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Abstract

The optimality of using the de facto cross-entropy loss
with one-hot target distribution (hard labeling) is ques-
tioned when training (Multimodal) Large Language Models
(LLMs/MLLMs). Although it is reasonable for language to-
ken prediction, which is a typical multi-class classification
problem in discrete space, it is suboptimal for task like nu-
merical prediction, which is a typical regression problem in
continuous space. However, enabling regression in LLM-
s/MLLMs will complicate the training and next-token pre-
diction paradigm at inference. Instead, to address this chal-
lenge, we propose a novel loss design, called soft labeling,
which smooths the target probability distribution, enabling
predictions to be penalized according to their distance to
the target. This is similar to regression loss, which penalizes
more on the further predictions in the continuous space, but
will not change the model architecture and the next-token
prediction paradigm of LLMs/MLLMs. We demonstrate the
efficacy of soft labeling through extensive experiments on vi-
sual grounding, object counting, and chart understanding,
achieving state-of-the-art performance on multiple bench-
marks without bells and whistles. Soft labeling can be ap-
plied in any LLM/MLLM.

1. Introduction
In recent years, thanks to the success of Large Language
Models (LLMs) [7, 52, 63], Multimodal Large Language
Models (MLLMs) [2, 4, 31, 60] have achieved remark-
able progresses across various tasks, such as image cap-
tioning, visual question answering, and many specialized
domains like document analysis, chart interpretation, and
visual grounding, etc. Their learning is to predict the next
token, associated with the de facto cross-entropy loss across
the token vocabulary, no matter the target is a word, digit,
punctuation, or anything else. Although this unified mech-
anism simplifies the learning across various tasks and it
becomes dominant, a natural question to ask is: is it op-
timal for any task? For example, the multi-class classifica-
tion paradigm is reasonable for language word token predic-
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Figure 1. Given an image with 4 trains, the MLLMs generate prob-
abilistic predictions (A and B) for the count. In standard one-hot
hard labeling, only the ground-truth numerical token has probabil-
ity of 1, leading to equal loss values (1.20) for those two incorrect
predictions (1 and 3 trains). In contrast, soft labeling assigns prob-
abilities to numerical tokens according to their distances to the
target. This results in different loss values (1.73 for prediction A
of 1 train but 1.47 for prediction B of 3 trains), enabling higher
penalty for further prediction.

tion because language word is in discrete space, but it is no
longer optimal for objects that are in continuous space. In
this paper, we are investigating the limits of standard cross-
entropy loss in an important case, i.e., numerical prediction,
which is in continuous space.

Numerical prediction is a critical capability for LLMs
and MLLMs, with many applications in object counting,
object localization, chart/figure understanding, etc. For in-
stance, answering the gross income from a tax report, or
answering how many trains in a traffic scene as in Figure
1. Although the gross income value (e.g., 35421.7) and
the number of trains (e.g., 4) are in continuous space, they
are converted to strings (e.g., “35421.7” and “4”) and then
to discrete tokens to be processed by LLMs/MLLMs as a
multi-class classification problem with cross-entropy loss.
Cross-entropy loss measures the distance between the tar-
get and prediction distributions over the token vocabulary,
and the target distribution is usually a one-hot vector where
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the probability on the target is 1 and the rest are 0. In
this case, the wrong prediction to any non-target index can
potentially have no difference. For example, in Figure 1,
where there are 4 trains in a given image, predictions A and
B have exactly the same cross-entropy loss because their
probabilities on the target (i.e., 4) are the same (i.e., 0.3),
although their overall distributions are quite different from
each other. However, this is counter-intuitive. Prediction
B of 3 trains should have lower loss than prediction A of 1
train, because the former is closer to the target. The cause
of this issue is rooted in the one-hot representation of the
target probability distribution, namely hard labeling, of the
standard cross-entropy loss.

To address this problem, a new loss design is required,
which can better reflect how wrong the prediction is for
objects in continuous space. An ideal choice would be
regression-style loss, e.g., L1 or L2 loss. However, asking
LLMs/MLLMs to output scalar values is nontrivial without
extra layers or heuristics. In addition, this will break the
loss/architecture unification of LLMs/MLLMs and make
the next-token prediction paradigm very complicated. In-
stead, we propose soft labeling for LLM/MLLM training,
in contrast with hard labeling of the standard cross-entropy
loss. In soft labeling, the target probability is no longer
a one-hot probability distribution (Figure 1 middle), but
smoothed where closer (further) classes have higher (lower)
probabilities (Figure 1 bottom). Different from hard label-
ing, where only the target probability contributes to the loss,
soft labeling enables losses coming from nearby classes,
and considers the relative distance between the predicted
and target tokens, similar to the regression loss. For ex-
ample, in Figure 1, prediction A and B have the same loss
using hard labeling, but the loss of B is lower than that of
A for soft labeling. This is reasonable because prediction B
of 3 trains is closer to the target of 4. In addition, the design
of soft labeling will not modify the model architecture and
next-token generation paradigm, which can be used in any
LLM/MLLM.

In our experiments, we demonstrate the effectiveness of
the proposed soft labeling over hard labeling across three
representative tasks of numerical prediction: visual ground-
ing, object counting, and chart understanding on multiple
benchmarks. Soft labeling consistently improves perfor-
mance on all baselines. We also conduct comprehensive
ablation studies on each component of soft labeling to gain
deeper understanding of their impacts. By applying soft
labeling, we achieve state-of-the-art or competitive perfor-
mance on the RefCOCO/+/g [25], ChartQA [40], and Tal-
lyQA [1] datasets, using only a standard LLaVA model [32]
without any additional architectural modifications. This
highlights the effectiveness of soft labeling in enhancing nu-
merical prediction in MLLMs.

Overall, this work makes three major contributions.

First, we question the optimality of using the de facto cross-
entropy loss with one-hot target encoding (hard labeling) in
any task of LLMs/MLLMs, and explain why standard cross-
entropy loss leads to counter-intuitive loss assignment for a
critical task, i.e., numerical prediction, in continuous space
by nature. Second, we introduce soft labeling, where tar-
get probability distributions are smoothed such that closer
(further) tokens to the target receive higher (lower) proba-
bilities. This design better reflects the degree of error in pre-
dictions while maintaining compatibility with the standard
next-token prediction paradigm of LLMs/MLLMs. Third,
extensive experiments on visual grounding, object count-
ing, and chart understanding demonstrate that soft label-
ing consistently outperforms hard labeling. The proposed
approach achieves state-of-the-art or competitive results on
benchmarks like RefCOCO, ChartQA, and TallyQA, with-
out any architectural modification.

2. Related Work
Numerical prediction is a core challenge across a wide
range of tasks in MLLMs and LLMs, spanning visual
grounding [12, 48, 70], object counting [1], chart under-
standing [40, 43], visual question answering [18, 56], math-
ematical reasoning [38, 67], temporal reasoning [14, 16, 51]
and document analysis [42, 59]. In visual grounding, mod-
els must quantify spatial location of objects with numer-
ical bounding box coordinates [12, 48, 70]. In object
counting, the model is required to predict precise numeri-
cal numbers of instances [1, 53]. Chart understanding re-
lies on extracting and reasoning over numerical data in vi-
sual form [40, 43]. General VQA often involves answering
questions that require numerical reasoning, such as count-
ing, comparing quantities, or understanding scales [18, 56].
Mathematical reasoning, including arithmetic and algebraic
problem-solving, tests models’ ability to manipulate numer-
ical values symbolically [38, 67]. Temporal reasoning in
multimodal setups involves understanding and predicting
time intervals or event sequences from textual and visual
data [14, 16, 51]. Document analysis further highlights nu-
merical prediction challenges, where models must extract
and interpret numerical information from structured and un-
structured data and make reasoning [42, 59]. These diverse
applications underscore the pervasive role of numerical pre-
diction in MLLMs and LLMs, making it a critical area for
improvement.
Ordinal regression (also called ordinal classification) is
the problems where the target variable exhibits a rela-
tive ordering on an arbitrary scale, e.g. categories such
as “bad”, “good” and “very good”. It has been proven
useful in different research areas, including medical re-
search [5, 35], monocular depth estimation [17], age es-
timation [46], pose estimation [21], etc. Ordinal regres-
sion has been well studies in conventional machine learn-
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ing methods [19]. In the scenarios of deep learning, there
are some typical methods. Class distance weighted loss re-
lies on a coefficient for the loss of each class, which utilizes
the distance to the ground-truth class and increases in re-
lation to that distance [49]. The Earth Mover’s Distance
(EMD) loss uses the predicted probabilities of all classes
and penalizes the miss-predictions according to a ground
distance matrix that quantifies the dissimilarities between
classes [9, 20]. Soft labeling converts ground truth data la-
bels into soft probability distributions and the loss is com-
puted on them [6, 15, 36, 65]. However, these methods have
only shown success on simple multi category classification
problem. For LLMs, the probability space of the output
has tens to hundreds of thousands of tokens and they are
mixture of numerical and non-numerical. The problem be-
comes difficulty. In this work, we will show how to apply
ordinal regression to LLMs.
Soft labeling uses probability distributions over classes as
labels instead of hard, one-hot labels. A typical type is label
smoothing which has been found more robust to noisy anno-
tations for classification problem [39, 61, 71] and has been
applied to many fields such as know distillation [44, 73],
network calibration [30], and some applications like image
segmentation [66], text mining [34]. On the other hand,
soft loss terms have been useful for domain and task trans-
fer [64] in order to avoid dataset biases. Elaborate loss func-
tions are defined in [68] to take into account the subjective
scenicness of outdoor pictures, by trying to predict the same
rating distribution of human annotations. Age estimation is
another particular niche where soft labels have become pop-
ular [15, 58]. However, there is few research of applying
soft labeling on numerical prediction of LLMs. In this pa-
per, we will show that the label smoothing is just a specific
format of our soft labeling and our proposal performs better.

3. Method
In traditional regression models, numerical prediction is
typically handled using L1/L2-style loss functions, which
penalize errors based on their distance to the target. Further
distance incurs greater penalties and vice versa, encourag-
ing the model to make predictions that are closer to the tar-
get. However, when training LLMs/MLLMs, the de facto
cross-entropy loss with one-hot encoded target fails to ac-
count for the distance between predicted and target tokens
properly. It does so in a limited and imprecise manner, a
misclassification is a misclassification, regardless of how
explicitly far the predicted token is from the target token.
This limitation hinders the model’s ability to predict accu-
rate numerical values. To address this, a natural idea is to
apply a regression-style loss to LLMs. However, in the con-
text of LLMs, it is not trivial to directly convert the LLM’s
output into a scalar without introducing additional layers
or heuristics. For this reason, we opt for a new loss de-

sign which can be directly applied to the intrinsic output of
LLM, similar to the standard cross-entropy loss.

We begin by reviewing the LLM training loss. LLMs
typically generate text token by token, treating the next-
token prediction as a classification problem over a vocabu-
lary of size V . Given a model output logit z ∈ RV from the
last layer before the final prediction, the softmax function
is applied to convert these logits into probability distribu-
tion p ∈ RV such that

∑V
i=1 pi = 1. This distribution is

then compared to the target token using cross-entropy loss.
Typically, the target token is encoded into a one-hot vector
q ∈ RV where it is a binary vector consisting of a value
1 at the correct token index, and 0s everywhere else. The
cross-entropy loss is computed by

L(p,q) = −
V∑
i=1

qi log pi. (1)

Since q is a one-hot vector, the final loss simplifies to

L(p,q) = − log pt, (2)

where t is the index of the target token. As shown, the loss
function depends solely on the posterior probability pt of
the target token. This ignores other rich information inher-
ited in the full probability distribution p.

In fact, each probability pi reflects the model confi-
dence on each possible token. When a prediction is incor-
rect, it is crucial to have a metric that precisely measures
how “wrong” the prediction is by explicitly considering the
model’s confidences on all tokens, not just the target token.
This becomes important when the target token is numerical
and the numerical prediction is done by LLMs. Numerical
tokens have relative distance between each other by nature,
and when a prediction is incorrect, we should measure how
wrong it is by assessing the distance from the target, rather
than treating all wrong predictions equally as long as the
confidence on the target token is the same, as is done in hard
labeling. For example, in the scenario illustrated in Figure
1 to answer how many trains given an image, when we train
an MLLM with cross-entropy loss and one-hot encoding,
there are two possible incorrect predictions, A and B, dur-
ing MLLM training. If we apply hard labeling to encode
the supervision “4”, both predictions incur the same cross-
entropy loss, as both have a softmax probability of 0.3 for
the target token “4”. This approach fails to account for nu-
merical proximity since prediction B, which assigns a max-
imum probability of 0.4 to the incorrect token “3”, is closer
to the correct answer “4” than prediction A, which assigns a
maximum probability of 0.4 to the incorrect token “1”. In-
tuitively, prediction B should receive a lower loss from the
regression perspective. This limitation arises from the one-
hot encoding in hard labeling which only retains the prob-
ability pt of the target token in the final loss computation
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of (2). As a result, the final loss function does not consider
the probabilities pi for other numerical tokens, which con-
tain valuable information about inter-token relationship and
numerical distance. The absence of this information makes
the hard labeling loss suboptimal, and we need a new loss
function that can better account for such relationships.

In order to address this issue, we propose soft labeling
cross-entropy loss. We first reformulate the cross-entropy
loss of (1) into a more general form,

LCE(p,q(t)) =

V∑
i=1

qi(t)(− log pi), (3)

where q(t) is the distribution in which the target token with
index of t is encoded, and qi(t) ∈ [0, 1] s.t.

∑
i qi(t) = 1.

In the standard one-hot encoding for cross-entropy, q(t) =
δ(t) is a Dirac delta distribution where qi(t) equals to 1 for
i = t, and 0 otherwise. In this case, (3) is simplified to (2),
which corresponds to hard labeling. In fact, q is not nec-
essarily a one-hot distribution, but can be any distribution.
The primary objective of q is to guide the learning of the
LLM model by minimizing the distance between two distri-
butions. Instead of forcing the model to learn from a strict,
hard label with harsh penalization, soft labeling relaxes this
constraint by using a smooth distribution q over all tokens.

In this work, we focus on numerical prediction, where
numerical values are typically tokenized digit-wise [26].
That is, each digit (0–9) is treated as an individual token,
and multi-digit numbers are split accordingly. For example,
in the LLaMA tokenizer, number “123” is tokenized into
the token IDs “29896”, “29906”, and “29941”. Therefore,
we restrict our soft labeling discussion to the 10 digit tokens
from “0” to “9”, leaving the soft labeling of regular tokens
for future work. For instance, we do not consider the soft
labeling for text tokens such as “two”, “eight”, etc. Follow-
ing [6, 65], we defines soft label for the 10 digit tokens from
“0” to “9” as

qSL(t) = (1− η)δ(t) + ηψ(t) (4)

where t is the index of the 10 digit tokens
{“0”, “1”, ..., “9”}. For simplicity, we assume that
these indices are consecutive and form a set S; if not, a
straightforward mapping can be constructed to make them
consecutive. qSL(t) is a soft distribution to represent the
token with index of t. ψ(t) is a probability distribution
that has a support set on S and typically centers at the
token with index of t. It can be Poisson, Binomial,
Triangular, Uniform distributions, etc. η ∈ [0, 1] is a fixed
hyperparameter that controls the mixture ratio of δ(t) and
ψ(t).

By smoothing the one-hot q(t) of hard labeling, soft la-
beling allows qSL

i (t) to be greater than 0 for i ̸= t and to

vary for different i. This enables the assessment of relation-
ship between the target token and other digit tokens. The
relationship reflects the similarity between token indexed
by i and the token indexed by t, with qSL

i (t) being higher
when i is closer to t and lower otherwise.

The final loss for each example is given by

L =
1

Nr +Nn

 ∑
(xr,yr)∈(xr,yr)

LCE(f(xr),q(yr))

+λ
∑

(xn,yn)∈(xn,yn)

LCE(f(xn),q
SL(yn))

 ,

(5)

where Nr, Nn denote the numbers of regular tokens and nu-
merical tokens within a sequence example, respectively. xr

(xn), yr (yn) represent the sets of regular (numerical) to-
kens where xr (xn) is the input set and yr (yn) is the index
set of ground truth. f(·) is the LLM with softmax output for
each token prediction. λ controls the balance between the
numerical token loss and the regular token loss in the final
loss computation.

When the target is a digit token, compared to hard label-
ing (one-hot encoding) which solely rely on the probabil-
ity of target token in the loss function, as indicated in (2),
soft labeling incorporates the prediction probabilities of all
incorrect digit tokens into loss computation. This allows
the loss value to reflect the distance between the predicted
token and target token. It therefore can be understood as
an implicit way of introducing distance-based penalties into
the classification loss, similar to how loss functions oper-
ate in regression. As illustrated in Figure 1, an incorrect
prediction of “1” (Prediction A) has a greater distributional
distance from the soft ground truth than an incorrect pre-
diction of “3” (Prediction B). Consequently, Prediction A
incurs a larger loss than Prediction B, aligning with the be-
havior of regression losses. This property arises naturally
from the inter-digit token similarity encoded in soft labels
where qSL

i (t) reflects the similarity ranking to the ground
truth token. The closer a digit token is to the ground truth,
the higher its value, enabling the model to account for the
severity of prediction errors rather than treating all mistakes
equally. In contrast, under hard labeling, predictions A and
B receive the same loss due to the underlying assumption of
one-hot encoding that all incorrect tokens are equally dis-
similar to the ground truth.

From another perspective, in (3), qi(t) can be viewed as
a weight for each component loss − log pi. During training,
a soft label with qSL

i (t) > 0 encourages the model to pre-
dict higher probabilities on tokens closer to the target token,
and lower probabilities on further tokens. This also aligns
with the goal of regression-style loss, which aims to make
predictions as close as possible to the target in continuous
space.
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Table 1. The enhancement by soft labeling on visual grounding.

Pretrain model Model type Finetune data Loss RefCOCO RefCOCO+ RefCOCOg
val testA testB val testA testB val test

LLaVA-7B
specialist RefCOCO/+/g hard 81.7 87.3 74.4 73.6 82.0 63.3 79.0 78.8

soft 85.0(+3.3) 89.3(+2.0) 78.8(+4.4) 76.7(+3.1) 83.4(+1.4) 67.0(+3.7) 82.0(+3.0) 81.8(+3.0)

generalist LLaVA-Mix + RefCOCO/+/g hard 72.6 80.2 62.6 66.6 76.1 55.0 72.1 66.6
soft 77.8(+5.2) 83.7(+3.5) 68.8(+6.2) 72.0(+5.4) 80.2(+4.1) 60.4(+5.4) 78.5(+6.4) 71.5(+4.9)

LLaVA-13B
specialist RefCOCO/+/g hard 88.9 91.7 84.9 82.5 88.1 75.1 86.0 86.7

soft 90.0(+1.1) 92.7(+1.0) 85.3(+0.4) 83.5(+1.0) 89.3(+1.2) 76.7(+1.6) 86.7(+0.7) 87.4(+0.7)

generalist LLaVA-Mix + RefCOCO/+/g hard 79.3 85.0 71.4 74.7 82.9 64.8 78.0 73.0
soft 81.0(+1.7) 86.4(+1.4) 72.6(+1.2) 76.4(+1.7) 83.3(+0.4) 66.1(+1.3) 79.2(+1.2) 74.3(+1.3)
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Figure 2. Ablation study of η of different distributions across three datasets, RefCOCOg val, ChartQA and TallyQA. On ChartQA, we
evaluate on numerical subset. On TallyQA, we use the RMSE as metric and evaluate on simple balanced set.

Table 2. The enhancement by soft labeling on chart understanding.

Pretrain Model type Finetune data Loss ChartQA
model All Numerical

LLaVA-7B
specialist ChartQA hard 67.9 66.3

soft 69.6(+1.7) 68.6(+2.3)

generalist LLaVA-Mix + ChartQA hard 67.0 66.5
soft 68.3(+1.3) 68.6(+2.1)

LLaVA-13B
specialist ChartQA hard 72.8 72.0

soft 73.4(+0.6) 73.6(+1.6)

generalist LLaVA-Mix + ChartQA hard 71.0 69.7
soft 72.9 (+1.9)72.6(+2.9)

4. Experiments

In this work, we evaluate our approach on three represen-
tative numerical prediction tasks: visual grounding, ob-
ject counting, and chart understanding. For visual ground-
ing, we assess performance on three benchmarks RefCOCO
(val/testA/testB), RefCOCO+ (val/testA/testB), and Ref-
COCOg (val/test) [25] using the standard Acc@0.5 metric.
For object counting, we evaluate on TallyQA’s simple and
complex test sets [1]. However, the original test sets are
count-imbalanced, with ground truth counts ranging from 0
to 15 but the combined counts of 1 and 2 account for 78%
of the simple testing set and 60% of the complex testing
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Table 3. The enhancement by soft labeling on object counting.

Pretrain model Model type Finetune data Loss TallyQA simple TallyQA complex TallyQA simple balancedTallyQA complex balanced
Acc. (↑) RMSE(↓) Acc.(↑) RMSE(↓) Acc. (↑) RMSE(↓) Acc. (↑) RMSE(↓)

LLaVA-7B
specialist TallyQA hard 78.5 1.00 66.9 1.30 38.5 3.84 16.7 6.68

soft 79.0(+0.5) 0.97(-0.03) 67.2(+0.3) 1.29(-0.01) 39.4(+0.9) 3.20(-0.64) 18.8(+2.1) 6.32(-0.36)

generalist LLaVA-Mix + TallyQA hard 79.8 1.43 68.2 2.54 39.4 2.33 21.8 4.96
soft 80.5(+0.7) 1.35(-0.08) 69.4(+1.2) 1.28(-1.26) 42.2(+2.8) 2.24(-0.09) 24.0(+2.2) 4.41(-0.55)

LLaVA-13B
specialist TallyQA hard 81.9 0.85 67.2 1.27 40.4 2.84 22.9 5.98

soft 82.7(+0.8) 0.67(-0.18) 69.3(+2.1) 1.20(-0.07) 42.2(+1.8) 2.02(-0.82) 27.0(+4.1) 5.16(-0.82)

generalist LLaVA-Mix + TallyQA hard 82.0 0.81 70.9 1.30 45.9 2.37 23.9 4.87
soft 82.5(+0.5) 0.76(-0.05) 71.5(+0.6) 1.24(-0.06) 47.8(+1.9) 1.88(-0.49) 29.1(+5.2) 4.45(-0.42)
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Figure 3. Ablation study of λ on three numerical prediction datasets.

Table 4. The effect of different distributions. On TallyQA, RMSE
is the metric.

Distribution
RefCOCO val TallyQA balanced ChartQA
* *+ *g Simple Complex Numerical

Hard Label 81.7 73.6 79.0 3.84 6.68 66.3
Binomial 84.7 76.8 81.9 3.13 6.28 67.6
Posisson 84.1 76.3 80.8 3.70 6.49 67.0
Triangular 85.0 76.7 82.0 3.20 6.32 68.6
Uniform 83.0 76.6 80.8 3.74 6.56 66.8

set. In addition, the testing sets also contain noisy labels.
These make the evaluation results misleading. To address
this, we also construct a balanced subset for reference by
sampling a count-balanced simple and complex testing sets
from TallyQA’s test sets respectively, referred to as “Tal-
lyQA simple balanced” and “TallyQA complex balanced”.
The details are in the Supp. Accuracy and RMSE are the
chosen metrics following [1]. For chart understanding, we
use ChartQA benchmark [40], where approximately half of
the questions have numerical answers. We report accuracy
on both the full test set and a subset containing only numer-
ical answers.

Following [4], we adopt a three-stage pipeline, where
the first stage is to learn the vision-language (VL) adapter,
the second stage is to pretrain LLM and VL adapter on a
large set of pretraining data, and the third stage is to fine-
tune the pretrained model on some small scale finetuning
data. To evaluate the broad applicability of our approach,
we conduct experiments on various pretraining and fine-
tuning settings. For the pretraining of generalist models,

we use the publicly available LLaVA-7B architecture [32],
pretrained on a sampled LAION-5M dataset [54], as our
base model. For a stronger baseline, we use LLaVA-13B,
pretrained on a 16M data mixture including LAION-5M
for image captioning, GRIT-5M [47] for grounding, Ob-
jects365 [55] and OpenImages [27] of 3M in total for ob-
ject counting, and 3M plot or chart related datasets such as
PlotQA [43], UniChart [41], FigureQA [24] for chart un-
derstanding. For specialist model pretraining, we use three
domain-specific data sources: a 12M mixture of grounding
and detection data for visual grounding, a 6M counting data
mixture with multiple tasks for object counting, and a 20M
chart analysis data mixture for chart understanding, respec-
tively. More details for pretraining data are given in Supp.
After pretraining, the specialist models are finetuned on the
task-specific training sets: RefCOCO, RefCOCO+, and Re-
fCOCOg [25] for visual grounding; TallyQA [1] for object
counting; and ChartQA [40] for chart understanding, and
generalist models are finetuned on the same task-specific
training sets but with the additional public 665K LLaVA-
Mix tuning dataset [28]. The other settings are exactly the
same as LLaVA’s [32].

4.1. The Effectiveness of Soft Labeling
We first compare soft labeling and one-hot hard label-
ing across various pretrained models, including LLaVA-7B
(pretrained on LAION-5M) and LLaVA-13B (pretrained on
a 16M multi-task mixture). They are fine-tuned as special-
ist and generalist models and evaluated on multiple tasks
and benchmarks. Tables 1, 2 and 3 report the performance
comparisons for visual grounding, chart understanding and
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Table 5. Performance comparison to the state-of-the-art models on
visual grounding (Acc@0.5).

Models
RefCOCO RefCOCO+ RefCOCOg

val testA testB val testA testB val test
Shikra-7B [12] 87.0 90.6 80.2 81.6 87.4 72.1 82.3 82.2
Ferret-7B [70] 87.5 91.4 82.5 80.8 87.4 73.1 83.9 84.8
Qwen-VL-7B [4] 88.6 92.3 84.5 82.8 88.6 76.8 86.0 86.3
InternVL2-8B [13] 87.1 91.1 80.7 79.8 87.9 71.4 82.7 82.7
VistaLLM [50] 88.1 91.5 83.0 82.9 89.8 74.8 83.6 84.4
MiniGPT-v2 [11] 88.7 91.7 85.3 80.0 85.1 74.5 84.4 84.7
Qwen2-VL-7B [4] 91.7 93.6 87.3 85.8 90.5 79.5 87.3 87.8
Ferret-v2-7B [72] 92.8 94.7 88.7 87.4 92.8 79.3 89.4 89.3
SoftLabeling-7B 91.8 94.7 88.9 87.0 92.7 80.0 89.6 89.5
LION-12B [10] 89.8 93.0 85.6 84.0 89.2 78.1 85.5 85.7
Shikra-13B [12] 87.8 91.1 81.8 82.9 87.8 74.4 82.6 83.2
Ferret-13B [70] 89.5 92.4 84.4 82.8 88.1 75.2 85.8 86.3
Ferret-v2-13B [72] 92.6 95.0 88.9 87.4 92.1 81.4 89.4 90.0
SoftLabeling-13B 92.7 95.0 89.0 87.6 92.7 82.3 89.8 90.0

object counting tasks, respectively. Some observations are
available. First, soft labeling consistently improves perfor-
mance across all model and benchmark combinations, with
most gains larger than 2 points, demonstrating its effective-
ness and robustness. Second, the absolute gains are smaller
for the stronger 13B model compared to the 7B model. This
is expected due to performance saturation. Nonetheless, no-
table improvements are remained, e.g., a 2.9 points gain in
accuracy on ChartQA numerical subset (generalist model)
in Table 2 and 4.1/5.2 points accuracy gains on TallyQA’s
simple/complex balanced test sets in Table 3. Third, on
ChartQA, the gain on numerical subset is higher than the
full set. This aligns with the design of soft labeling which
is proposed specifically for enhancing the numerical predic-
tion ability. Finally, on object counting, gains are more pro-
nounced on the more reasonable balanced test sets, particu-
larly in RMSE, a preferable metric reflecting error distance
to the ground truth, where the relative improvements exceed
10% in most cases. Notably, while enhancing numerical
prediction, soft labeling does not degrade performance on
generic tasks (please see details in Supp.)

4.2. Ablation Study

Soft Distribution The distribution ψ in (4) is crucial be-
cause it determines the degree of softness in soft labeling
and the measurement of inter-digital token similarity. We
investigate four widely used distributions, Binomial [6],
Poisson [6], Triangular [65] and Uniform (label smooth-
ing) [57]. The optimal η in (4) is exhaustively searched for
each distribution and used for comparison. We assess per-
formance using some representative benchmarks and met-
rics on the base LLaVA-7B specialist model, as reported in
Table 4. Regardless of the chosen distribution, soft label-
ing consistently outperforms hard labeling, demonstrating

Table 6. Performance comparison to the state-of-the-art models on
ChartQA.

Models ChartQA
ChartPaLI-5B [8] 77.3
ScreenAI 5B [3] 76.7
MatCha4096 + LaMenDa [29] 72.6
SMoLA-PaLI-X [69] 74.6
Qwen-VL-Chat [4] 66.3
Qwen-VL-Max [4] 79.8
LLaVA-OV-7B [28] 80.0
Cambrian-34B [62] 73.8
Gemini Ultra [60] 80.8
SoftLabeling 81.5

Table 7. Performance comparison to the state-of-the-art models
on TallyQA. ∗ indicates that the numbers are copied from a third-
party paper [37].

Models
TallyQA simple TallyQA complex

Acc.(↑) RMSE(↓) Acc.(↑) RMSE(↓)
SMoLA-PaLI-X [69] 86.3 - 77.1 -
PaLI-X-VPD [22] 86.2 - 76.6 -
MoVie-ResNeXt [45] 74.9 1.00 56.8 1.43
RCN [1] 71.8 1.13 56.2 1.43
LLaVA-NEXT [33] 79.8∗ 0.70∗ 67.9∗ 1.76∗

GPT-4V [2] 73.6∗ 0.86∗ 62.6∗ 1.58∗

GPT-4o [23] 81.5∗ 0.60∗ 71.7∗ 1.21∗

SoftLabeling 86.6 0.56 77.2 1.06

its robustness. Among the distributions, Binomial and Tri-
angular yield the best results, followed by Poisson, while
Uniform performs the worst. This suggests that sharper dis-
tributions are more effective, as they provide more discrimi-
native token similarities. In contrast, smoother distributions
like Uniform treat all incorrect tokens as equally distant
from the target, disregarding the relative distance informa-
tion. Throughout this paper, we use Triangular distribution
as default, though Binomial is comparable.

Hyperparameter There are two primary hyperparameters
influencing the performances, η of (4) and λ of (5). η con-
trols the sharpness of the soft labeling. It is selected through
exhaustive search based on the performance of the base
LLaVA-7B specialist model on RefCOCOg val, ChartQA
and TallyQA. For ChartQA, we evaluate accuracy on nu-
merical subset. On TallyQA, we use RMSE as metric and
evaluate on simple balanced set. Figure 2 shows the abla-
tion study results. Our analysis shows that the model favors
sharper soft labeling distributions with smaller η. However,
if it is too small, the distribution is towards a hard one-hot
encoding, leading to performance drop. On the other hand,
a large η over smooths the distribution, reducing discrimina-
tion among numerical tokens. In our experiments, η is set
to 0.05/0.02/0.08/0.05 for Binomial/Poisson/Triangular/U-

3430



Image

Prompt first sandwich on the left
just beneath the fork

the man on the closest
motorcycle

What was the internet penetration
rate in Africa in 2019?

How many books did Blurb
publish in 2018?

Hard labeling red box red box 20 16000
Soft labeling green box green box 27.4 19053
Ground truth blue box blue box 28.6 19098

Table 8. Qualitative examples of soft labeling improvement in visual grounding and chart understanding.

niform distribution, respectively, by default.
As for λ of (5), it balances the contribution of numeri-

cal token loss and regular token loss in the final loss. We
ablate its effect using the base 7B and stronger 13B special-
ist models across three datasets and present the results in
Figure 3. It can be found that the models perform well and
remain stable when λ ranges from 2 to 5, beyond which the
performance degrades. In our experiments, we set λ as 2 by
default.

4.3. Comparison to the State-of-the-Art
We evaluate soft labeling and compare it with other meth-
ods across visual grounding, chart understanding, and ob-
ject counting using public benchmarks, including Ref-
COCO (val/testA/testB), RefCOCO+ (val/testA/testB), Re-
fCOCOg (val/test), ChartQA (test), and TallyQA (simple/-
complex). The model is pretrained on scaled-up domain-
and task-specific data and fine-tuned as specialist models
(details in Section B of the Supp.). By default, our re-
sults are based on the 13B model, but for grounding, we
follow standard practice and compare 7B and 13B mod-
els separately. As shown in Table 5, 6, and 7, our Soft-
Labeling, without any architectural modifications, achieves
the state-of-the-art performance on RefCOCOg among 7B
scale models, RefCOCO, RefCOCO+, RefCOCOg among
13B scale models, ChartQA, and TallyQA. It also deliv-
ers competitive results on RefCOCO and RefCOCO+ in 7B
scale model group. These results highlight the effectiveness
of soft labeling.

4.4. Visualization
Table 8 presents examples randomly selected from visual
RefCOCOg and ChartQA test sets, demonstrating the im-
provement achieved by soft labeling. Compared to hard la-
beling, soft labeling produces more accurate numerical pre-
dictions for both bounding box coordinates and chart-based
values, bringing them closer to the ground truth. For in-
stance, in the motorcycle image, the bounding box predicted
by soft labeling (green) better aligns with the ground truth
(blue) in both position and scale. Similarly, in the chart-

based QA task, soft labeling provides more accurate numer-
ical estimation. These examples highlight the effectiveness
of soft labeling in improving numerical prediction across
both spatial and quantitative tasks.

5. Limitation
In this work, we limit our scope to digit tokens. However,
other tokens also exhibit semantic similarity, such as natu-
ral language numerals (“one/two/three”) or categorical to-
kens (“easy/medium/hard”). Incorporating these into the
loss computation is an avenue for future research. Another
limitation is that our current loss function considers only
single digits. Many numerical predictions involve multi-
digit numbers, where digit-wise comparisons may not ac-
curately reflect actual numerical distances. For instance,
comparing “21” v.s. “32” digit-wise results in a distance of
|2−3|+|1−2| = 2 which is smaller than |2−1|+|2−9| = 8
for “21” v.s. “29”. However, their actual numerical dis-
tances are |21 − 32| = 11 and |21 − 29| = 8, showing a
discrepancy in digit-wise calculations. Addressing this lim-
itation remains an open challenge.

6. Conclusion
In this paper, we have identified the limitations of cross-
entropy loss with one-hot encoding for numerical predic-
tion in LLMs/MLLMs, where treating numbers as discrete
tokens fails to reflect their continuous nature. To address
this, we have proposed soft labeling, which smooths target
distributions to account for numerical proximity, ensuring
that closer predictions incur lower loss. This method re-
tains compatibility with the next-token prediction paradigm
without requiring architectural modifications. Our ex-
periments across visual grounding, object counting, and
chart understanding have shown that soft labeling consis-
tently improves numerical prediction performance. We
have achieved state-of-the-art or competitive results on Re-
fCOCO/+/g, ChartQA, and TallyQA using a basic LLaVA
model. Our findings highlight the importance of adapting
appropriate loss functions for numerical tasks in LLMs/M-
LLMs.
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