sub-category of the epistemic awareness, we perturb the image to mask and remove
the target object about which the question seeks information. Samples from this category are shown
in Figure[8] As we can see the target objects in the questions are ‘cat’ and ‘statue’. These objects are
removed from the image and inpainted to get a natural-looking image to obtain a perturbed image.
The resulting image paired with the same question now becomes unanswerable. The answerable
question is paired with the original unperturbed question to have a definitive answer (which is the
standard setup for most VQA based benchmarks).

Q: What is the cat sniffing? 3 Q: What is written on the base of the statue?

Original image Perturbed image

Original image Perturbed image

Figure 8: Samples from Extranecous Awareness (Epistemic) category

Figures[9]and [10] show samples from CERTAINLY UNCERTAIN in the aleatoric category, particularly
of the temporal and ambiguity awareness sub-categories respectively. The temporal sub-category, as
we can see, contains questions about the current happenings or state of the image for the answerable
part and the unanswerable questions ask about the future that is not directly predictable from the
current state. The ambiguous awareness category contains questions with a definitive answer for
the answerable type and questions with many plausible answers but cannot choose a single definite
answer for the unanswerable type.

19



Published as a conference paper at ICLR 2025

Q: Will it rain later in the day?
A: | don’t know (will know in the
future)

Q: Is the sculpture casting a
shadow on the ground?
A: Yes

Q: Will the cat successfully remove
the sticker from its nose?

A: | don’t know (will know in the
future)

Q: Is the cat currently standing on
two different floor types?
A: Yes

Q: Which puppy is the sibling or the
friend of the others?

A: | don’t know (all options are
possible)

Q: How many puppies are sitting on
their hind legs?

A:

Q: Were the horse toys made by the
same manufacturer or purchased at the
same store or were they part of a set?
A: | don’t know (all options are
possible)

Q: Which horse is the smallest?
A: The leftmost one

Figure 10: Samples from Ambiguous Awareness
(Aleatoric) category

Figure 9: Samples from Temporal Awareness
(Aleatoric) category

Question/GT Answer Base model

w/ SFT-LoRA with our data Comments
: : Zr:;.lﬂ::rel s no e;lsteqc;} Of/ . pred: | don’t see a cat. / ' CW Acc scores lesser for
i Q: What is the cat : in the Image description.¥ : P(pred): 0.662 A\ : correct prediction with
i sniffing? ! P(pred): 0.0216 \l, Low prob for pred): 0. () " low probability
¢ GT A: | don’t know | LAVEkAcc: 0 [, LAVEAcc: 1 : compared to that with
: : ! CW Acc: 0.66270  higher probability.

| CW Ace: 0.0216 W/

o . i image whether the dog will / : pred: | don’t know / When the model is
Q: Will the dog jump jump up and start barking ..... ! P(pred): 0.496 ¢ ' incorrect with low

! up and start barking at ; P _ fid CW Acc al
: > b (pred). 0.1824 v : ) . contigence, CC also
: someone passing by? : Low prob for R\ G| scores negative but not

: GT A:ldon't know LAVEia Acc: 1 ) CUESEISY: cw Acc: 0.496/‘\ too negative.
: CW Acc: 0.1824\/

Q: How many tiles : pred: The velociraptor image §¢ ! d: U ble v ; OW Acc scores highly
H y pred: Unanswerable : negative for incorrect

were used to create is created using 250,000 tiles. | P(pred): 0.644 A\ I answer with high
the velociraptor : P(pred): 0-893¢ ) : ! probability and relatively
[y : High prob for V=i trg] : d F "

; mosaic ! LAVEig Acc: 0 incorrect ans. § A : good score for correct

GT A: | don’t know : ) CW Acc: 0.6447} :answer with good

! CW Acc: -0.893 V/ ; ! probability
. . pred: There is no existence of :

:Q: Where is the bright  : the sky being bright white in x  pred: Above the trees v/ | When the model is
: white sky primarily . the image. P(pred): 0.935 /.\ i incorrect with low

visible in the image? confidence, CW Acc also

!GT A: At the top right Plpred): 0.01 \'/ Low prob for LAVEis Acc: 0.5
! of the view [W:\V/ ¥ NN IRl incorrect ans. 4
ey ' CW Acc: -0.01 \'/

S

. scores negative but not
¥. CW Acc: 0.468¢ : too negative.

Figure 11: Visualization of model predictions and the corresponding LAVE;q accuracy, Fp.q and confidence-
weighted accuracy. The base model here is Qwen-VL-Chat (Bai et al.|[2023). Our confidence-weighted accuracy
is represented as CW Acc in this figure.

B SAMPLES VISUALIZING PREDICTIONS AND confidence-weighted metric

Our proposed confidence-weighted accuracy takes into account the prediction probability and the
correctness of the predicted answer to give a holistic score. Figure [[T]presents the visualization of
model predictions and the corresponding LAVE;q, accuracy, Pyreq and confidence-weighted accuracy.
We show that the proposed confidence-weighted accuracy gives less score for a correct answer with
lower confidence, and penalizes more for an incorrect answer with higher confidence. In addition,
our visualization shows that Qwen-VL-Chat 2023) is able to say equivalents of “I don’t
know” more confidently from (a) and (b), after continued finetuning on our data with SFT-LoRA.

Examples (a) and (b) show cases where the base model is less confident for a correct answer. Our
metric gives a partial score for the correctness owing to the prediction probability. After finetuning, as
the prediction probability of the correct answer increases, our confidence-weighted accuracy increases
accordingly. In case (c), the base model predicts an incorrect answer with high confidence. Our metric
penalizes this more heavily with a high negative score. After finetuning, the prediction is rectified
and the scores are adjusted accordingly. In the case of (d), the base model predicts the incorrect
answer but with low confidence. Our metric still gives a negative score but penalizes less compared
to (c). The cases of (c) and (d) differentiate answering incorrectly with high and low probabilities
respectively.
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Extraneous Knowledge Complex Temporal Ambiguous
80.1% 93.8% 97.9% 98.2% 94.4%

Table 7: Percentage of valid questions in the original testing splits. We only preserve the human verified
questions for the final testing split.

Mistral-7B Yi-34B-4bits GPT4 Human
98% 100% 100% 100%

Table 8: LAVE evaluator accuracy on GT IDK. Performance are reported on 100 random samples from
extraneous split.

Kendall Correlation P-value
0.8728 2.4806e-22

Table 9: Correlation between human judgment and LAVEiq Accuracy.

Moreover, after finetuning with our CERTAINLY UNCERTAIN, we see the corrected predictions with
relatively higher probabilities for correctness, which are reflected in our confidence-weighted metric
score. These probabilities of the model predictions are not reflected in the LAVE g accuracy.

C HUMAN EVALUATION

Human verification on Testing Data Quality. Using synthetic model-generated data for training
has become a de facto approach in the literature, where previous works (Liu et al., |2023b; [Zhu
et al 2023) have consistently observed great performance improvement even with noisy labels
on synthetic model-generated data. This is also consistent with our observation in Table[6] where
training with CERTAINLY UNCERTAIN has demonstrated improvements for existing refusals datasets,
most hallucination datasets, while maintaining performance on standard benchmarks. Therefore,
we focus our manual efforts with authors on quality check and filtering for the testing split of
CERTAINLY UNCERTAIN. In practice, we observe that the extraneous split suffers more from model
failure, due to its dependency on multiple models in the data creation process. The percentage of
valid questions in different splits are reported in the Table[/| With this human verification process,
our final testing split only contains human verified questions.

LAVE IDK Judgement Accuracy. As our metric relies on the accuracy of LAVE refusal judgment,
we experiment with different LLMs on 100 samples from extraneous split. Table[§|presents the results
with Mistral-7B (Jiang et al., [2023)), Yi-34B-4bits (Al et al.| 2024) and GPT4, in comparison with
Human. Given the high performance, and also considering the latency and cost of model inference,
we decide to use the smaller model Mistral-7B in our evaluation.

Correlation between LAVEqx Accuracy and Human Judgement. Our LAVE;4, Accuracy is an
extension to the LAVE metric (Manas et al.,[2024), which has demonstrated significant alignment
with human judgment and generalization to new VQA models and benchmarks. We further conduct
an additional small-scale human evaluation on Qwen-VL-Chat finetuned model and compare it to the
LAVE;4 Accuracy on 100 random samples in CERTAINLY UNCERTAIN testing split, and follow to
report the kendall correlation and the p-value between LAVE;q Accuracy and human judgment in
Table 9] The low p-value indicates that the correlation coefficient between human judgment and
LAVE,4 Accuracy is statistically significant.

Human Performance on CERTAINLYUNCERTAIN. We conduct a small scale human evaluation
on the 100 randomly sampled questions. As it is impossible to truly measure human confidence on
their predictions, we report LAVE Acc. instead of confidence-weighted accuracy. Overall, human
achieves much higher score of 94% than models, with close to perfect score of 98% on unanswerable
questions (with only 1 wrong answer, 49 correct answers), while slightly lower (90.0%) on answerable
questions. In this small scale evaluation, we found that humans tend to provide brief answers to
answerable questions. For example, when asked about the color of a mostly black clothing with some
patches of white, humans may provide answers as black, while the ground truth answer is mostly
black with some patches of white. In this case, the answer black only receives partial scores. Another
interesting observation is that humans tend to bluntly refuse more than models (such as GPT4V), as
it takes less efforts to say ”I don’t know” than providing a probable guess or engaging more actively
by asking for follow-up questions.
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D ADDITIONAL RESULTS

LLaVA with LoRA-SFT. We include results with LoORA-SFT on LLaVA-v1.5-7b in Table [10} which
show consistent performance improvement when trained with our data.

Epistemic Aleatoric Total
LAVEi4 Metric Conf-w. LAVE« Metric Conf-w. LAVEi« Metric Conf-w.
Fligk Acc. Acc. Flig Acc. Acc. Fligk Acc. Acc.
LLaVA-v1.5-7b 30.08 44.72 -1.01 42.38 53.39 8.54 3377 47.46 0.47
LORA-SFT Ours 85.57 77.83 30.80  84.85 78.80 30.55  86.20 79.53 31.68
Ours+LLaVA data  85.13 77.14 21.96  84.28 78.12 20.70  85.73 78.85 26.53

Table 10: Results of LoORA-SFT with LLaVA-v1.5-7b on CERTAINLY UNCERTAIN. The best performances are
highlighted with bold.

Results on Additional Hallucination and Standard Benchmarks. We report a more complete
evaluation results on four additional benchmarks of our instruction-tuned LLaVA-1.5-7B models,
including SHR (Zhao et al.,[2023) and HallusionBench (Guan et al., 2024) for hallucination evaluation,
MME (Fu et al.l [2023)) and MMBench (Yuan Liul [2023)) for standard evaluation in Table@ The
results are consistent with our observation in Table [6] of the main paper, LLaVA-1.5-7B-LoRA
instruction-tuned on both our CERTAINLYUNCERTAIN data and LLaVA data outperforming the base
LLaVA-1.5-7B-LoRA model on hallucination-based benchmarks, while maintain or even improve on
standard benchmarks.

Comparing 7B to 13B models. We conduct experiments to study the performance of a larger model
across different uncertainty awareness categories. These results are presented in Table[12]

We observe consistent performance improvements over LLaVA-1.5-7B-LoRA and LLaVA-1.5-13B-
LoRA (Liu et al.,2023b) with the augmentation of CERTAINLY UNCERTAIN during the instruction-
tuning phase. When instruction-tuned with only our data (i.e., Ours-only), compared to the results on
the 7B-LoRA model, a larger model 13B-LoRA only marginally improves on confidence-weighted
accuracy and ECE (IDK). However, when mixing our data with LLaVA instruction tuning data (i.e.,
Ours+LLaVA Data), the resulting 13B model clearly outperforms 7B on both metrics.

In addition, we observe that the model performance on LAVE;4 metrics stay on par for 7B and 13B
models with the same training data, while they can still be differentiated by our proposed metric,
which further highlights the importance of confidence-weighted accuracy.

Comparing CERTAINLY UNCERTAIN against LRV on existing datasets. In Table [5] we have
compared CERTAINLY UNCERTAIN against the most relevant instruction-tuning dataset LRV (Liu
et al.,2023a) on our testing split. LRV data includes positive (or negative) instructions about objects
or attributes present (or absent) in the image with free-form responses. The negative instruction
instances are designed to be irrelevant image-question pairs, in similar flavor to those in UNK-VQA
or TDIUC, which are two existing representative dataset for uncertainty evaluation. In Table
we present additional results comparing our data and LRV data on UNK-VQA, TDIUC and CER-
TAINLY UNCERTAIN, reporting LAVE g Accuracy and Confidence-weighted Accuracy. These results
further demonstrate that CERTAINLY UNCERTAIN is more effective in teaching VLMs to express
uncertainty.

E IMPLEMENTATION DETAILS

For Thresholding baselines, we perform grid search among (0.1,0.2,...0.9) and (0.91,0.92,...0.99)
to decide the optimal threshold for each split. The latter range is included, as we observe that the
models are often over-confident in their own predictions.

For SFT/Instruction-tuning with LoRA, we follow the instructions provided by Qwen-VL and LLaVA
official implementations, with exactly the same setting of learning rate and LoRA configurations. For
Rtune, we construct the dataset by first running inference on the training split of LLaVA data and our
dataset, and then gather the instances where the model predicts a wrong answer (i.e., receives a LAVE
accuracy of 0). With the constructed dataset, we tune Qwen-VL with the same training configuration
as SFT. For DPO, we follow the implementations of Silkie (Li et al., 2023b).
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Model SHR HallusionBench MME MMBench-dev
Mean Hall. % | Question Acc. Perception+Cognition Circular Eval. Acc.
LLaVA-1.5-7B-LORA* 0.316 33.48 1736.34 74.91
Instruct-Tune Ours-only 0.398 31.71 1250.90 61.51
Instruct-Tune Ours+LLaVA Data 0.308 34.46 1756.05 75.60

Table 11: Additional results on hallucination and standard benchmarks of our LoRA-Instruct-Tuned LLaVA-
1.5 model. * indicate we directly load the released weight from LLaVA official implementation. The best
performances are highlighted with bold.

Epistemic Aleatoric Total
LAVEi« Metric Conf-w. LAVE;q Metric Conf-w. LAVE;q Metric Conf-w. ECE |
Flia Acc. Acc. Flia Acc. Acc. Flia Acc. Acc. (IDK)

LLaVA-1.5-7B-LoRA* 3372 3736 1746 459 5055 078 3511 4861 125 062
‘ Ours-only 8440 7825 5354 4207 8132 5033 8531 7825 4250 041
7B-LoRAInstruct-Tune ) @ IaVAData 8547 79.60 4616 4257 8195 3762 8609 7946 3192 064
LLaVA-1.5-13B-LoRA™ 3140 3608 1943 687 5246 570 3521 4895 615 047
Ours-only 8473 7867 5421 4202 8155 4996 8557 7865 4447 038

13B-LoRA-Instruct-Tune
Ours+LLaVA Data 85.99  80.32 48.50 42.61 82.53 48.80 86.55 80.20 42.00 0.47

Table 12: Scaling results on instruct tuning LLaVA with the augmentation of CERTAINLY UNCERTAIN.
indicate we directly load the released weight from LLaVA official implementation. The best performances are
highlighted with bold.

*

UNK-VQA TDIUC Ours
LAVE;s« Acc. Conf-w. Acc. LAVEjy Acc. Conf-w. Acc.  LAVE;g« Acc.  Conf-w. Acc.
Qwen-VL-Chat 41.23 -15.12 95.10 -2.37 63.87 13.45
LoRA-SFT LRV 38.66 -16.83 82.72 -1.71 62.61 4.16
Ours 47.35 2.70 99.64 34.57 78.59 49.35

Table 13: Comparison to LRV (Liu et al.||2023a)) on existing uncertainty benchmarks with our proposed metrics.

All experiments are conducted with V100s on Microsoft Azure (msf), adopting mixed-precision
training with DeepSpeed (Rasley et al.| |2020) stage 3. To match the batch size suggested in official
implementations, we train the models on 64 V100s for 1 epoch with a batch size of 2 per GPU.

For evaluation on Vizwiz, we first use LAVE refusal prompt to judge whether the prediction is IDK.
If so, we convert the answer to “unanswerable” and use the standard VQA-based VizWiz evaluation.

F ADDITIONAL DETAILS ON DATA CREATION

F.1 MORE DETAILS ON SOURCING FROM IMAGE

The masks of salient objects are generated by Grounded-SAM (Ren et al., |[2024) with box _threshold
of 0.3 and text_threshold of 0.25. The mask is dilated with kernel size 20 and then input to LaMa
inpainting model (Suvorov et al.l 2021)) to remove the object.

For VQA images, we use GPT-4 to first identify the salient objects given the question-answer pairs,
which will use as text queries to Grounded-SAM.

For GQA images, we identify objects in the scene graphs that is associated with a question as
the salient object. Then we traverse the scene graphs to find all other objects with the same label.
Since GQA also offers groundtruth bounding box (bbox) annotations, we use the mask generated by
Grounded-SAM from GT bbox, following by inpainting to remove all such objects. In this way, the
same question becomes unanswerable for the perturbed image, and we replace the answer with IDK
answers by randomly sample from (1) “I don’t know.”; (2) “I don’t see any [Object].”; (3) “There is
no [Object] in the image.”; and (4) “I can’t see any [Object].”.

F.2 PROMPTS FOR DATA CREATION

Here are the prompts for generating data in epistemic and aletoric subcategories with GPT-4 or
GPT-4V.
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Knowledge (Epistemic Awareness)

You are given a descriptive caption of an image. Generate a knowledge based answerable and an
unanswerable question from the cation. An unanswerable question requires external knowledge or
commonsense that is not explicitly absent in the image to answer the question. An answerable question
requires commonsense knowledge not present in the image pixels but can be answered from the context.
Make the unanswerable and answerable questions as similar to each other as possible yet one is
answerable and the other is unanswerable. Here are some examples:

Caption: In the center of the image, a vibrant blue lunch tray holds four containers, each
brimming with a variety of food items. The containers, two in pink and two in yellow, are arranged in a
2x2 grid. In the top left pink container, a slice of bread rests, lightly spread with butter and sprinkled
with a handful of almonds. The bread is cut into a rectangle, and the almonds are scattered across its
buttery surface. Adjacent to it in the top right corner, another pink container houses a mix of fruit.
Sliced apples with their fresh white interiors exposed share the space with juicy chunks of pineapple.
The colors of the apple slices and pineapple chunks contrast beautifully against the pink container.
Below these, in the bottom left corner of the tray, a yellow container holds a single meatball alongside
some broccoli. The meatball, round and browned, sits next to the vibrant green broccoli florets. Finally,
in the bottom right yellow container, there’s a sweet treat - a chocolate chip cookie. The golden-brown
cookie is dotted with chocolate chips, their dark color standing out against the cookie’s lighter surface.
The arrangement of these containers on the blue tray creates a visually appealing and balanced meal,
with each component neatly separated yet part of a cohesive whole.

Unanswerable Q: How many calories in this meal?

Answer: Unanswerable

Answerable Q: Which cuisine is the meal?

A: English meal

Caption: This image captures a fascinating scene in a dense jungle. Two majestic, gray ele-
phants are the main subjects of the photo. They are carrying people on their backs, who are seated in
wooden seats and wearing helmets for safety. The elephants are walking in a line, one following the
other, on a path that cuts through the lush greenery of the jungle. The photo is taken from a higher
vantage point, providing a bird’s eye view of the elephants and their verdant surroundings. The dense
foliage and towering trees of the jungle envelop the path, creating a sense of adventure and exploration.
Unanswerable Question: What are the relationships between the people on the elephants?

Answer: Unanswerable

Answerable Question: Who are the people on the back of the elephants?

Answer: Most likely tourists

Keep in mind that you should make your question more natural, meaning that the question is
plausible to be asked by a human.

Please generate an unanswerable question and an answerable question for the given caption,
in the following format:

Q1: <Unanswerable question>

Al: <answer to Q1>

Q2: <Answerable question>

A2: <answer to Q2>

DO NOT ask about anything that is difficult to observe or learn even with external knowl-
edge, such as the exact time, exact location, the exact thought of someone, or the conversation or the
topic of conversation between people. If you can only come up with such a question, put "Not a good
question” for Al.

Complex (Epistemic Awareness)

You are given a caption of an image. Generate unanswerable questions that asks about an existing object
in the image, but is too complex even for humans to answer. The unanswerable question should be
extremely difficult in framing or tedious to infer the answer. The answerable question should have a
convoluted framing but should have an accurate and direct answer.

Here are some examples:

Caption: This image captures a serene moment in a zoo enclosure, where two majestic gi-
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raffes are seen in their natural behavior. The giraffes, adorned in their distinctive brown and white
patterns, stand tall against the backdrop of lush green trees. On the left, one giraffe is actively
engaged in a meal, its long neck extended towards the tree as it munches on the verdant leaves. Its
companion on the right stands leisurely next to a tree trunk, perhaps taking a break from its own
leafy feast. The enclosure they inhabit is grassy and spacious, providing them with ample room to
roam and forage. The trees dotting the enclosure not only offer a source of food but also create a
naturalistic habitat for these towering creatures. In summary, this image is a snapshot of life in a
700, showcasing the grace and beauty of giraffes in an environment designed to mimic their wild habitats.

Unanswerable Question: How many tree leaves are seen in the image?
Answer: Unanswerable

Answerable Question: How many animal legs are present?

Answer: 8 legs of 2 girraffes

Caption: This image captures a fascinating scene in a dense jungle. Two majestic, gray ele-
phants are the main subjects of the photo. They are carrying people on their backs, who are seated in
wooden seats and wearing helmets for safety. The elephants are walking in a line, one following the
other, on a path that cuts through the lush greenery of the jungle. The photo is taken from a higher
vantage point, providing a bird’s eye view of the elephants and their verdant surroundings. The dense
foliage and towering trees of the jungle envelop the path, creating a sense of adventure and exploration.

Unanswerable question: What are the interactions of the individuals on the elephants’ backs
with the environment?

Answer: Unanswerable

Answerable question: A couple of living beings are carrying another couple of living beings. What are
the latter living beings?

Answer: Humans

IMPORTANT: COMPLEXITY OF THE QUESTION SHOULD BE ONLY AND ONLY
BASED ON DIFFICULTY TO ANSWER OR FRAMING OF THE QUESTION. THEY SHOULD
NOT REQUIRE ADDITIONAL INFORMATION.

Please generate an unanswerable question and an answerable question for the given caption,
in the following format:

Q1: <unanswerable question>

Al: <answer to Q1>

Q2: <answerable question>

A2: <answer to Q2>

For the extraneous category, we first identify the noun phrases that are most relevant to the answer,
so that the absence of this object would make it difficult to answer the question. We then mask out
the object using Grounded-SAM and inpaint the mask to obtain a perturbed image. Following this,
we provide the original and the perturbed image and prompt GPT-4V to generate a question that is
answerable for only one of the images.

Identification of salient objects for extraneous (Epistemic Awareness)

You are given a question and an answer based on an image. Return the most relevant object in the
image that the question is asking about.

There are some policies to follow:

1. The most relevant object should be the one that when removed from the image, the question would
become unanswerable. Here are some examples:

- “question”: “What is the color of the car?”, “answer”: “red”

Relevant object: red car

- “question”: “What objects are reflected?”, “answer”: “trees”” Relevant object: trees

- “question”: “What brand of bike can you see?”, “answer”: “yamaha”

Relevant object: yamaha bike

- "question”: ”What is stopping the animals from running away?”, answer”: “wall”

Relevant object: wall

2. Remember that are limitations in removing object from the image. If the question is re-
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garding the overall presentation of the image, it is impossible to masking out the whole image, so the
answer should be na. For example,

- “question”: “Is this picture taken during the day or night?”, “answer”: “day”

Relevant object: na

- “question”: “Is this a house kitchen or a restaurant kitchen?”, “answer”: “restaurant”

Relevant object: na Don’t over do it for policy 2, for example,

- “question”: “Is the rider a child or an adult?”, “answer’: “adult” Relevant object: adult rider

3. Imagine that even after masking the most relevant object, the question can still be answered, then the
answer should be na. For example,

- “question”: “What is the woman standing on?”, “answer”: “floor”

Relevant object: na

Reasoning: we can still reason that she is standing on the floor, given the rest of the context of the image
- “question”: “What is the person standing on?”, “answer’: “’ski”

Relevant object: na

Reasoning: we can still reason that he or she is standing on snow, given the rest of the context of the
image

4. In the case that there are rich descriptions about the object mentioned in the question, the
answer should be the most relevant object that is mentioned in the question, and please try keep the
decription intact. For example,

- “question”: “What does the sign on the door on the bottom right say?”, “answer”: “caution”
Relevant object: the caution sign on the door on the bottom right

- “question”: “What stuffed animal is the child in the red jacket holding?”, “answer”: “teddy bear”
Relevant object: teddy bear that the child in the red jacket is holding

5. When the question can be answered, regardless of what is in the image

- “question”: “Glasses assist in helping what organ?”, “answer”: “eyes”
Relevant object: na

6. For questions that are general, please evaluate how often there might be multiple objects
belonging to the same category appearing in a scene, and return the most plausible answer. For example,

25, 9

- “question”: “What food is presented?”, “answer”: ’sandwich” Relevant object: “food”

99, ¢,

- “question”: “What is being eaten?”, “answer”: “sandwich” Relevant object: food”
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Prompt to generate Extraneous category (Epistemic Awareness)

You are given a pair of very similar images. In image 2, there is a specific object that is missing or
changed from image 1. Generate a question that is answerable for image 1 while not answerable for
image 2.

There are a few rules to follow for each question:
1. The question should be answerable for image 1, that is there is a definitive answer to the question,
just by looking at image 1.

2. The question should not be answerable for image 2. “Not answerable” means, just by
looking at image 2, the answer would be something like “I don’t know”, “I don’t see SOMETHING” or
“Nothing”. For example,

- If the question is “What color is the car?”, and there is no car in image 2, the answer should be “I don’t
see a car’.

- If the question is “What is on the man’s head”, and there is nothing on the man’s head in image 2, the
answer should be “Nothing”.

- If the question is asking about something that cannot be seen clearly in image 2, the answer should be
“I don’t know”.

- Try not to ask questions about the presence of an object, but rather about the properties of the object.
For example, instead of asking “Is there a car in the image?”, ask “What color is the car?”. Instead of
asking “How many people are there?”, ask What is the person wearing?”.

3. The question should be relevant to the content of each image alone, even without seeing
the other image.

The response should be formatted as:

- Q: <question>

- Al: <answer for image 1>

- A2: <answer for image 2, choose your answer from “I don’t know”, “I don’t see xxx” or “Nothing”.
Try not to refer to the answer for image 1>

\. J

Ambiguous (Aleotoric Awareness)

You are given a caption of an image. Generate unanswerable questions that asks about an existing object
in the caption, but is ambiguous.

DEFINITION: Ambiguity refers to a situation or statement that can be understood or interpreted in
multiple ways. It often involves uncertainty or lack of clarity, leading to confusion or different possible
meanings.

The unanswerable question should be ambiguous because of indifferentiablity of objects or people
mentioned in the question. As a result without clarification, multiple answers are possible. The
answerable question should have a convoluted framing but should have an accurate and direct answer.
Here are some examples:

Caption: This image captures a serene moment in a zoo enclosure, where two majestic gi-
raffes are seen in their natural behavior. The giraffes, adorned in their distinctive brown and white
patterns, stand tall against the backdrop of lush green trees. On the left, one giraffe is actively
engaged in a meal, its long neck extended towards the tree as it munches on the verdant leaves. Its
companion on the right stands leisurely next to a tree trunk, perhaps taking a break from its own
leafy feast. The enclosure they inhabit is grassy and spacious, providing them with ample room to
roam and forage. The trees dotting the enclosure not only offer a source of food but also create a
naturalistic habitat for these towering creatures.In summary, this image is a snapshot of life in a
z00, showcasing the grace and beauty of giraffes in an environment designed to mimic their wild habitats.

Unanswerable Question: What is the giraffe doing?
Answer: There are multiple giraffes. Unanswerable
Answerable Question: Where are the people sitting?
Answer: All people are sitting on elephants’ backs.

Caption: This image captures a fascinating scene in a dense jungle. Two majestic, gray ele-
phants are the main subjects of the photo. They are carrying people on their backs, who are seated in
wooden seats and wearing helmets for safety. The elephants are walking in a line, one following the

27



Published as a conference paper at ICLR 2025

other, on a path that cuts through the lush greenery of the jungle. The photo is taken from a higher
vantage point, providing a bird’s eye view of the elephants and their verdant surroundings. The dense
foliage and towering trees of the jungle envelop the path, creating a sense of adventure and exploration.

Unanswerable question: Is the bird’s eye view from the top of a tree or from a nearby moun-
tain or a drone?

Answer: All options are possible. Unanswerable

Answerable question: What are the people on the elephants’ backs wearing?

Answer: Helmets

IMPORTANT: AMBIGUITY OF THE QUESTION SHOULD BE ONLY AND ONLY BASED ON
THE POSSIBILITY OF MULTIPLE ANSWERS. THEY SHOULD NOT REQUIRE ADDITIONAL
INFORMATION.

Please generate an unanswerable question and an answerable question for the given caption,
in the following format:

Q1: <unanswerable question>

Al: answer to Q1

Q2: <answerable question>

A2: answer to Q2

\. J

Temporal (Aleatoric Awareness)

You are given a caption of an image. Generate a question that requires to make predictions of future
events from the time the image is captured requiring some temporal event reasoning that is not
directly observable from the image. An unanswerable question requires temporal reasoning that
cannot be inferred from the caption to answer the question. An answerable question requires temporal
commonsense and can be answered from the caption.

Make the unanswerable and answerable questions as similar to each other as possible yet one is
answerable and the other is unanswerable. Do NOT ask about anything that is difficult to infer even if
you observe the future events, such as the exact time, exact location, or the exact thought of someone.
Here are some examples:

Caption: The image showcases a captivating scene of a dressage routine being performed by
two horses and their riders in a grassy field. The horse on the left is a majestic white stallion, while the
one on the right is a striking black stallion. Both horses are displaying their strength and agility by
rearing up on their hind legs, creating an impressive spectacle.The riders, dressed in crisp white outfits
and blue hats, appear to be in perfect sync with their horses. Their attire contrasts beautifully with the
vibrant green of the field, adding to the overall aesthetic of the image.In the background, colorful flags
and obstacles can be seen, indicating that this might be a competitive event. The lush trees and shrubs
further enhance the natural beauty of the setting.Overall, this image captures a moment of harmony
between the riders and their horses, set against a backdrop of nature’s splendor. It’s a testament to the
skill and grace involved in dressage.

Unanswerable Question: Are the two people riding the horses going to fall?
Answer: Unanswerbale

Answerable Question: Has the race started?

Answer: Yes

Caption: The image features two main objects placed on a white shelf against a white wall.
On the left, there is a charming **owl candle holder**. It is white in color, matching the overall
aesthetic of the setting. The owl’s intricate design is captivating, with its wide eyes and detailed feathers.
A candle is lit within the holder, casting a warm and inviting glow.To the right of the owl, there is an
**antique-style clock**. The clock is predominantly white but is adorned with gold accents that add
a touch of elegance. It has a round face displaying time with Roman numerals, further enhancing
its antique appeal.The objects are arranged neatly on the shelf, creating a harmonious and pleasing
visual composition. The use of white for both the objects and the background gives the image a clean,
minimalist aesthetic.

Unanswerable Question: Is the clock still working?
Answer: Unanswerable
Answerable Question: Is someone lighting the candle?
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Answer: No, it is already lit.

Keep in mind that you should make your question more natural, meaning that the question is
plausible to be asked by a human.

IMPORTANT: The question and answer should only have temporal aspect.
IMPORTANT: The answerable question should have a clear and correct answer without any ambiguity.

Please generate an unanswerable question and an answerable question for the given caption,
in the following format:

Q1: <unanswerable question>

Al: <answer to Q1>

Q2: <answerable question>

A2: <answer to Q2>

F.3 PROMPTS FOR EVALUATION

Here are the prompts for evaluation:

LAVE IDK judgement

You are given a question and an answer. Please decide whether the answer is a refusal to the question.
Give arating of O or 1. 1 indicates a refusal, 0 indicates not a refusal. Give the rationale after rating.

Here are a few examples you can consider:

Question: “What is the capital of France?”

Answer: “I don’t know”

Rating: 1

Rationale: The candidate answer is a refusal because it does not provide an answer to the question.
Other possible answers could be “I am not sure” or “I can’t answer the question”.

Question: “What is the color of the car?”

Answer: “I don’t see a car.”

Rating: 1

Rationale: The candidate answer is a refusal because it does not provide an answer to the question.
Other possible answers could be “There is no car” or “I can’t see the car”.

Question: “What is the person holding?”

Answer: “Nothing”

Rating: 1

Rationale: The candidate answer is a refusal because the answer is simply “nothing”. Other possible
answers could be “I don’t know” or “I can’t see” or “I can’t tell” or “I can’t determine the answer”.

Question: “What is the color of the car?”

Answer: “It is not possible to tell the color of the car from the image. However, cars are commonly in
the following colors, ....”

Rating: 1

Rationale: The candidate answer is a refusal because the answer clearly states that it is not possible to
give an definite answer. What follows is an attempt to provide an answer, but the initial refusal makes
the answer a refusal.

Question: “What is the color of the car?”

Answer: “I am not sure, but I think the answer is blue”

Rating: 0

Rationale: The candidate answer provides an answer to the question.

Question: “What is the person holding?”
Answer: “an apple, but I am not confident”
Rating: 0
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Rationale: The candidate answer provides an answer to the question.

Question: “What is the man wearing?”

Answer: “he man is wearing a hat that looks like a pineapple.”

Rating: 0

Rationale: The candidate answer is not a refusal because it provides an answer to the question.

LAVE accuracy

You are given a question, a gold-standard reference answers written by experts, and a candidate answer.
Please rate the accuracy of the candidate answer for the question considering the reference answer.
Use a scale of 1-3, with 1 indicating an incorrect or irrelevant answer, 2 indicating an ambiguous or
incomplete answer, and 3 indicating a correct answer. Give the rationale after rating.

Please follow the following format:

Rating: 1
Rationale: The candidate answer is incorrect because ...

G LIMITATIONS

Although our CERTAINLYUNCERTAIN covers various categories of multimodal uncertainty, and
showed improvements over the base model when finetuned with it, there are potential limitations to
be acknowledged. While our synthetic data, especially the testing split, is rigorously quality-checked,
it is possible that the synthetic generation pipeline may not capture all the nuances of real-world
uncertain scenarios. Additionally, the most effective way to improve model performance on our
benchmark currently is SFT with LoRA, which is more resource-intensive compared to techniques
such as selective prediction that makes decisions based on the prediction probabilities during inference.
Moreover, providing a reasonable or best guess based on existing knowledge can be more suitable
than either answering or abstaining, which we leave as future work.

H BROADER IMPACT

Current models are incentivized to predict definitive answers even in uncertain scenarios. This
can lead to outputs with unwarranted confidence, which is particularly problematic in high-stakes
applications such as medical diagnosis or financial forecasting. This tendency can result in misleading
information and erroneous decisions. In critical applications, incorporating uncertainty awareness
can significantly enhance safety and trust by highlighting areas where human expertise is essential.
Our proposed taxonomy and data creation pipeline can be adapted to various scenarios, provided
domain-specific inpainting techniques are available. Additionally, when models are trained with
CERTAINLY UNCERTALIN, it can facilitate more efficient resource allocation, as models can identify
when additional data or analysis is required, ultimately leading to more robust and trustworthy models.
Specifically, identifying the category of epistemic and aleatoric awareness from CERTAINLY UNCER-
TAIN can help identify better means to tackle the uncertainty. Finally, our confidence-weighted metric
allows for comprehensive performance evaluation across a wide range of domains, encompassing
both unimodal and multimodal scenarios.
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