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Abstract

Multimodal Large Language Models (MLLMs) have shown
remarkable cognitive capabilities in various cross-modal
tasks. However, existing MLLMs struggle with tasks that re-
quire physical digital cognition, such as accurately reading
an electric meter or pressure gauge. This limitation signifi-
cantly reduces their effectiveness in practical applications like
industrial monitoring and home energy management, where
digital sensors are not feasible. For humans, physical digits
are artificially defined quantities presented on specific carri-
ers, which require training to recognize. As existing MLLMs
are only pre-trained in the manner of object recognition, they
fail to comprehend the relationship between digital carriers
and their reading. To this end, referring to human behavior,
we propose a novel DigitalLLaVA method to explicitly in-
ject digital cognitive abilities into MLLMs in a two-step man-
ner. In the first step, to improve the MLLM’s understanding
of physical digit carriers, we propose a digit carrier map-
ping method. This step utilizes object-level text-image pairs
to enhance the model’s comprehension of objects containing
physical digits. For the second step, unlike previous methods
that rely on sequential digital prediction or digit regression,
we propose a 32 bit floating point simulation approach that
treats digit prediction as a whole. Using digit-level text-image
pairs, we train three float heads to predict 32-bit floating-
point numbers using 0/1 binary classification. This step sig-
nificantly reduces the search space, making the prediction
process more robust and straightforward. Being simple but
effective, our method can identify very precise metrics (i.e.,
accurate to £0.001) and provide floating-point results, show-
ing its applicability in digital carrier domains.

Introduction

The emergence of Multimodal Large Language Models
(MLLMs) (OpenAl 2023; Team et al. 2023; Liu et al. 2023a;
Li et al. 2023b; Liu et al. 2024a) has shown significant
promise in handling complex tasks, such as image caption-
ing and visual question answering. Despite these advance-
ments, MLLMs face substantial challenges in specialized
domains. Physical digital cognition, a critical aspect of Arti-
ficial Intelligence for Science (Al4Science), addresses some
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of these challenges. It finds broad applications in fields such
as medical diagnostics, smart manufacturing, industrial au-
tomation, smart homes, the Internet of Things (IoT), aug-
mented reality (AR) and virtual reality (VR).

For humans, the physical digit is an artificially defined
quantity presented on a specific carrier that requires postna-
tal training to learn to recognize it. It is a fundamental com-
ponent of human intelligence that allows humans to interact
with and make sense of the world around us. In contrast,
existing MLLMs struggle due to their inability to grasp nu-
merical concepts and relationships. As shown in Fig. 1, the
answers from GPT4V, Gemini Pro, and LLaVA are all in-
correct. In the vernier-caliper case, Gemini Pro fails to pro-
vide an answer, while both GPT-4V and LLaVA show sig-
nificant deviations. This is mainly because these models are
pre-trained for object recognition but lack cognitive learning
for physical digits. As a result, MLLMs lack understanding
of physical quantities and misinterpret the physical informa-
tion presented in images. In the thermometer case, the results
from GPT-4V, Gemini Pro, and LLaVA all approximate 36
degrees, but diverge from the ground truth of 36.6 degrees.
This discrepancy arises because they encode each digit indi-
vidually, making it difficult to predict the correct sequence of
numbers consistently. Although some studies on LLM have
explored methods for encoding digits (Charton 2021; Anil
etal. 2022; Grosse et al. 2023; Zhu et al. 2024), they have not
performed well in terms of precision, efficiency, and scope.

To bridge this gap, we introduce an innovative method,
DigitalLLaVA, to explicitly inject digital cognitive abilities
into MLLMs in a two-step manner. In the first step, hu-
mans typically confirm the carrier before recognizing dig-
its, as different carriers have various physical rules. How-
ever, MLLMs are pre-trained with a small proportion of car-
rier data. Therefore, we propose a digit carrier mapping
step, where we finetune the MLLM’s image encoder with
object-level text-image pairs to enhance its recognition abil-
ity of physical carriers. In the second step, as predicting
continuous numbers accurately is challenging for MLLMs
due to the large search space, we propose a 32-bit floating-
point simulation step. This step approximates continuous
numbers using discrete 32-bit floating-point representations.
Specifically, we use digit-level text-image pairs to train three



Question: What is the reading from the thermometer?

Question: What is the reading from the speedometer?

i

g

Question: What is the reading from the vernier caliper?

GPT4YV: The reading from the thermometer is
36.5 degrees Celsius.

Gemini: The time is 36 degrees.

LLaVA: The thermometer reading is just

GPT4V: The reading is 100 km/h.

Gemini: The reading on the speedometer in
the image is 0 kilometers per hour (km/h).

LLaVA: The speedometer in the image shows

GPT4V: The reading is 1.5cm.

Gemini: I can't determine the reading from the
vernier caliper in the image.

LLaVA: The total reading on the vernier

above 36.8 degrees. a speed of 108 km/h. caliper is 1.60 cm.
[ Ours: The reading is 36.6 degrees. ] [ Ours: The reading is 218 km/h. ] [ Ours: The reading is 0.362cm. ]
[ GT: The thermometer reads 36.6 °C. ] [ GT: The reading is 218 km/h. ] [ GT: The reading is 0.362cm. ]

Figure 1: The answers from three MLLMs: GPT-4v, Gemini Pro, and LLaVA were evaluated against our method. Across
three distinct physical quantities, these MLLMs failed to provide correct answers. In contrast, our approach yielded accurate

responses for all evaluated physical entities.

float heads to predict a 1-bit signal, an 8-bit exponent, and a
23-bit fraction, which are then combined to obtain the pre-
cise digit. By employing float32, we only need to predict 32-
bit 0/1 binary classification, significantly reducing the search
space. During sentence inference, traditional numeric tokens
are replaced with a specialized float token. If the MLLM
head outputs a float token, it triggers the float head to pre-
dict the digital values. Our method substantially enhances
the model’s capability to recognize physical digits with high
precision, i.e., accurate to 0.001, marking a significant ad-
vancement in precisely understanding the world.
Our contributions are threefold:

* First, we identify and analyze the limitations of current
MLLMs in physical digital cognition.

* Second, we propose DigitalLLaVA, which incorporates a
digit carrier mapping step and a 32-bit floating-point sim-
ulation step, explicitly designed to inject digital cognitive
abilities into MLLMs.

* Third, we demonstrate through extensive experiments
that our approach significantly enhances the ability of
MLLM:s to recognize physical digits with high precision,
specifically accurate to 0.001. This highlights its poten-
tial for applicability across various domains.

Related Works

Multimodal LLMs. Recently, due to the rapid develop-
ment of LLM (Devlin et al. 2018; Brown et al. 2020; Wei
et al. 2022; Touvron et al. 2023; OpenAl 2023), multimodal
large language models have also got a lot of attention (Hao
et al. 2022; Alayrac et al. 2022; Li et al. 2023a; Huang
et al. 2024; Lin et al. 2023). MLLMs are transformed into
a format compatible with LLMs through the use of CLIP
vision encoder (Radford et al. 2021; Sun et al. 2023). For
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instance, LLaVA-v1.5 (Liu et al. 2024b) is developed by
building upon the model Vicuna v1.5 (Chiang et al. 2023).
There are several strategies to improve the performance of
MLLMs. A common method during pre-training involves
maintaining the pre-trained components, such as visual en-
coders and LLMs, in a fixed state while training a learnable
interface (Chen et al. 2023; Pi et al. 2023; Li et al. 2024). Ad-
ditionally, some approaches adopt parameter-efficient fine-
tuning by integrating lightweight trainable adapters into the
models (Gao et al. 2023; Luo et al. 2024). Furthermore,
some works (Li et al. 2022; Driess et al. 2023) utilize learn-
able queries to extract visual information and harnesses
LLMs to generate language informed by the visual features.
In contrast to prior works, our approach originates from the
issues inherent in MLLMs. We specifically address the prob-
lems that MLLMs face in the physical world and improve
the LLaVA-v1.5 model from two perspectives: the mapping
of digital carriers and the application of float32.

Digital Information In Multimodal LLMs. Recent stud-
ies have identified prevalent issues with digital inaccuracies
within LLMs (Jiang et al. 2020; Charton 2021; Zhu et al.
2024; Anil et al. 2022; Grosse et al. 2023). Similarly, in
MLLMs, the problem of imprecise digital recognition fre-
quently arises (Lu et al. 2023; Driess et al. 2023; Zhang et al.
2024). For instance, direct number recognition is often inac-
curate, a challenge that can be partially mitigated by OCR
technologies (Ye et al. 2023; Liu et al. 2024c,a; Hu et al.
2024). Our work takes a step further by introducing the issue
of physical quantification. This is not merely about reading
numbers directly, but rather it involves interpreting physical
information within images and translating meaningful real-
world results into digital values. This demands not only the
model’s precise generation of digits but also a understanding
of the real physical world.



Methodology

In this section, we present DigitalLLaVA, an advanced
model for the comprehensive and precise processing of
physical digital cognition. For a given multimodal input se-
quence s = (I, Is, ..., Iy, t1, t2, ..., t,, ), with image tokens
(I1,I,...,I,,) and word tokens (t1,ts, ..., t,), the MLLM
models the conditional probability of the word sequence
given the image context as P(s) = [[i, P(ti|t<i, I<m).
The next word token’s probability, conditioned on both the
image features and the preceding text, is computed using
P(ti|t<i,I<m) = softmax(W, - h;_1) where h;_; repre-
sents the combined contextual information from both modal-
ities up to the previous token, and W, is the model’s word
embedding matrix. This approach allows MLLMs to gener-
ate text that is coherent and contextually aligned with the
provided image content.

For our method, during the inference stage, the input is
an image and a corresponding question, and the output is
the answer. For questions related to the physical world, after
generating the hidden states, the model sends this feature to
two different heads. The LLM head is the inherent head of
LLaVA, which in our model is responsible for generating
tokens for the non-digital part and routing the digital part to
simulate float32. Specifically, as illustrated in Fig 2, for the
answer “the reading is 0.362 cm,” the LLM head generates
s’ = (“the”, “reading”, “is”, “[Float]”, “cm”). The [Float]
token is then received by all three float heads, which uses
hidden states to generate the corresponding float32 value,
converting it to the final number: 0.362.

Digital Carrier Mapping

MLLMs often struggle to comprehend physical digits and
accurately interpret physical information in images. This de-
ficiency is primarily due to their limited exposure to images
of digital carriers and the scarcity of descriptive data about
physical quantities within those images.

To address this issue, we propose a digital carrier mapping
mechanism that merges visual and word embeddings into a
shared vector space. This mapping leverages the model’s lin-
guistic proficiency to interpret visual data, enabling a more
natural and comprehensive understanding of digital carriers.
The alignment process involves the following steps:

Let E, € R™*V represent the visual embedding ma-
trix and E,, € R%*W denote the word embedding ma-
trix, where d,, and d,, are the dimensions of the visual and
word embeddings, respectively. V' and W are the sizes of
the visual and word vocabularies. Instead of a direct matrix
transformation, the alignment between visual and word em-
beddings is achieved through a contrastive learning process.
Specifically, images are paired with their corresponding tex-
tual descriptions, which are then encoded into text embed-
dings using the CLIP text encoder. The CLIP image encoder
is fine-tuned with a contrastive loss function to align the im-
age embeddings with these text embeddings. The contrastive
loss function is essential for the embedding alignment pro-
cess. Let E,, and E,,; denote the i-th visual embedding and
the j-th word embedding, respectively. The contrastive loss
function can be defined as follows:
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where sim; ; denote the cosine similarity between the i-
th visual embedding and the j-th word embedding. These
similarity values are converted into a probability distribution
using the softmax function, which computes the loss func-
tion across both image and text dimensions. This embed-
dings mapping process ensures that the visual and word rep-
resentations are coherently aligned, thereby enhancing the
model’s digital cognition capability.

32-bit Float-point Simulation

Float32 Operation Conventional MLLMs rely on a se-
quential digital prediction approach, which can lead to errors
in predicting a single digit and consequently make the entire
number incorrect. While some methods transform numbers
into specific tokens, direct regression for predicting numbers
results in a very large search space. This issue is particularly
problematic in tasks involving physical digits, where precise
cognition and accuracy is crucial.

To address this, we enhance digital cognitive ability by
simulating Float32, also known as single-precision floating-
point format, which uses 32 bits (4 bytes) of memory. This
format includes one sign bit, an 8-bit exponent, and a 23-bit
fraction. By using this approach, we only need to predict a
32-bit binary classification, significantly reducing the search
space. Float32 has a representational range of approximately
—1.18 x 10738 to0 3.4 x 108, with a precision of about 7
decimal digits. Moreover, for physical measurement tasks,
we chose not to use float16 or bfloatl6 due to their limita-
tions. Float16 has a limited range (maximum 65504), while
bfloat16 offers lower precision (2 decimal digits). By opting
for Float32, we ensure a balance between range and preci-
sion, making it more suitable for digital cognition.

The calculation of a float32 number follows the equa-
tion (IEEE-Std 2019):

223
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For instance, in Fig.2 on the right, the number 0.362 can
be split into three parts: the signal, which is O indicating a
positive sign, the exponent, which is 125 corresponding to
22, and the fraction part, which consists of 23 bits of binary
representing 0.477 in decimal.

To simulate the operation of float32, Our model incorpo-
rates three specialized float heads, each designed to simu-
late distinct components of floating-point numbers, enhanc-
ing the granularity of digital representation. The signal head,
which operates as a binary classifier, is pivotal in determin-
ing the sign of a floating-point number. It is implemented
through a two-layer multilayer perceptron (MLP), chosen
for its simplicity and effectiveness in predicting the single
binary outcome. The exponent head and fraction head, on



This is a ( [ Answer: The reading is 0.362 cm. ]
speedometer. Question: What is the reading i
from the vernier caliper? calculate
This is a Y [ Float32: (1 + 0.447)x27%2 = 0.362 ]
thermometer. T -
combine
: ( ® 272 0477 )
This is a Signal Head L[ T [T ] Ibit
vernier caliper. Hidden Signal pred signal
states
! % Exponent Head [T T 1] 8bits
Text Image — Exponent pred exponent
encoder encoder LLM Head
Fraction Head LT T T[] '
Fraction pred fraction 23bits
. .. | Float
Contrastive loss The reading is k 32-bit Float-point Simulation )

Digital Carrier Mapping

Framework

Figure 2: Overview of our DigitalLLaVA. We employ a two-stage coarse-to-fine framework. Initially, in the first stage, we fine-
tune the image encoder through contrastive learning, enabling the MLLM to better understand digital carriers. In the second
stage, we utilize a 32-bit floating-point simulation to precisely generate digits, i.e., accurate to 0.001.

the other hand, leverage the power of self-attention mech-
anisms to simulate the exponent and fraction components,
capturing the scale of digits with an approach that considers
the contextual relationships within the component.

Loss Function As the signal part only requires predicting
a single value, different loss functions are employed: cross-
entropy loss (CE loss) for the signal part and mean squared
error loss (MSE loss) for the exponent and fraction heads.
Hence, the float loss for the float simulation is given by:

N ~

=2 2i=1 CE (Y, 0i)
N ~

% Zi:l MSE(yEIp,iv yemp,i)
N ~

% Ei:l MSE(yfTac,i7 yfrac,i)

£float = (4)

where C'E(y,4) denotes the cross-entropy loss function.
M SE(Yeap, Jexp) represents the mean squared error for the
exponent part and fraction part. The total loss is:

N
Liotar = Z —log P(tilt<i, I<m) Lo 27y + Loproat L =(r)

i=1

)
The total loss L;yt4; is composed of two components. First,
for each token prediction position ¢, we calculate the neg-
ative log-likelihood of the model’s prediction ¢} given the
input sequence t ;, I<,,. This term is multiplied by an indi-
cator function Lyr21p) to ensure that only standard tokens
contribute to the standard cross-entropy loss. Second, we
add the float loss £ f;04¢, Which represents the additional loss
specifically for float tokens. This float loss term is multiplied
by an indicator function 1) to ensure that only float to-
kens contribute to this extra loss. In summary, the total loss
accounts for both standard token predictions and the special
handling of float token to update float heads.

Experiments and Results

In this section, we conducted several experiments to vali-
date the effectiveness of our method: a digital experiment to
assess performance in specialized domains, a VQA experi-
ment for general performance, a precision experiment and a
carrier recognition experiment to demonstrate the efficacy of
32-bit floating-point simulation and digit carrier remapping.
The results demonstrate that our method not only efficiently
predicts numbers but also maintains the general capabilities
of MLLMs. This proves to be an effective approach for en-
hancing MLLM performance in specialized domains.

Digital Results

In this section, We conducted experiments on three tasks to
thoroughly assess our model’s digital cognitative capabili-
ties: a question answering task, a more complex comprehen-
sion and reasoning task, and a multi-turn conversation task.
These tasks were chosen to evaluate the model’s ability to
recognize digital details, extract relevant information, and
engage in complex interactions.

The first task, question-answering, involves a straightfor-
ward format where the model is presented with an image
and a direct question about its content, assessing the model’s
ability to extract and comprehend specific information from
the visual input. The second task, comprehension and rea-
soning, goes a step further by requiring the model not only
to recognize elements within an image but also to perform
a certain level of reasoning or inference based on the visual
information. This task evaluates the model’s ability to un-
derstand the scene and apply logical reasoning to arrive at a
conclusion. The third task involves multi-turn conversations,
providing an interactive scenario where the model engages
in a dialogue with a human participant. The conversation
progresses through a series of exchanges, with each subse-
quent question building on the model’s previous responses.
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Methods Question Answering Comprehension and Reasoning | Multi-turn Conversations

Gauge Stopwatch A-V | Gauge Stopwatch A-V Gauge Stopwatch A-V
Finetune 35 12.2 6.0 19.8 4.1 11.0 8.6 1.0 14.2
Lora 5.0 8.7 11.2 1.0 17.6 12.1 13.6 9.2 3.0
GPT4V (OpenAl 2023) 6.1 3.7 9.0 52 19.4 6.8 4.7 8.9 6.3
Gemini Pro (Team et al. 2023) 7.3 2.1 19.8 | 11.0 18.9 43 19.2 5.4 8.6
LLaVA (Liu et al. 2024b) 14.0 4.6 18.8 5.1 9.9 11.2 6.1 8.7 134
OpenFlamingo-v2 (Awadalla et al. 2023) 6.0 2.3 8.4 4.1 7.3 4.2 32 5.9 13.2
MiniGPT-4-v2 (Chen et al. 2023) 12.0 6.3 13.6 7.2 5.6 14.2 7.5 6.3 16.4
P10 (Charton 2021) 54.7 31.2 26.5 | 33.8 40.4 49.1 44.0 51.2 46.9
P1000 (Charton 2021) 443 46.0 335 | 352 37.1 455 483 46.0 54.3
UReader (Ye et al. 2023) 3.0 10.5 1.7 3.7 15.1 8.3 5.2 114 7.7
XVAL (Golkar et al. 2023) 26.8 45.5 38.6 | 29.0 37.8 34.5 33.1 25.2 36.0
Ours 83.0 81.1 80.9 | 81.8 86.9 80.5 83.8 80.5 80.2

Table 1: Results on three tasks using digital datasets. We employ the accuracy metric to measure the model’s performance, as
physical measurement problems typically have a unique correct answer. Our model was trained on all datasets and tasks in a

single training process.

datasets | Time Speed Vernier T-M Cylinder Protractor Spring Gauge Stopwatch A-V
train set | 7200 2600 3000 7000 2000 1800 5000 4000 6000 3000
testset | 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000

Table 2: The number of text-image pairs in the training and test sets of each dataset.

This task assesses the model’s capacity to retain context
throughout the conversation and to generate responses that
are coherent, contextually appropriate, and precise.

Datasets and Metrics. In our experiments, we evaluate
our approach on ten distinct datasets, each representing a
physical world task requiring fine-grained cognition and
conceptual understanding. These datasets are Time Clock,
Speedometer, Vernier Caliper, Thermometer (tm), Gradu-
ated Cylinder, Protractor, Spring Scale, Pressure Gauge,
Stopwatch, and Ammeter-Voltmeter (A-V). Table 2 displays
the number of text-image pairs in the training and test sets
for all datasets. all images are of a resolution of 256 by
256 pixels. The question formats are exemplified by queries
such as "What is the reading from the xxx?’. Our model was
trained on all datasets and tasks in a single training process.
We used accuracy as the metric to measure the model’s per-
formance, as physical measurement tasks typically have a
unique correct answer.

Comparison methods. We utilized LLaVA-v1.5-7b as
our base model and conducted a comparative analysis
with several baselines, including Finetune, Lora (Hu et al.
2021). “Finetune” refers to conducting instruction fine-
tuning on LLaVA-v1.5-7b directly using the dataset, while
“LoRA” involves applying LoRA fine-tuning to LLaVA-
v1.5-7b. Additionally, we explored various token encod-
ing schemes P10, P1000 (Charton 2021). We also eval-
vated against state-of-the-art MLLMs like GPT4V (Ope-
nAl 2023), Gemini Pro (Team et al. 2023), LLaVA (Liu
et al. 2024b), OpenFlamingo-v2 (Awadalla et al. 2023),
MiniGPT-4-v2 (Chen et al. 2023). UReader (Ye et al. 2023)
model is known for its strong performance on OCR digits.

Result Analysis. Table 1 shows the results of the pro-
posed framework and SOTA methods on Gauge, stopwatch
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and Ammeter-Voltmeter datasets. In all three tasks, our
method demonstrated significant improvements. Notably, on
the Gauge and Stopwatch datasets, our approach outper-
formed the closest method, P10, by approximately 36.7%
and 31.6% on average across three tasks. This indicates
that our method possesses robustness and accuracy in fine-
grained recognition tasks. Furthermore, our method has con-
sistently achieved performance levels exceeding 80% across
all datasets, which attests to its remarkable efficiency and
versatility. These improvements underscore the effective-
ness of our method and highlight its ability to deliver precise
digits in simple question scenarios.

VQA Results

We also conducted experiments on standard Visual Question
Answering (VQA) tasks to validate that DigitalLLaVA is a
versatile method for extending capabilities. VQA task re-
quires a model to understand and interpret the visual content
of an image, comprehend the semantics of the question, and
generate a coherent and contextually appropriate response.
VQA challenges combine image recognition, object detec-
tion, and language understanding, making it a complex and
comprehensive test of a model’s ability to integrate and pro-
cess multimodal information.

Datasets and Metrics. To evaluate the general perfor-
mance of DigitalLLaVA, we selected six datasets commonly
used by most MMLMs, covering capabilities in science (Lu
et al. 2022), mathematical reasoning (Lu et al. 2024), real-
world cognition (X.AI 2023), Object Hallucination (Yifan Li
and Wen 2023) and comprehensive evaluation (Fu et al.
2024; Liu et al. 2023b). All datasets consist of multiple-
choice questions or have a single correct answer. Therefore,
accuracy is the metric to measure the model’s performance.



Methods MathVista ScienceQA POPE RealWorldQA MME MMBench
OpenFlamingo-v2 (Awadalla et al. 2023) 18.6 44.8 52.6 35.2 607.2 7.9
MiniGPT-4-v2 (Chen et al. 2023) 23.1 54.7 60.0 30.7 968.4 32
LLaVA (Liu et al. 2024b) 25.6 69.2 86.1 54.8 1808.4 59.1
DigitalLLaVA 32.2 70.8 85.8 58.3 1757.7 59.3

Table 3: Comparison of general performance across different models on various datasets. The bold numbers indicate the best
performance in each dataset. MME score is the total score across 14 sub-tasks, with each sub-task having a maximum score of

200, while the other datasets have a maximum score of 100.

Comparison methods. Since our method is fine-tuned on
LLaVA-v1.5-7b (Liu et al. 2024b), we primarily compare
our results with LLaVA. OpenFlamingo-v2 and MiniGPT-
4-v2 serve as baseline models are included for reference.

Result Analysis. As shown in Table 3, our method, Digi-
talLLaVA, achieved results slightly better than LLaVA-v1.5-
7b. It outperformed LLaVA on four datasets and was slightly
lower on the other two datasets.This demonstrates that our
approach maintains the general capabilities of MLLMs and
is an efficient method for enhancing domain-specific abili-
ties. Notably, our method improved performance on Math-
Vista by 6.6%, indicating that 32-bit floating-point simula-
tion is beneficial for MMLM digital reasoning tasks.

Precision and Accuracy Results

The critical importance of high-precision predictions, where
accuracy must meet minimal error margins, is widely ac-
knowledged in both industrial and medical applications.
Compared to previous methods, we use float32 encoding for
digital values, meaning the model only needs to make 32 bi-
nary (0/1) predictions, which is much simpler than predict-
ing the actual numbers directly. We demonstrate how our
framework effectively covers various digital measurement
scenarios. Compared to previous methods, our model shows
significant improvements in both precision and accuracy.

Model | MAE] RMSE] Accf Acc(0.DT
LLaVA | 0.58 064 301 393
Carrier | 0.67 061 500 51.6
MSE 0.53 052 433 43.9
P10 0.36 042 4938 50.3
P1000 | 0.34 040 495 50.2
Float32 | 0.25 021  70.6 76.0
Ours 0.15 0.07 849 90.1

Table 4: Performance across different models. MAE and
RMSE are normalized results, and Acc (0.01) considers pre-
dictions within a tolerance of 0.01 as correct. The | indicates
higher values are better, 1 indicates lower values are better.

Datasets and Metrics. We still use the previously men-
tioned ten digital carrier datasets. To better evaluate the
accuracy and precision of various models, we employ
Mean Absolute Error (MAE) and Root Mean Square Er-
ror (RMSE). MAE measures the average absolute difference
between the predicted and actual values. Compared to accu-
racy, if the discrepancy between the results and the ground
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truth is small, the MAE value will also be low. RMSE as-
sesses the square root of the average of squared differences
between the predicted and actual values. Compared to MAE,
RMSE is more sensitive, as the errors are squared before
averaging. This sensitivity allows RMSE to better indicate
whether the model truly understands the physical carrier or
is merely guessing. Additionally, we use accuracy within tol-
erance to measure the accuracy within specified error toler-
ance ranges, such as +0.01 or +0.1. By comparing this with
overall accuracy, we can evaluate the model’s performance
in terms of precision. In this experiment, we utilize normal-
ized MAE and RMSE, both with a maximum value of 1.
Accuracy is measured with a maximum value of 100 and
within a tolerance range of 0.1 (AccO0.1).

Comparison methods. Since our method is fine-tuned
on LLaVA-v1.5-7b, we primarily compare our results with
LLaVA. The term “Carrier” indicates the use of the digi-
tal carrier mapping method, where digits are predicted se-
quentially. In contrast, “MSE” adds one extra digital to-
ken and employs regression to directly predict the num-
bers. “Float32” refers to our fine-tuning on LLaVA using
only 32-bit float-point simulation method. 10 positional en-
coding (P10), numbers are represented as sequences of five
tokens: one sign token (+ or -), three digits (from O to 9)
for the fraction, and a symbolic token (ranging from E-
100 to E+100) for the exponent, resulting in an additional
210 tokens. For example, the number 3.14 is represented as
314.102 and encoded as [+, 3, 1, 4, E-2]. 1000 positional
encoding (P1000) offers a more compact representation. The
fraction is encoded as a single token (ranging from 0 to 999),
and a number is represented as a triplet (sign, fraction, ex-
ponent), leading to an additional 1100 tokens.

Result Analysis. As shown in Table 4, our method sig-
nificantly outperforms all other models across all metrics.
Specifically, our method achieves the lowest MAE and
RMSE values of 0.15 and 0.07, respectively, indicating su-
perior precision and robustness in predictions. During the
experiment, the MSE method performed well on the train-
ing set but less effectively on the test set, indicating po-
tential overfitting. This may be because MSE directly pre-
dicts numbers without understanding their intrinsic mean-
ing, highlighting the importance of numerical encoding.
The accuracy metrics also demonstrate the effectiveness of
the Float32 method, showing remarkable precision perfor-
mance. Compared to the standard accuracy, our method im-
proved accuracy by approximately 5.2% at Acc (0.01), while
other methods showed only minor improvements about 1%.



Question: What is the reading from the stopwatch?

Question: What is the reading from the protractor?

Question: What is the reading from the thermometer?

[ Ours: Stopwatch reads 60 seconds. ]

[ Ours: The reading is 140 degrees. ]

[ Ours: The reading is 36.5 degrees. ]

[ GT: Stopwatch reads ] seconds. ] [

GT: The reading is - degrees.

] [ GT: The temperature is Bl degrees. ]

Figure 3: Three examples where our model outputs incorrect readings: stopwatch, protractor, and thermometer reading.

Carrier Recognition Results

Model Precision Recall Fl-score
LLaVA 82.6 83.7 83.3
DigitalLLaVA 97.6 96.4 97.0

Table 5: Comparison of carrier recognition performance be-
tween LLaVA and DigitalLLaVA based on precision, recall,
and Fl-score. The scores are averaged across all datasets.

To evaluate the effectiveness of the digital carrier mapping
method, we conducted a physical carrier recognition experi-
ment. In a zero-shot setting, we tested the fine-tuned model’s
ability to recognize physical carriers by asking, “What is this
object?” We measured the average precision, recall, and F1
score across all datasets. As shown in Table 5, Our method
outperforms the baseline LLaVA, not only demonstrating
the necessity of carrier remapping but also showing that 32-
bit floating-point simulation does not lead to overfitting and
remains effective in object recognition.

Failure Case Analysis

In this failure case analysis, we examine scenarios where
our model encounters difficulties in generating accurate an-
swers. By dissecting the reasons contributing to these fail-
ures, we aim to better understand the limitations of our cur-
rent approach and gain insights into areas for model im-
provement. As shown in Fig. 3, we present three failure
cases that shows errors in different aspects.

In the first case, the model misinterpreted a stopwatch
reading. It mistakenly considered the O seconds displayed
on the inner circle as the only relevant information. This
led to an erroneous output of 60 seconds instead of the cor-
rect 53 seconds. The second case involves a protractor mis-
reading. The model failed to consider the angle formed by
both the left and right lines. This led to an incorrect output
of 140 degrees instead of the ground truth of 110 degrees.
The third case involves a thermometer reading scenario. The
model’s output of 36.5 degrees deviated slightly from the
ground truth of 36.6 degrees. This discrepancy may be due
to model inaccuracies exacerbated by image compression,
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resulting in an unclear image and scale. These failure cases
indicate that our model still has some deficiencies for phys-
ical comprehension. It may require more precise fine-tuning
of img encoder or the use of other vision pre-trained models
to improve fine-grained recognition.

Conclusion

In this paper, we enhance Multimodal Large Language Mod-
els (MLLMs) with the capability for physical digital cogni-
tion. Specifically, since humans must identify the carriers
before reading digits, and noting that previous MLLMs did
not have a rich representation of the corresponding carri-
ers, our DigitalLLaVA introduce a digit carrier mapping
to improve the model’s understanding of these carriers. Fur-
thermore, to enhance the model’s precision in reading dig-
its from the carriers, we propose a 32-bit floating-point
simulation to represent digits. Our DigitalLLaVA demon-
strates robust performance across multiple datasets, effec-
tively addressing the challenge of interpreting physical ob-
jects. Codes are accessible in supplementary material.

Broader Impact. MLLMs have gained significant popu-
larity in recent years, often seen as a key pathway towards
achieving AGI (Artificial General Intelligence). This paper
identifies a critical gap in MLLMSs’ capabilities for physical
digital cognition, a crucial aspect due to the physical world’s
integral role in human experience. By addressing this gap,
we aim to contribute to the advancement of MLLMs within
specialized domains and hope to inspire further development
in these areas.
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