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Abstract

Tool-augmented visual reasoning systems, ex-
emplified by Visual Programming (VP), de-
compose complex visual questions into exe-
cutable programs that invoke specialized visual
models as tools, offering interpretable and com-
positional reasoning. However, these systems
face a fundamental optimization challenge: the
non-differentiable pipeline and the absence of
intermediate supervision prevent end-to-end
gradient-based optimization of invoked tools
using only task-level labels. Existing meth-
ods either optimize the Large Language Model
(LLM) planner while neglecting tool quality,
or rely on teacher models and additional data
collection, none achieving true end-to-end dif-
ferentiable optimization. We propose eDoT,
the first end-to-end Differentiable optimization
method for Tool-augmented visual reasoning.
Our key insight is that any program’s variable
dependency structure is isomorphic to a di-
rected probabilistic graph. Applying Variable
Elimination - an exact probabilistic inference
technique - transforms the non-differentiable
VP execution into a fully differentiable pro-
cess, enabling gradient-based optimization with
only task-level supervision, without additional
data or teacher models. Experiments on GQA,
NLVRv2 and Open Images demonstrate im-
provements of 3.7%, 7.6% and 20%, validat-
ing eDoT’s effectiveness across multiple visual
models and cross-task generalization.

1 Introduction

LLM-based modular systems (Yao et al., 2023;
Wang et al., 2024; Xi et al., 2025) have attracted
increasing attention owing to their distinctive ad-
vantages: explicit reasoning structure, auditable
execution processes, and the ability to tackle com-
plex multi-step tasks without task-specific training.
A prominent instantiation of this paradigm is tool-
augmented reasoning (Schick et al., 2023; Hao
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et al., 2023; Qin et al., 2024), where an LLM plan-
ner orchestrates calls to specialized external models
as tools (Shen et al., 2023), delegating domain-
specific sub-tasks to capable experts and aggregat-
ing their outputs to produce a final answer. Vi-
sual Programming (VP) (Gupta and Kembhavi,
2023; Surís et al., 2023) exemplifies this approach
in visual understanding: given a complex visual
question, an LLM generates an executable program
that invokes specialized visual tools - such as ob-
ject detectors and visual question answering (VQA)
models - to handle visual sub-tasks composition-
ally. We focus on this class of tool-augmented
visual reasoning systems, where the final output
is a discrete answer derived from the structured
execution of visual sub-tasks, combining the inter-
pretability of modular design and the flexibility of
LLM-generated Programs.

However, despite these advantages, such systems
face two compounding optimization challenges:
the execution pipeline is non-differentiable prevent-
ing direct gradient-based optimization of invoked
tool models; and intermediate sub-task supervi-
sion is unavailable, leaving only task-level labels
to guide learning. The non-differentiability of VP
execution stems from multiple sources: the discrete
bounding box selection in localization modules, the
deterministic image cropping conditioned on these
discrete selections, and the symbolic logic oper-
ations in the EVAL aggregation module. While
continuous relaxation techniques such as Gumbel-
Softmax (Jang et al., 2017) can address discrete
sampling in isolation, they cannot handle symbolic
logic operations in EVAL, nor resolve the semantic
ambiguity introduced by relaxing discrete spatial
selections; moreover, they introduce approximation
error through temperature annealing. Reinforce-
ment learning (RL) (Sutton and Barto, 2018; Mnih
et al., 2015) offers an alternative, but although it
has been applied to optimize the LLM planner in
VP (Khan et al., 2024), applying it to tool model
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optimization suffers from severe credit assignment
difficulties in multi-step execution pipelines and
low sample efficiency due to sparse binary reward
signals. These challenges have prompted two lines
of work to enhance VP, yet as we discuss next,
neither line achieves true end-to-end differentiable
optimization.

Existing efforts to enhance VP fall into two cate-
gories: improving the LLM planner, and optimiz-
ing the invoked visual tool models - though the
latter remains largely underexplored. For the first
category, earlier works improve program gener-
ation through feedback mechanisms (Gao et al.,
2024a), reinforcement learning (Khan et al., 2024),
and dynamic RL-based planning control (Ke et al.,
2024); more recently, DWIM (Ke et al., 2025) en-
ables the LLM to identify tool failures and adjust
its planning through tool-aware fine-tuning, while
ViUniT (Panagopoulou et al., 2025) filters out erro-
neous programs by automatically generating visual
unit tests. However, all these methods neglect the
optimization of invoked visual tool models, which
account for the majority of the errors in VP execu-
tion, as evidence by our experimental observations
(Fig. 4). The only attempts to optimize visual tool
models - SDVP (Wan et al., 2025), which relies on
teacher-generated pseudo-labels, and CLOVA (Gao
et al., 2024b), which requires additional internet
data collection - both bypass true end-to-end gra-
dient optimization. To date, no existing method
achieves end-to-end differentiable optimization of
the entire modular system using only task-level
labels. This motivates a fundamentally different ap-
proach to tool-augmented visual reasoning: rather
than circumventing the non-differentiability of the
execution process, we seek to transform it into a dif-
ferentiable one by exploiting the inherent structure
of program execution.

In this paper, we propose eDoT, an end-to-
end Differentiable optimization method for Tool-
augmented visual reasoning. We observe that the
execution of any VP program induces a natural de-
pendency structure: each variable in the program
is determined by specific input variables and the
parameters of the invoked tool models, forming
directed dependency relationships across the entire
execution. Our key insight is that this dependency
structure is isomorphic to a directed probabilistic
graph, where nodes represent program variables
and model parameters, and directed edges encode
probabilistic dependencies. This isomorphism pro-
vides a principled foundation for applying proba-

bilistic inference to the program execution process.
Concretely, we construct this directed proba-

bilistic graph from the visual program and apply
Variable Elimination (Shachter, 1986)—an exact
probabilistic inference technique (Pearl, 1988)—to
compute differentiable probability expressions for
the program’s output. This transforms the origi-
nally non-differentiable VP execution into an equiv-
alent, fully differentiable probabilistic inference
process on the graph, through which gradients flow
precisely to the parameters of every invoked tool
model. As a result, standard gradient-based opti-
mization can be directly applied to fine-tune tool
models using only task-level labels, without re-
quiring teacher models (Wan et al., 2025), pseudo-
labels, or additional data collection (Gao et al.,
2024b). Crucially, because VP programs are of lim-
ited length and the resulting probabilistic graphs
are of bounded scale, exact inference remains com-
putationally tractable—yielding precise gradient
signals rather than the approximations introduced
by relaxation-based methods. To further stabilize
optimization across programs of varying complex-
ity, we propose a curriculum learning strategy that
arranges training samples by program length, pro-
gressively introducing more complex multi-step
programs as learning proceeds.

Note that end-to-end Vision-Language Mod-
els (VLMs) (e.g., GPT-4V (OpenAI, 2023), In-
ternVL (Chen et al., 2024b)) and VP frameworks
represent complementary paradigms with different
design objectives—the former optimizes percep-
tual performance while the latter prioritizes inter-
pretable, auditable reasoning. Our eDoT addresses
the orthogonal question of how to optimize tool
models within the VP paradigm, and we therefore
compare only against VP enhancement methods
of the same type (enhancing the capabilities of
invoked visual tool models) under identical experi-
mental conditions.

In summary, our contributions are as follows:
• We propose eDoT, the first end-to-end dif-

ferentiable optimization method for tool-
augmented visual reasoning frameworks.
eDoT enables gradient-based fine-tuning of in-
voked tool models using only task-level labels,
without requiring teacher models, pseudo-
labels, or additional data collection.

• We establish a principled isomorphism be-
tween VP execution and directed proba-
bilistic graphical models. This transforms
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the non-differentiable VP execution into an
equivalent differentiable inference process,
through which precise gradient signals propa-
gate to all invoked tool model parameters.

• Extensive experiments validate the effec-
tiveness and generalization of our eDoT.
On GQA (Hudson and Manning, 2019),
NLVRv2 (Suhr et al., 2019), and Open Im-
ages (Shao et al., 2024), eDoT achieves im-
provements of 3.7%, 7.6%, and 20.0% with
consistent gains across multiple visual models
and cross-task generalization.

2 Related Works

Tool-Augmented Reasoning and Visual Pro-
gramming. Tool-augmented reasoning (Schick
et al., 2023; Hao et al., 2023; Qin et al.,
2024)—where a central controller decomposes
complex tasks and delegates sub-tasks to special-
ized external modules—has long been explored for
interpretable and compositional AI. Early neuro-
symbolic methods (Yi et al., 2018; Mao et al.,
2019; Amizadeh et al., 2020) instantiated this
paradigm through pre-designed Domain-Specific
Languages (DSLs), but their fixed vocabularies lim-
ited generalization and flexibility. The emergence
of LLMs (Zhao et al., 2023; Yang et al., 2024)
transformed this landscape: Visual Programming
frameworks (Gupta and Kembhavi, 2023; Surís
et al., 2023) replaced hand-crafted DSLs with LLM-
generated executable programs that dynamically
invoke specialized visual models as tools, enabling
zero-shot generalization to diverse visual reasoning
tasks without task-specific training.

Methods for Enhancing Visual Programming.
VP enhancement methods fall into two categories.
For LLM planner improvement, prior works adopt
execution feedback (Gao et al., 2024a), reinforce-
ment learning (Khan et al., 2024), and DQN-
based meta-control (Ke et al., 2024); more re-
cently, DWIM (Ke et al., 2025) enables tool-
failure-aware replanning via instruction-masking
fine-tuning, while ViUniT (Panagopoulou et al.,
2025) filters erroneous programs using automati-
cally generated visual unit tests. For visual tool
model improvement—the category most relevant
to our work—SDVP (Wan et al., 2025) constructs
a stepwise distillation pipeline in which a fully-
supervised teacher provides pseudo-labels for each
VP sub-task, while CLOVA (Gao et al., 2024b)
localizes erroneous perception steps and collects

targeted internet data to retrain the responsible mod-
ule. Notably, all these methods treat the VP execu-
tion pipeline as a fixed, non-differentiable structure,
and none attempts to propagate gradients through
the full execution process using only task-level su-
pervision—the gap that our eDoT addresses.

3 Methodology

In this section, we will introduce our eDoT in detail.
Firstly, we will formulate the execution process of
VP. Then, our eDoT will be introduced in three
main parts: 1) the construction of the probabilistic
graph corresponding to the visual program of VP;
2) the exact inference process on the constructed
probabilistic graph, which can help transform the
non-differentiable visual programming execution
process into a differentiable one; 3) the loss func-
tion of utilizing original VR labels supervising VP
outcomes.

3.1 Execution Process of VP
The core idea of VP in solving VR tasks is to use
LLMs to generate a visual program to address the
original VR question step-by-step. Then the visual
program is executed, invoking different visual mod-
els as needed, to obtain the answer to the original
VR question.

For each case in a VR task T , the input and label
can be denoted as < I,Q > and Y , respectively,
where I is the image (For GQA and Open Images,
one image, NLVRv2 two images), Q is the original
VR question, and Y is the corresponding label. For
convenience, we use VisProg (Gupta and Kemb-
havi, 2023), a classical VP framework, for further
introduction. VisProg uses an LLM to accept the
VR question Q as input and generates a visual pro-
gram Pr as:

Pr = f(Pro,Q; θllm), (1)

where f(·; θllm) means an LLM with θllm as its
weight parameters and Pro means the prompt,
which includes the instruction and a few demonstra-
tions. As shown in the top-left part of Fig. 1, the
Visual Program Pr is an executable program with
multiple lines. There are six kinds of modules in
Pr: LOC (the NLVR task does not have the LOC
module), COUNT, CROP, VQA, EVAL, and RE-
SULT. LOC and VQA are visual modules that in-
voke an object detection model and a VQA model,
respectively. Pr can be categorized into three
types: VQA, LOC+VQA, and LOC+COUNT, re-
spectively represent Pr only invoking VQA model

52469



LOC
IMAGE0

IMAGE1

'What color is
the post?'

'What color is
the sign?'

Question: Do the post and the sign have a different colors?
Visual Program:
BOX0=LOC(image=IMAGE,object='post')
BOX1=LOC(image=IMAGE,object='sign')
IMAGE0=CROP(image=IMAGE,box=BOX0)
IMAGE1=CROP(image=IMAGE,box=BOX1)
ANSWER0=VQA(image=IMAGE0,question='What color is the
post?')
ANSWER1=VQA(image=IMAGE1,question='What color is the
sign?')
ANSWER2=EVAL(expr="'yes' if {ANSWER0} != {ANSWER1} else
'no'")
FINAL_RESULT=RESULT(var=ANSWER2)
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VQA IMAGE1
'What
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Figure 1: The overview of our proposed eDoT method. The top-left part is the visual program, and the top-right part
is the constructed Probabilistic Graph. Below is the corresponding flowchart.

(Pr for NLVRv2 do not invoke LOC model), in-
voking LOC and VQA models, invoking COUNT
function followed by LOC model (this type of Pr
will count the number of objects located by LOC).
The number of the LOC or VQA modules in Pr
could be more than one. The process of the i-th
LOC module can be denoted as:

Bi = f(I,Oi; θloc), (2)

where Oi (in Fig. 1, ‘post’ or ‘sign’) denotes the
object name needed to be detected, Bi denotes the
bounding box of Oi in I , and f(·; θloc) denotes
the invoked object detection model which with θloc
as weight parameters. For LOC+VQA type Pr,
then the sub-image Ii (in Fig. 1, ‘IMAGE0’ or
‘IMAGE1’) is produced through:

Ii = CROP(I,Bi). (3)

Ii will then be input into the i-th VQA module to
produce the sub-answer Ai of the sub-questions Qi

in this module as:

Ai = f(Ii, Qi; θvqa), (4)

where f(·; θvqa) is the invoked VQA model with
θvqa as its weight parameters. For LOC+COUNT
type Pr, Ai is the counted number of located tar-
geted objects by the LOC model:

Ai = COUNT(Bi). (5)

All N (N ≥ 1) sub-answers {Ai}N−1
i=0 will be sent

into the EVAL module to produce the final answer
Af (in Fig. 1, ‘ANSWER2’) as:

Af = EVAL({Ai}N−1
i=0 ), (6)

where EVAL is a nested Boolean expression or a
conditional selection statement that uses a nested
Boolean expression as its condition. For the formal
details of EVAL, please refer to Appendix A.1.

3.2 Details of Our eDoT
Our goal is to enhance VP for Task T by optimiz-
ing θloc and θvqa of visual tool models invoked by
LOC and VQA modules with label Y of T as su-
pervision. To achieve this goal, we transform the
non-differentiable execution process of the visual
program Pr into a differentiable probabilistic infer-
ence process on the probabilistic graph constructed
from Pr.

Probabilistic Graph Construction.
As established in Sec. 1, the variable dependency

structure of any VP program Pr is isomorphic to
a directed probabilistic graph, which provides the
foundation for applying exact probabilistic infer-
ence to achieve differentiable optimization. We
construct this graph (Fig. 1, top-right) with three
types of nodes: input variables (blue), intermediate
or final output variables (green), and visual model
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weight parameters θloc, θvqa (red). Directed edges
run from input variable nodes to their correspond-
ing output variable nodes, and from weight parame-
ter nodes to the corresponding model output nodes,
reflecting that visual model outputs depend jointly
on inputs and weights. Modules that do not alter
probability distributions (CROP and RESULT) are
omitted from the graph.

Exact Inference. Because the visual program
Pr is generated from one VR question, the length
of Pr is limited, and thus the scale of the probabilis-
tic graph derived from Pr is limited. Considering
those, we utilize “Variable Elimination” (Shachter,
1986), an Exact Inference technique (Pearl, 1988),
to compute and get the differentiable probability
expression of the outcome nodes. This probability
serves as the answer prediction of Af for the VR
question Q. The expression includes the weight
parameters of invoked visual models. We introduce
the process in two situations: the first situation is
LOC+VQA or VQA type Pr (we use LOC+VQA
type to do the introduction, the inference of VQA
type is similar to LOC+VQA), and the second situ-
ation is LOC+COUNT type Pr. For LOC+VQA
type Pr, as the case shown in Fig. 1, from the di-
rected probabilistic graph, when the original inputs
and weight parameters (all the blue and red nodes
in the generated probabilistic graph) are given as
condition, the variables Ai

i≥0 are “conditionally in-
dependent” (in Fig. 1 ANSWER0 and ANSWER1
are “conditionally independent”). So we can firstly
calculate the probability distribution PAi

of each
Ai respectively, then utilize those distributions to
calculate the distribution of the final answer predic-
tion Af (such as ANSWER2 in Fig. 1) according
to the boolean condition formulation in EVAL. pA

i

j

is the j-th component of PAi
, represents the proba-

bility of Ai on the j-th output candidate. pA
i

j can
be expressed as follows:

pA
i

j =P (Ai = Ai
j |I, Pr, θloc, θvqa)

=P (Ai = Ai
j |I, {Qi}N−1

i=0 , {Oi}N−1
i=0 , θloc, θvqa)

=
∑

k

P (Ai = Ai
j , I

i = Iik|

I, {Qi}N−1
i=0 , {Oi}N−1

i=0 , θloc, θvqa),

(7)

where {Qi}N−1
i=0 and {Oi}N−1

i=0 respectively repre-
sent all N number of sub-question Qi and object
Oi in Pr, Iik represents the sub-image crop from
the k-th bounding box candidate produced by the
LOC model with input (I,Oi). θloc and θvqa repre-
sent the weight parameters of the LOC and VQA

models, respectively. Because variables Ai and Ii

are not independent, we can further obtain:

pA
i

j =
∑

k

P (Ai = Ai
j |Ii = Iik, I, {Qi}N−1

i=0 ,

{Oi}N−1
i=0 , θloc, θvqa)

· P (Ii = Iik|I, {Qi}N−1
i=0 , {Oi}N−1

i=0 , θloc, θvqa).
(8)

By simplifying Equation 8 according to the condi-
tional dependencies in the probabilistic graph, we
obtain that

pA
i

j =
∑

k

P (Ai = Ai
j |Ii = Iik, Q

i, θvqa)

· P (Ii = Iik|I,Oi, θloc),

(9)

P (Ai = Ai
j |Ii = Iik, Q

i, θvqa) = fj(I
i
k, Q

i; θvqa), (10)

where fj(I
i
k, Q

i; θvqa) represents the probability
on the j-th output candidate of the VQA model
with Input (Iik, Q

i). Because the CROP func-
tion does not change the probability, we use pB

i

k

representing the probability of the k-th bounding
box candidate produced by the LOC model with
weights θloc under input (I,Oi) (also represented
as fk(I,Oi; θloc)). So we get that:

pB
i

k = P (Ii = Iik|I,Oi, θloc)

= P (Bi = Bi
k|I,Oi, θloc)

= fk(I,O
i; θloc).

(11)

Finally, we can express pA
i

j as:

pA
i

j =
∑

k

fj(I
i
k, Q

i; θvqa) · fk(I,Oi; θloc). (12)

After we have obtained {PAi}N−1
i=0 , the differen-

tiable probability expressions of all sub-answers,
we pass them into the EVAL boolean condition
formulation to get the final differentiable answer
prediction distribution:

yl = feval({PAi}N−1
i=0 ;EVAL({Ai}N−1

i=0 )), (13)

where yl represents the probability of the l-th can-
didate of VP answer prediction for VR question
Q, feval(·;EVAL) denotes probability calculated
based on the EVAL Boolean expression. Please
refer to Appendix A.1 for the details of feval. For
LOC+COUNT type Pr, {pBi

k }nk are directly used
to construct the loss function. we introduce those
below.

Loss Function. For LOC+VQA or VQA type
Pr, we use the cross-entropy function to construct
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the loss as follows:

L =
1

m

∑

m

∑

l

Yl log yl, (14)

where Yl denotes the label on the l-th dimension of
the original label Y , which means the ground truth
on this answer candidate, m is the total number
of training cases. For LOC+COUNT type Pr, it
needs to count the located bounding box with the
score (here we use probability pB

i
) bigger than the

threshold τ . We get the objective number K from
label Y and EVAL() expression, then construct the
loss for the LOC+COUNT cases as follows:

L =
1

l

∑

l

(αL1 + βL2). (15)

It is a weighted sum of two losses, and l is the
number of LOC+COUNT train cases. In Eq. 15,

L1 = − log(

CK
r∑

1

∏

j

{
στ (p

B
j ) chosen j

1− στ (p
B
j ) not chosen j

), (16)

where στ (·) is a sigmoid function with the hori-
zontal right shift at the location score threshold τ .
στ (p

B
j ) represents whether the jst bounding box

can be counted to be 1, CK
r represents the number

of combinations for counting K from r candidate
bounding box in early steps of the LOC model. L2

loss is a standard IOU loss used to ensure that the
bounding boxes derived from the optimized LOC
model do not deviate too far from their original po-
sitions. This is intended to preserve the capabilities
of the pre-trained LOC model to some extent and
prevent the collapse of the LOC model optimiza-
tion under weak supervision provided by VR labels.
Both of the two kinds of loss L are differentiable.
Hence, it can be trained through gradient-based op-
timization methods (such as SGD) to enhance the
performance of VisProg on the objective VR task.

4 Experiments

Experimental Setting. We evaluate our eDoT un-
der VisProg (Gupta and Kembhavi, 2023) (a popu-
lar VP framework) on three widely employed VR
tasks: GQA (Hudson and Manning, 2019) and
NLVRv2 (Suhr et al., 2019), along with the Open
Images split of Visual CoT (Shao et al., 2024)
tasks (denoted as Open Images hereafter), all three
require real-world visual perception and composi-
tional reasoning abilities. Each case in GQA and
Open Images is constructed with one real-world im-
age and a question asking about this image, while

NLVRv2 is constructed with two real-world im-
ages and a statement to be determined as True or
False. Following the prompt of VisProg (shown in
Appendix A.5), we use DeepSeek-V3 (Liu et al.,
2024) to generate visual programs for the cases in
a subset of train balanced in GQA, and whole train
splits in NLVRv2 and Open Images, which are then
executed to produce the predicted answer. We col-
lect the programs that are successfully compiled
from the training set as our training data. Accuracy
is reported respectively on the test-dev balanced of
GQA, public test split of NLVRv2, and test split
of Open Images. Following VisProg, we use Owl-
ViT-large (Minderer et al., 2022) as the LOC model,
and BLIP (Li et al., 2022) as the VQA model. Be-
sides, we also evaluate our eDoT by adopting two
more recent models, InternVL1.5-2B (Chen et al.,
2024a) and InternVL3-2B (Zhu et al., 2025), as
the VQA model. For more Implementation Details,
please refer to Appendix A.2.

4.1 Main Results
We compare the performance of our eDoT with an
SOTA VP-enhanced method, SDVP (Wan et al.,
2025), which focuses on improving VP-invoked
visual models. Note that we have not compared
our eDoT with CLOVA (Gao et al., 2024b) since
the size and content of the training data are very
different and hard to compare fairly. The major dif-
ference is that our eDoT optimizes a visual model
invoked by an explicit multi-step process based on
distant outcome supervision (original VR labels).
In contrast, CLOVA optimizes a single-step pro-
cess, allowing it to optimize vision models without
the need for distant supervision. CLOVA first at-
tempts to pinpoint the erroneous step, then gathers
additional labeled internet data specifically for op-
timizing that step, directly supervising the model at
that particular stage. Additionally, CLOVA only re-
ports results based on 500 randomly sampled cases,
whereas we have tested our eDoT under a more gen-
eral setup, evaluating its performance across the
entire GQA test-dev balanced set, NLVRv2, and
Open Images public test set. From the results re-
ported by CLOVA on 500 random samples, the per-
formance on NLVRv2 is significantly lower than
Baseline in Tab. 1 (65.6 vs 73.6).

Comparison results on the three tasks are shown
in Tab. 1. For the supervised methods under Vis-
Prog, we get answers by executing visual pro-
grams. eDoT with BLIP achieves improvements
on GQA (+3.7%), NLVRv2 (+7.6%), and Open
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Method
GQA

test-dev balanced
NLVRv2

public test
Open Images

test

VisProg

Zero-shot (baseline)
BLIPhg 48.6 68.3 35.6

BLIPlavis 51.0 73.6 44.9
InternVL1.5 56.3 78.2 40.6
InternVL3 56.2 82.4 38.8

Supervised
BLIPhg (SDVP) 50.4(+1.8) 75.2(+6.9) -

BLIPlavis (Our eDoT) 54.7(+3.7) 81.2(+7.6) 64.9(+20.0)
InternVL1.5 (Our eDoT) 58.9(+2.6) 80.5(+2.3) 85.1(+44.5)
InternVL3 (Our eDoT) 58.8(+2.6) 87.0(+4.6) 84.6(+45.8)

Table 1: Results of different methods on GQA, NLVRv2, and Open Images. Our eDoT is effective for both
BLIP (Li et al., 2022), InternVL1.5-2B (Chen et al., 2024a) and InternVL3-2B (Zhu et al., 2025). BLIPhg refers
to the Hugging Face (Jain, 2022) implementation of BLIP , and BLIPlavis refers to the LAVIS (Li et al., 2023)
implementation of BLIP. There are slight performance differences between the two libraries. SDVP (Wan et al.,
2025) is another learning method for VisProg.

0 1 2 3 4
51

52

53

54

55

Curriculum Learning Stage

A
cc

ur
ac

y
(%

)

Figure 2: The accuracy of each curriculum learning
stage while learning on GQA with our eDoT.

Images (+20.0%). SDVP achieves an increase of
1.8% and 6.9% on GQA and NLVRv2, respectively.
Compared to SDVP, our method shows a greater
improvement over the baseline, which validates
the advantages of our method: achieving a larger
performance gain without the need for an addi-
tional teacher model. The results of SDVP on
Open Images are unavailable because the SDVP
method requires a stronger, pre-trained end-to-end
teacher model for stepwise distillation, and no suit-
able teacher model is available for the Open Im-
ages task dataset. In contrast, our eDoT can be
trained end-to-end using only the final task labels,
demonstrating its superior task adaptability com-
pared with SDVP. Moreover, our eDoT remains
effective when applied to the more powerful visual
models. InternVL1.5-2B and InternVL3-2B respec-
tively obtains a 2.6% and 2.6% improvement on
GQA, a 2.3% and 4.6% improvement on NLVRv2,
and a 44.5% and 45.8% improvement on Open Im-
ages, demonstrating the adaptability of our eDoT
to these models.

Model CL
GQA NLVRv2

test-dev balanced public test

BLIP
Baseline 51.0 73.6

✓ 54.7(+3.7) 81.2(+7.6)
✗ 53.3(+2.3) 79.3(+5.7)

Table 2: Results comparison with different training
paradigms. “CL” means “Curriculum Learning”.

Disrupted GQA NLVRv2
Programs test-dev balanced public test

Baseline 51.0 73.6
0% 54.7(+3.7) 81.8(+8.2)
20% 54.6(+3.6) 80.9(+7.3)
50% 53.6(+2.6) 77.8(+4.2)

Table 3: Effect of Disrupted Visual Programs Propor-
tion on BLIP Model Performance. The batch size for
NLVRv2 and GQA is 32.

1
BOX0=LOC(image=IMAGE,object='laptop')

3

BOX1=LOC(image=IMAGE,object='chair')

4
IMAGE1=CROP(image=IMAGE,box=BOX1)

5

ANSWER0=VQA(image=IMAGE0,
question='Is the laptop made of plastic?')

6

ANSWER1=VQA(image=IMAGE1,
question='Is the chair made of plastic?')

7

ANSWER2=EVAL(expr="'yes' if {ANSWER0}
== 'yes' or {ANSWER1} == 'yes' else 'no'")

8
FINAL_RESULT=RESULT(var=ANSWER2)

2

IMAGE0=CROP(image=IMAGE,box=BOX0)

Is there either a
laptop or a chair
that is made of

plastic?

Question Visual Program Origin Ours

[0.86]

[0.67,
0.64,
0.61]

'no':0.69,
'yes':0.30,...
'no':0.86,
'yes':0.13,...
'no':0.60,
'yes':0.40

Ans: no ×

'no':0.01,
'yes':0.99

Ans: yes √GT: yes

Backward

Cross
Entropy

Loss

'no':0.01,
'yes':0.99,...
'no':1.00,
'yes':0.00,...

(key step)

IMAGE:

[0.67, 0.64, 0.61]

[0.86]

[0.67,
0.64,
0.61]

[0.86]

[0.86]

[0.67, 0.64, 0.61]

Figure 3: Qualitative example showing the program
execution flow of VisProg original and after learning
with our method. We provide detailed process outputs
of each step during program execution. Ans means the
final answer, and GT means the ground truth. For more
cases, please refer to our supplementary materials.
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4.2 Ablation Studies and Robustness Analysis

Training Paradigms. Initially, our experiments
show that training the model with all data simul-
taneously barely enhances its performance, likely
due to the need to handle complex task variations
from the start, which can destabilize training before
simple patterns are learned.

Thus, we adopt curriculum learning, starting
with simpler tasks and progressively introducing
more complex ones. We organize the training data
by the number of visual program steps, beginning
with one-step visual programs (only calculating
steps invoking visual models), then moving to two-
step programs, and gradually increasing the com-
plexity of the training tasks. The experiment results
in Tab. 2 indicate that using a curriculum learning
approach can unleash the potential of our method.
Without curriculum learning, less improvement
in model performance is observed. With curricu-
lum learning, our eDoT shows a 3.7% increase on
GQA and a 7.6% increase on NLVRv2. In Fig. 2,
we present the performance enhancements of VP
across different stages of CL when trained on GQA
under our eDoT. The effectiveness of VP reaches
saturation by the third stage, suggesting that a total
of 3 to 4 steps is an appropriate arrangement for
the curriculum learning stage of our eDoT.

Robustness to Noisy Visual Program. Our
eDoT is an optimization method based on an ex-
plicit workflow, which is determined by visual pro-
grams generated by LLMs. Therefore, the quality
of the visual program has a crucial impact on the
performance of our method. However, the pro-
grams generated by LLMs can not be perfectly
accurate, which necessitates that our method be
robust to noisy data. To evaluate the robustness of
our method against the noise, we introduce noise
into the training dataset by intentionally disrupt-
ing the visual programs generated by LLMs. The
types of disruptions include: 1) randomly replacing
module input parameters and 2) replacing certain
modules with alternatives. It is worth mentioning
that these disruptions will not cause program ex-
ecution workflow errors. We randomly select x%
of the data for disruptions. As shown in Tab. 3,
our method performs relatively well even when
20% of the training data is corrupted, with only a
0.1% drop in performance in GQA compared to
that where no visual program is corrupted. Only
when the artificial corruption rate rises to 50%, the
performance of our eDoT drops from our best per-

Incorrect Program Visual Model Other Correct

1%
29%

20%

50%

GQA Before Training

1%
25%

18%
56%

GQA After Training

2%
25%

73%

NLVR Before Training

2%
18%

80%

NLVR After Training

4%

35%

18%

43%

4%11%

16%

69%

Open Images Before Training

Open Images After Training

Figure 4: Sources of errors in VisProg before and after
eDoT. We categorize the error causes into three groups:
(1) Incorrect Program, (2) incorrect outputs from Visual
Models, and (3) Other factors such as semantically sim-
ilar answers that fail to match the ground truth.

Method
GQA

(in-task)
Open Images
(cross-task)

VLM
Zero-shot InternVL1.5 63.2 41.0

Supervised InternVL1.5 (SFT) 64.6(+1.1) 42.7(+1.7)

VisProg
Zero-shot InternVL1.5 56.3 40.6

Supervised
InternVL1.5 (SDVP) 57.7(+1.4) 42.5(+1.9)

InternVL1.5 (Our eDoT) 58.0(+1.7) 44.7(+4.1)

Table 4: Cross-task evaluation: InternVL1.5 (Chen et al.,
2024a) trained on GQA under demonstrates improved
accuracy when evaluated on Open Images, indicating
enhanced cross-task generalization. Our eDoT demon-
strates stronger cross-task generalization capabilities
compared to SDVP (Wan et al., 2025) or SFT.

formance, with a 1.1% decrease in GQA and a 4.0%
decrease in NLVRv2. These results demonstrate
that our eDoT has robustness against the noise of
the visual program. Moreover, combining Tab. 3
and the error analysis in (Gupta and Kembhavi,
2023) and Sec. 4.4, it is evident that current LLMs
meet the quality requirement of generating visual
programs.

4.3 Analysis of Generalization and
Adaptability

Cross-task generalization ability. To evaluate
the generalization ability of our eDoT, we conduct
a cross-task evaluation by training the model on
the GQA train split and evaluating it on the Open
Images test set. As shown in Tab. 4, our eDoT
achieves a 4.1% improvement in cross-task test ac-
curacy, outperforming the 1.7% gain obtained with
the End-to-end (without VisProg) Supervised Fine-
Tuning (SFT) method. It can be observed that the
performance improvement of SDVP (Wan et al.,
2025) (another VP-enhanced method) on GQA af-
ter training (+1.4%) is lower than the improvement
achieved by our eDoT. Additionally, SDVP’s cross-
task generalization ability on Open Images (+1.9%)
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is also lower than our eDoT’s improvement. We
attribute this difference to the fact that our eDoT
makes better use of the dataset’s result labels for
learning, effectively avoiding the noise introduced
by SDVP during the intermediate step supervision
from the teacher model. These results demonstrate
the solid cross-task generalization ability of our
eDoT.

Robustness on longer programs and newer
models. To further evaluate the robustness of our
eDoT on longer programs and more recent models,
we perform two additional experiments on GQA
and NLVRv2. First, we train VP with BLIP as
its VQA tool model exclusively on long programs
from NLVRv2 (6–8 visual model steps, 8,000 sam-
ples, about 10% of the full training set), achieving
a +4.7% accuracy gain (73.6%→78.3%). Second,
we replace the visual models with more recent al-
ternatives—LLMDet Swin-L (Fu et al., 2025) as
the LOC tool model and InternVL3-2B (Zhu et al.,
2025) as the VQA tool model—and apply eDoT
on GQA, yielding a consistent +2.6% improve-
ment (56.2%→58.8%), comparable to the gains ob-
served with Owl-ViT-large (Minderer et al., 2022)
and InternVL1.5-2B (Chen et al., 2024a). Notably,
swapping in newer models alone does not improve
the VP baseline, whereas eDoT reliably delivers
gains regardless of the underlying model choice.
These experimental results demonstrate that our
eDoT is robust against longer programs and more
recent models.

4.4 Qualitative Analysis

Error Analysis. We randomly sample 100 ex-
amples per dataset for manual inspection. As
shown in Fig. 4, the dominant error source in Vis-
Prog is visual model failure, with very few incor-
rect programs—confirming the adequacy of LLM-
generated programs and underscoring the impor-
tance of visual model optimization. eDoT reduces
visual model error rates by 4%, 7%, and 24% on
GQA, NLVRv2, and Open Images, respectively.

Case Study. Fig. 3 illustrates a representative
GQA example where the baseline VQA model in-
correctly ranks a key intermediate sub-answer (0.69
for "no" vs. 0.30 for "yes"), propagating an error to
the final output. After eDoT optimization, the cor-
rect answer is ranked first (0.99 for "yes"), yielding
the correct final result. More cases are provided in
Appendix A.3.

5 Conclusion

We present eDoT, the first end-to-end differentiable
optimization method for tool-augmented visual rea-
soning. By establishing an isomorphism between
VP execution and directed probabilistic graphs,
eDoT transforms the non-differentiable execution
process into a differentiable one via exact inference,
enabling gradient-based optimization using only
task-level labels. Experiments on GQA, NLVRv2,
and Open Images validate consistent improvements
across multiple visual models and cross-task set-
tings. Future research will extend eDoT beyond
Visual Reasoning.

Limitations

The current framework is designed for visual rea-
soning tasks where outputs can be represented as
probability distributions over discrete answer can-
didates. Extending eDoT to tasks with structured
or continuous outputs, such as visual grounding or
image generation, requires developing appropriate
probabilistic formulations for non-discrete output
spaces, which we identify as an important direction
for future work.
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A Appendix

A.1 Formulation of “EVAL”
In VisProg (Gupta and Kembhavi, 2023), one kind
of Visual Programming (VP) framework, after gen-
erating the answers to each sub-question, an EVAL
module is used to combine those answers. We can
express it as:

Af = EVAL({Ai}N−1
i=0 ), (17)

where Af is the final answer produced by Vis-
Prog, {Ai}N−1

i=0 represents the set of answers to
sub-questions. EVAL is a nested Boolean expres-
sion or a conditional selection statement that uses
a nested Boolean expression as its condition. The
nested Boolean expression can be expressed as:

Df = Bool({Di}N−1
i=0 ), (18)

where Df is the final Boolean value from which to
determine Af , {Di}N−1

i=0 is a set containing multi-
ple atomic Boolean expressions Di, each Di use Ai

as a variable to calculate its Boolean value. When
using our eDoT, the answer to each sub-question is
represented as a probability distribution PAi on a
candidate answer list. Then, we can get

yl = feval({PAi}N−1
i=0 ;EVAL({Ai}N−1

i=0 ))

= feval({PAi}N−1
i=0 ;Bool({Di}N−1

i=0 )).
(19)

Here, we introduce the formulation of the EVAL
function to combine those distributions into the
probability distribution of the final answer. First,
it is easy to calculate the Boolean probability dis-
tribution of each atomic Boolean expression Di

52477

https://doi.org/10.18653/v1/P19-1644
https://doi.org/10.18653/v1/P19-1644
https://doi.org/10.18653/v1/P19-1644
https://arxiv.org/abs/2309.09809
https://arxiv.org/abs/2309.09809
https://arxiv.org/abs/2309.09809


Visual Model
Curriculum Learning Data Size
stage program steps GQA NLVRv2

BLIP

1 ≤ 1 15,000 9,681
2 ≤ 2 45,000 52,702
3 ≤ 3 60,000 54,866
4 ≤ 4 70,000 76,267

Table 5: The settings of curriculum learning. “Program
steps” are defined as the total number of modules that
invoke the visual model. The other modules (e.g., CROP,
EVAL, and RESULT) that do not call the visual model
are excluded from the count.

from PAi
to get P (Di = T ) and P (Di = F ),

in which ‘T’ represents ‘True’ and ‘F’ represents
‘False’. There are 4 ways to combine the atomic
Boolean expression Di and Ds into the higher-
level Boolean expression D:

D =





¬Di

Di and Ds

Di or Ds

Di xor Ds

. (20)

For D =¬ Di,

P (D = T ) = P (¬Di = T ) = P (Di = F )

P (D = F ) = P (¬Di = F ) = P (Di = T ).
(21)

For D = Di and Ds,

P (D = T ) = P (Di = T ) · P (Ds = T )

P (D = F ) = 1− P (D = T ).
(22)

For D = Di or Ds,

P (D = T ) = 1− P (D = F )

P (D = F ) = P (Di = F ) · P (Ds = F ).
(23)

For D = Di xor Ds,

P (D = T ) = P (Di = T ) · P (Ds = F ) + P (Di = F ) · P (Ds = T )

P (D = F ) = 1− P (D = T ).
(24)

By repeatedly applying the above formula and
calculating sequentially, we can ultimately obtain
the probability distribution of the Boolean value
for Df , from which the probability distribution
y of the final answer Af for the original Visual
Reasoning(VR) input < I,Q > can be derived.
Then we can use this answer prediction probability
distribution y to construct the loss function with
the label of this case (please refer to Sec. 3.2).

A.2 Implementation Details.
Following VisProg, we use Owl-ViT-large (Min-
derer et al., 2022) as the LOC model, and BLIP (Li

1
BOX0=LOC(image=IMAGE,object='fruit')

3

BOX1=LOC(image=IMAGE,object='toilet')

4

5

ANSWER0=COUNT(box=BOX0)

6

ANSWER1=COUNT(box=BOX0)

ANSWER2=EVAL(expr="'yes' if {ANSWER0}
+ {ANSWER1} > 0 else 'no'")

FINAL_RESULT=RESULT(var=ANSWER2)

2

Are there any fruits
or toilets?

Question Visual Program Origin Ours

[0.62]

Ans: yes × Ans: no √GT: no

Backward

Cross
Entropy

Loss

(key step)

IMAGE: '0':0.38,
'1':0.62

'0':1.00

'no':0.38,
'yes':0.62

'0':1.00,
'1':0.00

'0':1.00

'no':1.00,
'yes':0.00

1
BOX0=LOC(image=IMAGE,object='large door')

3

4

ANSWER0=VQA(image=IMAGE0,question='What
kind of material is used to make the large door?')

FINAL_RESULT=RESULT(var=ANSWER0)

2
IMAGE0=CROP(image=IMAGE,box=BOX0)

Which kind of
material is used to

make the large
door?

Question Visual Program Origin Ours

Ans: glass × Ans: wood √GT: wood

Backward

Cross
Entropy

Loss

(key step)
IMAGE:

[0.11]

[0.11]

'glass':0.318,
'wood':0.317,...

[0.11]

[0.11]

'glass':0.113,
'wood':0.722,...

Figure 5: These program execution processes of the
Visual Program before and after learning with our eDoT
for a case in GQA. We provide detailed process outputs
of each step during program execution. ‘Ans’ means the
final answer, and ‘GT’ means the ground truth.

et al., 2022) as the VQA model. Besides, we
also evaluate our eDoT by adopting two more re-
cent models, InternVL1.5-2B (Chen et al., 2024a)
and InternVL3-2B (Zhu et al., 2025), as the VQA
model. For BLIP, while learning on GQA, we un-
freeze the weights of the last 4 layers of its vi-
sion encoder and answer decoder; while learning
on NLVRv2, we unfreeze the last 2 layers of its
vision encoder and answer decoder because we
think NLVRv2, with only True or False as the
answer, is easier than GQA. For InternVL1.5-2B
and InternVL3-2B, we employ LoRA (Hu et al.,
2022) to fine-tune its LLM component, which helps
in controlling computational resources. We use
AdamW (Loshchilov and Hutter, 2019) optimizer
with learning rate 1× 10−5, batch size 32 on GQA
and Open Images, 64 on NLVRv2 for training. In
our experiments, we classify the difficulty of prob-
lems according to the length of program steps, and
the samples with fewer steps are regarded as rela-
tively easier ones. We apply a four-stage Curricu-
lum Learning (CL) to our training process, which
starts with samples of 1 visual module step and
gradually progresses to more challenging ones of
4 visual module steps. The detailed curriculum
learning settings are in Tab. 5.

A.3 More Cases

In Fig. 5, Fig. 6, and Fig. 7, we show more cases
for our eDoT in the GQA (Hudson and Manning,
2019), NLVRv2 (Suhr et al., 2019), and Open Im-
ages (Shao et al., 2024) datasets. Fig. 5 upper sub-
graph shows a case in GQA. This case asks “Are
there any fruits or toilets?”, and there are no fruits
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1

3

4

5

ANSWER4=EVAL(expr='{ANSWER0} 
and {ANSWER2}')

6

ANSWER5=EVAL(expr='{ANSWER1} 
and {ANSWER3}')

7

ANSWER6=EVAL(expr='{ANSWER4} 
and {ANSWER5}')

8
FINAL_ANSWER=RESULT(var=ANSWER6)

2

Each of the images
features fresh

watermelon slices
along with
popsicles.

Question Visual Program Origin Ours

Ans: True × Ans: False √GT:False

Backward

Cross
Entropy

Loss

ANSWER0=VQA(image=LEFT,question='Does the
image feature fresh watermelon slices?')

ANSWER1=VQA(image=RIGHT,question='Does the
image feature fresh watermelon slices?')

ANSWER2=VQA(image=LEFT,question='Does the
image feature popsicles?')

ANSWER3=VQA(image=RIGHT,question='Does the
image feature popsicles?')

'yes':0.93,
'no':0.07

'yes':0.90,
'no':0.10

'yes':0.87,
'no':0.13

'yes':0.79,
'no':0.21

True:0.8091,
False:0.1909

True:0.711,
False:0.289

True:0.5753,
False:0.4247

'yes':0.96,
'no':0.04

'yes':0.94,
'no':0.06

'yes':0.41,
'no':0.59

'yes':0.44,
'no':0.56

True:0.3936,
False:0.6064

True:0.4136,
False:0.5864

True:0.1628,
False:0.8372

LEFT:

RIGHT:

(key step)

(key step)

1

3

4

5

ANSWER4=EVAL(expr='{ANSWER0} 
or {ANSWER1}')

6

ANSWER5=EVAL(expr='{ANSWER2} 
or {ANSWER3}')

7

ANSWER6=EVAL(expr='{ANSWER4} 
and{ANSWER5}')

8
FINAL_ANSWER=RESULT(var=ANSWER6)

2

One of the laptops is
standing tent-like,

with an image
displaying outward

on the inverted
screen.

Question Visual Program Origin Ours

Ans: False × Ans: True √GT: True

Backward

Cross
Entropy

Loss

ANSWER0=VQA(image=LEFT,question='Is one of the
laptops standing tent-like?')

ANSWER1=VQA(image=RIGHT,question='Is one of
the laptops standing tent-like?')

ANSWER2=VQA(image=LEFT,question='Is there an
image displaying outward on the inverted screen?')

ANSWER3=VQA(image=RIGHT,question='Is there an
image displaying outward on the inverted screen?')

'yes':0.36,
'no':0.64

'yes':0.07,
'no':0.93

'yes':0.88,
'no':0.12

'yes':0.56,
'no':0.44

True:0.4048,
False:0.5952

True:0.9472,
False:0.0528

True:0.3834,
False:0.6166

'yes':0.71,
'no':0.29

'yes':0.05,
'no':0.95

'yes':0.90,
'no':0.10

'yes':0.33,
'no':0.67

True:0.7245,
False:0.2755

True:0.933,
False:0.067

True:0.676,
False:0.324

(key step)

LEFT:

RIGHT:

(key step)

Figure 6: These program execution processes of the
Visual Program before and after learning with our eDoT
for a case in NLVRv2. We provide detailed process
outputs of each step during program execution. ‘Ans’
means the final answer, and ‘GT’ means the ground
truth.

or toilets in the image. So the ground truth is “no”.
However, the LOC model in the first step makes
a mistake in locating a bounding box of “fruit”.
This mistake makes the final answer wrong. After
optimizing the LOC model using our eDoT, the
mistake of the LOC model in the first step has been
corrected. The output of the LOC model in this
step now produces no bounding box for the object
“fruit”, the final answer can also be corrected from
“yes” to “no”. Fig. 5 lower subgraph shows a case
in GQA, which is a shorter, similar case to the case
shown in Fig. 3.

Fig. 6 upper subgraph shows a case in NLVRv2.
The statement is “Each of the images features fresh
watermelon slices along with popsicles”. The pre-
trained VQA model makes mistakes when answer-
ing “Does the image feature popsicles?” for both
the left and right images. Hence, the final answer
is wrong, because there are no popsicles in both
images. After optimizing the VQA model using
our eDoT, the outputs of the 1st and 2nd steps are
still right, and the outputs of the 3rd and 4th steps
are corrected: the probability of “no” is larger than
“yes”. Then the final answer has been corrected
from the original wrong answer “True” to the right
answer “False”. Fig. 6 lower subgraph shows an-
other case in NLVRv2.

Fig. 7 upper subgraph shows a case that asks

Question Visual Program Origin Backward Ours

BOX0=LOC(image=IMAGE,object='people')             [0.48]            [0.48]

IMAGE0=CROP(image=IMAGE,box=BOX0)            [0.48]            [0.48]

ANSWER0=VQA(image=IMAGE0,question='Is this 
person holding a microphone?')

'yes'=0.951,
'no'=0.049

'yes'=0.985,
'no'=0.015

ANSWER1=VQA(image=IMAGE0,question='What 
is the people doing?')

'talking'=0.524,
'sitting'=0.412,

...

'sitting'=0.990,
'talking'=0.005,

...

ANSWER2=VQA(image=IMAGE,question='What is 
the people that holds the microphone doing?')

'talking'=0.687,
'singing'=0.182,

...

'sitting'=0.773,
'standing'=0.197,

...

ANSWER3=EVAL(expr="{ANSWER1} if 
{ANSWER0}=='yes' else {ANSWER2}")

'talking'=0.532,
'sitting'=0.397,

...

'sitting'=0.987,
'talking'=0.005,

...

FINAL_RESULT=RESULT(var=ANSWER3) Ans: 'talking'× Ans: 'sitting'√GT: 
‘sitting’

What is the 
people that 
holds the 

microphone 
doing?

Cross
Entropy

Loss

1

2

3

4

5

6

7

(key step)

Question Visual Program Origin Backward Ours

BOX0=LOC(image=IMAGE,object='people')       [0.18]         [0.18]

IMAGE0=CROP(image=IMAGE,box=BOX0)    [0.18]       [0.18]

ANSWER0=VQA(image=IMAGE0,question='Is this 
person wearing high heels?')

'yes'=0.661,
'no'=0.339

'yes'=0.884,
'no'=0.116

ANSWER1=VQA(image=IMAGE0,question='What 
is the people doing?')

'walking'=0.507,
'standing'=0.369,

...

'standing'=0.985,
'running'=0.014,

...

ANSWER2=VQA(image=IMAGE,question='What is 
the people that wears the high heels doing?')

'walking'=0.705,
'standing'=0.220,

...

'standing'=0.930,
'walking'=0.069,

...

ANSWER3=EVAL(expr="{ANSWER1} if 
{ANSWER0}=='yes' else {ANSWER2}")

'walking'=0.574,
'standing'=0.319,

...

'standing'=0.978,
'walking'=0.021,

...

FINAL_RESULT=RESULT(var=ANSWER3) Ans: 'walking'× Ans: 'standing'√GT: 
‘standing’

What is the 
people that 

wears the high 
heels doing?

Cross
Entropy

Loss

1

2

3

4

5

6

7

(key step)

Figure 7: These program execution processes of the
Visual Program before and after learning with our eDoT
for a case in Open Images. We provide detailed process
outputs of each step during program execution. ‘Ans’
means the final answer, and ‘GT’ means the ground
truth.

“What is the people who holds the microphone do-
ing?”, the ground truth is “sitting”. However, the
VQA model in the fourth step makes a mistake in
determining what people are doing. This mistake
makes the final answer wrong. After optimizing
the VQA model using our eDoT, the mistake in the
fourth step of the VQA model has been corrected.
The output of the VQA model in this step now pro-
duces the correct answer “sitting”, the final answer
can also be corrected from “talking” to “sitting”.
Fig. 7 lower subgraph shows another case in Open
Images.

A.4 Why Learning under VisProg?

Our eDoT is fundamentally a technique for opti-
mizing neural network models invoked under an
explicit procedure (here, the VisProg’s visual pro-
gram). Its key contribution lies in enabling end-
to-end learning with only outcome supervision for
non-differentiable yet interpretable VP frameworks.
Compared to conventional end-to-end fine-tuning
of pure neural networks, our eDoT is combined
with explicit symbolic computation or reasoning,
which preserves the interpretability advantage of
visual programming.

Moreover, for compositional tasks where inter-
faces between the task and invoked visual modules
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mismatch (e.g., NLVRv2 takes two images as input,
while its invoked VQA module processes only one),
eDoT still permits optimization. This expands the
scope of optimizable data to broader compositional
task scenarios.

We further argue that the strategy of our eDoT,
which learns under explicit visual programming,
offers another advantage over pure neural net-
work paradigms: stronger cross-task generalization.
When decomposing complex vision tasks that in-
volve intricate images and comprehension demands
via visual programs, the resulting visual subtasks
for model training become simpler, which contain
localized images and partial understanding require-
ments. This narrows down the input distribution
gaps of subtasks across different tasks, allowing vi-
sual models trained on one task to generalize better
to others through explicit programmatic composi-
tion.

To evaluate the advantage of our eDoT for cross-
task generalization, we train visual models on the
GQA (Hudson and Manning, 2019) train set using
both our eDoT within the VisProg (Gupta and Kem-
bhavi, 2023) framework and a traditional end-to-
end supervised fine-tuning approach based on pure
neural networks (marked with “SFT”). We then
evaluate their cross-task performance on the Open
Images (Shao et al., 2024) test split. As shown in
Tab. 4, our eDoT achieves an accuracy of 44.7%
on Open Images, representing a 4.1% improve-
ment over the baseline and outperforming the pure-
network-training method, which achieves 42.7% on
Open Images, only a 1.7% improvement. Addition-
ally, we examine a hybrid approach “H_SFT” with
the VisProg, invoking the visual model fine-tuned
in a pure-network end-to-end supervised learning
way. The “H_SFT” method achieves an accuracy of
43.5% under the same testing conditions on Open
Images, an improvement of 2.9%, better than the
“SFT” setting, yet still fell behind the performance
of our eDoT. These results demonstrate that: i)
evaluating with VisProg, which decomposes the
original task, can improve the cross-task gener-
alization performance; ii) training under VisProg
can further improve that performance, which sup-
ports the cross-task generalization advantage of our
method.

We further provide a visual explanation about
why learning under VisProg will benefit cross-task
generalization through specific cases. For exam-
ple, in one GQA training case illustrated in Fig. 8,
the VQA sub-module within the visual program

GQA
Open Images

Question: The person near the menu wears what?
Visual Program:
BOX0=LOC(image=IMAGE,object='menu')
IMAGE0=CROP(image=IMAGE,box=BOX0)
BOX1=LOC(image=IMAGE0,object='person')
IMAGE1=CROP(image=IMAGE0,box=BOX1)
ANSWER0=
     VQA(image=IMAGE1,question='What is the person wearing?')
FINAL_RESULT=RESULT(var=ANSWER0)

Question: What the smiling woman wears?
Visual Program:
BOX0=LOC(image=IMAGE,object='smiling woman')
IMAGE0=CROP(image=IMAGE,box=BOX0)
ANSWER0=
     VQA(image=IMAGE0,question='What is the woman wearing?')
FINAL_RESULT=RESULT(var=ANSWER0)

Figure 8: Example of sub-task module generalization.
The top example is from the in-task GQA dataset, and
the bottom is from the cross-task Open Images dataset.
The VQA module learns to perform the sub-task “What
is the person wearing” during GQA training, which gen-
eralizes naturally to similar queries such as “What is the
woman wearing” in Open Images. Although the original
images and questions differ significantly, the cropped
regions after LOC and CROP operations (shown on the
right) are more visually similar, which we think will
help reduce input distribution shift and enhance cross-
task generalization.

learns to answer questions such as “What is the
person wearing?” This capability is easier to trans-
fer to similar questions like “What is the woman
wearing” in the Open Images than if learning with
the original question as input (from “The person
near the menu wears what” to “What the smiling
woman wears”). Furthermore, the LOC and CROP
operations applied to images help narrow down the
input distributions between GQA and Open Images
by focusing on consistent image regions of interest.
As shown on the right side of Fig. 8 and Fig. 9,
although the original images and questions in GQA
and Open Images differ substantially, the local-
ized and cropped subimages exhibit greater visual
similarity, which aids in improving the cross-task
generalization.

In contrast, the traditional end-to-end pure-
network learning paradigm lacks explicit task struc-
ture modeling, which forces neural network models
to learn mapping relationships directly from raw
input-output distributions. Due to the composi-
tional nature of the real-world data, the distribution
of the original task usually exhibits greater diver-
gence compared to that of sub-tasks in VisProg.
Consequently, pure end-to-end learning with neural
networks demonstrates relatively weaker cross-task
generalization capability.

A.5 Prompts for Visual Programs Generation

We show the prompts used to generate the vi-
sual programs for GQA (Hudson and Manning,

52480



GQA
Open Images

Question:
Is the bicycle to the left or to the right of  the person 
that is wearing a jacket?
Visual Program:
BOX0=LOC(image=IMAGE,object='person wearing a jacket')
IMAGE0=CROP(image=IMAGE,box=BOX0)
BOX1=LOC(image=IMAGE0,object='bicycle')
IMAGE1=CROP(image=IMAGE,box=BOX1) 
...

Question:
Where the woman in the black dress is on?
Visual Program:
BOX0=LOC(image=IMAGE,object='man in the black shirt')
IMAGE0=CROP(image=IMAGE,box=BOX0)
ANSWER0=VQA(image=IMAGE0,question='Where the man 

in the black shirt is on?') 
FINAL_RESULT=RESULT(var=ANSWER0)

Figure 9: Example of visual input gap comparing. The
top example is from the in-task GQA dataset, and the
bottom is from the cross-task Open Images dataset. Al-
though the original images and questions differ signif-
icantly, the cropped regions after LOC and CROP op-
erations (shown on the right) are more visually similar,
which we think will help reduce input distribution shift
and enhance cross-task generalization.

2019), NLVRv2 (Suhr et al., 2019), and Open Im-
ages (Shao et al., 2024). Due to space limitations,
only partial demonstrations are shown here for each
Prompt. For the remaining demonstrations, please
refer to the code.

Give the visual program to solve the problem. Only
output the program. Do not output “‘.
You can only use these modules in the program:
BOX=LOC(image=IMAGE,object=“object”)
ANSWER=COUNT(box=BOX)
IMAGE=CROP(image=IMAGE,box=BOX)
IMAGE=CROP_RIGHTOF(image=IMAGE,box=BOX)
IMAGE=CROP_LEFTOF(image=IMAGE,box=BOX)
IMAGE=CROP_INFRONTOF(image=IMAGE,
box=BOX)
IMAGE=CROP_BEHIND(image=IMAGE,box=BOX)
IMAGE=CROP_BELOW(image=IMAGE,box=BOX)
IMAGE=CROP_ABOVE(image=IMAGE,box=BOX)
ANSWER=VQA(image=IMAGE,question=“question”)
ANSWER=EVAL(expr=“expr”)
FINAL_RESULT=RESULT(var=ANSWER)
Do not use any other modules!

Question: Do the post and the sign have a dif-
ferent colors?
Program:
BOX0=LOC(image=IMAGE,object=“post”)
IMAGE0=CROP(image=IMAGE,box=BOX0)
BOX1=LOC(image=IMAGE,object=“sign”)
IMAGE1=CROP(image=IMAGE,box=BOX1)
ANSWER0=VQA(image=IMAGE0,question=“What
color is the post?”)
ANSWER1=VQA(image=IMAGE1,question=“What
color is the sign?”)
ANSWER2=EVAL(expr=“‘yes’ if {ANSWER0} !=
{ANSWER1} else ‘no”’)
FINAL_RESULT=RESULT(var=ANSWER2)

Question: What color is the curtain that is to
the right of the mirror?
Program:
BOX0=LOC(image=IMAGE,object=“mirror”)
IMAGE0=CROP_RIGHTOF(image=IMAGE,
box=BOX0)
ANSWER0=VQA(image=IMAGE0,question=“What
color is the curtain?”)
FINAL_RESULT=RESULT(var=ANSWER0)

Question: Does the traffic cone have white
color?
Program:
BOX0=LOC(image=IMAGE,object=“traffic cone”)
IMAGE0=CROP(image=IMAGE,box=BOX0)
ANSWER0=VQA(image=IMAGE0,question=“Does
the traffic cone have white color?”)
FINAL_RESULT=RESULT(var=ANSWER0)

Question: {new_question}
Program:

Figure 10: Prompt for DeepSeek-V3 to generate Visual
Programs of GQA.

52481



Give the visual program to determine whether the
statement is True or False. Only output the program.
Do not output “‘. Unless otherwise specified, the
statement describes the combined situation in both
images.
You can only use these modules in the program:
ANSWER=VQA(image=IMAGE,question=“question”)
ANSWER=EVAL(expr=“expr”)
FINAL_RESULT=RESULT(var=ANSWER)
Do not use any other modules!

Statement: there are at least seven wine bot-
tles in the image on the left
Program:
ANSWER0=VQA(image=LEFT,question=“How
many wine bottles are in the image?”)
ANSWER1=EVAL(expr=’{ANSWER0} >= 7’)
FINAL_ANSWER=RESULT(var=ANSWER1)

Statement: One dog is laying down.
Program:
ANSWER0=VQA(image=LEFT,question=“How
many dogs are laying down?”)
ANSWER1=VQA(image=RIGHT,question=“How
many dogs are laying down?”)
ANSWER2=EVAL(expr=“{ANSWER0} + {AN-
SWER1} == 1”)
FINAL_ANSWER=RESULT(var=ANSWER2)

Statement: An image shows exactly two seals
in direct contact, posed face to face.
Program:
ANSWER0=VQA(image=LEFT,question=“How
many seals are in the image?”)
ANSWER1=VQA(image=RIGHT,question=“How
many seals are in the image?”)
ANSWER2=VQA(image=LEFT,question=“Are the
seals in direct contact?”)
ANSWER3=VQA(image=RIGHT,question=“Are the
seals in direct contact?”)
ANSWER4=VQA(image=LEFT,question=“Are the
seals posed face to face?”)
ANSWER5=VQA(image=RIGHT,question=“Are the
seals posed face to face?”)
ANSWER6=EVAL(expr=“{ANSWER0} == 2 and
{ANSWER2} and {ANSWER4}”)
ANSWER7=EVAL(expr=“{ANSWER1} == 2 and
{ANSWER3} and {ANSWER5}”)
ANSWER8=EVAL(expr=“{ANSWER6} xor {AN-
SWER7}”)
FINAL_ANSWER=RESULT(var=ANSWER8)

Statement: {new_statement}
Program:

Figure 11: Prompt for DeepSeek-V3 to generate Visual
Programs of NLVRv2.

Give the visual program to solve the problem. Only
output the program. Do not output “‘.
You can only use these modules in the program:
BOX=LOC(image=IMAGE,object=“object”)
ANSWER=COUNT(box=BOX)
IMAGE=CROP(image=IMAGE,box=BOX)
IMAGE=CROP_RIGHTOF(image=IMAGE,box=BOX)
IMAGE=CROP_LEFTOF(image=IMAGE,box=BOX)
IMAGE=CROP_INFRONTOF(image=IMAGE,
box=BOX)
IMAGE=CROP_BEHIND(image=IMAGE,box=BOX)
IMAGE=CROP_BELOW(image=IMAGE,box=BOX)
IMAGE=CROP_ABOVE(image=IMAGE,box=BOX)
ANSWER=VQA(image=IMAGE,question=“question”)
ANSWER=EVAL(expr=“expr”)
FINAL_RESULT=RESULT(var=ANSWER)
Do not use any other modules!

Question: What is the people that holds the
guitar doing?
Program:
BOX0=LOC(image=IMAGE,object=“people”)
IMAGE0=CROP(image=IMAGE,box=BOX0)
ANSWER0=VQA(image=IMAGE0,question=“Is
this person holding a guitar?”)
ANSWER1=VQA(image=IMAGE0,question=“What
is the people doing?”)
ANSWER2=VQA(image=IMAGE,question=“What
is the people that holds the guitar doing?”)
ANSWER3=EVAL(expr=“{ANSWER1} if {AN-
SWER0} == ‘yes’ else {ANSWER2}”)
FINAL_RESULT=RESULT(var=ANSWER3)

Question: Who is on the plastic chair?
Program:
ANSWER0=VQA(image=IMAGE,question=“Who
is on the plastic chair?”)
FINAL_RESULT=RESULT(var=ANSWER0)

Question: Where the standing boy is under?
Program:
BOX0=LOC(image=IMAGE,object=“standing boy”)
IMAGE0=CROP_ABOVE(image=IMAGE,box=BOX0)
ANSWER0=VQA(image=IMAGE0,question=“Where
the standing boy is under?”)
FINAL_RESULT=RESULT(var=ANSWER0)

Question: {new_question}
Program:

Figure 12: Prompt for DeepSeek-V3 to generate Visual
Programs of Open Images.
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