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Abstract

Neuro-symbolic learning has emerged as a promising
paradigm for interpretable visual reasoning, where mapping
natural language questions to executable programs plays a
central role. However, most existing methods focus exclu-
sively on the forward program generation from question-
s while overlooking the reverse process of reconstructing
questions from programs. In this paper, we propose BiPaR
(Bidirectional Parsing and Reconstruction), a Transformer-
based framework that jointly models both program parsing
and question reconstruction within a unified architecture. Un-
like previous approaches that only perform forward pars-
ing, BiPaR introduces reverse program-to-question recon-
struction as a powerful auxiliary signal, which improves pro-
gram generation quality and accelerates convergence, partic-
ularly under limited supervision. We further provide a the-
oretical analysis showing how reverse reconstruction facil-
itates faster optimization during training. The bidirection-
al modeling makes BiPaR well-suited for both supervised
and semi-supervised learning scenarios. We present two ar-
chitectural variants: BiPaR-Full, which employs encoder-
decoder Transformers for both modules; and BiPaR-DOnly,
a lightweight variant that employs a decoder-only structure
for question reconstruction, reducing model complexity. Ex-
periments on CLEVR and a GQA subset demonstrate that
BiPaR significantly outperforms standard Transformer base-
lines. Furthermore, in the semi-supervised learning setting,
BiPaR achieves notable improvements by leveraging addi-
tional questions without program annotations.

Introduction

Multimodal reasoning, such as visual question answering
(VQA) (Antol et al. 2015; Qian et al. 2022), presents a fun-
damental challenge for artificial intelligence systems. While
deep neural networks (DNNs) have achieved remarkable
success across various multimodal reasoning benchmark-
s, they often function as black boxes-producing answer-
s without revealing the underlying reasoning process. To
address this limitation, the neural-symbolic paradigm (An-
dreas et al. 2016b) seeks to bridge the gap between connec-
tionist and symbolic approaches by structuring the reasoning
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process through interpretable, program-like representation-
s. A prominent line of research in this area involves using
neural networks to map input questions into executable pro-
grams, which are subsequently executed by a symbolic rea-
soning engine to derive answers.

In neural-symbolic VQA tasks, a critical step is parsing
natural language questions into symbolic programs, typical-
ly represented as sequences of operations or operator graphs,
that can be executed over structured visual representations to
infer answers (Chen and Zhao 2022). A representative class
of parsing approaches is neural module networks (NMNs)
(Andreas et al. 2016b), which decompose questions into lin-
guistic substructures and instantiate corresponding modular
networks. Building on the original NMN framework, sever-
al variants have been proposed, including the meta module
network (MMN) (Chen et al. 2021) and Transformer mod-
ule network (TMN) (Yamada et al. 2024). Another line of
work adopts an end-to-end learning paradigm to train pro-
gram generators directly from question-answer pairs (John-
son et al. 2017b). These generators, often implemented us-
ing LSTMs or Transformers (Vaswani et al. 2017), eliminate
the need for explicit linguistic grammar rules but require
large amounts of question-program annotations for super-
vised training. In addition, some approaches leverage the an-
swering results as weak supervision to jointly improve both
the program generator and the executor (Mao et al. 2019).

In this work, we focus exclusively on generating program-
s, i.e., operator sequences, from natural language questions.
While most prior methods concentrate solely on question-
to-program translation, we propose leveraging an additional
learning signal: reconstructing the input question from the
predicted program. This reconstruction signal provides crit-
ical feedback that improves the quality of program gener-
ation. It is particularly effective during the early stages of
training when program predictions are inaccurate. Diverse
and inconsistent reconstructions expose flaws in the gener-
ated programs, encouraging the model to avoid semantical-
ly incorrect or spurious outputs. Conversely, accurate pro-
gram predictions support faithful question reconstruction-
s, which can reinforce correct question-program mappings.
This asymmetry reflects a general principle: correct solu-
tions are narrow, whereas errors are diverse.

This paper introduces Bidirectional Parsing and Re-
construction (BiPaR), a Transformer-based framework that



jointly models question-to-program parsing and program-to-
question reconstruction. We present two architectural vari-
ants: BiPaR-Full, which employs encoder-decoder Trans-
formers for both program generation and question recon-
struction; and BiPaR-DOnly, a lightweight alternative that
adopts a decoder-only architecture for the reconstruction
module. Unlike previous approaches that focus exclusive-
ly on forward parsing, BiPaR incorporates reverse recon-
struction as a powerful auxiliary signal to enhance learn-
ing and accelerate convergence, particularly under limited
supervision. Moreover, the design is well-suited for semi-
supervised settings, where only a small number of question-
program pairs are available alongside a large corpus of un-
labeled questions. In summary, our contributions are three-
fold: (1) We propose BiPaR, a novel framework for pro-
gram parsing that incorporates bidirectional parsing and re-
construction. (2) We provide a theoretical analysis show-
ing how reverse question reconstruction accelerates train-
ing. (3) Experimental results on CLEVR and a subset of
GQA demonstrate that BiPaR significantly outperforms the
strong Transformer baseline in both convergence speed and
final accuracy; in the semi-supervised setting, with 10K
question-program pairs and SOK unlabeled questions, BiPaR
improves performance by 37.9% on CLEVR and 15.9% on
the GQA subset.

Related Work
Neuro-Symbolic Learning for VQA

By combining the statistical strengths of learning with the
logical rigor of reasoning, neuro-symbolic learning has e-
merged as a prominent direction in visual reasoning re-
search (Besold et al. 2021). Neuro-symbolic VQA meth-
ods can be broadly categorized into three types: grammar-
based approaches, end-to-end learning, and large language
model (LLM)-based methods. Andreas et al. (2016b,a) pro-
posed neural module networks (NMNs), which rely on syn-
tactic parsing to convert questions into executable programs.
Each operator in the program is associated with a predefined
neural module, enabling step-by-step execution. This line of
work laid the foundation for neuro-symbolic visual reason-
ing. However, NMNs face challenges when handling com-
plex natural language questions due to their dependence on
hand-crafted parsing rules. Moreover, their predefined oper-
ator modules often suffer from limited scalability and gener-
alization. To address these limitations, researchers extended
the NMN framework (Chen et al. 2021; Gupta et al. 2019).
To further enhance scalability and accuracy, end-to-end
learning frameworks based on deep neural networks, such
as LSTMs, were introduced. These models directly trans-
late natural language questions into executable programs,
supervised by the final VQA answer (Hu et al. 2017; John-
son et al. 2017b; Liang et al. 2024; Dong and Lapata 2018).
In terms of visual representation, Yi et al. (2018) and Mao
et al. (2019) employed object detection techniques to ob-
tain structured representations of visual scenes, such as ob-
ject attributes or scene graphs, for enhancing program exe-
cution. More recently, Transformer-based architectures have
attracted increasing attention in the field. Zhao et al. (2021)
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proposed ProTo, a program-guided Transformer that inte-
grates operator representations and program structures in-
to the Transformer encoding process. Yamada et al. (2024)
developed Transformer module networks (TMNs), which
use stacked Transformer layers to build neural modules ca-
pable of executing individual operators either sequential-
ly or in parallel. Addressing the link between answer pre-
diction and interpretability, Xue, Qian, and Xu (2024) de-
veloped a program-guided variational causal reasoning net-
work, which encodes both the program and visual input-
s via a Transformer to form a program execution vector
for answer prediction using a perceptron. While most exist-
ing neuro-symbolic approaches rely heavily on supervised
training data, recent efforts aim to reduce this dependency
(Kamali, Barezi, and Kordjamshidi 2025). Gupta and Kem-
bhavi (2023) introduced VISPROG, a compositional visu-
al reasoning framework that leverages LLMs and a few in-
context examples to generate complex programs without ex-
plicit training, thus alleviating the need for large-scale su-
pervision. Beyond the VQA task, neuro-symbolic program
induction has also been extended to other modalities (Gao
et al. 2023).

Weakly Supervised Neuro-Symbolic Learning

Neuro-symbolic learning typically requires large amounts
of labeled data, such as question-program pairs in program
generation tasks, leading to significant annotation costs.
Weakly supervised learning with limited supervision has be-
come a critical direction for enabling practical application-
s. To address this, various approaches have been proposed.
Goldman et al. (2018) proposed using abstract representa-
tions for both natural language utterances and programs un-
der closed-world assumptions. This abstraction substantially
reduces the search space of potential programs and mitigates
the issue of spurious programs caused by noisy supervision.
Saha, Joty, and Hoi (2022) explore a different strategy in the
context of machine reading comprehension, where only the
final answer is provided as supervision. Tian et al. (2022)
introduced a weakly supervised neural-symbolic learning
model for cognitive tasks by sampling plausible reasoning
paths with a back-search algorithm, which serve as pseudo-
labels to guide the neural network. For the NLP reasoning
tasks, Liu, Lu, and Mou (2023) learn symbolic latent struc-
tures by reinforcement learning or its relaxation.

Methodology
Problem of Program Parsing

In the neuro-symbolic learning paradigm, given a natural
language question @, the task of program parsing aims to
predict a corresponding executable program P, represent-
ed as a sequence of operators. For instance, given an input
question “Are there more big green things than large purple
shiny cubes?”, the model is expected to generate a program
such as “[] scene [0] filter_size large [1] filter_color green
[2] count - - - [8] count [3 9] greater_than”. In this example,
each element corresponds to either an operator name (e.g.,
filter_size), an attribute (e.g., large) or the index of a previ-
ously executed operator (e.g., [0]). Executing the generated
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Figure 1: The proposed BiPaR framework. In (b), only the question reconstruction module is shown for the BiPaR-DOnly
variant, while all other components remain the same as in (a) BiPaR-Full.

program over the visual modality produces an answer in the
complete VQA pipeline. This work addresses the program
parsing problem using a bidirectional approach that jointly
models parsing and reconstruction.

Bidirectional Parsing and Reconstruction

We represent a natural language question as a sequence
of tokens: Q = (t1,t2, - ,tr,), where each t; is a to-
ken obtained through tokenization of the original input
question. An operator, which serves as the basic unit in
an executable program, can be represented as: Oper
Oper_name([i], argy, arg,, - - - ), where Oper_name is the
name of the operator, [i] is the index of a previously ex-
ecuted operator in the program, and each arg, is an ar-
gument representing an object attribute such as name, col-
or, or material. A program is then defined as a sequence
of operators: P = (Opery, Oper,, - - - ), where Oper,, de-
notes the k-th operator in the program. To enable sequen-
tial processing within a deep neural network, we reformu-
late each operator into the following structure: Oper =
([7], Oper_name, arg,, args, - - - ). For fine-grained model-
ing, the program can also be flattened into a sequence of
atomic tokens: P = (p1,p2,--- ,pr,), Wwhere each p; is an
element of some operator Oper.

We formulate the bidirectional learning framework in Bi-
PaR as the composition of a forward program parser g and a
backward question reconstructor h:

{g:QHP

hPHQA Withhog%]:dg (1)
where Idg denotes the identity mapping on the question s-
pace Q, P represents the space of executable programs, and
Q denotes the reconstructed question space. The mapping g
serves as the program parser, which translates a given ques-
tion () € Q into a program P € P. Conversely, the mapping
h functions as the question reconstructor, which attempts to
recover an approximation Q e Q of the original question
from the program P. The objective of the composition h o g
is to approximate the identity function Idg, ensuring that
the reconstructed question @ remains both semantically and
syntactically close to the original input question Q.
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Figure 2: The program parsing module in BiPaR. Due to
space limitations, ‘filter_size’ and ‘filter_color’ are abbrevi-
ated as ‘f_size’ and ‘f_color’, respectively, in the diagram.

As illustrated in Fig. 1, BiPaR comprises two prima-
ry modules: the program parsing module and the question
reconstruction module, which are responsible for mapping
questions to programs and reconstructing questions from
programs, respectively. These two modules instantiate the
abstract mappings g and h defined in Eq. (1), and are imple-
mented using Transformer architectures due to their unified
structure and strong empirical performance. Given an input
question ), the program parsing process is formulated as:

P = (I)pp(Q§ 6pp) (2)

where ®,,, denotes the program parsing module implement-
ed with a Transformer architecture, parameterized by © .
The question reconstruction module then takes the generat-
ed program P as input and attempts to recover the original
question:

Q = cI)qr(P§ eqr> 3)

where Q is the reconstructed question and ®; is also imple-
mented using a Transformer architecture, parameterized by
Ogr.

Program parsing module. In our implementation, the
program parsing module ®,, adopts an encoder-decoder



Transformer architecture, which is well-suited for capturing
complex dependencies in question-to-program translation
tasks. The encoder comprises a stack of L identical Trans-
former layers. For each input token ¢; in the input question,
its representation is formed by summing the content embed-
ding ¢ and a sinusoidal positional encoding €?, yielding a
vectorial input z; = e§+e”. The encoder processes the input
sequence (21, 22, -- ,2r,) to produce a sequence of con-
textualized hidden representations HY = (hY hd, .-, thq ),

where each h corresponds to the token ¢;. The decoder then
generates the program P = (p1,p2,---,pr,) in an auto-
regressive manner, conditioned on both the previously gen-
erated tokens and the encoder outputs H9.

Question reconstruction module. This module &, aim-

s to reconstruct a natural language question Q from a given
program P, serving as the reverse process of program pars-
ing. We implement two variants of BiPaR depending on the
reconstruction strategy. In the BiPaR-Full variant, the mod-
ule adopts a standard encoder-decoder Transformer archi-
tecture. The input program tokens are embedded and com-
bined with sinusoidal positional encodings to form input
vectors, which are then encoded into a hidden representa-
tion HP. The decoder generates the reconstructed question
Q= (ty, 19, ,qu) in an auto-regressive manner, condi-
tioned on HP. In BiPaR-DOnly, the module consists of a
lightweight decoder-only Transformer. It directly translates
the vectorial representation of the program P into the recon-

structed question Q, without an explicit encoder stage.

Training Paradigm

Supervised learning. In the supervised learning setting, the
objective is to learn the optimal parameters O, and O, for
the program parsing and question reconstruction modules,
respectively, using N, annotated question-program pairs
XL = {(QW, P®)} N For program parsing, the model
is trained to minimize the cross-entropy loss:

NL TpTi

Lpp = — Z Z log Pr(pf) \132, QY; Opp)

i=1 t=1

“

where pii) denotes the ground-truth token at time step ¢ in

the i-th program, and ]3(3 represents .the previqus}y gener-
ated tokens. For question reconstruction, we minimize the
following loss to encourage semantic consistency between

the original question and its reconstructed counterpart:

NL Tq,i

Lor = — Z Z log Pr(t{" IfSL Pi;Oqr)

i=1 t=1

&)

)

where tgi is the ground-truth token in the ¢-th question, and

fg denotes the previously generated tokens before step ¢ in
the reconstructed question. The final training objective joint-
ly optimizes both components:

L=Mpp+ (1— )\)EQR 6)

where A € [0, 1] balances the contributions of program pars-
ing and question reconstruction.
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Online semi-supervised learning. In the semi-
supervised learning setting, BiPaR leverages both Ila-
beled question-program pairs X7, and unlabeled questions
Xu = {QW}NINY to enhance program parsing. We
adopt the following strategy for online semi-supervised
learning: For each unlabeled question Q) € Xy, we gener-
ate a pseudo program P(*) using a pre-trained program pars-
er ®,,(+;©,,) trained on X1, i.e., P = &,,(Q";0,,),
and use it for question reconstruction while keeping the
pseudo program fixed throughout training. The overall
training objective for the online semi-supervised setting is:

L'=XNLpp + (1-X)Lor (7)
where Lpp measures the difference between the predicted
and pseudo programs, E/QR evaluates the reconstruction er-

ror between the input and reconstructed questions, and )’
balances the two terms.

Theoretical Analysis

This subsection analyzes the impact of question reconstruc-
tion on model training. Let () denote the input question and

P* the corresponding ground-truth program. Let P= 9(Q)

and Q = h(P) be the predicted program and reconstructed
question, respectively, where g and h are defined in Eq. (1).
We begin by defining the conditional variance of the predict-

ed program P given () as:
Var(P|Q) £ E|P — P*||? = tr(Sp) (8)

where Y p is the covariance matrix of P. Here we assume,
for simplicity, that P* =~ E[P|Q)]. Assuming the question re-
construction function A is locally differentiable around P*,
we perform a first-order Taylor expansion of h(P):

Q = h(P) ~ h(P*) + J(P*)(P — P*) (9
where Jj, (P*) 3—1’3 | p+ is the Jacobian matrix of h evaluat-
ed at P*. Under this approximation, the conditional covari-
ance of the reconstructed question () given Q) is:

Cov(Q|Q) = Jn(P*)ZpJu(P*)T (10)
Taking the trace on both sides gives the conditional variance
of the reconstructed question:

Var(Q|Q) £ tr(Cov(Q|Q)) ~ tr(JpZpJinT)
< [ JnllF Amax(Zp)
< || nllFte(Sp) (D

where Apax (2 p) denotes the largest eigenvalue of ¥ p, and
|| - || 7 is the Frobenius norm. Combining the above, we ob-

tain:
Var(QlQ) < [ Jn(PH)|FVar(PlQ)  (12)
This analysis reveals that the reconstruction variance
Var(Q|Q) is significantly amplified when the prediction
variance Var(P\Q) is large and the question reconstruction
function h is highly sensitive in the neighborhood of Pe.
has a large ||.J;,||%). Therefore, during early training, when
the predicted program P is far from P*, the discrepancy be-

tween () and () serves as an effective amplified error signal,
enabling faster convergence via stronger gradient feedback.
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Figure 3: The influence of X in Eq. (6) for CLEVR.

Experiments
Datasets and Metrics

We conduct experiments on two public datasets: CLEVR
(Johnson et al. 2017a) and GQA (Hudson and Manning
2019), both annotated with functional programs. (1) CLEVR
is a synthetic visual question answering (VQA) dataset con-
sisting of images made up of simple geometric shapes, ac-
companied by approximately one million automatically gen-
erated questions. These questions span various tasks, includ-
ing querying object attributes, comparing attributes, check-
ing for existence, counting, and performing integer compar-
isons. The official split provides 699,989 training questions
and 149,991 validation questions. (2) GQA is a large-scale
dataset for real-world visual reasoning and compositional
question answering. It comprises 22 million diverse reason-
ing questions generated from 113,018 real-world images,
each paired with a functional program that represents its se-
mantic structure. GQA primarily evaluates reasoning abili-
ties such as object and attribute recognition, relational and s-
patial reasoning, logical inference, and comparison. For our
experiments, we use a subset of GQA, randomly sampling
700,000 questions from the training split and 150,000 from
the validation split.

We evaluate the methods using both sequence-level
and token-level accuracy. Sequence-level accuracy assess-
es whether the entire predicted program sequence exactly
matches the gold reference sequence. A prediction is con-
sidered correct only if all tokens match the ground truth in
both content and order. Formally, it is defined as:

N
1 L 4
— E () — p@
Seq_Acc 2 I(P P (13)

where P and P denote the predicted program and
ground-truth program, respectively, for the i-th input ques-
tion. Token-level accuracy measures the proportion of indi-
vidual tokens that exactly match their gold counterparts at
the same position across all sequences:

N Ty

_ 1 50— (0)
Tok_Acc = i Z Zl(pt =p")

i=1 t=1

(14)

where ﬁgi) and pgi) denote the ¢-th token in the predicted

program and ground-truth program, respectively, for the i-th
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input question, T}, ; is the length of P(?), and M is the total
number of tokens across all N programs.

Experimental Results on CLEVR

For CLEVR, the BiPaR model consists of six encoder layers
and six decoder layers, each incorporating multi-head self-
attention with eight heads. Input sequences are tokenized us-
ing a pretrained tokenizer, with identical vocabulary sizes
for both the source and target languages. All sequences are
truncated or padded to a fixed maximum length of 128 to-
kens to ensure consistent input lengths. The embedding di-
mension is set to 64, and the hidden dimension of the feed-
forward network is 256. The model is initialized using X-
avier initialization and optimized with the Adam optimizer,
employing an initial learning rate of 1.0 x 10~* and mo-
mentum parameters $; = 0.9 and Sz = 0.98, following
standard practices in Transformer-based models. A cosine
annealing learning rate scheduler is applied to progressively
reduce the learning rate over 100 training epochs. All results
are reported as the average accuracy over five independen-
t runs. Experiments were conducted on a Linux system e-
quipped with an NVIDIA RTX 4090 GPU (24GB VRAM),
using Python 3.9.21, PyTorch 2.6.0 with CUDA 11.6, and
TorchAudio 0.13.1.

As illustrated in Fig. 3, we first evaluate the impact of the
weight coefficient A in Eq. (6) using three training set sizes:
10K, 30K, and 50K. We examine five values of A: 0.1, 0.3,
0.5, 0.7, and 1.0, and report the sequence-level accuracy of
BiPaR-Full on the validation set. As the weight \ increases,
the relative contribution of the question reconstruction ob-
jective diminishes. The results indicate that BiPaR achieves
optimal performance when A = 0.7, while both smaller and
larger values result in decreased accuracy. Accordingly, we
adopt A = 0.7 for subsequent supervised learning experi-
ments with both BiPaR-Full and BiPaR-DOnly variants.

We conducted experiments with six training set sizes:
10K, 30K, 50K, 100K, 200K, and 700K (corresponding to
699,989 samples). Evaluation was performed on the vali-
dation set comprising 149,991 questions. Fig. 4 presents
the sequence-level accuracy results for BiPaR-Full, BiPaR-
DOnly, and the Transformer baseline (Xue, Qian, and Xu
2024). From the figure, we observe that both variants of Bi-
PaR achieve the similar performance and significantly out-
perform the Transformer baseline in terms of convergence
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Figure 4: The results of program generation on CLEVR across different sizes of training sets.
‘ CLEVR ‘ GQA
Size | Sequence-level Accuracy | Token-level Accuracy | Sequence-level Accuracy | Token-level Accuracy
| TransE.  DOnly Full | TransF. DOnly Full | TransfE. DOnly Full | TransF. DOnly Full
10K 0.093 0.691 0.676 | 0915 0.988 0.987 | 0.095 0.587 0.579 | 0.892 0.962 0.961
30K 0.921 0.980 0.984 | 0.998 1.000 1.000 | 0.517 0.771 0.770 | 0.961 0.982 0.982
50K 0.995 0.998 0.996 | 1.000 1.000 1.000 | 0.553 0.791 0.794 | 0.975 0.984 0.984
100K | 1.000 1.000 1.000 | 1.000 1.000 1.000 | 0.658 0.813 0.811 | 0.982 0.986 0.986
200K | 1.000 1.000 1.000 | 1.000 1.000 1.000 | 0.762 0.825 0.825 | 0.985 0.987 0.987
700K | 1.000 1.000 1.000 | 1.000 1.000 1.000 | 0.818 0.833 0.832 | 0.987 0.988 0.987

Table 1: The accuracy of BiPaR for CLEVR and the GQA subset. Due to space limitations, “BiPaR-DOnly”,“BiPaR-Full”, and
“Transformer” are abbreviated as “DOnly”, “Full” and “TransE.”, respectively.

speed, particularly with smaller training sets. For instance,
with the 30K training set, BiPaR reaches approximately 0.9
accuracy within 30 epochs, whereas the Transformer on-
ly attains this level at the end of training. The learning
curves indicate that incorporating question reconstruction
substantially accelerates convergence compared to the base-
line, which only employs forward program parsing. For larg-
er training sets, both our approach and the baseline achieve
comparable final accuracy close to 1.0. Table 1 reports the
quantitative results of both sequence-level and token-level
accuracy at convergence across the six training sets. We find
that the BiPaR approach consistently improves inference ac-
curacy compared to the Transformer baseline.

Experimental Results on GQA

For the GQA benchmark, the BiPaR model adopts a Trans-
former architecture with 12 encoder layers and 12 decoder
layers, each equipped with multi-head self-attention com-
prising eight heads. All sequences are truncated or padded to
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a fixed maximum length of 128 tokens to ensure uniform in-
put lengths. The embedding dimension is set to 256, and the
hidden dimension of the feed-forward network is 1024. The
model is initialized using Xavier initialization and optimized
with the AdamW optimizer, employing an initial learning
rate of 5.0 x 107° and momentum parameters 3; = 0.9
and 32 = 0.98, following standard practices in Transformer-
based models. A cosine annealing learning rate scheduler is
applied to progressively reduce the learning rate over 100
training epochs. All results are reported as the average accu-
racy over five independent runs.

We evaluate BiPaR’s convergence speed and final per-
formance on GQA using six training set sizes: 10K, 30K,
50K, 100K, 200K, and 700K, randomly sampled from the
training subset introduced above. Inference is conducted on
the validation set consisting of 150,000 questions. Fig. 5
presents the sequence-level accuracy results on the valida-
tion set for BiPaR-Full, BiPaR-DOnly, and the Transformer
baseline (Xue, Qian, and Xu 2024). As shown in the figure,
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Figure 5: The results of program generation on the subset of GQA across different sizes of training sets.

both variants of BiPaR achieve comparable performance and
consistently outperform the Transformer baseline in terms of
convergence speed across all training set sizes. For instance,
with the 30K training set, BiPaR reaches the Transformer’s
final accuracy in fewer than 15 epochs and further achieves a
significantly higher final performance. When the training set
size is increased to 700K, the Transformer baseline attains
accuracy close to that of BiPaR, but its convergence remains
considerably slower. These results on GQA further demon-
strate that question reconstruction provides a valuable learn-
ing signal for program parsing. Table 1 reports the quantita-
tive results of both sequence-level and token-level accuracy
of all methods trained on the six training sets. The results
further confirm the consistent effectiveness of BiPaR.

Results for Semi-supervised Learning

As shown in Table 2, we evaluate the proposed BiPaR under
a semi-supervised learning setting in this subsection. Specif-
ically, we use 10K question-program pairs as labeled da-
ta for supervised learning (denoted as SL(10K) in the ta-
ble), and augment the training set with additional unlabeled
questions (without program annotations) of varying sizes:
5K, 30K, and 50K. These semi-supervised configurations
are referred to as SSL(10K+5K), SSL(10K+30K), and SS-
L(10K+50K), respectively. We empirically set A’ = 0.7 in
Eq. (7) to reduce the influence of potentially noisy supervi-
sion derived from the predicted program. Table 2 presents
the results on the validation set under the semi-supervised
learning setting. We observe that incorporating additional
unlabeled questions consistently improves the program pars-
ing performance of BiPaR compared to training with labeled
data alone. For example, compared to the supervised-only
baseline, BiPaR-Full achieves relative gains in sequence-
level accuracy of 29.6%, 36.2%, and 37.9% on CLEVR,
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| CLEVR | GQA

| DOnly Full | DOnly Full
SL (10K) 0.691 0.676 | 0.587  0.579
SSL(10K+5K) | 0.848  0.876 | 0.641 0.645
SSL(10K+430K) | 0.899 0921 | 0.655  0.664
SSL(10K+50K) | 0.919 0932 | 0.668  0.671

Table 2: The sequence-level accuracy of BiPaR with
semi-supervised learning settings. Due to space limitation-
s, “BiPaR-DOnly” and “BiPaR-Full” are abbreviated as
“DOnly” and “Full”, respectively.

and 11.4%, 14.7%, and 15.9% on the GQA subset, under
the three semi-supervised configurations, respectively.

Conclusion

We introduced BiPaR, a bidirectional framework that unifies
program parsing and question reconstruction to enhance pro-
gram generation from questions in neural-symbolic learning
tasks. Two variants were proposed: BiPaR-Full and BiPaR-
DOnly. By incorporating the reverse program-to-question
reconstruction as an auxiliary signal, BiPaR not only im-
proves the quality of generated programs but also acceler-
ates training, as supported by our theoretical analysis. Ex-
perimental results on CLEVR and a subset of GQA demon-
strate that BiPaR significantly outperforms the strong Trans-
former baseline in terms of both convergence speed and fi-
nal accuracy. Furthermore, BiPaR exhibits strong potential
in semi-supervised settings by effectively leveraging unla-
beled questions. In future work, we plan to extend BiPaR to
broader multimodal reasoning tasks, such as full-scale GQA.
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