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Abstract

Neural machine translation (NMT) has become the predominant approach for automated translation, yet conventional
models trained on extensive bilingual datasets exhibit critical limitations, including quadratic scaling of training
data, sensitivity to out-of-distribution inputs, and a lack of interpretability. Inspired by the classical “translation
pyramid" concept, which advocates for translation via a semantic pivot (interlingua), this work explores the integration
of Abstract Meaning Representation (AMR) as a structured semantic intermediary to decouple translation into
comprehension (source-to-AMR) and generation (AMR-to-target) phases. Concretely, we adopt English AMR as the
pivot representation: all source sentences — regardless of their language — are mapped to English AMR graphs,
which are then used to generate the target language. We conduct a pilot study using a strong AMR parser to create a
multilingual silver-standard AMR corpus from the United Nations Parallel Corpus, covering six languages: Arabic (ar),
Chinese (zh), English (en), French (fr), Russian (ru), and Spanish (es), training modular semantic understanding and
generation components for each language. Experimental results demonstrate that our approach achieves an average
improvement of 3% in robustness and over 15% in generalization compared to traditional Seq2Seq baselines.
Analysis suggests that enhancing semantic parsing and generation accuracy could bridge the gap to conventional
NMT systems. To our knowledge, this is the first work to integrate AMR as a semantic pivot in NMT, offering
enhanced transparency, scalability, and robustness. This study underscores the potential of semantic-driven trans-
lation frameworks and provides a foundation for future research in interpretable, resource-efficient multilingual systems.
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1. Introduction O(n?) separate models. While modern multilingual
NMT systems can consolidate this into a single
Neural machine translation (NMT) (Bahdanau etal.,  universal model, the complexity and language bal-

2014) has become the dominant method for ma-  ance of the training data remain a significant chal-
chine translation. Traditional NMT methods use lenge(Johnson et al., 2016; Aharoni et al., 2019).
a neural string transducer architecture, typically ~ Second, existing NMT systems have been shown
the Transformer (Vaswani, 2017), which consists  to be sensitive to out-of-distribution (OOD) data
of a neural encoder and a neural decoder. The for-  (Yin et al., 2023; Li et al., 2024), and give low per-
mer is used to find a representation of the source  formances on low-resource language pairs. Spu-
input, while the latter generates the target output  rious features have been shown to be frequent
sequence. Trained on large datasets (e.g., tens  in sequence-to-sequence (Seq2Seq) transducers,
of millions of bilingual sentence pairs), NMT mod-  which deviate from the human rationale for trans-
els yield strong results for resource-rich languages.  |ation (Yin et al., 2022). Third, NMT models are
Recently, with advances in large language mod-  not directly interpretable in their translation process,
els (LLMs) (Touvron et al., 2023; Xu et al., 2023;  and thus, it can be difficult for monolingual speak-
Ganesh et al., 2025), decoder-only NMT systems  ers to identify potential errors (Belinkov and Glass,
have attracted increasing attention. These meth-  2019).
ods typically make use of a base LLM that contains
knowledge across many languages and fine-tune One key cause of the above shortcomings is the
the model with a relatively smaller amount of bilin-  Seq2Seq mapping nature of NMT models. They
gual sentence pairs (e.g., tens of thousands). By  learn to synthesize the target translation condi-
leveraging the rich multilingual knowledge in base  tioned on the source sequence token by token,
models, LLM-based MT has shown promising per-  rather than first comprehending the source and then
formance. yielding the target output according to the semantic
Despite their strong performance, existing NMT  representation (Bender et al., 2021). Surface-level
systems still face several fundamental challenges.  mappings are shallow, require large bilingual train-
First, they rely on extensive multilingual sentence  ing data, and can be prone to spurious features.
pairs for training, which scales with square com-  As shown in Figure 1, in traditional machine trans-
plexity (Koehn and Knowles, 2017). For tradi- lation research, a “translation pyramid” model has
tional NMT systems, this can necessitate training  been discussed, which shows an ideal scenario that
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Figure 1: The machine translation pyramid cate-
gorizes approaches based on the extent of anal-
ysis and generation required. The interlingua ap-
proach involves comprehensive analysis and gen-
eration, while the direct translation approach mini-
mizes both. The transfer approach falls between
these two extremes.

makes use of a semantic pivot (or inter-lingua) for
understanding-writing-style translation (Hutchins,
1995). A fundamental advantage of translating
through a shared semantic representation lies in
its inherent modularity and robustness.

The process involves: (i) Semantic Under-
standing: converting the source sentence into
a language-independent meaning representation,
and (ii) Surface Realization: generating the target
sentence from this representation. This structure
naturally avoids overfitting to superficial source-
target correlations, leading to better generaliza-
tion. Moreover, translation errors become inter-
pretable—they stem either from inaccuracies in
the semantic representation or from failures in the
target language generation. Crucially, the modu-
lar design requires only O(n) components: each
language necessitates one module for semantic
encoding and one for surface generation, scaling
efficiently to many languages.

The strong power of neural language models
gives large potentials for building a translation sys-
tem using a semantic pivot (Tenney et al., 2019).
Unfortunately, little research has been done to this
end in the literature (Matla et al., 2023). One reason
may be that existing language models are trained
over huge texts, yet it can be difficult to find seman-
tic structures on the same scale (Raffel et al., 2019).
In addition, there is no universally agreed semantic
structure for cross-lingual representation. Despite
the above challenges, some fundamental research
in exploring the potential of semantic pivots can
still provide valuable information. To this end, we
take the Abstract Meaning Representation (AMR)
(Banarescu et al., 2013) as the pivot and conduct
a pilot study. Specifically, we adopt English AMR
as the pivot throughout all translation directions.
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While AMR datasets for other languages do exist
(e.g., Spanish, Chinese, and Czech AMR banks),
their scale remains limited compared to English re-
sources, and state-of-the-art AMR parsers are pre-
dominantly trained on English data. We therefore
treat English AMR as a practical and well-supported
choice for a first pivot study, while acknowledging
that this introduces an inherent English-centric bias,
a limitation we return to in Section 6.

Without aiming to immediately achieve competi-
tive results to the state-of-the-art, we endeavor to
answer the following research questions:

+ Can we build a decent NMT system using ex-
isting semantic resources?

+ Can a semantic pivot give more robust transla-
tion results compared to Seq2Seq transducer
in the NMT context?

» With the huge potential space for enhancing
semantic structures, can increase in the se-
mantic parsing and semantic generation accu-
racies lead to strong translators?

In our experiments, we use a state-of-the-art
AMR parser to annotate over 11 million data points
in the United Nations Parallel Corpus (UN datasets),
creating a multilingual silver AMR dataset, where
we train our modules for each language. We com-
bine theses semantic understanding modules and
language generation modules into a complete multi-
lingual neural machine translation (M-NMT) system,
establishing a transparent pipeline architecture.

Our method shows an average improvement of
3% for each language pair in the robustness test,
compared to the baseline model. In the general-
ization test, our model outperforms the baseline by
over 15%. We also conduct a performance anal-
ysis, revealing that data quality is the main bot-
tleneck. As data quality improves, our translation
approach has the potential to achieve results com-
parable to, or even better than, traditional Seq2Seq
models. To our knowledge, we are the first to in-
corporate AMR as a pivot in the context of NMT.
Our semantic-understanding-based translation ap-
proach surpasses traditional models in robustness,
generalization, and interpretability.

2. Related Work

Pivot-based NMT. Due to the lack of data in
low-resource languages, conventional pivot-based
NMT approaches (Johnson et al., 2017) enhance
translations between low-resource languages by
incorporating a high-resource language as a pivot.
Some researchers (Leng et al., 2019) refine the pro-
cess by adopting a learning-to-route (LTR) method
to optimize the choices of the pivot languages and
path from source to target. Another pivot-based



NMT paradigm involves generating more multilin-
gual training data through data augmentation (Park
et al., 2017; Currey and Heafield, 2019) or knowl-
edge distillation (Chen et al., 2017; Ahmed and
Buys, 2024), further fine-tuning the model to reduce
the impact of data sparsity on model performance.
Unlike previous methods, we alleviate the explicit
semantic representation as a pivot and formulate
the end-to-end translation into a human-like pro-
cess involving a semantic understanding module
and a language generation module. This human-
like translation improves performance, robustness,
and interoperability.

Transfer Learning in NMT. Transfer Learning (TL)
is a subfield of Machine Learning that reuses knowl-
edge from solving one task (the parent) to address
a different but related task (the child) (Pan and
Yang, 2010; Zhuang et al., 2021). Researchers fine-
tune bilingual (Maimaiti et al., 2019; Maimaiti and
Sun, 2020) or multilingual (Stickland et al., 2021)
PLMs on low-resource language data to stimulate
their translation capabilities. However, parallel data
for low-resource languages are difficult to acquire
and usually come from domains such as religious
text (Siddhant et al., 2022). To transfer the abilities
of multilingual PLMs, we fine-tune them on the AMR
parsing task and AMR-to-text task respectively, ac-
quiring the semantic understanding module and
language generation module. In this process, we
use monolingual data to eliminate reliance on low-
resource parallel corpora.

3. Method

Our study proposes a modular semantic machine
translation approach that introduces AMR as an
intermediate semantic representation, which de-
composes the translation task into two independent
stages: semantic understanding and language gen-
eration. As shown in Figure 2, the semantic under-
standing module transforms text in the source lan-
guage into an AMR graph, which is subsequently
processed by the language generation module to
generate text in the target language.

3.1. AMR as Pivot

AMR is a heavily abstracted graph-based represen-
tation of surface text, compressing semantics infor-
mation into nodes and edges. Importantly, AMR
was originally designed as an English-centric for-
malism: concept strings are grounded in English
PropBank frames and vocabulary. In this work,
we use English AMR exclusively as the seman-
tic pivot, meaning that for all source languages,
the semantic understanding module produces an
English AMR graph, which the language genera-
tion module then realizes in the target language.
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This choice is motivated by the maturity of English
AMR parsers and the relative abundance of English
AMR-annotated data compared to other languages.
Many researchers use AMR as a pivot in various
NLP tasks, such as text paraphrasing (Fan and
Gardent, 2020; Wang et al., 2020), text style trans-
fer (Shi et al., 2023; Jangra et al., 2022), and trans-
lationese reduction (Wein and Schneider, 2023).
Their studies prove that introducing the AMR-as-
a-Pivot paradigm enhances performance and im-
proves robustness for NLP tasks.

Seq2Seq models, while effective for sequential
data, often fall short when dealing with the struc-
tural complexity of natural language. To address
this, we leverage the depth-first search (DFS)
algorithm, which aligns well with the linearized
syntactic structures of natural language (Bevilac-
qua et al., 2021). For instance, the AMR graph
in Figure 2 is linearized as: ( <pointer:0>

remain-01 :ARGl ( <pointer:1> inci-
dent :quant 1 ) :ARG3 ( <pointer:2>
verify-01 :ARG1l <pointer:1> ) ) ,where

the <pointer:i> values are node coreference
indices. To process AMR symbols effectively,
we expand the vocabulary to include all relevant
relations and frames. Moreover, we introduce a
novel language token, <amr_XX>, to the existing
language code. This allows multilingual models
to seamlessly recognize and generate AMR as a
pivot language, facilitating efficient cross-lingual
translation.

3.2. Semantic Understanding Module

The purpose of the semantic understanding mod-
ule is to extract and represent semantic informa-
tion from the source language text as a structured
AMR graph. This module can: (1) map surface-
level words to specific nodes based on contextual
clues, effectively handling polysemy and synonymy;
and (2) represent semantic relationships between
concepts as edges connecting nodes within the
AMR graph. These capabilities are grounded in the
ability to process structured sequences, as demon-
strated by Transformer models, enabling the mod-
ule to effectively capture the underlying semantic
structure of the text.

In our proposed method, the semantic under-
standing module consists of an encoder and a de-
coder. The encoder is primarily tasked with reading
the input sentence in natural language and trans-
forming it into a high-dimensional dense vector rep-
resentation that encapsulates the sentence’s se-
mantic content. Typically implemented as a Trans-
former, the encoder processes input word embed-
dings through multiple neural network layers, em-
ploying self-attention mechanisms to capture de-
pendencies among words. Moreover, the encoder
benefits from pre-training on large multilingual cor-
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Figure 2: Overview of the Proposed AMR-Pivot M-NMT Pipeline. The pipeline illustrates the translation
process for both English-to-Chinese (en-zh) and French-to-Arabic (fr-ar) pairs. Words in different languages
that convey the same semantic meaning are highlighted with the same color, emphasizing alignment

achieved through AMR pivot.

pora, which enables it to acquire cross-linguistic
semantic features and enhances its generalizability
across diverse source languages.

The decoder, in turn, converts the semantic vec-
tor representation generated by the encoder into a
linearized AMR graph sequence. This sequence
represents a directed graph where nodes corre-
spond to concepts, and edges denote relation-
ships between them. During training, the decoder’s
parameters are optimized by aligning its output
with the ground truth AMR linear sequence, often
through minimizing cross-entropy loss or similar
loss functions suited to sequence generation tasks.

3.3. Language Generation Module

The language generation module aims to produce
appropriate text in the target language based on
the given AMR graph, ensuring that the generated
translation is consistent with the semantic meaning
of the source text.

The encoder’s primary function is to transform
the input AMR graph, which represents the under-
lying semantic structure through nodes (concepts)
and edges (relationships between concepts), into
a dense intermediate representation. This trans-
formation is critical for capturing both the structure
and meaning embedded in the AMR. In the lan-
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guage generation module, the encoder processes
a linearized form of the AMR graph through self-
attention mechanisms to capture the semantic rela-
tionships within the graph, thus producing a contin-
uous vector representation that encapsulates the
entire semantic meaning of the graph, which is sub-
sequently processed by the decoder to generate
text in the target language.

The decoder is tasked with converting the en-
coded semantic representation into a fluent se-
quence of text in the target language. It must en-
sure that the generated text accurately reflects the
meaning represented by the AMR while adhering
to the linguistic and syntactic rules of the target
language. Typically integrated into a Transformer
architecture, the decoder generates the target text
autoregressively, token by token, by utilizing both
the encoded semantic information and previously
generated tokens. In multilingual settings, the de-
coder must accommodate cross-linguistic syntactic
differences and word order variations to ensure
natural and fluent output in the target language.

3.4. Modular Interaction

Here, we denote S as the source language, T as
the target language, and AM R as the semantic
representation.



» Semantic Understanding Module. The pur-
pose of this module is to extract the semantic
meaning from the source language text and
convert it into a serialized AMR graph, which
serves as the intermediate representation dur-
ing the translation process (S — AMR).

* Language Generation Module. This module
aims to produce appropriate text in the target
language based on the given AMR graph, en-
suring that the generated translation is consis-
tent with the semantic meaning of the source
text (AMR — T).

We denote M5, as the semantic understand-
ing module for source language S, and M#ME
as the language generation module for the tar-
get language T'. For each language, we fine-tune
both modules on the corresponding data, result-
ing in a list of semantic understanding modules
{M5yr | S € {ar,zh,en, fr,ru,es}} and a list
of language generation modules { M™% | T ¢
{ar,zh,en, fr,ru,es}} . Both modules are opti-
mized using cross-entropy loss:

Lro = —logP(O|1,0) (1)

where (I, 0) is the input and reference output for
the module, and (1,0) € {(S,AMR),(AMR,T)}.
O denotes the module-generated output.

As shown in Figure 2, this architecture allows for
a flexible, modular approach to multilingual transla-
tion. A language-specific semantic understanding
module and a language generation module can be
combined to perform translation between any of the
supported languages (M3, p ® M#ME). This pro-
cess also yields an explicit semantic representation,
which improves interpretability (S — AMR — T).

4. Experiments

4.1. Datasets and Data Construction

We construct an extensive multilingual parallel
dataset (UN-AMR) consisting of six official lan-
guages of the United Nations: Arabic, Chinese,
English, French, Russian, and Spanish. We use
the United Nations Parallel Corpus (Ziemski et al.,
2016) and follow its original data split. We generate
silver AMR annotations by parsing the correspond-
ing English text using AMRBART (Bai et al., 2022).
These AMR graphs serve as explicit semantic rep-
resentations for texts in each language, paired with
sentences in respective languages to form a paral-
lel corpus with six subsets:

D = {(ar, AMR), (zh, AMR), (en, AMR),
(fr,AMR), (ru, AMR), (es, AMR)}

To assess the performance of our proposed
modular semantic machine translation framework

78

#Sentences
Split UN-AMR UN-AMR-subset
Train 11,365,709 (11.4M) | 640,000 (640K)
Test 4,000
Validation 4,000

Table 1: Statistics of UN-AMR dataset.

across varying data scales, we conducted compar-
ative experiments using both the complete dataset
and a subset from the UN-AMR corpus training par-
tition. We denote the complete dataset as UN-AMR
and the subset as UN-AMR-subset. The UN-AMR-
subset consists of the first 640K instances of the
complete dataset. The UN-AMR dataset is used
to train models from scratch, while the UN-AMR-
subset is employed for fine-tuning pre-trained mod-
els. The dataset statistics are detailed in Table 1.
For each experimental condition, we executed par-
allel training procedures for both our model and
baseline architectures, followed by comprehensive
evaluations of their generalization capability and
robustness across the corresponding dataset.

4.2. Metrics

We evaluate translation quality using BLEU (Pap-
ineni et al., 2002) and COMET (Rei et al., 2020)
on the standard UN-AMR test set and paraphrased
versions to measure robustness. Additionally, we
employ Smatch (Cai and Knight, 2013a) to evaluate
the semantic accuracy of our AMR graph gener-
ation, comparing generated graphs against silver
annotations.

BLEU. This metric is used to evaluate the qual-
ity of machine-translated text by comparing it to
human-translated references. It calculates the n-
gram precision between the machine-translated
text and the reference translations. We evaluate
the robustness of the translation system by mea-
suring the rate of decline in BLEU scores.

COMET. A neural network-based metric for ma-
chine translation evaluation predicts human judg-
ments by leveraging pre-trained models fine-tuned
on human evaluation data. The model-based met-
ric, COMET, offers a semantic-level assessment of
machine translation quality.

Smatch. An evaluation metric specifically de-
signed for semantic feature structures. It calcu-
lates a similarity score between two AMR graphs
based on their structural and lexical similarities (Cai
and Knight, 2013b). To evaluate our understanding
modules’ ability to capture semantic features, we



AMRpivot on testset

AMRpivot on paraphrased testset

S\T ar en es fr ru zh ar en es fr ru zh
ar - 370 358 273 250 386 - 29.2 219, 30.9 ;149 23.6 ;149 21.0 ;169 33.9 ;199
en 224 - 428 32.0 28.7 43.1 | 154 319 - 32.1 |250, 25.2 1219, 22.2 1239, 35.9 ;179
es 19.9 417 - 306 26.3 39.3 | 16.5 179, 33.2 ;20% - 271 (119 23.2 129 35.8 g%
fr 174 357 35.9 - 243 36.2 | 14.6 j16% 29.3 j18% 31.6 j11% - 21.2 129, 33.3 ;5%
ru 179 353 341 272 - 36.3 | 14.7 150, 28.2 20, 29.8 13, 23.9 ;129 - 32.7 ;10%
zh 171 344 331 253 234 - 14.4 1169, 28.6 11790 29.5 119,  23.0 99,  20.7 129, -
Avgl 5.89 (16%)
Table 2: Robustness results of our proposed model.
Transformer on testset Transformer on paraphrased testset
S\T ar en es fr ru zh ar en es fr ru zh
ar - 4295 4048 2826 28.35 39.0 - 31.7 jo60  32.9 10 25.4 100 22.8 130%  35.1 0%
en 2852 - 55.10 41.01 36.60 47.7 | 18.0 ;379 - 37.6 1329, 30.1 979, 25.3 319, 38.8 199
es 21.96 45.41 - 39.02 3161 423|181 15, 34.9 939 - 31.6 1190, 265,165, 38.8 Lg%
fr  19.31 43.49 4552 - 20.87 24.6 | 16.1 |17, 341 1300, 36.7 |19, - 25.0 ;160 22.3 g0
ru 16.87 41.96 40.06 30.93 - 40.3 | 14.5 j140, 32.6 300, 32.5 199% 25.3 159 - 36.4 ;109
zh 1849 41.02 3815 3056 27.49 - | 152,15, 323,510, 31.3 15 26.0 ;150 23.0 169 -
Avgl 8.15 (19%)

Table 3: Robustness results of baseline model.

calculate Smatch scores by comparing their gener-
ated AMR graphs against silver AMR annotations.

Human Evaluation. To supplement automatic
metrics, we conduct human evaluation for en—zh
and zh—-ar. Bilingual annotators rate each trans-
lation on adequacy and fluency. Inter-annotator
agreement is reported via Cohen’s .

4.3. Baseline Models

We adopt mBART-cc25-large (hereafter referred
to as mBART-25) (Liu et al., 2020) as the founda-
tional architecture for our experiments. We fine-
tune mBART-25 on the UN-AMR-subset. Both the
semantic understanding module and the language
generation module are based on this architecture
in our proposed framework. Our AMR-pivot trans-
lation system is denoted as AMRpivot.

For a rigorous comparison, we also employ
mBART-25 as the foundational model for the base-
line system. We develop an M-NMT system com-
prising 30 models, each specifically tailored to a
distinct language pair. These models are trained
on datasets identical to those used in our method
for the respective language pairs with source text
as input and target text as output. Similar to our
proposed method, the baseline model is denoted
as Transformer.

4.4. Robustness Test

We evaluate the robustness of each translation
framework by measuring how sensitive its output
quality is to surface-level variation in the input.
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Specifically, we use GPT-40' to paraphrase each
source sentence in the test set while preserving
its semantics?, then translate both the original and
paraphrased sentences using the fine-tuned mod-
els. BLEU scores are computed for both sets of
translations against the original reference transla-
tions, and robustness is quantified as the percent-
age decline in BLEU score between the original
and paraphrased inputs.

Why percentage decline, not absolute BLEU
score. A critical consideration when interpreting
these results is the asymmetry between AMRpivot
and Transformer in terms of pre-trained knowl-
edge. Both systems are built on mBART-25, which
has been pre-trained on large multilingual corpora
and already encodes substantial translation knowl-
edge for the six UN languages. When fine-tuned
directly on source—target sentence pairs, the base-
line Transformer can leverage this pre-existing
translation competence, leading to higher absolute
BLEU scores on the standard test set. By con-
trast, our system AMRpivot fine-tunes mBART-25
on the AMR parsing and AMR-to-text tasks, nei-
ther of which directly exercises the model’s trans-
lation knowledge. As a result, the two systems
begin from meaningfully different effective starting
points: Transformer benefits from a head start
in bilingual signal, while AMRpivot must construct
its translation capability almost entirely through the
AMR intermediate representation.

In this context, comparing absolute BLEU scores
conflates two different things: the quality of the un-

"The version employed is gpt-40-2024-08-06.
2Prompt: "Please rewrite this sentence while keeping
the semantics as unchanged as possible."



BLEU COMET
Random-test CG-test Random-test CG-test
mBART-25 61.4 58.0 ;6% 72.7 63.0 ;139
Transformer 51.2 43.2 | 169 62.0 49.9 |50%
AMRpivot 38.6 37.9 29 47.4 47.5

Table 4: Generalizability on CoGnitnion.

derlying translation framework and the degree to
which the model can exploit pre-trained bilingual
knowledge. What we are specifically interested in
here is the former — how much a framework’s out-
put degrades when the surface form of the input
changes while meaning is preserved. A system
that genuinely translates via semantic understand-
ing should, in principle, be invariant to such surface
variation, whereas a system that relies on surface
co-occurrence patterns should degrade more. The
percentage decline in BLEU score isolates exactly
this property, making it the appropriate primary met-
ric for robustness comparison. We nonetheless
report absolute scores in full in Table 2 and 3 for
completeness, and note that even on this metric,
AMRpivot outperforms Transformer on certain
language pairs (e.g., ru—ar and fr—zh) despite the
inherent disadvantage described above.

Overall, our method achieves an average BLEU
decline of 16% across language pairs on para-
phrased inputs, compared to 19% for the Trans-
former baseline — an average improvement of
3 percentage points per language pair. As shown
in Tables 2 and 3, the advantage is particularly
pronounced for language pairs involving Arabic
and Russian, which are relatively lower-resourced
within mBART-25’s pre-training data, suggesting
that the semantic pivot provides the most bene-
fit precisely where surface-level pre-trained knowl-
edge is weakest.

4.5. Generalizability Test

Further, to better validate our conclusion that the
translation framework we propose relies more on
semantic representation than surface sentence
structures compared to the traditional translation
framework, we design a two-stage generalization
test. In the first stage, based on the experimental
results from Section 4.4, we selected the English-
to-Chinese language direction (which achieved the
highest BLEU score in both translation models) for
verification. We train two models, namely Trans-
former and AMRpivot, from scratch using the
entire UN-AMR dataset, consuming 80*A100 GPU
hours of computational resources. It is important
to note that, according to the scaling law, when
the training data scale reaches the computational
optimal boundary, the model performance improve-
ment enters a plateau phase. The experimental
configuration is nearly at this critical point, which en-
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sures that the results effectively reflect the inherent
characteristics of the model framework.

We adopt the CoGnition (Li et al., 2021) dataset
for evaluation of generalizability. The dataset con-
tains 216,246 training sentence pairs, and the test
set is composed of two subsets: (1) the conven-
tional test set (10,000 sentence pairs), which con-
tains typical combinations of training vocabulary;
(2) the combination generalization test set (CG-
testset, 10,800 sentence pairs), which specifically
constructs 2,160 novel compounds, with up to 5
atoms and 7 words. We fine-tuned the two models
obtained in the previous step on the training dataset
and tested them on both two subsets to distinguish
the model’'s memory of surface structures from its
generalization ability to deep semantics.

The comparative experimental results on both
test subsets are shown in Table 4. As shown, our
model performs almost identically on both the CG-
test and the conventional test set, with even a slight
increase in BLEU score, while other benchmark
models show significant declines. This demon-
strates that our translation framework enables the
model to learn deeply from semantics, so the com-
bination generalization of the data does not signifi-
cantly affect model performance. It is worth men-
tioning that since the AMR used for training was
derived from AMR parser-generated silver data,
which has lower precision, the large dataset (11M
instances) leads to significant error accumulation
during the semantic understanding process. There-
fore, directly comparing the absolute results would
not be fair.

Beyond absolute performance, the contrast be-
tween AMRpivot and direct transduction models
on the CG-test set reflects differences in induc-
tive bias. The combination generalization split in-
troduces novel lexical compounds unseen during
training. For Seq2Seq models, translation quality
partly relies on memorized surface co-occurrence
patterns, and novel combinations therefore cause
performance degradation.

In contrast, the AMR-based framework separates
lexical realization from predicate-argument struc-
ture. The semantic understanding module maps
surface expressions into structured graphs cap-
turing events and relations, allowing many unseen
lexical combinations to correspond to previously ob-
served semantic substructures composed in new
ways. Let X denote the surface string space and Z
the semantic graph space. While X grows combi-
natorially with vocabulary size, Z consists of struc-
tured recombinations of a finite predicate and role
inventory. Modeling translation via Z thus com-
presses the hypothesis space and promotes sys-
tematic recombination rather than memorization of
surface patterns.

The near-identical performance of AMRpivot on
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Figure 3: Mistranslation instances for the outputs of two translation systems.

both test sets supports this interpretation, suggest-
ing that explicit semantic abstraction provides an
effective inductive bias for compositional general-
ization.

4.6. Human Evaluation

To complement the automatic metrics, we conduct
a small-scale human evaluation assessing ade-
quacy (meaning preservation) and fluency (gram-
maticality and naturalness), each rated on a 1-5
scale.

We focus on en—zh and zh—ar. For each lan-
guage pair, we randomly sample 25 sentences from
the UN-AMR test set, each evaluated in both its orig-
inal and paraphrased form (using the same GPT-40
procedure as Section 4.4), yielding 50 translation
instances per system. The two translations per
sentence are presented to two bilingual annotators
in randomized order without system labels, produc-
ing 200 judgments per dimension per language
pair (25 x 2 conditions x 2 systems x 2 annota-
tors). Disagreements are resolved by averaging,
and inter-annotator agreement is reported via Co-
hen’s .

As shown in Table 5, AMRpivot achieves higher
adequacy on both language pairs under both condi-
tions, with the advantage widening on paraphrased
inputs, from +0.14 to +0.31 on en—zh and from
+0.13 to +0.27 on zh—ar, which directly confirming
the robustness findings of Section 4.4. Trans-
former scores higher on fluency throughout, re-
flecting its direct exposure to source—target pairs
during fine-tuning. The fluency gap is larger on
zh—ar (—0.54) than en—zh (—0.37), consistent with
greater error accumulation through the AMR pars-
ing stage on a more distant language pair. This ad-
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en-—zh zh—-ar

Condition Syst

Adequacy Fluency Adequacy Fluency

Original Transformer 3.74 3.98 3.31 3.52
9 AMRpivot 3.88 3.61 3.44 2.98
Paraphrased Transformer 3.49 3.74 3.05 3.16
P AMRpivot 3.80 3.21 3.32 2.60
Cohen’s x 0.66 0.72 0.63 0.69

Table 5: Human evaluation results (mean scores
on a 1-5 scale) for en—»zh and zh—ar.

equacy—fluency tradeoff points to improving the lan-
guage generation module — through higher-quality
AMR annotations or stronger generative models —
as the primary direction for future work.

5. Interpretability Analysis
Figure 3 displays three instances of mistranslation.
The first two examples are produced by our pro-
posed model, while the third is generated by the
Transformer baseline model. As shown, the first
two cases indicate the effectiveness of our method
in localizing error sources, distinguishing whether
issues stem from the semantic understanding mod-
ule or the language generation module, with AMR
serving as a pivot. In contrast, the final example,
generated by the traditional NMT system, fails to
explicitly identify whether the errors originate from
the encoder or decoder components.

For the first instance, according to AMR anno-
tation conventions, ARG1 typically represents the
direct object of an action, while ARG2 is often used
for instrumental or comitative relations. In this case,
Chinese characters meaning “Lists of children” are
mistranslated as “Lists of clients”. With the help of
AMR pivot, the error can be easily identified. This
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Figure 4: Overall translation performance of AMR-
pivot with sacling abilities of semantic understand-
ing modules and language generation modules..

mistake suggests that the model may have mis-
interpreted the Chinese characters meaning “chil-
dren” during the semantic understanding process.
By correcting the AMR parse structure, the model
successfully generates the correct translation. In
the second instance, the AMR graph is correctly
extracted but it erroneously realizes the concept
“make-01" as “making” during the language gen-
eration process and finally generates an incorrect
target sequence.

In the third instance, Chinese characters mean-
ing “floor” was erroneously translated as “ceiling”
rather than “floor”. However, it is unclear where the
error originates. Specifically, it is uncertain whether
the mistake arises from a misinterpretation of the
source language or an error in generating the target
language. This demonstrates that the transformer
model is unable to effectively identify such errors.
This comparative analysis underscores an impor-
tant distinction: While Transformer models rely on
implicit vector representations that obscure error
localization, our approach allows for explicit identi-
fication of error sources within specific processing
modules. The opaque nature of intermediate rep-
resentations in Transformer architectures compli-
cates the diagnosis of translation errors, making it
difficult to ascertain whether the issue arises from
semantic misinterpretation or generation failures,
thereby hindering targeted error correction. More-
over, this interpretability also lays the foundation for
us to selectively improve the overall performance.

6. Challenges and Opportunities

We also train semantic understanding modules and
language generation modules of varying capaci-
ties using different sizes of training datasets, then
combine them pairwise into a pipeline to evaluate
translation performance.
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As shown in Figure 4, the performance of the
AMR-based model is currently limited by the effec-
tiveness of the semantic understanding module and
the language generation module. With improve-
ments in these two key components, we anticipate
a gradual performance enhancement of AMRpivot.
Specifically, as these modules advance, the trans-
lation performance will continue to improve.

Additionally, since we use English AMR as the
pivot, the system carries an inherent English-centric
bias. For non-English source languages, the se-
mantic understanding module must bridge not only
a linguistic gap but also a conceptual one, as AMR
frames and concept strings are grounded in English
lexical and syntactic conventions. This may dispro-
portionately disadvantage morphologically rich or
syntactically distant languages such as Arabic and
Russian. While language-specific AMR banks exist
for a small number of languages, their scale and
parser maturity currently preclude their use at the
data volumes required here. Future work should
explore whether a more language-neutral semantic
representation or a cross-lingual AMR formalism
that decouples concepts from English vocabulary
— could alleviate this bias and further boost trans-
lation quality across typologically diverse language
pairs. Such a representation should focus on com-
pressing redundant information, making it adapt-
able to various languages. This shift would not
only enhance the interpretability of the model but
also significantly boost its translation performance
across multiple languages. Moreover, if language
models are capable of computing rich, high-level
structures rather than merely fragmented token-
level representations, and if these structures can
be aligned across languages, then the translation
paradigm that operates without bilingual training
data is likely to achieve significant progress.

7. Conclusion

We conducted a pilot study on using a semantic
pivot to achieve neural machine translation with-
out sequence-to-sequence transduction learning,
finding that it has the potential to reduce the in-
fluence of spurious features, leading to more ro-
bust, interpretable, and less bilingual-data-hungry
neural models. Additionally, although the existing
method does not yet compete with state-of-the-art
NMT systems, there is a salient trend: improving
semantic parsing and generation accuracies leads
to stronger translation quality. Such findings can
shed light on further research on the new translation
paradigm. Future research directions include find-
ing a strong universal semantic representation and
discovering new foundational models that can pro-
vide reliable text-level semantic information, rather
than relying on token-level vectors.
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