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A Appendix

A.1 Supervised Fine-tuning Instances

Figure 1 shows abridged chat-style supervised fine-tuning (SFT)
instances for the two translation directions. Each instance is con-
structed from a single source-grounded relationship record. A sys-
tem message instructs the model to output only the target field in
valid JSON format. The user message contains the structured task
input, including the task direction, contextual metadata, scenario,
parameter mapping and definitions, source-grounded evidence, a
partial history log, and a query. To create each training instance,
we remove one time point from the original history_log. The
observed side of that removed record is used as the query, and
the corresponding target side is used as the assistant output. In
the QoS—QoE setting, the query contains QoS value(s) and the
assistant predicts the corresponding QoE value(s). In the QoE—QoS
setting, the query contains QoE value(s) and the assistant predicts
the corresponding QoS value(s).

A.2 Model Evaluation Details

For continuous-value prediction, we use MAPE and Accuracy@$.
This section provides the parameter-specific tolerance configura-
tion for Accuracy@d. We set the tolerance mode and § value for
each parameter based on its scale, unit, and semantic interpreta-
tion in the QoS-QoE translation setting. Because QoS and QoE
parameters differ substantially in scale, units, and meaning, we
use a parameter-specific § rather than a single shared threshold.
Table 1 reports the canonical parameter names, general definitions,
and corresponding tolerance settings used in our evaluation. No-
tably, these general definitions are intended to provide a unified
interpretation for evaluation, while the exact definition of the same
parameter may vary slightly across different source papers.
Relative tolerances. Relative tolerances are used for scale-dependent
rate-like quantities whose prediction error is more naturally inter-
preted proportionally than by a fixed absolute difference [11]. For
bitrate, prior work also evaluates prediction quality using rela-
tive bitrate error, reflecting the fact that the same absolute error
can correspond to very different levels of deviation across low
and high bitrate ranges [10]. We use § = 0.1 for bitrate, which
treats predictions within 10% of the ground truth as correct under
Accuracy@9. This provides a moderate proportional tolerance for
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Table 1: Canonical parameter-specific tolerance configura-
tion used for Accuracy@$ for model evaluation. Here, rel
and abs denote relative and absolute tolerance, respectively.

Parameter General definition Mode §

bitrate transmission rate rel 0.1
qoe_score generic QoE score abs 0.3
mos subjective opinion score abs 0.3
vmaf video quality metric abs 3.0
rebuffering_time stall duration abs 0.5
jitter packet delay variation abs 5.0
packet_loss_rate packet loss ratio abs 0.01
latency end-to-end delay abs  10.0
rebuffering_ratio stall ratio abs  0.03
bitrate_change bitrate switching magnitude rel 0.15
rebuffer count stall count abs 1.0
psnr peak signal fidelity abs 1.5
visqol perceptual quality metric abs 0.3
ssim structural similarity abs  0.02
vifp visual information fidelity abs  0.03
vqm video quality metric abs  0.05
pesq perceptual speech quality abs 0.25
peaq_odg audio difference grade abs 0.2
playback_rate playback speed abs  0.05
frame_rate frames per second abs 2.0
snr signal-to-noise ratio abs 2.0
ssim_db SSIM in decibels abs 15
total_rebuffering_time cumulative stall duration abs 1.0
segment_duration segment duration abs 0.25
video_delay_p95_ms  p95 video delay abs  20.0
acr_grade absolute category rating abs 0.5

near-correct predictions while preserving separation between ma-
terially different bitrate values. We use the same tolerance mode
for bitrate_change, with § = 0.15.

Absolute tolerances. Absolute tolerances are used when pre-
diction error is more naturally interpreted on the original scale,
making deviations directly meaningful in the native unit or rating
scale [3, 11]. In our setup, we use this tolerance mode for bounded
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You are a QoS-QoE translation assistant. Given structured input, output only the target field in valid

“role": "user”,
“content”: {
“instruction”: "Given the task, context, scenario, mapping, evidence, history_log and query, output the QoE
value(s) for the queried QoS value(s).”,

“network_ty,
“device_type": [
"video_type": d
“user_preference”:

nitial_loading_delay_level”, "value"
: "mos®, "value": "2.3996"} ]

"qos_parameter_definition
“qoe_parameter”: [ "mos"
“qoe_parameter_definition": [ ... ],

"evidence”: {
"data_type": "
“relationship
"descriptio
“source": "

uation”,
"MOS = 4.23 - ©.8672 L_{ti} - 0.742 L_{fr} - 0.106 L_{tr}",
The equation expresses MOS as a linear function ...",

}

“history_log"

"2" 3 ]

“role": "assistant",
“content”: { "qoe": [ { “metric”: "mos", "value": 3.99" } ] }

}

(a) QoS—QoE SFT instance.

Yingjie Yu et al.

ystem",
“content”: "You are a QoS-QoE translation assistant. Given structured input, output only the target field in valid

JSON format.

{
“role": "user”,
“content”: {
“instruction”: "Given the task, context, scenario, mapping, evidence, history_log and query, output the QoS
value(s) for the queried QoE value(s).”,

[
"video_type": [ "2d_vod" ],

|

|

|

nitial loading delay level”, "value': "2"}, ...], |

L\ ", "value": "2.3996"} ] !
“user_preference”: "low_rebuffer” }

“"scenario”: "A client streams ...", e | ittt bbbt )
“"mapping”: {

“qos_parameter”: [ “initial_loading_delay_level", ...],
“qos_parameter_definition": [ ... ],
"goe_parameter":

“qoe_parameter_definition": [ ... 1,

“evidence”:
“data_type": "
“relationsh
“descriptio
"source":

uation”,
"MOS = 4.23 - 0.0672 L_{ti} - 0.742 L_{fr} - 0.106 L_{tr}",
he equation expresses MOS as a linear function ...",

b
“"history_log":
"query”:
“"time_s": 10.83,
“qoe": [ { "metric”: "mos”, "value": "3.3148" } ]

}
3
{
“role": "assistant”,
“content”: { "qos": [ { "metric”: "initial_loading_delay_level”, "value": "1" }, ... ] }

}

(b) Q0E—QoS SFT instance.

Figure 1: Abridged chat-style SFT instances for bidirectional QoS-QoE translation. Long text fields and repeated entries are

abbreviated with "..." for readability.

quality scores, objective quality metrics, time-based metrics, ratios,
counts, and delay-related metrics.

Bounded subjective and perceptual quality scores are defined
on fixed rating scales, so their prediction error is more naturally
interpreted on the original scale than as proportional error [6, 7].
This category includes qoe_score (6 = 0.3), mos (§ = 0.3), visqol
(6 = 0.3), pesq (6 = 0.25), peaq_odg (§ = 0.2), and acr_grade
(6 = 0.5). We set these § values as small absolute tolerances on
their scales to allow minor deviations while preserving meaningful
quality differences.

Objective fidelity metrics are commonly evaluated on their own
metric-specific scales [9, 12]. This category includes vmaf (§ = 3.0),
psnr (§ = 1.5), ssim (6 = 0.02), vifp (§ = 0.03), and vgm (§ = 0.05).
We set these § values as small absolute tolerances relative to the
range and resolution of each metric.

Signal and native-unit rate metrics are expressed in engineering
units such as decibels or frames per second [8, 11]. This category
includes snr (6 = 2.0), ssim_db (6§ = 1.5), and frame_rate (§ = 2.0).
We set these § values as small absolute tolerances in their native
units, allowing modest deviations while preserving materially dif-
ferent signal or temporal characteristics.

Time-based and delay-related metrics are measured in units
such as seconds or milliseconds [2, 11]. This category includes
rebuffering_time (§ = 0.5), total_rebuffering_time (§ = 1.0),
latency (6 = 10.0), jitter (§ = 5.0), segment_duration (6 =
0.25), video_delay_p95_ms (§ = 20.0), and playback_rate (6 =
0.05). We set these § values as small absolute tolerances in their
native units to allow near-correct timing predictions without con-
flating materially different delay behavior.

Ratio- and count-based parameters are interpreted on their orig-
inal scales because they represent bounded fractions or discrete
events rather than continuously scaled magnitudes [4, 11]. This cate-
gory includes packet_loss_rate (§ = 0.01), rebuffering_ratio

Table 2: Average rating and average confidence of each re-
viewer in the multi-reviewer evaluation stage.

LLM Reviewers Avg. Rating Avg. Confidence
Gemini-2.5-flash-lite 8.48 5.00
Claude-haiku-4-5-20251001 7.24 4.08
Grok-4.20-0309-reasoning 6.20 3.98

(6 =0.03), and rebuffer_count (§ = 1.0). We set these  values as
small absolute tolerances, allowing minor deviations for bounded
ratios and a one-event tolerance for counts.

A.3 Multi-LLM reviewer Evaluation Details

To improve data quality, each metadata-enriched record is evaluated
by three LLM reviewers: Gemini-2.5-flash-lite [5], Claude-haiku-4-
5-20251001 [1], and Grok-4.20-0309-reasoning [13]. Each reviewer
returns a rating, a confidence score, and textual feedback. Table 2
summarizes the average rating and average confidence of each
reviewer on the first-round LLM review, providing a coarse view of
reviewer behavior in our pipeline. The results suggest that the initial
extraction quality is already reasonably strong before re-evaluation.
In our setup, Gemini-2.5-flash-lite gives the highest average rating
and confidence, while Grok-4.20-0309-reasoning is comparatively
more conservative. Claude-haiku-4-5-20251001 lies between the
other two reviewers in both average rating and confidence.

A.4 Pipeline Prompt Details

The full prompts used in our pipeline are provided in the released
codebase.! In particular, relationship_extraction. txt is used
for source-grounded QoS-QokE relationship extraction from parsed

Uhttps://github.com/yyu6969/qos-qoe-translation/tree/main/src/prompts
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papers, metadata_enrichment. txt is used for contextual meta-
data generation and normalization, and data_evaluation. txt is
used in the multi-reviewer data evaluation stage. Together, these
prompts define the task-specific instructions and structured output
requirements used in the dataset construction pipeline.
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