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Abstract—Semantic communication shifts the design objective
of communication systems from exact bit reconstruction toward
the preservation of meaning and receiver-side utility. This shift
is particularly critical in scenarios where small bit-level pertur-
bations can alter numbers, negations, or operational commands,
transforming a message while maintaining high lexical similarity.
This paper proposes a Bit Error Rate (BER)-driven semantic
resilience framework for the controlled evaluation of text-based
communication. The framework models the transmission pipeline
from binary encoding to channel corruption, decoding, and
optional receiver-side semantic recovery using Large Language
Models (LLMs). We introduce a multi-level evaluation method-
ology combining Word Error Rate (WER), embedding-based
Semantic Textual Similarity (STS), and Semantic Textual Simi-
larity Gain (STS Gain). Unlike conventional purely bit-oriented
approaches, the proposed protocol explicitly evaluates the trade-
off between exact lexical reconstruction and semantic robustness.
The results provide a reproducible testbed for benchmarking
semantic recovery strategies under varying BER conditions.

Index Terms—Semantic Communication, Text Transmission,
Bit Error Rate, Receiver-Side Recovery, Word Error Rate,
Sentence-BERT, 6G.

I. INTRODUCTION

Classical digital communication systems are primarily eval-
uated through physical- and link-layer indicators such as bit
error rate (BER), packet error rate, signal-to-noise ratio, and
throughput. Shannon’s mathematical theory of communication
provides the fundamental basis for reliable transmission over
noisy channels, while intentionally separating engineering
information from semantic interpretation [1]. This abstraction
remains essential, but it is not sufficient for emerging task-
oriented services in which the receiver must interpret the
message and act on it. In several operational settings, exact
bit recovery is less important than preserving the information
required for a correct decision [2]–[5].

Semantic communication has therefore become a central
research direction for beyond-5G and 6G systems. Recent

surveys describe semantic representation, task-oriented trans-
mission, knowledge-assisted interpretation, semantic metrics,
and implementation as major open challenges [3]–[5], [20].
Deep learning has enabled practical semantic transceivers for
text and speech. DeepSC introduced a Transformer-based se-
mantic communication system for text transmission [6], while
DeepSC-S extended the paradigm to speech transmission by
emphasizing essential information [7]. These works show that
meaning-oriented transmission can be more robust than purely
bit-oriented baselines in some channel conditions.

However, evaluating semantic degradation remains difficult.
A corrupted message such as “administer 100 mg” instead of
“administer 10 mg” may retain high lexical similarity while
conveying a completely different, and potentially dangerous,
meaning. Likewise, the loss of “not” in “do not enter the elec-
trical room” can invert the intended command. These examples
show that standard metrics like WER, BLEU, or ROUGE
alone cannot fully capture semantic correctness [11]–[16]. A
communication system may appear acceptable under generic
lexical evaluations while still failing on specific entities that
matter most for the end-user.

This paper proposes a compact BER-driven framework for
evaluating semantic resilience and receiver-side recovery in
text communication. The framework does not claim to replace
channel coding or end-to-end semantic transceivers. Instead,
it provides a measurement layer that links controlled bit-level
corruption to textual degradation, semantic similarity loss, and
recovery gain. The contribution is methodological and exper-
imental: it defines a reproducible way to test how meaning
survives or fails under increasing BER, and how much a neural
receiver-side recovery stage can improve interpretation.

The main contributions of this paper are as follows:
• We investigate the relationship between bit-level cor-

ruption and semantic degradation under controlled BER
conditions.



• We propose a unified evaluation framework combining
lexical fidelity (WER) and semantic preservation (STS
and STS Gain).

• We introduce a text-domain receiver-side recovery
paradigm and evaluate its capability to restore meaning
without operating at the physical layer.

• We provide a reproducible experimental protocol high-
lighting the trade-off between syntactic degradation and
semantic robustness.

II. RELATED WORK

Semantic communication was anticipated by Weaver’s dis-
cussion of technical, semantic, and effectiveness levels of
communication [2]. Modern research revisits this idea using
neural representation learning, knowledge bases, and task-
oriented objectives [3]–[5]. DeepSC is a key text-oriented
reference because it formulates sentence-level semantic trans-
mission with neural encoders and decoders [6]. DeepSC-S is
also relevant as it targets semantic speech transmission and
uses attention to emphasize essential information [7]. Robust
semantic communication and compensation methods further
confirm the need to study degradation and recovery under
channel impairment [8].

The present framework differs from end-to-end semantic
transceiver design. Its target is text transmission over binary
channels, allowing controlled analysis of bit-level corruption
and receiver-side text repair. This choice is compatible with
modern communication pipelines where information, regard-
less of its original source (e.g., audio, sensors, text), is
processed as discrete token sequences [17], [18]. In this paper,
textual data is directly exposed to channel-induced corruption
to isolate and evaluate the semantic impact of bit errors.

Evaluation metrics are another critical component. WER
remains a standard because it measures substitutions, dele-
tions, and insertions [15]. BLEU and ROUGE are widely
used for machine translation and summarization, but they rely
strongly on token overlap and can penalize valid paraphrases
[13], [14]. Sentence-BERT enables efficient sentence-level
semantic similarity through dense embeddings [11], while
BERTScore compares candidate and reference tokens using
contextual representations [12]. Semantic Textual Similarity
(STS) benchmarks provide a foundation for meaning-oriented
comparison [16]. However, relying on a single metric is often
insufficient. Real-world communication standards, such as
3GPP TS 22.179 for Mission Critical services [19], emphasize
reliability and operational availability. This operational context
motivates a stronger evaluation approach: measuring not only
whether a message is readable, but whether it preserves its
core meaning under severe channel degradation.

III. SYSTEM MODEL AND EXPERIMENTAL SETUP

A. System Architecture

The proposed framework considers a text-based communi-
cation system operating over a noisy channel with a control-
lable Bit Error Rate (BER) pb.

TABLE I
MAIN NOTATION USED IN THE PROPOSED FRAMEWORK.

Symbol Meaning

t0 Reference text message
b Binary sequence obtained from the reference text
pb Target bit error rate used by the channel model
b̃ Corrupted binary sequence
tc Text decoded from the corrupted bitstream (noisy base-

line)
tr Text generated after receiver-side semantic recovery

(fixed)
Γ Optional domain context and recovery constraints

Let t0 denote the reference text message. The message is
encoded into a binary sequence, transmitted through a noisy
channel, and decoded at the receiver. An optional semantic
recovery module may refine the corrupted output.

The processing chain is defined as:

b = E(t0), (1)

b̃ = C(b, pb), (2)

tc = D(b̃), (3)
tr = R(tc,Γ), (4)

where E denotes encoding, C the channel corruption process,
D decoding, and R the optional semantic recovery module.
The set Γ represents optional contextual constraints. Table I
summarizes the main mathematical notation used in this work.

The recovery module is not assumed to be perfect and
may introduce modifications to the decoded text. Therefore,
the evaluation considers both lexical fidelity and semantic
preservation.

B. Implementation Details

To quantitatively evaluate the effect of the semantic-aware
receiver, an experimental study was conducted. The objec-
tive is to compare the baseline scenario, where the received
text (tc) is directly analyzed after channel corruption, with
a semantic-aware scenario, where the neural compensation
module generates a refined output (tr).

a) Dataset and Evaluation Procedure: The experimental
dataset consists of 50 English sentences selected to cover
diverse syntactic structures and varying sentence lengths.
This design aims to reduce bias toward specific linguistic
patterns and improve the robustness of the evaluation. For each
sentence and BER level, the system computes metrics over
multiple random seeds to account for the stochastic nature of
bit corruption. Results are reported as averaged performance
across the dataset.

b) Channel Model: Channel corruption is simulated us-
ing a controlled BER model. Each sentence is encoded using
ASCII representation and transmitted as a binary sequence.
Bit-level corruption is introduced by flipping each bit with
probability pb. The evaluated BER values are {5 · 10−5, 5 ·
10−4, 10−3, 5·10−3, 8·10−3, 10−2}, allowing evaluation under
both low-noise and highly degraded conditions.



c) Semantic Recovery Module: The recovery module
R is implemented using a pre-trained sequence-to-sequence
model (ai-forever/T5-large-spell). Given a cor-
rupted input tc, the model generates a corrected output tr by
exploiting contextual information in the sentence. The model
operates purely in the text domain and does not attempt to
reconstruct the original bitstream. Its objective is to improve
linguistic coherence under channel-induced corruption.

C. Evaluation Metrics

The proposed framework evaluates performance using lex-
ical and semantic metrics to capture both surface-level errors
and meaning preservation.

Word Error Rate (WER) measures the minimum number of
edit operations required to transform the hypothesis into the
reference sentence:

WER =
S +D + I

N
(5)

where S, D, I , and N denote substitutions, deletions, inser-
tions, and the number of reference words, respectively [15].

Semantic similarity between two sentences is computed us-
ing embedding-based representations. Let Sim(ta, tb) denote
the cosine similarity between Sentence-BERT embeddings
[11], [12]:

Sim(ta, tb) = cos(ea, eb) (6)

The Semantic Textual Similarity Gain (STS Gain) quantifies
the relative semantic improvement introduced by the receiver-
side recovery module:

STS Gain (%) =
Sim(t0, tr)− Sim(t0, tc)

Sim(t0, tc)
× 100 (7)

IV. RESULTS

The experimental results are reported in Table II, which
summarizes the performance of the noisy and semantic-aware
(fixed) scenarios across different Bit Error Rate (BER) levels.
All results are averaged over fifty sentences from the test
dataset.

TABLE II
COMPARISON BETWEEN NOISY AND FIXED SCENARIOS AT VARYING BER

LEVELS

BER WER Noisy WER Fixed STS Noisy STS Fixed STS Gain (%)

5 · 10−5 0.001 0.001 0.999 1.000 0.102
5 · 10−4 0.033 0.016 0.963 0.987 2.480
10−3 0.060 0.031 0.933 0.982 5.282

5 · 10−3 0.234 0.156 0.792 0.904 14.204
8 · 10−3 0.336 0.224 0.703 0.863 22.768
10−2 0.386 0.264 0.675 0.822 21.753

Overall, channel noise has limited impact at low BER
values. For BER ≤ 10−3, Semantic Textual Similarity (STS)
remains above 0.93, indicating strong semantic preservation
despite bit-level corruption. In this regime, the semantic-
aware module provides only marginal improvements, as the
received signal already preserves sufficient structure for correct
interpretation.

Fig. 1. WER vs BER comparison for Noisy and Fixed scenarios.

Fig. 2. STS vs BER comparison for Noisy and Fixed scenarios.

As BER increases, a clear divergence emerges between the
two approaches. The noisy baseline exhibits severe degra-
dation, including corrupted tokens and incomplete words,
reflected in a sharp increase in Word Error Rate (WER).
Figure 1 shows the evolution of WER as a function of BER
for both noisy and semantic-aware scenarios.

In contrast, the semantic-aware model consistently reduces
WER and improves STS, indicating partial reconstruction of
corrupted content.

At high BER levels (e.g., 5·10−3 to 10−2), semantic benefits
become more evident. The noisy signal reaches STS values
as low as 0.675, while the semantic-aware output maintains
values up to approximately 0.822, showing improved semantic
preservation under severe channel impairment.

Figure 2 illustrates the behavior of Semantic Textual Simi-
larity (STS) across different BER levels.

A consistent observation across all configurations is the
trade-off between lexical accuracy and semantic preservation.
Even when WER remains relatively high (e.g., 0.264 at 10−2),
STS remains comparatively stable, indicating that the recovery
model prioritizes meaning preservation over exact word-level
reconstruction.

The STS gain increases with BER, exceeding 20% in highly
degraded conditions, confirming that semantic recovery be-



Fig. 3. STS Gain (%) vs BER.

comes increasingly beneficial as channel quality deteriorates.
Figure 3 highlights the semantic gain introduced by the

recovery module as BER increases.
Overall, these results confirm that semantic-aware process-

ing enhances robustness in noisy environments, particularly
when traditional lexical reconstruction fails.

V. DISCUSSION

The results highlight a fundamental property of semantic
communication systems: Bit Error Rate (BER) and semantic
degradation are related but not strictly equivalent. While BER
measures physical corruption at the bit level, the semantic
impact depends heavily on which specific tokens are affected.

Even under low BER conditions, errors might alter mission-
critical terms (such as numbers, negations, or locations),
leading to severe operational failures. Conversely, a higher
Word Error Rate (WER) does not necessarily imply a complete
loss of meaning if only non-essential words are corrupted.
This mismatch strongly motivates the need for semantic-aware
evaluation metrics beyond classical error rates.

The semantic recovery module demonstrates clear benefits
in high-noise regimes, successfully bridging the gap between
severe channel impairment and human or machine comprehen-
sibility. However, it also introduces inherent risks. Language-
model-based reconstruction may produce fluent yet incorrect
outputs, including altered quantities, missing negations, or
hallucinated entities. For this reason, in safety-critical contexts,
explicitly signaling uncertainty may be preferable to producing
a confident but incorrect reconstruction.

Several limitations remain in this study. The evaluation
relies on a simplified independent bit-flip channel model and
a relatively compact text dataset. Moreover, embedding-based
similarity metrics (such as STS) are model-dependent and may
not fully reflect human judgment in specialized operational
domains, such as emergency response or healthcare. Finally,
while this study focused on direct text transmission, validation
on end-to-end speech-derived pipelines remains necessary.

VI. CONCLUSION

This paper presented a BER-driven semantic resilience
framework for evaluating receiver-side recovery in text-based
semantic communication systems.

The framework jointly analyzes lexical degradation, seman-
tic similarity, and recovery gain under controlled channel im-
pairments. Unlike traditional bit-level evaluation approaches,
it explicitly focuses on the trade-off between exact lexical
reconstruction and semantic robustness.

The experimental results show that semantic-aware recov-
ery is highly effective under high-noise conditions, where
traditional decoding fails to preserve meaning. However, the
approach introduces potential risks related to hallucinated or
inadvertently modified information, highlighting the future
need for constrained and uncertainty-aware recovery mech-
anisms.

Future work will extend this study to real speech-to-text
pipelines, incorporate more realistic channel models (including
burst and correlated errors), and validate the proposed metrics
through human expert evaluation in mission-critical scenarios.
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