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Abstract

Assessing the reliability of Vision-Language Models
(VLMSs) is crucial in high-stakes applications. Uncertainty
Estimation (UE) methods are widely used for this purpose.
Most existing probability-based UE approaches rely on out-
put probability distributions, aggregating token probabili-
ties into a single uncertainty score using predefined func-
tions. Another line of research leverages model hidden
representations, training MLP-based models to predict un-
certainty. However, these methods often fall short in cap-
turing the complex semantic and visual relationships be-
tween tokens and struggle to identify biased probabilities
influenced by language priors. Based on these observa-
tions, we propose HARMONY (Hidden Activation Repre-
sentations and Model Output-aware uNcertaintY Estima-
tion for Vision-Language Models), a transformer-based UE
function that jointly leverages model hidden representations
and output token probabilities. Our key hypothesis is that
both model’s internal belief on the vision understanding,
and model’s output carry reliability signal, and leveraging
them both simultaneously provide a better uncertainty esti-
mate. Experimental results on two benchmark open-ended
VQA datasets (OKVQA and A-OKVQA) and three state-of-
the-art VLMs demonstrate that our method consistently out-
performs existing approaches, achieving up to 4% improve-
ment in AUROC, and 6% in PRR.

1. Introduction

Vision-Language models (VLMs) have seen tremendous
growth in recent years exhibiting promising performance
across various tasks such as visual commonsense reason-
ing, image captioning, and retrieval. However, as their us-
age is growing, their tendency to produce incorrect out-
puts poses a serious risk, especially in high-stakes settings
such as assisting the Blind or Low Vision (BLV) commu-
nity [1], and medical diagnosis [17]. In this regard, uncer-
tainty estimation (UE) methods are widely recognized for
their ability to detect reliability of the model’s generations.
However, majority of existing UE methods for VLMs for-
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mulate open-ended VQA tasks as a multiple-choice ques-
tions [8, 21]. This simplifies the complexity of the prob-
lem, and has its own advantages. For example, it simplifies
the variable-length logit vector calibration task to a fixed
multi-class logit calibration [21]. It also removes seman-
tic variation challenge of multiple generations to analyze
consistency [8]. Further, it constrains the output generation
to only one token, avoiding the complexities of inter-token
dependencies [21]. However, in real-world settings, hav-
ing multiple answers known in advance is not always possi-
ble. Further, the default mode of these generative models is
auto-regressive, which produces variable-length sequences
exhibiting complex dependencies between the generated to-
kens and the textual and visual context.

In free-form generation, the model generates multiple to-
kens, involving aggregation of sequence token probabilities
into a single UE function using a predefined scoring func-
tion. Various predefined functions from LLM literature ad-
dress various aspects of the aggregation of token probabil-
ities [9, 13]. However, finding the aggregation formulation
via heuristics in itself can be a challenging problem due to
inter-token dependencies involved. In the case of VLMs,
the inclusion of visual context adds another layer of com-
plexity. For instance, consider an image of a man looking
down and the question, "Where is the man looking?”” The
model might generate the answer, ”The man is looking up.”
In this sentence, the token “up” carries significant semantic
weight and should be assigned higher importance. More-
over, the uncertainty of the “up” token is influenced by the
model’s understanding of the visual context. There exists
a related work that looks at model’s internal representation
for evidence [21]. However, they solely rely on the model
internal representations, and overlook the sequential inter-
token dependencies at the output.

Based on these insights, we present HARMONY (Hid-
den Activation Representations and Model Output-Aware
Uncertainty Estimation for Vision-Language Models), a
transformer architecture-based uncertainty estimation (UE)
function that integrates both the hidden representations of
the model and the output token probabilities. Our key hy-



pothesis is that the model’s internal understanding of vi-
sual content and its generated outputs both provide cru-
cial reliability signals. By combining these two sources
of information, we achieve a better uncertainty estimate.
Specifically, we utilize the hidden activation representa-
tions, which capture the model’s visual comprehension of
the image, alongwith question, generated answer seman-
tics, and output probabilities assigned to each token. To
train the function, we employ VisualBERT [11], a small-
scale transformer with 113M parameters, which offers a rel-
atively simple cost compared to training the original larger
VLM models with billion parameters. Our experimental re-
sults on two datasets, and three frontier VLM models show
that our method consistently outperforms existing black-
box and supervised trainable works achieving up to 4% im-
provement in AUROC and 6% improvement in PRR scores.
We further evaluate our method on a selective prediction
task. Our proposed method consistently achieves better per-
formance than the other trainable UE methods, with an im-
provement of up to 2.5% in the effective reliability metric.

2. Related Works

The existing UE methods can be broadly categorized into
the following four types. 1. Self-Checking methods rely on
the model’s ability to evaluate its own correctness via self-
evaluation [19, 20]. However, studies have shown that self-
evaluated confidence is insufficient to be a good estimate
of uncertainty [7]. 2. Output Consistency methods esti-
mate uncertainty by examining the consistency of generated
outputs across rephrasings [5, 8, 18] or model confidence
over sub-questions [19]. However, rephrasing [8] methods
are expensive due to multiple forward passes required by
large VLMs, while sub-question-based approaches [19] add
further costs with evidence collection and relevance verifi-
cation. Additionally, sub-question methods assume VLMs
are well-calibrated, which is not always the case. 3. Inter-
nal state examination methods exploit the hidden activation
representations of the model to predict the correctness of
the response [3, 3]. While effective, these works require
calibration datasets to train the function. Further, they train
simple architectures such as MLP-based scoring functions
neglecting inter-token dependencies. 4. Token Probabil-
ity methods use output token probabilities assigned by the
model to predict the uncertainty [9, 13]. Some approaches
leverage output probabilities with calibration datasets for
supervised UE [22]. In most cases, VLM-based UE meth-
ods frame open-ended VQA task as multiple-choice prob-
lem [8, 21]. Therefore, token probability methods remain
relatively unexplored for generative VLMs. Our proposed
method targets free-form generation, and integrates both
internal state examination and token probability methods,
combining their strengths to achieve a more robust UE
framework for Vision-Language Models.
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3. Problem Formulation

Uncertainty Estimation Given a question ¢, and an Im-
age Z, a VLM model parameterized by 6 generates an out-
put response sequence S {s1, 82, .., Sk}, where k de-
notes the length of the sequence. The UE methods quan-
tify the uncertainty for the model’s predicted sequence s
given the input context. A naive way of estimating un-
certainty is to calculate the Erobability of a generated se-
quence P(s|q,Z,0) = [[,_; P(s1,]|5<1,9,Z,6), where

S<1 = {s1, 82, .., 81—1 }. However, this formulation penal-
izes long sequences. Length normalized confidence (LNC)
[13] fixes this issue by proposing the metric, P(s|q, Z, ) =
Hlel P(si|s<1,q,Z,0)"/F. LNC metric essentially nor-
malizes the log probabilities by the length of the sequence.
In this work, we mainly focus on designing a scoring func-
tion f(.) that rely on the signals from the models to form a
UE estimate.

Selective Prediction A practical use case of UE methods is
selective prediction task, where based on the UE function
f(), a decision function ¢(.) is used to determine whether
system chooses to answer the question or abstains [4]. For
the generated sequence s by a VLM, selective system will
output the generated sequence s if g(s) = 1, otherwise ab-
stain (), where g(s) = I{f(s) > ~} given a threshold ~,
I being an indicator function. Threshold ~ that provides
best differentiation between the correct and incorrect gen-
erations is selected from the calibration dataset. f(.) can be
any UE function, for example, LNC.

4. HARMONY

A well-calibrated model should maintain a consistent rela-
tionship between its predicted probabilities and the accu-
racy of its predictions. However, in open-ended genera-
tions, uncertainty estimation (UE) is inherently difficult due
to factors such as length bias (variable-length output gen-
eration) [13] and semantic bias (where certain tokens hold
more significance than others) [2], which are often implicit
but significantly influence UE. Additionally, visual ground-
ing presents another challenge, as Vision-Language Mod-
els (VLMs) are prone to linguistic biases, often producing
overconfident responses driven more by textual cues than
visual context [10, 24]. In such cases, analyzing shifts in
the output distribution alone may not be enough. We need
a signal of visual understanding from the model. There-
fore, we hypothesize that combining hidden state represen-
tations from the model with token-level uncertainty offers
a more comprehensive measure of reliability. While in-
ternal activations capture latent uncertainty, reflecting the
model’s understanding of the visual context and its align-
ment of visual and textual information, output probabilities
track confidence shifts during generation, offering deeper
insights into the model’s uncertainty and trustworthiness.
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Figure 1. An illustration of calibration data collection phase (left), probability token embedding design (middle) and the scoring function
architecture (right). Left subfigure represents the question tokens, generated sequence tokens and probabilities), and hidden representations
at a specific layer. The next subfigure shows the orthogonal embedding vectors design of different probability quantiles. Right subfigure
demonstrates how varied inputs are used to train a transformer like architecture, VisualBERT in our case to predict reliability score. It is
worth-mentioning that the whole transformer architecture is fine-tuned on this task.

Scoring Function Let f be the scoring function that takes
four inputs: the question q = (¢1,¢2,..,qx), the gen-
erated response s (s1,82,..,5L), the token probabil-
ites p = (p1,p2,.,pr), and the model’s hidden-states
H = (hy,hy, .. hg,...hg, 1) corresponding to q and s.
Here, p; denotes the probability of generated sequence to-
ken i, and each hidden state h; € RN vector, where N rep-
resents the number of hidden units at a specific layer. It is
worth-noting that the first K vectors in H correspond to the
question tokens, while the remaining L represent the gener-
ated tokens. We use the hidden states of the tokens right af-
ter the visual tokens, as they inherently encode cross-modal
interactions, capturing information transferred from visual
tokens to text tokens. Note that our inputs consist of varied
nature i.e, texts, probabilities which are real numbers, and
hidden states which are high dimensional vectors requiring
a structured approach to model their inter-dependencies.

Input Mapping Given that H, q, s and p are sequential, we
leverage the pretrained VisualBERT architecture, an exten-
sion of the encoder-based BERT model. Our choice is based
on its ability to take text as well as high-dimensional visual
features as inputs. Overall, it maintains two sets of embed-
dings E' and F' corresponding to text and visual features
respectively. For text data, it tokenizes the input and maps
each token to a set of embeddings, e € F. Likewise, for vi-
sion context, model takes visual features corresponding to
different regions of the images as an input, and assigns it an
embedding f € F.

VisualBERT is naturally well-suited for textual input.
For hidden states, we project model’s hidden states to the
space of model’s visual embeddings via linear projection,
and use them as an input. To encode probability informa-
tion, we leverage a third set of embedding which is inspired
by work [22]. The key idea is that the probability range
[0,1] can be split into a fixed k partitions. For the given
dimension d of input embedding, if p; falls in the range of
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r-th partition, the vector positions between (r — 1) x kd and
r X kd are set to one while all other positions are set to zero.
This allows representation of distinct probability ranges via
orthogonal embedding vectors. At the input, we have ques-
tion, followed by generated tokens and their corresponding
probabilities, further followed by hidden representations of
the question and the generated tokens. We augment the Vi-
sualBERT model at the output via linear layer that gives a
single logit output. We employ binary cross-entropy loss,
and use binary ground-truth label (of accuracy) as a target.

5. Results

Datasets We perform evaluation on two open-ended VQA
datasets, A-OKVQA [16] and OKVQA [15]. Both datasets
require reasoning over external knowledge and common
sense alongside visual information. A-OKVQA comprises
17.1K train and 1.1K validation samples. We use the train
split as a calibration dataset. Since OKVQA consists of
only 9K questions in train split which makes a smaller cal-
ibration dataset. Therefore, we also include two beams
alongwith one greedy search generation for every question,
increasing the calibration data size to 36K. To evaluate our
method, we use the validation splits provided with the orig-
inal datasets as test sets. For training our scoring function,
we further divide the calibration dataset between 80% train
and 20% validation data partition for both datasets.

Models We evaluate our method on three open-sourced
VLMs: LLaVA-7b, LLaVA-13b [12] and InstructBLIP [6].
We use a prompt of <image>question, please provide a
single word or short sentence answer. ASSISTANT:.

Performance Evaluation Since the task is open-ended
text generation, following previous work [19], we use
LAVEgpr35 [14] as an evaluator. LAVE uses a large lan-
guage model to estimate the semantic similarity of each pre-
dicted answer to the 10 crowdsourced answers in the bench-
mark. We regard score greater than O (one or more matches)
as correct and 0 (no-match) as incorrect. Following previ-



ous UE works on auto-regressive models [2, 9, 13, 22], we
use AUROC (Area Under the Receiver Operating Charac-
teristic) and prediction rejection ratio (PRR) as our evalu-
ation metric. The score range for AUROC is 0.5 (random)
to 1 (perfect), whereas the PRR ranges from 0 (random)
to 1 (perfect). For selective prediction, we report Effective
reliability, Coverage at 10% risk, and area under the risk-
coverage curve (AURAC) [21].

Table 1. AUROC and PRR scores on A-OKVQA and OKVQA dataset

LLaVA - 7b LLaVA - 13b Instruct-BLIP
UE Method AUROC(%) PRR(%) AUROC(%) PRR(%) AUROC(%) PRR(%)
Length-Normalized Confidence 74.55 61.45 77.50 67.04 74.13 56.60
First Token Confidence 69.39 33.16 72.96 41.35 75.09 58.47
Self-Eval Confidence 71.53 54.48 63.04 54.43 76.12 62.75
Entropy 61.38 35.65 67.57 49.23 54.15 30.15
< Semantic Entropy 78.39 68.48 80.83 69.89 73.72 52.20
g Cluster Entropy 69.87 52.27 68.90 50.89 71.00 SL11
% MSF 78.66 67.01 77.64 67.07 79.93 67.31
< LARS 79.90 68.95 81.46 73.70 80.07 68.31
HARMONY [Ours] 83.99 75.05 83.72 71.09 81.73 72.03
(+4.09) (+6.10) (+2.26) (+3.36) (+1.66) (+3.72)
Length-Normalized Confidence 74.44 60.64 75.40 63.31 73.45 58.90
First Token Confidence 69.85 45.55 71.14 49.13 73.32 58.70
Self-Eval Confidence 67.3 54.13 70.55 51.16 76.45 61.33
Entropy 58.22 3143 64.76 46.63 58.08 36.23
<« Semantic Entropy 71.45 49.15 71.89 50.38 69.93 47.18
g’ Cluster Entropy 64.18 35.18 63.29 34.81 65.85 38.32
é MSF 74.01 61.23 75.24 62.13 74.21 53.93
LARS 78.29 66.45 76.82 63.17 79.51 66.57

HARMONY [Ours] 80.91

(+2.46)

71.49
(+5.04)

79.57
(+2.57)

69.25
(+6.08)

80.81
(+1.30)

69.08
(+2.51)

Baselines We compare our method to various black-box ap-
proaches such as LNC [13], first token confidence [23], self-
eval [19], Entropy, Semantic Entropy, and Cluster Entropy
[5]. We also consider supervised training functions, MSF
(multimodal-selection function) [21] that trains an MLP on
hidden representations of the base model, and LARS [22]
that trains a transformer on the output probabilities.
Training Strategy For every trainable scoring method, we
perform hyper-parameter tuning of learning rate over { 5e-
4, 5e-5, 5e-6}. We use AUROC as our best model check-
point selection critera for all the methods. Further, for all
the trainable methods, we use 20 epochs, and early stop-
ping; i.e, if validation auroc does not improve for 1K train-
ing steps, we stop the training. For MSF, we follow the offi-
cial implementation, and keep other parameters such as op-
timizer (AdamW), learning rate scheduler (Warmup Cosine
Scheduler), batch size the same. We use the same optimizer
and learning rate scheduler for our method and LARS. Fur-
ther, we use batch size of 32 for LARS and HARMONY.
UE Performance: Table | presents the results of com-
parison of our method with state-of-the-art UE baselines.
Among black-box approaches, we find semantic entropy to
outperform all other baselines on LLaVA models. How-
ever, self-eval performs better than semantic entropy for the
InstructBLIP model. Among trainable functions, MSF im-
proves upon the LNC consistently across all datasets, and
all models. However, LARS outperforms MSF consistently
highlighting the significance of computing inter-token de-
pendencies. Further, our proposed method HARMONY
consistently outperforms LARS and MSF achieving upto
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4% increase in AUROC scores and 6% increase in the PRR
scores. Note that we ablate over every fourth layer for both
MSF, and our method. We report the best performing layer
results in Table 1. We observe that for LLaVa-7b and 13b
models, inner layers (layer 16 and layer 22) yield the best
AUROC performance. Further, for InstructBLIP, we find
the outer-most layer performs the best.

Selective Prediction Performance: We compare our
method to other trainable baselines on the selective pre-
diction task for two datasets in Table 2. 1) Our proposed
method consistently achieves higher coverage at 10% risk.
2) We evaluate our method on the effective reliability met-
ric, which represents a better tradeoff between coverage
and risk due to a penalty on the incorrectly covered ques-
tion. For the comparison, we select a threshold based on
the validation split of calibration set. We observe that our
method either performs similar or outperforms other meth-
ods achieving up to 2.5% higher score. As an example, we
present some sample questions from the A-OKVQA dataset
and LLaVa-7b model generations in Figure 2. It shows that
training on either output distributions or hidden represen-
tations alone can lead to contradictory or consistent but in-
correct decisions, leveraging both simultaneously results in
more reliable decision functions.

Table 2. AURAC, Coverage at risks (10%) and Effective Reliabil-
ity (ER) (cost=1) scores on A-OKVQA and OKVQA dataset

UE Method ER(%)(1) C@R=10%(1) ‘ ER(%)(1) C@R=10%(T) ‘ ER(%)(1) C@R=10%(T)

g MSF 49.17 43.75 53.19 50.56 38.15 32.66
> LARS 49.78 50.65 53.71 61.83 37.73 31.27
é HARMONY [Ours] 5231 60.61 55.90 64.80 38.25 36.77
<

g MSF 49.21 40.21 47.21 50.21 27.88 06.01
> LARS 50.13 54.45 45.94 5297 32.79 23.94
é HARMONY [Ours] 51.20 56.52 52.20 60.03 32.80 29.47
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Figure 2. Some examples of selective prediction decision func-
tion’s estimates on the A-OKVQA dataset with LLaVa-7b model,
where LARS and MSF make either contradictory or same but
wrong decisions, however, our approach makes the right predic-
tion for each of these examples.

6. Conclusion

We introduce a novel uncertainty estimation method HAR-
MONY for Vision-Language Models that combines hidden
activation representations with output token probabilities.
By jointly leveraging model internal states and output be-
liefs in a sequential fashion, our proposed framework pro-
vides a more holistic reliability assessment, complementing
probability-based and representation-based approaches.
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