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Supplementary Material

1. Additional Method Details
1.1. Energy-Aware Temporal Segmentation

Detailed Example of Energy-Aware Segmentation

On Sunday, many clouds and some rain are 
expected again in the west and northwest; 

further east it will be...
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4. Find the ideal position 
of the 𝑘-th boundary: 𝐶!

5. Set a local window 
centered at 𝑐! to determine 
the final boundary 𝑏! ∈
[𝐶! − ∆, 𝐶! + ∆].
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6. The final 𝑏! is chosen as 
the lowest-motion point 
within the window [Eq. (3) 
in Sec. 3.1] 𝒃𝒌"𝟏 𝒃𝒌"𝟐

am sonntag im westen und nordwesten wieder viele …etwas regen richtung osten ist es weiter...
On Sunday, in the west and northwest, many clouds and some rain are expected again; further east it will be...Translation: 
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Figure 1. Details and example of EAT-Seg.

Temporal boundary modeling has been widely stud-
ied in long-horizon sequence understanding, where tem-
poral convolutions and refinement modules are commonly
used to capture long-range dependencies and suppress over-
segmentation errors [1, 6, 9]. Here, we provide additional
details of EAT-Seg to clarify how segment boundaries are
determined. EAT-Seg computes hand-motion energy from
hand keypoint dynamics, where lower-energy regions often
correspond to natural pauses or transitions in signing. These
local minima serve as candidate boundaries, as they are
more likely to separate adjacent semantic units than high-
motion regions.

To avoid unstable segmentation caused by signing-speed
variation, boundary selection is not based solely on global
minima. Instead, given the total number of frames and a
target segment length, we first define a set of uniformly
spaced centers ck representing the expected boundary lo-
cations under a length-regularized partition. For each cen-
ter, we search within a local temporal window and select
the final boundary bk by minimizing a joint cost combining
motion energy and distance to ck. This strategy balances
semantic alignment and length stability, preventing overly
short or overly long segments.

In addition, each segment is extended with a small tem-
poral overlap. This overlap avoids cutting across semanti-

cally related signing motions and ensures complete cover-
age of gloss-relevant frames near the boundary. As a result,
EAT-Seg produces segments that are both temporally stable
and semantically coherent for downstream translation and
reconstruction.

1.2. Diffusion-Based Semantic Reconstruction
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Figure 2. Details and examples of DSR.

DSR follows the general intuition of iterative masked
refinement and discrete diffusion-style generation, which
has shown strong potential for controllable and globally
conditioned sequence generation [4, 7]. To further clarify
the inference behavior of DSR, we describe here the com-
plete reconstruction process. Given n translated segments,
we first initialize a flexible sequence of length L + 2(n −
1) by inserting masked slots between adjacent segments,
which provides the model with room for insertion, deletion,
and local reorganization during denoising. Starting from
this structured initialization, DSR performs iterative non-
autoregressive refinement over the whole sequence rather
than generating tokens from left to right.

During each refinement step, we employ a lightweight
lexical guidance module, termed LexMasker, to control
where re-masking should occur. LexMasker distinguishes
content-bearing tokens, such as key nouns, verbs, numerals,
and named entities, from low-information function words.
Content tokens are preserved as semantic anchors whenever
possible, while function words and unstable positions are
preferentially re-masked and regenerated. This design al-
lows DSR to improve sentence-level fluency and discourse
structure without unnecessarily overwriting already-correct
semantic content.

Inference is run for at most 20 diffusion steps. In prac-
tice, we terminate the process early when the masked po-
sitions remain unchanged for two consecutive iterations,
which indicates that the reconstruction has reached a sta-



ble state. Unlike minimum Bayes risk decoding (MBRD),
which only re-ranks a fixed set of hypotheses according to
estimated utility [5], DSR actively rewrites the sequence
through iterative denoising and therefore supports insertion,
deletion, and reorganization. This enables it to correct long-
range structural errors and missing or redundant content that
are difficult to address through hypothesis selection alone.

2. Additional Empirical Analysis
2.1. Robustness to Segment-level Perturbations

BoostSLT[GASLT] R-Del R-Rep R B1 B2 B3 B4

✓ × × 46.72 45.67 33.05 26.54 21.95
✓ × ✓ 37.19 37.25 23.72 12.60 8.13
✓ ✓ × 40.15 39.64 26.21 15.49 11.27

Table 1. Sensitivity of BoostSLT to artificially degraded segment-
level translations for virtual upper-bound analysis.

To examine the dependency of BoostSLT on the quality
of segment-level inputs, we conduct a perturbation analy-
sis by artificially degrading the translated segments before
reconstruction, which also provides a rough virtual upper-
bound probe on how much BoostSLT could benefit from
cleaner segment-level translations. Specifically, R-Del ran-
domly deletes one token from each segment, while R-Rep
randomly replaces one token in each segment. As shown
in Table 1, performance drops under both perturbations,
confirming that the final reconstruction quality is strongly
influenced by the correctness of the intermediate segment
translations. Nevertheless, the unperturbed setting remains
substantially stronger, suggesting that BoostSLT can effec-
tively exploit reliable segment-level evidence and may fur-
ther benefit from higher-quality segmented translations.

2.2. Comparison with Alternative Semantic En-
hancers

Auslan-Daily News R B1 B2 B3 B4

Diffusion SLT 15.14 16.53 4.92 2.01 0.62
BoostSLT[LiTFiC] 39.98 38.45 23.29 16.63 13.57

Table 2. Comparison with a directly trained text diffusion SLT
model.

We additionally compare BoostSLT with an alternative
semantic enhancement strategy based on direct text diffu-
sion modeling [7, 8]. Specifically, we directly train a text
diffusion model as a standalone SLT generator. As shown in
Table 2, this direct diffusion SLT baseline performs substan-
tially worse than BoostSLT. This suggests that under current
data scale and visual–linguistic alignment constraints, dif-
fusion models are more effective as reconstruction modules
than as standalone end-to-end SLT generators.

2.3. Scalability and Error Propagation Analysis
Figure 3 shows that BoostSLT consistently improves SLT
performance across backbone generations, although the
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Figure 3. Trend of Average Performance Gains by BoostSLT

Position of errors 1–5 5–10 10–15 15+
TwoStreamNetwork 0.23 0.31 0.49 0.61

BoostSLT[TwoStreamNetwork] 0.20 0.24 0.27 0.32

Table 3. Error rate at different word positions.

gains are non-uniform. In general, weaker backbones with
more severe long-range structural or coverage errors benefit
more, while stronger backbones still obtain stable improve-
ments. This trend highlights the scalability of BoostSLT:
even if future large models become more capable of trans-
lating long unsegmented inputs directly, our plug-and-play
framework remains attractive for efficient, deployable, and
on-device SLT enhancement.

Autoregressive sequence generation is known to suf-
fer from exposure bias and cumulative error propagation,
where early mistakes may propagate to later positions dur-
ing inference [2, 3]. To examine whether BoostSLT miti-
gates this effect, we report the average error rate across dif-
ferent sentence positions on PHOENIX-2014T. As shown
in Table 3, the baseline TwoStream Network exhibits in-
creasing errors toward later positions, whereas BoostSLT
substantially reduces errors in the 10–15 and 15+ ranges.
These results provide further evidence that diffusion-based
reconstruction suppresses error accumulation and improves
discourse-level consistency over longer outputs.

2.4. Failure Analysis

Translated texts from Phoenix-2014T

GASLT: in der südhälfte regnet es heute nacht hier und da sonst ist es 
verbreitet klar oder nur locker bewölkt .

BoostSLT[GASLT]: In der Südhälfte gibt es zu Beginn der Nacht noch einige 
Wolken, aus denen hier und da ein paar Tropfen oder leichte Schauer fallen 
können, sonst ist es im Verlauf der Nacht verbreitet klar oder nur locker 
bewölkt.

GroundTruth: im süden gibt es zu beginn der nacht noch wolken die hier und 
da auch noch ein paar tropfen fallen lassen sonst ist es meist klar oder nur 
locker bewölkt.  
English: In the south, there are still clouds at the beginning of the night that may drop a 
few drops here and there; otherwise, it is mostly clear or only sparsely clouded.

English: In the southern half it will rain here and there tonight, otherwise it will be mostly 
clear or only partly cloudy.

English: In the southern half, there will still be some clouds at the beginning of the night, 
from which a few drops or light showers may fall here and there; otherwise, it will be 
generally clear or only scattered clouds during the course of the night.

Sample: P-1

Failure Analysis

GASLT: sally can we make our own cards 
.

BoostSLT[GASLT]: sally we are going to make our cards

GroundTruth: sally i am going to paint something special too.

Figure 4. Representative failure cases.

We further provide representative failure cases to illus-
trate the current limitations of BoostSLT. Although DSR
is effective at improving sentence-level fluency and repair-
ing local inconsistencies, its final output still depends on
the quality of the translated segments produced upstream.
When the intermediate segments already contain substan-
tial semantic mismatch or miss critical content words, the
reconstruction stage may be guided toward a fluent yet in-
correct sentence. These cases suggest that future improve-
ments may come from stronger segment-level translation
quality, better uncertainty-aware masking, and tighter inter-
action between segmentation and reconstruction.
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