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Abstract

We describe the RozarNLP-cr7 constrained
submissions to the WMT 2026 Indic Ma-
chine Translation Shared Task. We adapt
the permitted NLLB-200 Distilled 1.3B check-
point with two bidirectional multilingual LoRA
adapters trained exclusively on the official par-
allel datasets provided by the WMT 2026 or-
ganizers. We report official direction-level re-
sults and supplement them with WMT25 cross-
benchmark validation and an output-side anal-
ysis in the appendix. The adapted systems
outperformed the submitted NLLB baseline
in both Mizo directions and IndicTrans2 for
Bengali-script Manipuri-to-English, but perfor-
mance was uneven. In particular, the primary
system performed strongly for Bengali-script
Manipuri-to-English but failed to produce satis-
factory reverse-direction translations; the cause
remains unresolved. Overall, the findings un-
derscore the need to validate parameter-efficient
adaptation separately across languages, scripts,
and translation directions.

1 Introduction

The WMT 2026 Indic Machine Translation Shared
Task evaluates translation between English and low-
resource languages of Northeastern India.! We par-
ticipated in the constrained setting for Assamese,
Manipuri in Bengali and Meitei Mayek scripts,
Mizo, and Khasi. These directions combine lim-
ited parallel data with Bengali, Latin, and Meitei
Mayek writing systems. They therefore test whether
a shared parameter-efficient model can support
translation across differences in script, parallel-
data availability, and pretrained language coverage.
Joint adaptation may enable transfer, but shared pa-
rameters can also couple languages with different

'Northeastern India comprises the states of Arunachal
Pradesh, Assam, Manipur, Meghalaya, Mizoram, Nagaland,
Sikkim, and Tripura; the regional label provides geographic
context and does not imply that each language is spoken only
within these states.
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needs; we assess performance separately by lan-
guage, script, and direction.

Our systems adapt NLLB-200 Distilled
1.3B (NLLB Team et al., 2022) with LoRA (Hu
et al., 2022). We refer to the adapted systems
as NLLB+LoRA and the unadapted checkpoint
as NLLB. Model A is shared across Assamese,
Mizo, and both Manipuri scripts, while Model
B covers Khasi and Nyishi. Both adapters are
bidirectional and use language identifiers for direc-
tional control; pretrained IndicTrans2 (Gala et al.,
2023) and unadapted NLLB provide the available
comparisons.

Because WMT?26 test references were unavail-
able, we supplement the official scores with an
output-side inspection (Appendix B) and a sepa-
rate cross-benchmark evaluation on the WMT25
gold test set (WMT25 Indic MT Organizers, 2025).
Neither analysis substitutes for reference-based
WMT26 evaluation.

Our contributions are:

* multilingual LoRA systems with documented
data construction, language identifiers, tok-
enizer extension, training, and inference;

* direction-wise WMT26 comparisons with sub-
mitted baselines and the strongest primary sub-
missions; and

* output-side error inspection and reference-
based WMT?25 validation.

2 Task Description

Constrained setting. We participate under the
constrained track. We used the permitted pre-
trained NLLB-200 and IndicTrans2 checkpoints
and adapted only NLLB, using official parallel cor-
pora; no monolingual data were used.”

Training code and configurations: https://github.
com/Iamdevsuyash/WMT26.
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Language Pairs Bidirectional
Assamese 54,000 108,000
Manipuri (Bengali) 23,687 47,374
Manipuri (Meitei Mayek) 17,000 34,000
Mizo 18,964 37,928
Khasi 24,700 49,400
Nyishi 56,000 112,000
Total 194,351 388,702

Table 1: Official training pairs with English and
directional instances after augmentation. Nyishi was
used in training before withdrawal from official
evaluation.

Language pairs. We cover both English trans-
lation directions for the five language—script con-
ditions above. Nyishi was withdrawn after the
training-data release; it remains in our Khasi
adapter and WMT?25 evaluation, but has no offi-
cial WMT?26 results.

For consistency, direction labels use mni for
Bengali-script Manipuri, mni-Mtei for Manipuri
in Meitei Mayek script, and njz for Nyishi.
Full tokenizer identifiers retain their FLORES-
200-style script suffixes, such as mni_Mtei and
njz_Latn (NLLB Team et al., 2022). We use only
the FLORES-200 language-code naming conven-
tion; no FLORES-200 evaluation sentences are
used for training, validation, or testing.

Metrics. Official test-set evaluation reports
BLEU (Papineni et al., 2002), METEOR (Baner-
jee and Lavie, 2005), TER (Snover et al., 2006),
chrF++ (Popovié, 2017), BERTScore (Zhang et al.,
2020), and COMET (Rei et al., 2022). Higher
values are better for every reported metric except
TER. We emphasize BLEU to compare submis-
sions on the same shared-task test set under the
same scoring conditions. The other metrics pro-
vide complementary evidence, including semantic
quality through COMET.

3 Dataset

The shared task provided official parallel training
data but no official development or validation set.
Table 1 gives the released training sizes and the
sizes after bidirectional augmentation.

We normalize language identifiers and remove
records with unknown codes or empty source/tar-
get strings. The training and development splits al-
ready exist separately before bidirectional augmen-
tation. Within each split, each remaining parallel
pair (x,y) yields two directional instances, (x, y)

and (y, x), with source and target identifiers; both
directions remain in the same split. The resulting
records are shuffied within each split with seed 42.
We use the development split for internal valida-
tion and assess translation quality separately using
official WMT26 results and WMT?25 references;
internal scores appear in Table 3.

4 Related Work

Multilingual Transformers (Vaswani et al., 2017;
Johnson et al., 2017) share representations across di-
rections; mBART (Liu et al., 2020), mT5 (Xue et al.,
2021), and NLLB-200 (NLLB Team et al., 2022)
extend this through pretraining. LoRA learns low-
rank updates to a frozen backbone (Hu et al., 2022),
trading adaptation capacity against efficiency (Xu
et al., 2023).

IndicTrans2 covers scheduled Indian lan-

guages (Gala et al., 2023), while WMT Indic tasks
benchmark low-resource translation across mul-
tilingual, back-translation, SMT, and parameter-
efficient approaches (Pal et al., 2023; Pakray et al.,
2024, 2025). English—Nyishi translation has also
been studied directly (Kakum et al., 2023). We
focus on shared multilingual LoRA adaptation
with pretrained systems as comparisons.

S System Description

Model selection. NLLB-200 is a translation-
specific multilingual encoder—decoder with broad
low-resource coverage, including native sup-
port for Assamese, Bengali-script Manipuri, and
Mizo (NLLB Team et al., 2022). It provides a con-
sistent architecture and pretrained initialization for
our LoRA experiments, though not equivalent cov-
erage of all tested scripts. Comparing adaptation
across other backbones, such as mBART-50, M2M-
100, MADLAD-400, or IndicTrans2, is outside our
scope; IndicTrans2 is evaluated only as a pretrained
comparison system.

5.1 Multilingual Architecture and Adapters

We train two independent multilingual LoRA
adapters for NLLB-200 Distilled 1.3B in sep-
arate runs, freezing the pretrained backbone.
Model A covers English—Assamese, English-Mizo,
and English—-Manipuri in Bengali and Meitei
Mayek scripts; Model B covers English—Khasi and
English—Nyishi. Each pair uses its assigned adapter
in both directions, jointly learned with source and
target language identifiers. The adapters differ in
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Figure 1: Training pipeline. Model A covers Assamese,
Mizo, and Manipuri in both scripts; Model B covers
Khasi and Nyishi. All pairs are bidirectional with
English.

training-language composition and learned parame-
ters, not merely initialization. The heuristic group-
ing combines three languages across three scripts in
Model A and two Latin-script languages in Model
B. Without grouping ablations, we cannot isolate
script-sharing effects. Figure 1 shows the workflow;
data construction, LoRA, training, and decoding
settings appear in Sections 3, 5.4, 6.1, and 6.4.

5.2 Vocabulary Extension

NLLB-200 natively supplies identifiers for As-
samese, Mizo, and Bengali-script Manipuri. We
add identifiers for the other language—script condi-
tions listed in Table 2; these tokens provide direc-
tional control but not lexical or script knowledge.
Tokenizer and embedding implementation details
appear in Appendix A.

5.3 Meitei-Mayek Tokenization

We added the previously absent mni_Mtei special
token, but kept the original shared subword vocabu-
lary for source segmentation. Across 11 inspected
Meitei-Mayek inputs, 285 of 578 tokens (49.3%)
were <unk>; every input contained unknown tokens.
Sentence-level counts and the exact inputs appear in
Appendix C. This limited script coverage is a plau-
sible adaptation constraint: language identifiers and

Language Code Status
English eng_Latn Native
Assamese asm_Beng Native
Manipuri (Bengali) mni_Beng Native

Manipuri (Meitei Mayek) mni_Mtei Added

Mizo lus_Latn Native
Khasi kha_Latn Added
Nyishi njz_Latn Added

Table 2: Language identifiers used by the submitted
configurations.

attention-only LoRA do not add lexical units. How-
ever, these observations do not establish the cause
of generation errors.

5.4 LoRA Parameterization

We freeze the NLLB backbone and train LoRA
updates with rank r = 8, scaling factor @ = 16,
dropout 0.05, and no bias updates on q_proj,
k_proj, v_proj, and out_proj. Following PEFT
defaults, the low-rank matrices use Kaiming-
uniform initialization for A and zero initialization
for B, giving an initially zero adapter update. Shar-
ing adapters limits memory use but couples lan-
guages with different pretrained coverage.

6 Experiments

6.1 Training Configuration

Both adapters are trained for three epochs with
AdamW (Hugging Face defaults), a learning rate
of 1 x 107%, a cosine schedule, and a 0.10 warmup
ratio. The per-device batch size is 4, with § gra-
dient accumulation steps (effective batch size 32).
Source and target sequences are limited to 256 to-
kens with dynamic padding and truncation. We
use BF16 when supported, otherwise FP16, with
TF32 and gradient checkpointing enabled. With
seed 42, we evaluate every 250 steps and select the
checkpoint with the lowest internal-validation loss
(Section 3). Hardware and implementation details
appear in Appendix A.

6.2 Internal Validation

With WMT26 test references unavailable, we
used the held-out development split for internal
model selection and diagnostics. Table 3 reports
corpus-level BLEU and chrF++ for the trained
NLLB+LoRA model, evaluated separately by trans-
lation direction. These are internal diagnostics, not
official WMT?26 test-set results.
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Direction BLEU chrF++
as—en 33.65 53.05
en—as 17.01 43.02
mni—en 34.87 60.70
en—mni 15.92 55.02
lus—en 37.51 55.57
en—lus 22.03 46.72

Table 3: NLLB+LoRA scores on the 5% internal
validation split (Section 3). These non-independent
diagnostics are not official WMT?26 results.

6.3 Manipuri (Meitei Mayek) Adaptation

During preliminary experiments, NLLB-200 pro-
duced empty, repetitive, or malformed outputs for
English—Manipuri (Meitei Mayek). We therefore
selected pretrained IndicTrans2, which explicitly
supports Manipuri in Meitei Mayek script (Gala
et al., 2023), as the primary system in both direc-
tions. Model A was retained as the official mni-
Mtei—en contrastive submission; its result is dis-
cussed in Section 7.2.

6.4 Inference

At inference time,
target-language

we force the requested
identifier and use batched
3-beam search (Freitag and Al-Onaizan,
2017) with early_stopping=True. In-
puts are truncated to 256 tokens, and
max_new_tokens=256 limits generation. Tar-
get control uses forced_bos_token_id; special
tokens and language prefixes are removed using
strip_lang_prefix.

6.5 Submitted Systems

NLLB+LoRA is primary for Assamese, Bengali-
script Manipuri, Mizo, and Khasi. Contrastive sub-
missions use IndicTrans2 for the first two and NLLB
for Mizo; no Khasi baseline was submitted. The
Meitei Mayek submissions are described above. All
system assignments appear with their scores in Ta-
ble 4.

7 Official WMT26 Results
7.1 Official Scores

Table 4 reports all official metrics for our primary
and contrastive submissions (Pakray et al., 2026).
Directions are ordered by descending primary-
system BLEU, with each available contrastive sys-
tem listed immediately below its primary counter-
part.

7.2 Direction-wise Comparison

Mizo and Assamese. NLLB+LoRA improves
over NLLB in both Mizo directions: by 3.81 BLEU
into English and 2.67 out of English. For Assamese,
it trails IndicTrans2 by 1.69 BLEU into English and
0.75 in the reverse direction.

Manipuri (Bengali). Our highest primary score,
33.52 BLEU into English, exceeds IndicTrans2 by
10.88 BLEU and 4.74 chrF++. In contrast, English-
to-Manipuri scores 0.00 BLEU against 10.18 for
IndicTrans2, despite reaching 15.92 on internal val-
idation (Table 3) and 4.64 on WMT?25 (Table 5).
This discrepancy suggests instability across eval-
uation conditions, not a general inability to trans-
late into Bengali-script Manipuri. The available
records cannot distinguish adaptation, decoding, or
submission-time processing as the cause.

Manipuri (Meitei Mayek). The NLLB+LoRA
contrastive system scores 33.75 BLEU into En-
glish, compared with 0.13 for the IndicTrans2 pri-
mary; IndicTrans2 reaches 3.46 in the reverse direc-
tion. These results do not constitute a bidirectional
NLLB comparison. Transfer through the shared
backbone and English decoder may contribute to
the strong English-target result, but this hypothesis
was not tested. Generating English avoids Meitei-
Mayek output tokens without resolving the source-
side coverage limitation (Section 5.3).

Khasi. NLLB+LoRA scores 9.04 BLEU from
English and 4.54 into English, with TER reaching
189.51 in the latter direction. No Khasi baseline
was submitted, so these results cannot isolate the
effect of adaptation.

7.3 Comparison with Leading Primary
Systems

Our primary submissions trail the strongest pri-
mary systems in the official results (Pakray et al.,
2026). The BLEU gaps are 12.34 for Bengali-script
Manipuri-to-English, 3.76 and 4.14 for Assamese
into and out of English, and 2.06 and 1.78 for
Mizo, respectively. For Khasi, the strongest pri-
mary scores are 29.30 from English and 26.28 into
English, well above our 9.04 and 4.54.

8 Cross-Benchmark Validation on
WMT25

We compare base and adapted checkpoints on the
WMT?25 gold test set (WMT25 Indic MT Organiz-
ers, 2025) (Table 5). This is a separate benchmark,
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Direction RozarNLP-cr7 system BLEUT METEORT TER| chrF++] BERTScore COMET?
mni—en NLLB+LoRA (primary) 33.52 70.51 50.03 63.81 95.38 81.69
IndicTrans2 (contrastive) 22.64 61.99 71.33 59.07 92.69 72.13
lus—en NLLB+LoRA (primary) 31.40 65.18 56.15 60.08 95.35 79.94
NLLB (contrastive) 27.59 60.89 61.34 56.87 94.81 77.54
as—en NLLB+LoRA (primary) 23.50 5795 67.20 54.08 94.56 85.49
IndicTrans2 (contrastive) 25.19 58.89 67.97 55.47 94.72 85.58
en—lus NLLB+LoRA (primary) 19.33 46.08 67.11 47.93 81.24 64.68
NLLB (contrastive) 16.66 41.85 70.50 45.39 80.05 64.48
en—as NLLB+LoRA (primary) 15.24 3691 7240 49.53 86.10 82.15
IndicTrans2 (contrastive) 15.99 40.84 64.43 50.49 86.43 82.54
en—kha NLLB+LoRA (primary) 9.04 32.34 144.02 29.25 72.90 55.24
kha—en NLLB+LoRA (primary) 4.54 25.05 189.51 25.75 87.84 51.38
en—mni-Mtei IndicTrans2 (primary) 3.46 17.98 119.20 38.60 96.67 84.57
mni-Mtei—en IndicTrans2 (primary) 0.13 6.92 137.67 13.42 84.65 42.06
NLLB+LoRA (contrastive) ~ 33.75 67.20 53.67 62.93 95.45 78.44
en—mni NLLB+LoRA (primary) 0.00 0.17 100.00 0.06 3.56 31.03
IndicTrans2 (contrastive) 10.18 17.81 86.81 39.03 84.26 67.60

Table 4: Official WMT?26 scores for the RozarNLP-cr7 submissions. Higher is better for BLEU, METEOR, chrF++,
BERTScore, and COMET; lower is better for TER. Metric values are reproduced on the organizers’ displayed scale
from the uploaded official final-results file; BERTScore and COMET are displayed on a 0—100 scale. Model A is

defined in Section 5.1.

not a second shared-task submission; dataset and
domain differences prevent direct score compar-
isons with WMT?26.

Direction NLLB NLLB+LoRA A
en—as 18.00 17.69 -0.31
as—en 20.55 2297 +2.42
en—lus 20.38 24.01 +3.63
lus—en 16.79 17.61 +0.82
en—mni 7.67 464 -3.03
mni—en 11.37 1047 -0.90
en—kha 0.00 7.19  +7.19
kha—en 0.00 225 +2.25
en—njz 0.00 149 +1.49
njz—en 0.00 898 +8.98

Table 5: Cross-benchmark BLEU validation using
WMT25 gold references. Positive A indicates
improvement over the corresponding base checkpoint.

Mizo improves in both directions, and Assamese-
to-English gains 2.42 BLEU. Bengali-script Ma-
nipuri declines in both directions relative to NLLB;
its WMT26 gain was against a different comparator,
IndicTrans2. Khasi and Nyishi improve over zero-
scoring base models, but absolute scores remain
low.

9 Limitations

Resource constraints prevented controlled ablations
of backbone size, LoORA rank, corpus size, tokenizer
extension, language grouping, and decoding. We
therefore cannot attribute gains or failures to indi-
vidual design choices. Comparisons also use differ-
ent baselines across languages, and Khasi has no
submitted baseline; they do not uniformly isolate
the effect of LoORA. WMT?25 provides a separate
check, but dataset and domain differences limit gen-
eralization to WMT26.

Unavailable WMT26 references and limited
source-language expertise restrict our manual in-
spection to output form, not translation adequacy.
The English-to-Manipuri (Bengali) failure could
not be reproduced, leaving its cause unresolved.
The 11-input Meitei-Mayek tokenization analysis
is illustrative, not a corpus-wide coverage estimate.

10 Conclusion

We presented two bidirectional multilingual LoRA
adapters for constrained low-resource translation
with NLLB-200 Distilled 1.3B. Mizo shows the
most consistent gains over the unadapted check-
point across WMT26 and WMT?25. Bengali-script
Manipuri improves over IndicTrans2 into English
on WMT?26, but its reverse-direction failure rules
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out a claim of uniformly reliable adaptation. Lim-
ited Meitei-Mayek vocabulary coverage further
highlights the need to distinguish language control
from script support.

The central lesson is to validate adaptation sep-
arately by language, script, and direction. Fu-
ture work should prioritize script-aware tokeniza-
tion, controlled adapter-grouping comparisons, and
reproducible checks of decoding and submission
pipelines.
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A Reproducibility Details

Table 6: Implementation and execution environment.

Category Configuration

Model facebook/nl1lb-200-distilled-1.3B; encoder—decoder Transformer; multilingual sequence-to-
sequence

Tokenizer Native NLLB tokenizer where available; added identifiers from Table 2; resized input/output embed-
dings; new rows initialized to the pretrained-embedding mean

Hardware NVIDIA RTX 2000 Ada, 17 GB VRAM; CUDA 12.8; Ubuntu/Linux

Software/time Hugging Face Transformers and PEFT (exact versions not recorded); training time not recorded

B Qualitative Analysis of English Outputs

We manually inspected the English translations generated for the Indic—English directions for visible
surface-level phenomena, including fluency, repetition, formatting, serialization artifacts, and unusual reg-
ister. This inspection illustrates observable generation behavior only. Because source-language adequacy
and reference-based correctness were not assessed, the examples should not be interpreted as quantitative
estimates of translation error or as bilingual human evaluation.

Manual inspection. We assigned descriptive, non-exclusive labels to visible English-output errors;
outputs without evident defects were marked ‘‘no clear surface error.”” Representative examples appear in
Appendix ??, Table ??. They document observed output patterns, not the frequency of individual error

types.

Assamese. The inspected outputs included fluent and well-formed English translations as well as outputs
containing spacing and punctuation errors. For example, one output contains missing whitespace around
an apostrophe and a quoted expression, as in major’red flag for. Other inspected examples did not exhibit
an obvious surface-level error.

Manipuri (Bengali). The inspected outputs contained several distinct forms of malformed generation,
including literal \u@9BC sequences, repeated possessive suffixes, citation-like index sequences, repeated
quotation marks, and malformed or implausible phrases such as repeated ‘2019 BC.”” Some outputs began
with fluent English before containing Unicode escape sequences, repeated quotation marks, or citation-like
sequences such as [1] [2] [3] [4].... The examples document these observable output patterns; their
underlying causes cannot be determined from the generated outputs alone.

Mizo. The inspected outputs included fluent and well-formed English translations. The representative
examples did not exhibit an obvious surface-level error. This observation concerns the form of the generated
English and does not establish adequacy with respect to the source sentences.

Khasi. The inspected outputs included repetition and unusual register. For example, one output repeatedly
generates the phrase of the gate. Another combines contemporary place names such as Assam and Manipur
with archaic diction, including thy and thee. These examples illustrate the types of repetition and register
inconsistencies observed in the generated English. They do not establish the relative frequency of these
phenomena across languages or constitute bilingual human evaluation.
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Table 8 lists the 11 representative Meitei-Mayek input sentences used for the tokenizer analysis in Sec-
tion 5.3. The sentence IDs correspond to those reported in Table 7.

Table 7: NLLB tokenization counts for inputs M1-M11. Unknown tokens (<unk>) account for 49.3% of all tokens.

1D M1 M2 M3 M4 M5 M6 M7 M8 M9 MI10 M1l Total

Tokens 47 55 42 42 59 46 48 68 48 64 59 578
<unk> 23 27 21 21 28 23 24 34 23 32 29 285

Table 8: Representative Meitei-Mayek input sentences used for tokenizer analysis.

ID Meitei-Mayek input sentence

Ml TIETRTYC A fI ESIMT TSTSRI OfCRIerere!, UKy 3 I3 ST AIcmef3ofm aof
STORPROTT ERATHTH TATRS TEPLT 7°F AN TR TR STFTERS A5IT THEDON RET
TRES MR-l

M2 TY TRFS TF3f THa $E°TH AISMEZON dcat) TR RReST BN THIT 0 Twa 0l mst
TCSTH A, REF TOS Re° kTl TAIIS Kkf5es efofm B3 MRS REC O B0 TR KBS
Biijifsi-gedn

M3 HERTIR! BPETORIOT PIYCs REEE T3 RTOFE TET0IMD Sn4 TROD ESOPE
PETORIMT OTRTICIT TATS ROHT SR TOF B8 X3 ThRf B TS T3Tofmefl

M4 M f3sfa1 meeymf RO ATM4TIMINTE ESTT F° &SMf kPIR CIraRt TOf TR ATT
OIRTHERE TSPET OISR A535s RISFEf MIrefm RImoferfgm! Tomm Tesl

M5 N ST, FNCH PP RITSOIIR RReHST 20T, BT TSP MR 2005 THST
ZE30, RResT A7fIr Tef8 REF TR 3T RIMF Rl TRIEISRT WSl ESTT 35T MR
PE RFC ECHI

M6 AICMErIOIM TROD RR25SM FM-Rik Tha! TAIOIIT EFTF TOF KTT »efTs BT, TROD

TIETREST RSF RSPFT, MM WIS TmfT TS RESCEIOMME ST kS’ 35

M7 MO EFFME, TWHST M Hoe MFTKIT (OP°% TOPR TT*S IS Ki2sofmsmfef Trom
AR TOFT PIFTT TRES RIS [T ET TH$S ST FllT TS ROCS

M8 M3 THME ST TEFOfTIOIIT SESTRI4 MEMIRT MIE BfISFR SIefs TRefHT

EF00MD TRRF OfSTRT BPaaasn! TR I 00T 83T re4Ts Tkl OR%] T35
FOMSHERTY TR M Of TR HT RIRIT S04SRl AT OPE el THIT Re4TIE Al

WA IERF MMFTT 7TRE

M9 TMET T &P T QOB ¥°F FIITT ORE W cfOfT TFRE™ AT RFSII.TR.T. T ASRE, TRT
TYIOM T WRT ROf WIRITF AT PIoferae|

M10 RO TRRINSH OF°% LIMT 00°THE Tl RLo0fm mafrf STT IFRa 3T T4PET 0P8 TOT
HEF3 MCSTEOIT CIOPFC REBIT R6OfT 378 RATTT, TROD EEEFS MCSSFOIT THIS SEref
FRBMf FRST T8 BHISTOMI O FRTREZE A5 RAMIN AcTRe”|

Mil RIQET IMEmf KAMIR THTT KE°T T, KISET 00°TRI4STT, T3M-HEFOIIR TR'S K&°0 Th
TROD 72 EXT k7T HI'T 7558 TRE KfRFC RECC MIrefm Rfooferssst s usafs
RAESOfIT RA-RoOfmTS
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